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a b s t r a c t

Primary energy plays a critical role in the socio-economic development of China, and accurate energy
consumption forecasting can help the government to formulate energy policies. To do this, the present
study aims to apply a self-adaptive multi-verse optimizer (AMVO) to optimize the parameters of the
support vector machine (SVM). It employs a rolling cross-validation scheme to predict China's primary
energy consumption in which the independent variables are gross domestic product (GDP) per capita,
population, the urbanization rate, the share of the industry in GDP and coal's share of primary energy
consumption. The results indicate that the hybrid AMVO-SVM model has higher precision than other
models. Finally, we apply the hybrid AMVO-SVM model to predict the energy consumption of China
between 2017 and 2030 in five scenarios. In the reference scenario, China's primary energy consumption
will reach 4839.3 Mtce in 2020 and 5656.2 Mtce in 2030.

© 2018 Elsevier Ltd. All rights reserved.

1. Introduction

With the rapid growth of China's economy, primary energy
consumption has been steadily increasing over the past 30 years. In
2016, China's primary energy consumption reached 4358 million
tons of standard coal equivalent (Mtce), consisting of 62.0% coal,
18.5% oil, 13.3% other primary energy consumption (mainly hy-
dropower), and 6.2% natural gas [1]. According to the BP Statistical
Review of World Energy [2], China has become the world's largest
energy consumer, accounting for 23% of global primary energy
consumption in 2016. However, China's economic growth rate
gradually slowed in recent years, with the real GDP growth rate
dropping from 10.6% in 2010 to 6.7% in 2016, and it is expected to
decline future in the coming years [3]. As China's economy
continued to decelerate, the growth rate of primary energy con-
sumption also declined. On the other hand, due to the effects of
environmental pollution and economic restructuring, the Chinese
government has begun to adjust its energy consumption structure
and reduce the consumption proportion of heavily polluting fossil
fuels such as coal. China's economic slowdown and the adjustment

of the energy consumption structure have increased the uncer-
tainty of energy consumption. Thus, an accurate projection of
China's energy consumption is crucial for policymakers in energy
planning and energy policy formulation.

Numerous methods have been developed to forecast energy
demand, and they can be divided into six categories: econometric
models, artificial intelligence models, grey forecasting models,
dynamic system models, hybrid models, and bottom-up models.
Limanond et al. [4] used the log-linear regression model to predict
the transportation energy demand of Thailand. Meng et al. [5]
forecasted China's electricity consumption using the partial least
squares (PLS) method. Yuan et al. [6] used the autoregressive in-
tegrated moving average (ARIMA) model, the GM (1,1) model and
the hybrid GM-ARIMA model to predict China's primary energy
consumption, and the results showed that the GM-ARIMA model is
the best. Artificial intelligence methods are another widely used
model for predicting energy consumption. Szoplik [7] predicted
natural gas consumption in Szczecinwith artificial neural networks
(ANN). Zhang et al. [8] used weighted support vector regression
(SVR) to forecast building energy consumption. Kaytez et al. [9]
utilized neural networks, least squares support vector machines
(LS-SVM) and a regression model, and the results showed that the
LS-SVMmodel can be used effectively. Particle swarm optimization
(PSO) and the genetic algorithm (GA) mainly optimize the weights
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of various economic indicators in equations for energy demand.
Assareh et al. [10] applied the PSO and GA approach to predict oil
demand in Iran. Similar to genetic algorithms, the ant colony
optimization (ACO) and multi-verse optimizer (MVO) algorithms
also optimize the weights of different economic indicators in the
energy demand equation. Aghay et al. predicted long-term electric
energy consumption via an optimized gene expression program-
ming (GEP) and artificial cooperative search algorithm [11,12].
Wang et al. [13] predicted natural gas consumption in 30 regions of
China using a hybrid MVO-NNGBMmodel. The grey-basedmodel is
also widely used in energy consumption. Xie et al. [14] estimated
China's energy demand using a Markov model and grey forecasting
model. In addition, the system dynamics model [15], the hybrid
model [16], and the LEAP model [17] are also used in energy con-
sumption forecasting.

