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Figure 9. MF-DFA of heavy/light industry in different thresholds. (al) Heavy, g4 = 1.0; (a2) Heavy,
q=12; (a3) Heavy, g = 1.4; (a4) Heavy, g = 1.6; (a5) Heavy, 4 = 1.8; (b1) Light, g = 1.0; (b2) Light, g = 1.2;
(b3) Light, g = 1.4; (b4) Light, g = 1.6; (b5) Light, g = 1.8.

4.3. Risk Estimation

The hazard probability function W, (At|t) is an important method to estimate risk in recurrence
interval analysis. Considering the fact that ¢ units of time have passed since last large volatility is
greater than g occurred, what fascinates us is the probability that the next large volatility greater than q
will occur within At units of time. The hazard probability function is as follows:

AL
Ji T Py(v)dr
I Py()dT
we can calculate the theoretical value of P;(7) with the parameters given in Table 2 if the distribution

Py(7) fits with a stretched exponential index, and calculate the empirical value by rewriting
W (At]t) into:

Wo(At|t) = (13)
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count(t < 1y < t+ At)
count(Tq > t)

Wy (At|t) = (14)
where “Count(“rq > t) ” is the number of recurrence intervals greater than ¢ and ”count(t <t <t+ At) "
is the number of recurrence intervals greater than f and less than ¢ + Af for a given g.

Figure 10 is the hazard function; the symbols are empirical values and the curves are the theoretical
values of W, (At = 15|t). We can observe that they are fitted very nicely and the discrepancy between
empirical and theoretical curves decreases when t increases. Furthermore, W, (At = 15|t) decreases
with increasing t, confirming that recurrence intervals exhibit clustering behaviors and long-term
memory between volatilities and theoretical values will overestimate the risk in a short time period.
For a given threshold g, we can calculate the recurrence probability of extreme events.

For risk estimation, value at risk (VaR) is widely applied. Here we use loss probability density
function to define the risk at rising g: [ P(R)dR = P*, where P(R) is the probability density function
of normalized series R(t), and P* is the rise probability. The mean recurrence interval T is:

1 a
T, = N, 1221 Ty (15)
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Figure 10. Theoretical (curves) and empirical (color symbols) value of W, (At = 15|t) (x-rays are t,
y-rays are values of W, (At = 15]t)).

Nj is the number of recurrence intervals below the threshold g, Ez‘il T,,i is the total number of
recurrence returns. Then the relation between mean recurrence interval and VaR can be expressed as:

number of R(f) below g

total number of R(t) (16)

1/7, = /_q P(R)dR =

Equation (16) means that one /T, defines the rise probability of 4 which is depicted in Figure 11.
If one wants to know the risk level at 1% probability of rise they can find the g for 1/7; = 1%, which
is the VaR one is looking for.
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Figure 11. The reciprocal of mean recurrence interval one/7; as a function of threshold g (7 = 1: 6).
(a) Heavy; (b) Light.
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5. Discussion

In the context of China’s new round of power reform, according to the empirical analysis above,
we propose several suggestions for power supply companies in various regions of China to promote
future management.

Firstly, based on the analysis of probability density function and risk estimation, we can see
that the power load of light industry is more likely to fluctuate than for heavy industry in China.
Such fluctuation difference means that the power companies need more intensive and meticulous
maintenance of the electricity load in the light industry, which is supported by all analyses including
the risk analysis. However, since the power load consumed by the heavy industry is much higher
than that of the light industry at the same time interval, the management of the heavy industry should
be more biased towards safety checks of the pre-process and the normative constraint of the overall
operation flow instead of increasing the times of maintenance of the electricity load.

Secondly, power enterprises can make load and customer management based on the analysis
of load data. Power companies can increase the communication with their clients, plan the line
redundancy, enlarge load redundancy of the existing heavy industry and eliminate the risk of
equipment damage caused by capacity loads. Also, the electric power enterprise should incorporate
the improvement of electricity utilization rate into management assessment, through the introduction
of clean energy and distributed energy, and improve energy supply structure, to cope with the effects
of the large power enterprises’ sudden peak with least environment negative externalities.

Thirdly, existing power companies should pay more attention to the fluctuation characteristics of
different industries to realize optimal management expenditure. As we demonstrated in Section 4,
the enterprises of two distinct industries in this study have some similarities in fluctuation pattern,
which makes it possible to use similar management strategies for maintaining related equipment.
Moreover, the difference between the two enterprises’ load peaks allows the power companies to
design different maintenance teams to eliminate frequency to optimize the cost of management
and maintenance.

Finally, an electric power company can make use of the correlation between small and large
fluctuations, especially small fluctuations, and provide them as a value-added services to the existing
large power customer to increase corporate earnings in this competitive market. For example, using
the current fluctuation trends, the power enterprises can fully expect the changes of large fluctuations
according to the characteristics of small fluctuations in the relevant industries. Based on pre-judgment,
power companies can design different energy storage or line maintenance and support strategies,
pack these strategies into different packages, and offer them to energy consumers in the form of
value-added services. It can improve the efficiency of regional energy utilization, optimize local
network and equipment management of electric circuitry, and also can bring extra income for the
electric power company and improve the survivability of the electric power enterprises under the
market reform.

6. Conclusions

The paper uses recurrence interval analysis to investigate the property of recurrence intervals
of electricity fluctuations of heavy/low industries in China for different thresholds using 15-min
high-frequency data, attempting to understand the behaviors of large volatilities in different industries.

First, we observe the distribution functions of recurrence and find the results that for different
thresholds, the probability density function fits the stretched exponential function. We found that
there is scaling behavior in the distributions for different thresholds after the recurrence intervals
are scaled with the mean recurrence interval. Then we use conditional probability density function
and MF-DFA to investigate the short-term, long-term memory and multi-fractural characteristics
separately, indicating that the clusters of recurrence intervals of volatilities are not only caused by
present conditions, but also long-term correlations. Later, we apply recurrence interval analysis to
evaluate the risk of heavy/light industries, which provide relatively accurate estimates of hazard and
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forge a link between loss possibility and VaR. Finally, we propose management suggestions to Chinese
energy supply companies based on all previous analyses.

Of course, this paper still has deficiencies. For example, other forecasting methods could be
used or more enterprises from heavy/light industry could be chosen to test the robustness of research
results. These deficiencies could be perfected by subsequent researchers to help energy company
administrators evaluate risk.
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Abstract: Over half of China’s total energy consumption is attributed to rural buildings. However,
unlike the research into urban areas, few studies have explored the problems of building energy
efficiency (BEE) in rural China. This study aims to establish an appropriate strategic plan for
promoting rural BEE (RBEE) in China by conducting a strength-weakness-opportunity-threat (SWOT)
analysis. Analysis data are obtained from multiple sources, including a comprehensive literature
review, governmental reports, related regulations, and semi-structured interviews with a number of
critical stakeholders. A matrix of the SWOT analysis is derived to reveal the drivers and barriers in
the course of implementing RBEE. Five critical strategies are proposed. We also attempt to explore
the internal and external conditions of RBEE in China, which can contribute to the customization and
prioritization of policy recommendations for the Chinese government.

Keywords: SWOT analysis; building energy efficiency; rural area; strategic planning

1. Introduction

The improvements in rural residents’ earnings and living conditions have remarkably increased
the building energy consumption in rural China, which accounts for approximately 40% of the total
energy consumption of the country [1]. Most rural buildings are characterized by poor thermal
insulation performance, which can barely meet the basic living standards of rural residents. Since the
Chinese government launched the so-called “New Countryside Initiative” in 2005, local governments
have been focusing on the construction of rural infrastructure and new housing types to realize
the targets of economic prosperity and built environment improvement. In this context, improving
rural building energy efficiency (RBEE) has emerged as a crucial issue. The Chinese government has
gradually recognized the importance of RBEE, which is considered a major opportunity for improving
national building energy efficiency (BEE) [2]. In March 2017, the Ministry of Housing and Urban-Rural
Development (MOHURD) launched the “13th Five-Year Plan for Building Energy Saving and Green
Building Development”. The objective is for the energy consumption of rural buildings to make a
breakthrough in economically developed areas and for key development areas to adopt over 10%
energy-saving measures [3].

Unlike urban BEE, RBEE is still in the initial stage of development. Furthermore, urban BEE has
witnessed significant progress in the last two decades. The practices related to BEE are mostly
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concentrated on the large-scale public, commercial, and urban residential buildings, with rural
buildings receiving relatively little attention [4]. Moreover, rural buildings have not been included in
the scope of mandatory criteria for BEE. Consequently, a significant gap in BEE exists between urban
and rural regions.

Accelerating the promotion of RBEE has a potential strategic impact on reducing energy
consumption and improving the living conditions of rural residents in the long run. The government
plays an important role in implementing RBEE in the initial stage due to the externality and asymmetric
information in the BEE market [5]. Therefore, strategic planning and the implementation of actions are
urgently needed. Although the government has introduced ambitious energy efficiency targets
in rural regions, the formulation of an applicable strategic plan remains unclear. The present
study can contribute to the government’s further understanding of the current situation and help
in identifying the main problems and implementing effective measures [6]. Earlier studies have
been conducted on RBEE, with the focus being the overview of the developments in RBEE [2,7],
the assessment of RBEE [8], the critical factors to improve RBEE [9], and energy-saving optimization
for the performance parameters of rural building shapes [4]. Research on the overview of the strengths,
weaknesses, opportunities, and threats in RBEE is lacking. Thus, we aim to systematically express
the status quo of RBEE and conduct a strength-weakness-opportunity-threat (SWOT) analysis of
RBEE on the basis of a literature review, governmental reports, and semi-structured interviews.
The established SWOT analysis strategic matrix on RBEE will enable the formulation of a strategic
plan for government authorities.

2. RBEE in China

2.1. Characteristics of Rural Residential Buildings

Rural buildings are dramatically different from urban ones. Most rural buildings are traditional
one-story or two-story stand-alone buildings with courtyards built on collective land for farmers [10],
whereas urban buildings are commonly high-rise apartments [2]. For the longest time, farmers
have constructed rural buildings by relying on their experiences, not on building construction codes.
Therefore, the quality of the design and construction of rural buildings is lower than that of their
urban counterparts. Research on building energy-saving technologies is mostly conducted for urban
buildings. Energy conservation goals and mandatory standards also mainly target urban buildings.

Unlike urban housing, which has undergone rapid privatization, rural housing in China exhibits
unique characteristics [11]. For example, in land ownership, rural residential lands are owned by
village collectives, and an individual rural household can freely apply for one piece of residential
land [10]. Therefore, current policies further entitle rural households with decision-making power in
housing construction. Rural residents are wholly responsible for financing, constructing, managing,
and maintaining their homes. Nevertheless, these houses cannot be traded in the market, and transfer
is legally limited within villagers in the same household registration. All these characteristics imply
that strategic planning for urban BEE cannot be replicated for RBEE.

Field investigation of real cases was conducted to clearly indicate the huge difference between
urban and rural buildings. Two typical buildings in urban and rural Shandong, an eastern province of
China, are illustrated in Figure 1. This traditional rural building was built in the countryside of Qufu,
known as the hometown of Confucius, while high-rise housing was constructed in Jinan, the capital
city of Shandong province. There are significant differences in terms of layout, building design style,
cost, construction process, and, ultimately, levels of comfort and building energy efficiency.
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Figure 1. Different types of dwelling in the countryside and city. (a) a traditional village in Qufu,
the hometown of Confucius in Shandong province; (b) the high-rise housing in Jinan, the capital of
Shandong province, which was completed in 2015.

2.2. Current Situation of RBEE

With the development of rural regions in China, the energy consumption of rural buildings has
gradually increased and accounted for a large proportion of the total. RBEE is not only a crucial
issue of the New Socialist Countryside (NSC) and New Urbanization Initiative (NUI), but also an
important field in energy efficiency and greenhouse gases that must not be overlooked. For instance,
Wang, et al. [12] expressed that improving the living environment is an important indicator of the NSC.
In March 2014, the “National New-Type Urbanization Plan (2014-2020)" was jointly launched by the
Central Committee of the Communist Party of China and the State Council [13] to realize the sustainable
development of rural energy. A series of studies have been conducted on energy consumption and
greenhouse gas emissions at the global scale [14,15], which can significantly influence the development
of the world economy; at the national scale [16], including China; at the urban scale [17-19], including
Beijing and Macao; and at the building scale [20,21] with embodied energy consumption involved.
However, rural regions have largely been neglected.

The data on energy consumption in rural buildings have been steadily expanding in recent years,
as can be seen in a report on the development of Chinese building energy conservation in 2016 issued
by the Science and Technology Development Promotion Center of the MOHURD. This report indicated
that building energy consumption had increased from approximately 127 trillion ton coal equivalent
to 161 trillion ton coal equivalent in the period of 20092013 [22] (Figure 2). The average annual
growth reached 5.47%. In 2013, the energy consumption of rural buildings in China increased to
approximately 20.3% of the total. An increase in residents’ income can be expected to boost the amount
of energy consumption.

Problems have also gradually emerged in rural buildings. Most rural buildings in China
lack energy-saving measures due to the limited knowledge about energy-saving technologies and
experiences. For example, in northern China, a majority of rural buildings feature few insulation
measures, poor air tightness for the doors and windows, and inefficient heating devices. The rate
of energy utilization in rural buildings is only approximately one-third of that in urban buildings
because of the poor thermal performance of the rural building envelope. A significant amount of
heat is lost, and thermal comfort is inferior. Villages have no unified planning. Buildings also lack
reasonable orientation. For instance, the adverse east-west orientation of buildings is undesirable for
acquiring substantial amounts of sunlight and ventilation, thermal insulation in winter, and ventilation

in summer, and it leads to considerable energy loss. The Statistics of Survey from the Tsinghua
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University and MOHURD in 2011 stated that the problems in RBEE include the absence of specialized
planning, design, and construction, as well as necessary inspections and supervision of materials
and the construction process, all of which lead to severe waste in land, materials, funds, and energy.
Therefore, BEE should be promoted urgently in rural regions.
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Figure 2. Amount of energy consumption in rural China in 2009-2013 (trillion ton).

3. Research Methodology

A SWOT analysis approach is used to study the strategic planning of enterprises or industries.
This approach was initially adopted in business and marketing disciplines, and it has gradually
been applied to various fields. For example, Ke, et al. [23] conducted a SWOT analysis for domestic
private enterprises dealing with the development of infrastructure projects in China and concluded
that the methodology is a useful tool for assessing continuous changes. SWOT analysis has been
employed in renewable energy management [24-26], construction waste management [6], off-site
construction [27], and building energy conservation [28]. Thus, SWOT analysis is a good approach for
strategic planning research.

In the present study, SWOT analysis was employed to identify the factors that affect the promotion
of RBEE. Weaknesses and threats could be overcome by following the principles of maximizing
strengths and taking advantage of opportunities. A framework of the SWOT analysis (Figure 3) was
proposed on the basis of the work in Reference [27]. In step 1, a generic framework was formulated to
identify the RBEE factors. On the basis of the research of Shen, et al. [29], we classified the factors as
those that affect RBEE's strengths and weaknesses (SW), including management ability, technological
ability, financial ability, organization, and operations; and those that affect RBEE’s opportunities and
threats (OT), including social and political environments, economic environment, market opportunities,
and competition mechanism.

In step 2, a list of strengths, weakness, opportunities, and threats of RBEE was derived from
the literature review, governmental reports, and semi-structured interviews. The questions for the
semi-structured interviews were modified and finalized after a brainstorming discussion among the
researchers. The main research questions designed for the semi-structured interviews are presented in
Table 1. Ten interviewees from Shandong Province, which comprised two officials in the government
sector, two village leaders, two rural residents, one university researcher, one designer, one project
manager, and one green building material supplier, were selected. All of the participants were
stakeholders in RBEE with a relatively in-depth understanding of energy consumption in rural regions.
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Semi-structured interviews were carried out in February 2017, and each interview session lasted for
3040 min. Table 2 shows the profile of the interviewees.

Stepl Formulating a generic framework

l

Identifying a list from literature review.
governmental reports.semi-strucud interviews

v

Conducting an SWOT analysis

Step2

I

l l

(0) M

Opportunities Threats

Step3

y v
©®) W)
Strengths Weaknesses

Step4 Putting forward strategic planning for RBEE

Figure 3. The basic flow of research [27].

Table 1. Main questions for semi-structured interviews.

Code Question Explanation

What are the external prospects that can be taken

What are the opportunities for Rural advantage of for RBEE?

Ql Building Energy Efficiency (RBEE)?

What is the governmental guidance for promoting RBEE?

What are the external negative factors that restrict the
development of RBEE?

Q3 What are the strengths of RBEE? What are the benefits of promoting RBEE?

Q2 What are the threats to RBEE?

What are the internal negative factors that restrict the

?
Q4 What are the weaknesses of RBEE? development of RBEE?

Table 2. Profile of the interviewees.