As the largest energy consumer in the world, a lot of research
has been conducted on China's energy demand and consumption
forecasting, as shown in Table 1. Li et al. [18] used the system dy-
namics model to forecast China's natural gas demand in
2008e2030 by taking into account variables such as GDP, popula-
tion, the urbanization rate, and investment proportions. Hao et al.
[19] applied the error correction model (ECM) to predict China's
coal demand based on national income, the real retail price of coal,
and the share of heavy industry's output with respect to national
income. Zhang et al. [20] used the PLSR model to forecast China's
transportation energy consumption. The considered variables
include GDP, the urbanization rate, passenger turnover, and freight
turnover. Ma et al. [21] used the gray theory prediction model to
forecast China's crude oil and electricity demand [22]. applied the
logistic and logistic-population models to forecast natural gas de-
mand in China and used the Levenberg-Marquardt algorithm (LMA)
to estimate the parameters of the logistic model. In addition, many
scholars have attempted to predict China's total energy consump-
tion. Fan and Xia [23] used the improved RAS method to predict
China's total energy demand based on an input-output table. Guo
et al. [24] applied the LEAPmodel to predict China's energy demand
for 2010e2030 based on population, GDP, and the urbanization
rates [25]. forecasted the primary energy demand in Chinawith the

cointegration model based on GDP, population, and the urbaniza-
tion rate. Yu et al. [26] developed a PSO-GA optimal model to
predict China's primary energy consumption [27]. estimated
China's primary energy demand with the MPSO-RBF model. Yuan
et al. [28] forecasted China's regional energy demand using GDP,
population, the urbanization rate, and the share of the secondary
industry based on a hierarchical Bayesian approach.

Many models are available for predicting energy consumption.
The support vector machine has many advantages in solving small
sample, nonlinear, and high-dimensional pattern recognition and
has been widely used in energy prediction [29]. Due to the short
history of primary energy in China, this paper selects the SVM
model for prediction. On the basis of the SVM, improved models
such as least squares support vector machines (LS-SVM), the par-
ticle swarm optimization-based support vector machine (PSO-
SVM) [30], and the genetic Algorithm-based support vector ma-
chine (GA-SVM) [31] have been proposed to improve the model's
predictive ability. Faris et al. [32] compared the performance of
MVO, GA, PSO, BAT, and FF, and the results show that MVO is better
and more robust. Therefore, this paper chooses the MVO algorithm
to optimize the parameters of the SVM model. However, the MVO
algorithm may tend to fall into a local optimal solution and cannot
find the global optimal solution. In this paper, we applied a self-
adaptive mechanism for MVO algorithms to balance exploration
and exploitation, which can improve the predictive accuracy.

The purpose of this paper is to develop a self-adaptive MVO
algorithm to optimize the parameters of the SVM and apply a
rolling cross-validation to establish an energy consumption pre-
diction model based on GDP per capita, population, the urbaniza-
tion rate, the share of the industry in GDP, and coal's share of
primary energy consumption. The model has been trained and
tested with input and output data from 1980 through 2016 and
compared with other models. Finally, we use this model to predict
China's primary energy consumption from 2017 to 2030 by taking
into account the uncertainty of economic growth and energy con-
sumption structure. The main contribution of this study is that we
propose a novel self-adaptive MVO-SVM rolling cross-validation
model to forecast the energy consumption in China.

Table 1
Studies on energy forecast for China.

Authors Methods Independent variables Forecast energy type Data used Forecasted year

Junchen Li et al. [18] System dynamics model GDP, population, urbanization rate,
investment proportions

Natural gas 1997e2007 2008e2030

Yu Hao et al. [19] FE-OLS, GMM, LSDVC GDP per capita, ratio of the secondary
industry value added to GDP,
urbanization rate, trade openness

Coal 1995e2012 2013e2020

Zhang et al. [20] PLSR GDP, urbanization rate, passenger
turnover, freight turnover

transportation energy
consumption

1990e2006 2010e2020

Hongwei Ma and Zhaotong
Zhang [21]

Grey-Markov forecasting model e Crude oil consumption 1990e2006 2007e2015

Shaikh et al. [22] logistic and logistic-population
model

e natural gas demand 2001e2013 2014e2015

Ying Fan and Yan Xia [23] Modified RAS e Total energy consumption 1987e2007 2010e2020
Yanjia Wang [24] LEAP GDP, population, urbanization rate Energy demand 1990e2009 2010e2030
Boqiang Lin and Xiaoling

Ouyang [25]
Cointegration models Energy consumption per capita, GDP

per capita, urbanization rate,
proportion of industrial value added
(IVA) in GDP, retail price index of fuels

Primary energy demand 2001e2011 2012e2030

Shiwei Yu et al. [26] PSO-GA GDP, population, proportion of
industrial, urbanization rate, coal
percentage of total energy consumption

Primary energy 1990e2009 2010e2015

Shiwei Yu et al. [27] Mix-encoding particle swarm
optimization and radial basis
function

GDP, population, urbanization rate,
share of industry in GDP, coal share in
primary energy consumption

Primary energy demands 1980e2009 2010e2020

Yuan et al. [28] hierarchical Bayesian approach GDP, population, urbanization rate, and
share of secondary industry

Energy consumption 1995e2012 2016e2030
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