N Position Company Number
1 Project manager Safety construction company in Changqing County in East China 1
2 Village leader Zhou Village in Zhangqiu County 2
3 Rural resident Zhou Village in Zhangqiu County 2
4 Researcher Shandong Jianzhu University 1
5 Designer Tong Yuan Design Company 1
6 Green building material supplier Thermal insulation material company 1
7 Official Department of Village and Town 1
8 Official Department of Energy Conservation Science and Technology 1
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The answers to the questions were abstracted to establish a list of SWOT analysis factors. On the
basis of the literature review and governmental reports, the SWOT factors related to RBEE were initially
identified. In step 3, six experts were invited to evaluate the reliability of the SWOT factors. In the
evaluation, unsuitable factors, such as the number of migrants to cities, were removed, and important
factors, such as low income of rural residents, were added. The final list of SWOT factors was finally
attained after the evaluation. On the basis of the aforementioned analysis, we adopted a research
method for integrating stakeholder analysis into the SWOT analysis. In step 4, five concrete strategic
action plans were proposed for the government to promote RBEE.

4. SWOT Analysis of RBEE in Rural China

The SWOT analysis begins with “O + T” and ends with “S + W”. The matrix of the SWOT
analysis is established according to the literature review, governmental reports, and semi-structured
interviews, as shown in Table 3, which sets forth the identified SWOT factors, types, and sources of
origin [27]. The opportunities, threats, strengths, and weaknesses are discussed in detail to deepen the
understanding of the current situation of RBEE in China.

Table 3. The matrix of strength-weakness-opportunity-threat (SWOT) analysis.

SWOT Source

MOHURD, 13th Five-Year for Building
Energy-Saving and Green Building Plan
(2016-2020)

Yang, et al. [30], Proposal of the Central Committee
of the Chinese Communist Party for the 11th

Analysis Type

Ol—top-to-bottom policy support G

O2—new socialist initiatives in

the countryside GL Five-Year Plan for national economic and social
development
" ” . . Wu, et al. [31], Development of Chinese BEE
O + T” Analysis  O3—appeals for enhancing RBEE G, L Report in 2016
T1—lack of policies and standards L, 1 Sha and Wu [32]

Zhang, et al. [33], Guidance on Expanding BEE

Pilot Project in 2009, official from the Department

of Energy Conservation Science and Technology

An official from the Department of Village and

I, G Town, 13th Five-Year Plan for Building
Energy-Saving and Green Building Development

He, Yang, Ye, Mou and Zhou [1], Li, et al. [34], an
official from the Department of Village and Town,

T2—unreasonable energy LLG
structure v
T3—lack of supervising
mechanism

Sl—significant energy efficiency

potential LLG notice of carrying out the green rural housing
construction in 2013

S2—abundant renewable energy LG Zhang, et al. [35], Development of Chinese BEE
resources . Report in 2016

“S + W” Analysis SA3A—requ1rements for improving LI Wu, Liu and Qin [31], rural resident, village leaders
living comfort
W1l—poor building energy-saving L1 Ai, et al. [36], an official from the Department of
consciousness . Village and Town in Shandong Province
WZ—lnaflequate knowledge and LI Wimala, et al. [37], village leaders
information
W3.—low-1ncome level of rural LI Sha and Wu [32], village leaders
residents

NOTE: Literature review (L); semi-structured interviews (I); governmental reports (G).

4.1. Opportunities

4.1.1. O1—Top-to-Bottom Policy Support

In the contexts of environmental degradation and energy crisis, “ecological civilization
construction”, especially in rural regions, is noted as a crucial topic in the report of the 19th National
Congress of Communist Party in China. The BEE in rural regions has received considerable attention
from governmental reports. Governmental reports related to RBEE are shown in Table 4. RBEE is
expected to attain significant top-to-bottom policy support in the future.
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Table 4. Governmental reports related to RBEE.

Year Regulations Issuers Contents Regarding RBEE

Renewable energy resources used in rural
schools, rural residential buildings,
village or town governmental offices, and
health centers

Accelerating the implementation
2009  of renewable energy building MOE, MOHURD
applications in rural areas

Focusing on energy-saving measures for
building envelopes in walls, doors, roofs,
and windows to improve the thermal
comfort of rural residential buildings

Guidance on Expanding BEE Pilot
2009  Project for Dangerous Rural MOHURD
Reconstruction

Promoting green rural housing
Office of the State  construction, preparing technical guides
Council for green buildings in villages or towns,
freely providing technical services

2013  Green Building Action Plan

Exploring green rural housing
construction method and technology;
Notice of carrying out green rural ~ MOIIT, popularizing native green buildings;
housing construction MOHURD promoting green building materials to the
countryside; demonstrating project of
green rural housing

2013

Action Plan to Promote the Promoting green building materials to the
. . MOIIT, . . .
2015  Production and Application of countryside; preparing a green material
oy . MOHURD R
Green Building Materials product catalog for green rural housing
Economically developed areas and key
13th Five-Year Plan for Building development areas should make a
2017  Energy-Saving and Green MOHURD breakthrough in RBEE, and the
Building Development proportion of energy-saving measures

should be over 10%

Note: Ministry of Finance (MOF); Office of the State Council (OOSC); Ministry of Housing and Urban-Rural
Development (MOHURD); Ministry of Industry and Information Technology (MOIIT).

4.1.2. O2—New Socialist Initiatives in the Countryside

Influenced by the long-term dual systems in China, the developments in urban and rural regions
are unbalanced, and most rural residents remain relatively poor. In this context, new socialist
initiatives in the countryside were introduced as part of the national strategic plan in the 1950s.
However, such initiatives had not essentially played a significant role until the proposal of the Central
Committee of the Chinese Communist Party on the 11th Five-Year Plan for National Economic and
Social Development was issued.

In 2017, the central government proposed a national strategy called “Rural Revitalization”,
which aimed to construct an eco-friendly, livable, luxurious, and flourishing industrial countryside.
The government is expected to attach high importance to the “problems of agricultural and rural areas”
in the new era of socialism. The living environment will be markedly improved with the new socialist
initiatives in the countryside. Driven by the construction of new socialist initiatives in the countryside
at the national level, great opportunities for RBEE can be expected.

4.1.3. O3—Appeals for Enhancing RBEE

The “13th Five-Year Plan for National Economic and Social Development (2016-2020)” in China
requires reducing the energy consumption per unit of gross domestic product (GDP) by 15% and the
CO; emission per unit of GDP by 18%. Reducing the energy consumption in the construction industry
is crucial to realize the macro goal. Furthermore, addressing the high energy consumption and low
energy efficiency of rural buildings is an urgent appeal. With the development of urbanization and
agricultural modernization, a growing number of rural residents are likely to pursue a high-quality
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living environment. Echoed by the semi-structure interviews in the current work, enhancing RBEE is
the best choice to realize the target of “beautiful countryside construction” at the national level.

4.2. Threats

4.2.1. T1—Lack of Policies and Standards

The legal environment is the major factor that affects the implementation of BEE [38]. Although the
local government implemented the Energy Conservation Law in 2008, specific details related to buildings
are lacking. Moreover, the existing standard system for BEE design remains imperfect. Most of
the standards focus on urban buildings. Only one national standard exists for rural regions, that is,
“The design standard for energy efficiency of rural residential buildings”, which was launched in 2012 [8].
Several actions have been implemented in relation to RBEE, and they include “Promoting Renewable
Energy in Rural Areas”, “Dangerous Residential Reconstruction based on Energy-Saving Retrofitting”,
and “New Types of Green Construction Materials for the Countryside” [9]. Nevertheless, all these actions
cover relatively limited rural regions. Most provinces and regions have yet to officially carry out energy
efficiency actions [39]. The lack of policies and standards hinders the development of RBEE.

4.2.2. T2—Unreasonable Energy Structure

The energy structure in rural China is more unreasonable than that in the urban areas [40].
In rural households, traditional biomass is the dominant fuel, accounting for over 75% of the rural
building energy use in 2005 [2]. With growing earnings of rural residents, they gradually switch from
traditional biomass to commercial energy, especially coal. The energy structure in rural buildings
remains dominated by coal and electricity. The proportions of electricity and coal are 41% and 44%,
respectively, as depicted in Figure 4. Coal is used for terminal consumption in rural buildings, but it
results in low energy efficiency and severe environmental pollution. Therefore, the unreasonable
energy structure is a significant threat to the sustainable development of RBEE.

m electricity mcoal mothers

Figure 4. Energy structure in rural Chinese buildings in 2013 [22].

The findings of a survey by the Building Energy Efficiency Research Center of Tsinghua University
(BEERCTU) in 20062007 revealed that the energy consumption in rural regions accounts for 37%
of the total [41]. Nonrenewable energy, such as coal and electricity, and renewable energy, such as
firewood and straw, contribute to 60% and 40% of the total, respectively. Ninety million tons of
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standard coal are consumed annually for heating in northern rural areas [42]. Coal is the main fuel
in the energy structure, and it puts great pressure on sustainable development and environmental
protection. The unreasonable energy structure is thus an obvious threat to RBEE.

4.2.3. T3—Lack of Supervision Mechanism

The current rural market is chaotic. For example, scientific design standards and related supervisory
systems are lacking, and rural residents randomly build their own housing. Without any supervision
mechanism, rural residents do not voluntarily purchase new energy-efficient building materials [31].
Construction craftsmen, most of which have no professional training in construction and BEE technologies,
are hired temporarily. Thus, rural buildings barely have energy-efficient measures. Although the amount
of energy consumption for rural heating is 1.5-2 times that for urban heating, the survey of BEERCTU
revealed that the indoor temperature in rural areas is significantly lower than that in urban areas [43].
The “Guidance on Improving the Living Environment in Rural Regions” issued by the General Office
of the State Council of the People’s Republic of China in 2014 required the strengthening of the quality
and safety supervision of buildings and the improvement of the energy efficiency rate. Thus, the lack of
supervision mechanisms is a major obstacle to the development of RBEE.

4.3. Strengths

4.3.1. S1—Significant Energy Efficiency Potential

Energy-saving measures are rarely adopted in housing development due to the absence of
energy-saving technologies. Consequently, rural buildings present significant energy efficiency
potential. For example, external walls are too thin, and they are mainly made of solid clay
brick. This type of building material is inefficient for thermal insulation and energy conservation,
which requires a large volume of clay, and results in damages to the ecological environment. Moreover,
no insulation measures are adopted for external walls and roof. If the temperature rises by 14 degrees,
the amount of energy consumption will increase by 1 degree [31]. All of these characteristics result
in a considerable heating loss, high energy consumption, and an uncomfortable living environment.
According to calculations, only 32% of heating energy is effectively used [1]. Li, Shan, Yang and
Yang [34] concluded that when 30% and 50% of rural buildings were involved in energy-efficient
retrofitting, the amounts of carbon dioxide emission decreased to 1.14 and 1.9 billion tons, which made
up 2.2% and 3.8% of the total in 2008, respectively. Hence, if reasonable green technologies or measures
are largely adopted in rural buildings, significant energy efficiency potential will be acquired.

4.3.2. S2—Abundant Renewable Energy Resources

As a result of the depletion of fossil energy resources and the increase of environmental pollution,
the utilization of renewable energy has attracted considerable attention from around the world.
Rural China is rich in renewable energy resources, including solar, geothermal, wind, and biomass
energy. All of them are clean, pollution-free, and widely distributed [8]. Annually, the utilization of
renewable energy resources in China is approximately 3 billion and 600 million tons standard coal,
and in 2009, the total energy consumption reached 3 billion and 100 million tons [44]. Abundant
renewable energy resources are available in China. For example, two-thirds of the country’s territories
can receive more than 2200 sunshine hours every year [45], and the same is especially true in vast
rural areas. They are also naturally endowed with plenty of biomass resources, which serve as a rich
source for biogas utilization. Biogas can be used for cooking and lighting for people’s daily activities,
and thus can greatly decrease indoor air pollution and reduce greenhouse gas emissions caused by the
direct combustion of firewood and coal. In sum, abundant renewable energy resources represent a
significant strength that favors the promotion of RBEE.
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4.3.3. S3—Requirements for Improving Living Comfort

Wu, Liu and Qin [31] conducted a survey in northern China and found that the increase in rural
residents” income also gradually enhances the demand for quality of life. Rural residents thus pursue
high levels of comfort in terms of heating, cooking, etc. This condition is in accordance with our
findings from the semi-structured interviews.

Approximately 95% of the rural residents surveyed hold strong demands for heating in winter [39].
An indoor temperature below 12 °C is difficult to bear. In addition, several rural residents have shifted
their cooking mode from traditional firewood and straw, which is characterized by low energy
efficiency and poor indoor environment, to convenient commercial energy resources. Rural residents
also pursue large housing [2], with the average housing space increasing from 22.5 m?2 in 2001 to
28.2 m? in 2008 [31], thus implying a greater demand for energy consumption. In sum, the requirement
for improving living comfort can enhance rural residents” willingness to consider RBEE.

4.4. Weaknesses

4.4.1. W1—Poor Energy Efficiency Awareness

Most rural buildings are built by rural residents themselves. Hence, the application of
energy-saving technologies is limited. The resulting poor performance of thermal insulation then leads
to uncontrollable energy losses. With the concepts of abundant resources and inexhaustible energy,
rural residents seldom pay attention to the issue of energy efficiency. They primarily focus on the
appearance and large size of living spaces for their homes. For example, when they accumulate funds
to build their homes, they are inclined to focus on aesthetic qualities and neglect energy efficiency [36].
Owing to the social norms termed as the “bandwagon effect” in rural regions, other rural residents
will behave in the same way. This behavior greatly restricts the popularization of energy efficiency in
rural China. Obviously, poor energy efficiency awareness is an obstacle for RBEE.

4.4.2. W2—Inadequate Knowledge and Information

Rural buildings in China are generally built without the aid of professional design and
construction practitioners. Most rural residents neglect the problems of energy efficiency because of
their lack of relevant knowledge and information. Unlike urban residents, rural residents mostly have
low education levels. Moreover, rural residents are unfamiliar with the benefits of BEE, leading to the
difficult promotion of RBEE. Limited channels are available to receive information about BEE, with the
main channels being TV broadcasts. From this top-to-bottom communication approach, a long period
is required for rural residents to receive timely information about the government’s technological
support and economic subsidies. Inadequate knowledge and information is an obvious weakness that
remarkably hinders the promotion of RBEE.

4.4.3. W3—Low Income of Rural Residents

Most rural residents in China are engaged in small-scale natural agriculture, which equates to a
relatively low income. In the context of rapid urbanization, an increasing number of rural residents
are moving to cities, with 16.4% of them aiming to work as construction workers and 21.1% of them
securing positions in the service industry [46]. Although their income has gradually increased, rural
residents significantly differ from urban residents. The income difference between rural and urban
residents from 2012 to 2016 based on 2017 statistical data is shown in Figure 5. The increasing gap
can be recognized starting in 2012. Currently, the income of some rural residents can only meet
their basic living needs. Rural residents” own funds are utterly inadequate for BEE [32]. Such low
income prevents rural residents from purchasing expensive energy-saving lamps and energy-efficient
electric appliances or installing solar energy facilities. Therefore, the low income of rural residents is a
weakness in RBEE promotion.
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Figure 5. Incomes of urban and rural residents in 2012-2016.

5. Strategies for Promoting RBEE

A list of critical strategic plans for RBEE can be formulated according to the SWOT analysis matrix
in Table 5. The principles behind the proposal of these strategies are modified from Yuan [6] and
are described as “maximizing strengths and opportunities, transforming weaknesses to strengths,
and neutralizing threats”. The key strategies are comprehensively examined to underline the strategies
and planning.

Table 5. Strategic planning based on the SWOT analysis matrix for RBEE.

Environment Planning

. Top-to-bottom policy support;
. Construction of new socialist initiatives in the countryside;
. Appeals for enhancing RBEE.

Opportunities (O)

External Environment

. Lack of policies and standards;
. Unreasonable energy structure;
. Lack of supervision mechanism.

Threats (T)

Strengths (S) . Abundant renewable energy resources;

. Requirements for improving living comfort.

. Poor energy efficiency awareness;
. Inadequate knowledge and information;
. Low income of rural residents.

1
2
3
1
2
3
1. Significant energy efficiency potential;
2
3
1
Weaknesses (W) 2
3

S2: Establishing technology Research and Development
SO strategies (R&D) institutions in local regions;

Internal Environment S3: Promoting demonstration projects of RBEE.

S4: Carrying out RBEE training;

WO strategies S5: Providing economic subsidies to rural residents.

S1: Formulating a carrot-and-stick policy governance
ST strategies mechanism;
S3: Promoting demonstration projects of RBEE.

S1: Formulating a carrot-and-stick policy governance
WT strategies mechanism;
S5: Providing economic subsidies to rural residents.
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5.1. Strategy 1—Formulating a Carrot-and-Stick Policy Governance Mechanism

A guidance policy plays a critical role in promoting RBEE. In the work of Wu and Yin [9],
a questionnaire survey was distributed to experts in 17 BEE institutions, and policies were noted to have
a more important role than technologies. According to different degrees of strictness of policies issued
by the government, the three BEE policy instruments are voluntary scheme instrument, economic
incentive instrument, and mandatory administration [47]. Only one standard code, the “Design
Standard of BEE in Rural Regions”, exists, but it is not mandatory. Stakeholders hardly comply with
construction codes due to the lack of capital support and technical guidance in implemented standards.
Thus, an appropriate governance mechanism should be established.

The “carrot-and-stick” strategies are among the best choices. A countryside-oriented policy
governance mechanism is required to guarantee the implementation of technological and financing
strategies. Mandatory administration and economic incentive instruments are equally critical. On the
one hand, the government should establish a penalty system that forbids rural residents from using
solid clay bricks. On the other hand, the government should formulate an economic incentive system
that encompasses preferential policies in terms of governmental subsidies. This system should be
interest-free to encourage rural residents to adopt inexpensive and practical green technologies or
renewable energy sources.

5.2. Strategy 2—Establishing Technology R&D Institutions in Local Regions

Research on building energy-saving technologies has mainly focused on cities, and the energy
conservation goals and mandatory standards issued by the government are mostly targeted at urban
buildings. The construction specifications for rural buildings is remarkably different from those for
urban ones due to different lifestyles and economic conditions. A reasonable technology is an effective
channel to solve the problems in energy efficiency. Therefore, technology research, development,
and promotion are vital. Materials and construction techniques in rural regions are remarkably
distinct. Local governments should encourage local universities or institutions to establish R&D centers.
The centers can be combined with enterprises and universities to establish a platform of “production,
learning, and research” to work out low-cost and energy-efficient technological solutions, which suit
local climate conditions and geographic characteristics. Developing and utilizing renewable energy
resources in rural regions are also beneficial actions. In terms of climate and regional characteristics,
thermal insulation technology and “Kang” can be promoted in the northern countryside, which can
utilize solar energy for heating. In the southern countryside, eco-villages can be constructed through
the development of passive housing technology and biogas pools for cooking and heating.

5.3. Strategy 3—Promoting Demonstration Projects of RBEE

The central government has launched a series of energy-efficient pilot programs for public and
residential buildings in certain urban regions. The resulting experiences can be applied to RBEE.
For example, the Beijing government launched the action initiative “Management Method of the
Demonstration Project of Utilization of Innovative Wall Material for BEE in the Rural Residents” in
2007. By meeting stipulated conditions, rural residents could be awarded 20 thousand Chinese Yuan
to subsidize the incremental cost of innovative wall materials. Although the scope of demonstration
projects is limited to some developed rural regions, numerous rural residents will gradually know
about the economic benefits and advantages of a healthy living environment through demonstration
projects. These demonstration projects can be expanded to other regions. A prefabrication construction
approach can be employed in the demonstration projects to speed up the development of high-quality
structures and reduce energy consumption and carbon emissions [48]. Therefore, this approach shows
great promise when implemented in rural buildings.

109



Energies 2018, 11, 851

5.4. Strategqy 4—Carrying out RBEE Training

Training is an effective approach to promote RBEE. Training can raise rural residents” awareness
of RBEE and improve the energy efficiency skills of construction craftsmen. Conducting effective
training is especially difficult for rural residents due to their low level of education and traditional
lifestyle. Most of them are unfamiliar with the advantages of energy-efficient technologies. Thus,
the training channel and approach should differ from those used in the urban context. Conducting
hierarchical top-to-bottom training is practical. The central or local government first focuses on the
training of village organizations and their leaders. With complete knowledge about renewable energy
technologies, economic benefits, and governmental subsidies, these trained individuals can serve as
frontrunners in the promotion of RBEE. Village leaders often have the trust of rural residents because
they live and work collectively [2]. They can persuade rural residents to change the way they construct
new houses or retrofit existing ones through training meetings or oral presentations among rural
residents. Training in the area of rural energy efficiency is a prerequisite for construction craftsmen.
Local governments should organize these types of training free of charge for building craftsmen so
that they have the opportunity to learn about the latest innovative building materials, master green
construction technology, and utilize local renewable energy sources.

5.5. Strategy 5—Providing Economic Subsidies

To enhance energy efficiency and reduce energy consumption, the government should supply
economic incentives to encourage rural residents to adopt renewable energy instead of commercial
energy. The government should provide economic incentives to rural residents. Financial support is an
essential aspect of RBEE [8]. The cost of building an efficient rural housing is approximately 5% greater
than the cost of building a traditional one [2]. Constructing energy-efficient buildings without any
policy intervention is impossible for rural residents due to the externality of BEE. In cooperation with
MOEF, MOHURD issued a standard for subsidies provided for the use of renewable energy resources in
2009. Under this standard, rural residents can receive 60 Yuan and 15 Yuan per square meter when
they apply ground source heat pumps and integrated solar thermal systems, respectively. If individual
rural residents use a solar energy bathroom and solar energy housing, 60% of their incremental cost
can be compensated for. The subsidy standards can be adjusted according to the costs incurred in
the application of rural renewable energy. In addition, a new energy utilization system for rural
buildings must be established. The system should implement energy-saving technologies suitable
for rural regions, adjust energy structure, and adopt abundant renewable energy resources, such as
solar energy, biomass, and biogas, to improve the livelihood quality of rural residents. The central
or local government should supply rural residents with economic incentive strategies to support the
utilization of renewable energy.

In the initial stage, the government should set up special funds for R&D centers. A specific
percentage of grants and allowances should be allocated to boost the budget for R&D that favors green
building material production and for standardized module design companies suited for local climate
conditions. In addition, the government can provide preferential tax policies, including sales tax and
corporate income tax, to renewable energy equipment manufacturers and green building material
suppliers. Nevertheless, the policies heavily depend on financial funds. Private firms can be invited
to participate in the promotion of RBEE. For instance, public-private partnerships are recommended
because they can effectively address limited governmental funds. Employing the approach of energy
performance contracting can also lead to a win-win between the government and private investors.

6. Conclusions

Driven by the national strategy of constructing new socialist initiatives in the countryside,
the conduct of research into BEE in rural China is crucial. With the high energy consumption,
low energy efficiency, and poor living comfort in rural China, the improvement of RBEE is an area
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worth exploring. We analyzed the current situation and characteristics of RBEE. On the basis of
the literature review, governmental reports, and semi-structured interviews, we performed a SWOT
analysis to investigate the opportunities, threats, strengths, and weaknesses of RBEE.

Three opportunities, namely, “top-to-bottom policy support”, “construction of new socialist
initiatives in the countryside”, and “appeal for enhancing RBEE”, were identified. The major threats
were found to be “lack of policies and standards”, “unreasonable energy structure”, and “lack
of supervising mechanism”. The typical strengths for RBEE included “poor energy efficiency

A

consciousness”, “abundant renewable energy resources”, and “requirements for improving living
comfort”. The major weaknesses comprised “poor energy efficiency consciousness”, “inadequate
knowledge and information”, and “low-income level of rural residents”. Corresponding strategies were
proposed on the basis of the analysis. These strategies involve “formulating a carrot-and-stick policy
governance mechanism”, “establishing technology R&D institutions in local regions”, “promoting
demonstration projects of RBEE”, “carrying out RBEE training”, and “providing economic subsidies to
rural residents”. These findings may expand our understanding of the current situation of RBEE in
China and provide a valuable strategic plan for improving RBEE.

The process of BEE in the countryside lags far behind that in cities [32]. With its specific features
discussed above, RBEE is remarkably distinct from urban BEE. Replicating experiences in the urban
context for the rural setting is unreasonable. Therefore, the proposed strategies can be adopted by
policymakers to promote RBEE development in the near future. In the context of new urbanization
initiatives, existing residential buildings in rural China should be retrofitted to offer significant
opportunities to reduce energy consumption and greenhouse gas emissions [49]. The present research
mainly focused on the BEE of newly constructed rural buildings. However, the energy efficiency
potentials of existing buildings in a real-world situation should not be ignored. Extant studies can
offer valuable references [50-54]. Therefore, future studies should consider exploring suitable BEE
strategies for existing buildings in rural China.
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Abstract: This paper investigates the co-movement and asymmetric interactions between energy
and grain prices, based on the evidence from the crude oil and corn markets, the most important
energy and grain markets, respectively. Time series analysis indicates that there is a consistent trend
between the crude oil price and corn price with a significant positive correlation coefficient 0.7471
during the sampling period, from January 2008 to February 2016. In addition, we find that there is
a long-run equilibrium relationship between the two commodities’ prices. Moreover, while linear
Granger causality tests suggest that there is a two-way Granger causality relationship between the
price changes in the two markets, non-linear Granger causality tests suggest that there is only a
one-way causality relationship from corn to oil price. However, both linear and non-linear Granger
causality tests indicate the asymmetry of causality relationship between the two markets (the price
change in corn market can more significantly Granger cause the change in crude oil market). Further
analysis suggests that the contribution of the corn market to price discovery in a large commodity
market is larger than that of the crude oil market.

Keywords: crude oil market; corn market; asymmetry; price discovery

1. Introduction

In recent years, the energy policies around the world tend to become more environment-friendly
and there is an increasing focus on renewable energy. In this respect, one of the most remarkable
developments in the energy sector is the rapid development of biofuels. Biofuel policy has been in
place in the United States (US) since the Energy Policy Act of 1978, which was conceived by the US
Congress as a response to the OPEC-induced oil shock. In 1990, with the concerns about climate
change and pollution, the US Congress conceived the Clean Air Act of 1990, requiring that the gasoline
must contain a minimum percentage of oxygen. Ethanol and methyl tertiary-butyl ether (MTBE) are
both additives into regular gasoline, and MTBE was more popular because it was cheaper and more
available and easier to transport and distribute. However, after the hidden costs and health risks of
MTBE were convinced, the US Congress passed the Energy Policy Act of 2005. The new renewable
fuel standards established by the Energy Policy Act of 2005 make ethanol the only available gasoline
additive and the new standard became applicable in May 2006, which consequently lead to the ethanol
production boom in the United States.

Along with the booming of ethanol, there are more and more corns that are used for ethanol
production in the United States. As shown in Figure 1, corns used for fuel ethanol account for more
than 35% of the whole production of corn in the US since 2010, competing with the traditional uses of
corns (including for food and livestock feed). Meanwhile, fuel ethanol production and consumption in
the US also takes off and the fuel ethanol plays an increasingly important role in the transportation
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sector. The market share of the fuel ethanol consumption, which is calculated by dividing the volume
of ethanol consumption by the sum of motor gasoline and ethanol consumption, has reached 9.51% by
the year 2015.
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Figure 1. Corn used for ethanol in the US.

Since the ethanol boom in the US in 2006, the interaction between the energy market and the
agriculture market has become much stronger. Agriculture uses energy products directly in the
form of gasoline, diesel and electricity as the fuel of the farm machinery. Meanwhile, the agriculture
sector also uses energy-based input such as fertilizer and pesticides. Higher energy prices can make
agricultural goods more expensive by raising the costs of production (including fuel, fertilizer, chemicals
and other inputs) and transportation. Besides, crude oil and corn are naturally linked through the
substitution possibility between gasoline and bio-ethanol. Higher oil prices would stimulate the
growth of corn-based biofuels production and the expansion of the demand for corns, which can
consequently boost the corn price.

Furthermore, along with the globalization, the gradual liberalization of financial markets, the rapid
development of advanced communication technologies, and the financialization of commodity markets,
different goods and assets have become more and more interlinked. For instance, crude oil and corn
prices are both affected by the US dollar exchange rate, local military conflicts, monetary policy
pursued by central banks and the increased demand for basic materials from rapidly growing emerging
markets [1,2].

Giving that there is a close link between the energy sector and the agricultural sector, it would be
of great significance to investigate the long- and short-run dynamic relationship between the energy
and agriculture commodity markets. Due to their different attributes, the energy and agricultural
products may respond differently to the same economic, political or natural shocks. The extreme
weather and climate events, and natural disasters, for instance, may have more significant effects on
the agriculture commodity market. For example, the severe drought in 2002-2003 in Australia, one
of the world’s largest wheat producers, significantly cut down the global wheat production, thereby
raising the wheat price dramatically, while the effect on the crude oil price is less significant.

Understanding the relationship between the energy and agriculture commodity markets will be
useful for farmers, investors and even politicians. Commodity price shocks and varying degrees of
fluctuations pose serious policy challenges to the decision-makers. Sharp movements in commodity
prices have serious impacts in terms of trade, real income and fiscal position of countries that depend on
these commodities. Therefore, a better understanding of the recent dynamics of energy and agriculture
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markets could assist decision-makers for a better macroeconomic policies and regulations of the
commodity markets, which motivates this study.

In this paper, we use the crude oil market as the representation of the energy market, and the corn
market as the representation of the agriculture market, due to the fact that corn is the most widely
produced feed grain in the United States and is the most important feedstock in the extraction of the
fuel ethanol. Meanwhile, corn is one of the most heavily-traded contracts in the agricultural commodity
market. Focusing on the relationship between crude oil and corn markets, we investigate the long-
and short-term interaction between crude oil and corn prices and examine whether there is (linear
and non-linear) Granger causality relationships between the two commodity markets. Moreover, we
calculate the two markets’ respective contribution to the price discovery of large commodity markets.
Our results show that there is a long-run equilibrium relationship between the crude oil and corn
markets. Moreover, while linear Granger causality tests suggest that there is a two-way Granger
causality relationship between the returns in the two markets, non-linear Granger causality tests
suggest that there is only unilateral causality running from the corn market to the crude oil market.
Nevertheless, both linear and non-linear Granger causality tests indicate the asymmetry of the causality
relationship between the two markets (the change in the corn market more significantly Granger causes
the change in the crude oil market). Further analysis suggests that the contribution of the corn market
to the price discovery in large commodity markets is larger than that of the crude oil market.

The reminder of the paper is organized as follows. Section 2 presents a review of the literature.
Section 3 provides a description of the data. Then, we present the empirical methodologies in
Section 4. Section 5 analyzes the empirical results of this study, including the long-term equilibrium
and short-term adjustment between the crude oil and corn prices, the linear and non-linear Granger
causality between the two markets, and their respective contribution to price discovery. Finally,
Section 6 gives some concluding remarks.

2. Literature Review

There is an increasing number of studies on the agriculture commodity market due to the increasing
concerns on agriculture supply security in the world, especially that in the developing world. A large
literature on prices of agriculture commodities has mainly focused on analyzing the co-integration
relationships between spot and futures prices and the basic conclusion is that, though a co-integration
relationship does exist, futures prices generally dominate spot prices in agriculture commodity markets.
For instance, Garbade and Silber [3] analyzed the price movements and price discovery in spot and
futures markets for seven storable commodities, including corn, wheat, oats, orange, copper, gold and
silver and they found that futures prices dominate spot price changes for most of these commuodities.
Yang et al. [4] investigated the price discovery function for storable agriculture commodities (corn, oats,
soybeans, wheat, cotton and pork bellies) and non-storable agricultural commodities (hogs, live cattle,
feeder cattle) and found that although, in general, storability does not affect the future price discovery
function, future contracts can be used as a price discovery tool in all of these markets. Zapato et al. [5]
investigated the co-integrating relationship between the New York futures prices and the Dominican
Republic spot prices and found that the World Futures Sugar (WFS) price has a predictive power for
the spot price of a small sugar-producing country. Mattos and Garica [6] examined the relationship
between spot and futures prices in six agricultural markets of Brazil and found that the thinly traded
future contracts have some degree of long-run co-integration relationship with the spot price but the
highly-traded corn contracts show almost no interrelations between the future and spot prices.

While there is a large literature on world oil market focus on identifying the driving forces and
determinant factors behind the volatility of oil price, such as economic crisis, oil supply and demand,
OECD commercial inventory, OPEC behaviors, US dollar exchange rate, local military conflicts, natural
hazards and speculative trading activities [7-10], or on the linkage between crude oil and other financial
markets [11,12], there is an increasing number of studies on the linkage and relationship between
energy (mainly oil) and agriculture commodity markets. However, the results are mixed and there
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has been no consensus on the food-energy nexus. Some researchers indicate that the oil price has a
significant effect on the agriculture commodity price. Trujillo-Barrera et al. [13] focused on the volatility
spillovers in the US from energy to agricultural markets in the period 2006-2011. They discovered
significant spillovers from oil to corn and ethanol markets, which seems to be particularly strong in
high volatility periods for oil markets. They also identified significant volatility spillovers from corn to
ethanol markets. Using co-integration and a linear Granger causality test Avalos [14] exploits a natural
experiment arising from a significant change in 2006 on the nature of ethanol policies in the US to assess
the relationship between oil, corn and soybean prices. He finds that there are substantial changes in
the dynamic properties of corn and soybean prices and they are more closely related to oil prices, but
the predictive causality seems to run from the crops to oil prices. In contrast, some research indicates
that there is no direct relationship between oil and agricultural commodity prices. Zhang et al. [15],
using monthly data from March 1989 through July 2008, found that there is no long-term relationship
between oil and food (corn and soybeans) prices.

The studies on the mechanism of the linkage between oil and agricultural prices mainly focus on
three key channels: (i) oil as a production cost in agriculture; (ii) biofuels; and (iii) co-movement of
commodity prices with macroeconomic factors and financial indicators, according to Nazlioglu et al. [16],
where they provide a comprehensive review on the studies based on each linkage. For instance, in
terms of oil as an input for agriculture production, Baffes [17,18] investigated the spillover effect of
crude oil price changes on the prices of 35 internationally traded primary commodities and calculated
the pass-through of crude oil price changes to the overall non-energy commodity index, the fertilizer
index, agriculture and metals. They found that the highest pass-through of oil price changes is to the
fertilizer index followed by agriculture. Considering biofuels as the channel for the linkage between
oil and agriculture prices, the findings are mixed. Serra et al. [19] and Hassouneh et al. [20] examined
the price linkages and transmission patterns in the US and Spain, respectively, and they both found
long-run equilibrium relationships among the prices of biofuels and oil and strong links between
energy and food prices. However, Zhang et al. [15] investigated both short- and long-run relationships
between prices of fuel and agricultural commodities and found that there is no direct long-run price
relationship between fuel and agricultural commodity prices and there is only limited, if any, direct
short-run relationships. Recently, Sari et al. [21] investigated the roles of futures prices of crude oil,
gasoline, ethanol, corn, soybeans and sugar in the energy-grain nexus, taking into account the own-
and cross-market impacts for the lagged grain trading volume and the open interest in the energy and
grain markets. They reveal that the conventional view, which states that the impacts run from oil to
gasoline to ethanol to grains in the energy—grain nexus, does not hold well in the long-run because
the oil price is influenced by gasoline, soybeans and soybean oil. Besides, in the short-run, there is
a two-way feedback in both directions for all markets. The grain trading volume’s effect across the
oil and gasoline markets is more pronounced in the short-run than in the long-run. As for the third
channel for the linkage between oil and agriculture prices, i.e., macroeconomic policies and financial
indicators, Krichene [22] examined oil price movements between January 2000 and October 2007 and
argued that the rapid increase observed in oil and other commodity prices can be attributed to the
expansionary monetary policies during the early 2000s.

To sum up, it should be noted that the existing research related to energy and agriculture commodity
prices has focused more on the co-movement of the two markets rather than the asymmetric interactions
between the two markets or their asymmetric role in price discovery. Therefore, this study attempts
to investigate both the co-movement and asymmetric interactions between energy and grain prices,
based on the evidence from the crude oil and corn markets, which are the most important energy and
grain markets, respectively. By employing the time-series econometric methods, this paper analyzes
the co-integration and (linear and non-linear) causality relationship between the two markets and
their respective contribution to price discovery. Some recent studies share similar interest with this
paper. For instance, Nazlioglu [23] investigated the co-integration and (linear and non-linear) Granger
causality relationship between the world oil and agricultural commodity prices (corn, soybean and
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wheat) by using the weekly data spanning from 1994 to 2010. Her linear causality test indicates that
the oil prices and the agricultural commodity prices do not influence each other while the non-linear
causality analysis shows that there is a persistent unidirectional non-linear causality running from
the oil prices to the corn and to the soybean prices. Different from Nazlioglu [23], we used daily
data from January 2008 to February 2016, given that high frequency data may capture the dynamic
casual linkages between different commodity markets better. Our conclusions are very different
from that of Nazlioglu [23]. Moreover, we also conducted the price discovery (Permanent-Transitory
(PT) and Information Share (IS) models) analysis to further investigate the contribution of different
markets in price discovery of large commodity markets, which is absent in the previous studies on the
co-movement and transmission among energy and food commodity prices.

3. The Data

In this paper, we used daily time series spot price data for the crude oil and corn prices from
22 January 2008 to 29 February 2016 (this choice of the study period was restricted by our access to the
daily corn price from the Chicago Mercantile Exchange). The crude oil price is the Brent crude oil spot
price in US dollars per barrel from the US Energy Information Administration (EIA). The corn price is
the US No.2 yellow maize (corn) price in US cents per bushel from the Chicago Mercantile Exchange.
It can be seen in Figure 2 that the two markets do have some consistent trends in the sample period.
The correlation coefficient between the crude oil price and the corn price is 0.7471, indicating that they
could have co-movement and share common information in their price dynamics. The descriptive
description of the data is presented in Table 1.

160 9
—O0il —Corn
140 8
120 7 El
= 6 E
£ 100 2
2 58
=
=) g
£ =
5 bt
260 B
<) 3 =
40 3

I~
S
-

o
B

N A A A A A A R R R R A A B A A R A R R I
Qg g g aaaaaaaaqgaeaaqaqaaaqagqgaeaaqaqaeaaqaqaqaaqq
R = T - N Y R N Y - N Y = N Y - N Y - N Y - Nt
2333 ITITITITTIITITITIITITITITITIITTTTI
I I R R T T T R T T N R S S Y NV Y Y
=GN A T TR R R st Rt R R 1
= A A R I R A ==
S S S SSTTIITITNAANSTITIIST]Is8asaaaa

Source: The crude oil price is the Brent crude oil spot price in US dollars per barrel from US Energy
Information Administration (EIA); the corn price is the US No.2 yellow maize (corn) price in US cents
per bushel from the Chicago Mercantile Exchange.

Figure 2. Daily crude oil spot price and the corn spot price.

Table 1. Descriptive Statistics.

Variable Obs Mean Std. Dev. Min Max

Crude oil price P° 1831 89.495 26.004 26.01 143.95
Corn price P¢ 1831 4972 1.528 2.695 8.49

Ln (P°) 1831 4.443 0.339 3.258 4.969

Ln (P°) 1831 1.557 0.304 0.991 2.139
First-order diff. Ln (P°) 1830 —0.000490 0.024 —0.168 0.181
First-order diff. Ln (P€) 1830 —0.000148 0.022 -0.121 0.109
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Figures 3 and 4 show the returns of the crude oil price and the corn price, respectively. Returns are
calculated as the first differences of the logarithms of the prices. During the periods of 2008-2009 and
2015-2016, the crude oil market has more dramatic volatility than the other periods in the sampling
period. As for the corn market, the fluctuation of return is higher in the first half of the sampling period.
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Figure 3. Returns of the crude oil price (the first differences of the logarithm of the prices).

0.15

e
=

e
=3
by

L
S
=

Corn price return (first differences of log prices)
>

-0.15

2008-01-22
2008-04-22
2008-07-22
2008-10-22
2009-01-22
2009-04-22
2009-07-22
2009-10-22
2010-01-22
2010-04-22
2010-07-22
2010-10-22
2011-01-22
2011-04-22
2011-07-22
2011-10-22
2012-01-22
2012-04-22
2012-07-22
2012-10-22
2013-01-22
2013-04-22
2013-07-22
2013-10-22
2014-01-22
2014-04-22
2014-07-22
2014-10-22
2015-01-22
2015-04-22
2015-07-22
2015-10-22
2016-01-22

Figure 4. Returns of the corn price (the first differences of the logarithm of the prices).

We used the ADF (augmented Dickey-Fuller) test to check the stationarity of the logarithm of the
prices and the returns, as displayed in Table 2. The results of the ADF test show that the logarithm
of the two commodities’ prices are not stationary, but the first order difference of the (log) prices is
stationary, which implies that both price series are I(1), i.e., the returns of the oil and corn prices are
stationary. Therefore, we used the logarithm of the prices in the Vector Error Correction (VEC) Model.
In addition, the Vector Auto-Regression (VAR) Model was estimated in terms of the returns (the first
differences of the logarithm of the oil and corn prices) to avoid spurious regression and inferences.
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Table 2. T statistic values of ADF test for the crude oil price and the gold price.

InPg InP;
Level (log) price —0.530 (0.9822) —1.388 (0.8643)
First-order diff. (log) prices —41.467 (0.0000) —42.570 (0.0000).

Note: p-values are reported in parentheses.

4. Methodology

Given the importance of testing whether there exists a lead-and-lag price mechanism between
the two commodities for the whole large commodity market forecast, in this section, we first present
the methods to detect whether there is a co-integration relationship between the crude oil and corn
markets, and then we test both the linear and non-linear Granger causality between the returns of
crude oil and corn. Finally, we use the Permanent-Transitory (PT) model and Information Share (IS)
model to find out the contribution of the crude oil price and the corn price to the common effective
price of the co-integration system.

4.1. Co-Integration Test between the Crude Oil and Corn Markets

Non-stationary variables may obey a common long-run relationship, which means that there is
a stationary linear combination of these variables. If the linear combination does exist, we may say
that there is a co-integration relationship between these variables. To test whether there is a long-run
equilibrium relationship between the two commodities, we use the two-step procedure provided by
Engle and Granger [24]. The long-run equilibrium equations are:

Lﬂp? =q¢1+ 61L7’1P§ + 214,

LnP{ = ¢ + 02LnP{ + z3, M

where P{ is the price of the crude oil, Pf is the price of the corn, and z1; and zy; are residuals, respectively.
If the stationarity test indicates that the residuals are stationary, a long-run equilibrium may exist
between the crude oil price and corn price.

4.2. Granger Causality Test

4.2.1. Linear Granger Causality Test

We use the stationary price returns of the commodities (logarithmic difference of original price
series) to detect the lead and lag relationship between the oil and the corn prices. Specifically, we
establish the VAR model:

p p

i =mo+ Y eury, + X byre + e
: - j
i=1 =1 @)

p p
rf =y + Z (PZirf_i + Z q>2jr:)_j + €,
i=1 =1

where 1y = LnP{ — LnP]_, denotes the price returns of the crude oil, rf = LnPj — LnP;_; denotes the
price returns of the corn, and p is the lag length of the equation, which is chosen according to the
Akaike Information Criterion (AIC) and should ensure that there is no autocorrelation in the &1, and
€. For the first equation, we will test the null hypothesis: ¢17 = ¢1p = -+ = ¢1p, = 0, if the null
hypothesis is rejected, the change in the corn price return linearly Granger causes the change in the
crude oil price return. Similarly, we test ¢ = oy = -+ = Py, = 0 to investigate whether the oil price
return is the linear Granger causality of the corn price return.
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4.2.2. Non-Linear Granger Causality Test

Previous studies show that financial time series usually have remarkable non-linear dynamics.
However, the traditional linear Granger test can fail to identify the non-linear relationship between
variables, which implies significant bias can appear when employing the linear Granger method to test
the Granger causality between the variables that may potentially have a non-linear relationship. Baek
and Brock [25], and Hiemstra and Jones [26] proposed a method to conduct the non-linear Granger
causality test, which has been widely applied in the empirical studies in the economics and finance
fields. However, Diks and Panchenko [27] showed that the non-linear Granger causality test proposed
by Hiemstra and Jones [26] has the issue of over-rejection and therefore developed a non-parametric T,
test to investigate whether there is non-linear Granger causality between variables. This non-parametric
test method has the advantage that it will consider the possible variations in conditional distribution
based on the chosen bandwidth so as to overcome the over-rejection problem in the H-J test, thereby
making the results of the test more robust and reliable. Therefore, we used the non-parametric T, test
proposed by Diks and Panchenko [27] to investigate whether there are the non-linear Granger causality
relations between oil and corn prices. The basic idea of T), test is as follows:

Let {X} and {Y} denote the residuals obtained from the two equations in the VAR model (2),
respectively. Suppose that XtL" = (Xiop41,770 - ,X¢)and ny = (Yt—Ly-H/ ~~~~~~ ,Yt), whereLx, Ly > 0,
are the delay vectors. Let us examine the null hypothesis that the past observations of Xt* do not
contain any additional information about Y1 (beyond that in YtLy ), ie.,

Ho + Yo | (XE5 YY) ~ Y|y} 3

The null hypothesis implies that the (Lx + Ly + 1)-dimensional vector W; = (Xfo, YtLy , Zt), (where
Zt = Y¢y41) has invariant distribution. If we ignore the time notation and let Lx = Ly = 1, the null
hypothesis implies that the distribution of Z given that (X, Y) = (x, y) is the same as that of Z given
Y = y, which implies that Hy can be restructured using the joint probability density function:

fxyz(oyz)  fry(y) frzyz)
Fy) Ay Ay

In other words, Equation (4) states that X and Z are independent, when Y = y for each fixed value
of y. Diks and Panchenko [27] show that the restated null hypothesis implies:

4)

q=Elfxyz(X,Y, Z) fy(Y) = fx y (X, Y) fr,z(Y,Z)] = 0. (5)

Let fy (W;) denote a local density estimator of a dy-variate random vector W at W, i.e., fw (W) =
(2e0) 0 (n-1)"" L ji I};V, where I].V]V = I(IIWi - Wijll < sn) and I(+) is the indicator function and ¢, is
the bandwidth, which depends on the sample size n. Then, the non-parametric test statistic T;; can
be constructed as Equation (6), which can be used to conduct the non-linear Granger causality test
between variables:

n—1

o) =362

Z(fx,z,y(xifzi, Y i (V) = fov (Xi, Yi) frz(Yi, Zi)). (6)

i

ForLx =Ly =1andife, = Cn’ﬂ(C >0, }1 <p< %), Diks and Panchenko [27] prove that the test
statistic in Equation (6) satisfies:

\/;(T”(SSM A N(0,1), !

where 5 denotes convergence in distribution and S, is an estimator of the asymptotic variance of
Ty () [27]-
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4.3. PT and IS Model for Price Discovery

Based on the results of the VEC model, we adapt two popular common factor models to investigate
the mechanisms of price discovery: The first model is the Permanent-Transitory (PT) model by Gonzalo
and Granger [28]; the second model is the Information Shares (IS) model by Hasbrouck [29]. We first
used the PT model to estimate the common long-memory components of the co-integration system
between the crude oil price and the corn price and the two markets’ contribution to the common factor,
which is a function of the coefficients of the error-correction model. Then, the IS model is employed to
measure the two markets” information share, which is defined as the proportional contribution of that
market’s innovation to the innovation in the common efficient price.

4.3.1. Permanent-Transitory (PT) Model

As proved by Stock and Watson [30], if two time series are co-integrated, in other words,
zt = Y — Ax; is stationary, there must exist a common factor f;.

Yi A Yi
EINEE]
where y; and x; are [(1), y; and x; are [(0), f; is the common effective price, and might be the unobserved
factor and the driving force resulting in the co-integration relationship. Each time series Y} can be
decomposed into two components, Y; = f; + Y}, one is the permanent component f;, and the other is
the transitory component Y, which can be called the noisy price of the market. The two components
convey different kinds of information.

There are several reasons why we are interested in f;. Firstly, if the model of the complete set of
variables is too complex, and if we are only interested in the long-run behavior, we can use a small
set of common long-run effective factors. Secondly, the estimation of the common factor allows us to
decompose a variable into two components that convey different kinds of information, the permanent
component (trend component) f; and the transitory components (cyclical component) Y. Finally,
singling out the common factors allows us to investigate the relationship between the common factor
and other variables.

Based on the Vector Error Correction Model (VECM):

q 9

ALnP) = ay(LnP9_ + BLnPS )+ L yubLnP_;+ ¥ OuALnPY + exy
q q

ALnP§ = az(LnP‘tll + ﬁLnPffl) + El y2iALnP)_ + El O2iALNP;_; + &1,

where a1 and «a; are the error-correction coefficients. f denotes the cointegrating coefficient. e1; and eo;
are serially uncorrelated innovations with zero mean.

In the equation Y; = f; + Yt, where Y; = (LnP?, LnPg)/, and fy = I'Yy, T = (y1,72), fi can be
regarded as a weighted average of the prices of the two markets. In addition, T' = (y1,y2) is the
coefficient vector of common factor, which can be considered as the weights of crude oil price and corn
price in the portfolio, and y1 4+ y2 = 1. Besides, as shown by Gozalo and Granger [28], T is orthogonal
to the error-correction coefficient (a1, ozz)', in other words, a1y + azy2 = 0. Therefore, along with the
condition y1 + y2 = 1, y1 and y, can be solved out from the two equations above.

4.3.2. Information Shares (IS) Model

According to Hasbrouck [29], a market’s contribution to price discovery is its information share,
which is defined as the proportion of the efficient price innovation variance that can be attributed to
that market. Price variables can be expressed as the vector moving average (VMA) form:

AP; = ¥(L)e;,
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where ¢; is a zero-mean vector of serially uncorrelated disturbances with covariance matrix (),

- 2
pPo102 (72

B [ a% po102 ]
where a% and o% are the variance of ¢1; and e, respectively; and p is the correlation coefficient between
e1rand ey. ¥ is a polynomial in the lag operator. If the prices are cointegrated of order n-1, then all the
rows of ¥ (1) are identical, and ¥ (1)e; constitutes the long-run impact of a disturbance on each of the
price. Letting ¢ denote the common row vector, the price levels can be written as:

t

=Py + LIJ)[Z e

=1

+¥"(L)es,

where ¢ = (1,1). Additionally, ¥*(L) is a matrix polynomial in the lag operator. The second term
sz(zs 1 es) is the random-walk component that is common to all prices. The variance of the common
factor is Var(¢e;) = Q. The information share of a market is the proportion of value Var(ye;) that
is attributable to that market. If the covariance matrix Q) is diagonal, the information shares of the
crude oil market and the corn market are:
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Baillie et al. [31] investigated the relationship between the PT model and the IS model, and they
discovered that % = ;:—; Therefore, the information shares are:
252
7197
7/101 7
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711 V

However, if the covariance matrix is not diagonal, one can use Cholesky factorization to minimize
the correlation, where Q) = MM’,

o 0
M= [ myp 0 ] | o |
My Mp po2 02(1 -p )

Therefore, the information shares can be written as:

(y1m1 + Vzmzl)z
(yrmag + yama ) + (yaman)?

So =

(yamn)®

(y1my + )/zmzl)2 + (Vzmzz)zl

Sc =
and S, + S, = 1.

The factorization imposes a greater share on the first price, unless 1, = 0, therefore, we need
to change the order of variables in the factorization procedure to get an upper and a lower limit of
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the information share of a market price. The average of the lower bound and upper bound can be
regarded as a reasonable estimation of a market’s contribution to price discovery [11,31].

5. Empirical Results

In this section, empirical results are reported and discussed in three parts. The first part reports the
results from the VEC model, discussing the long-run equilibrium and the short-run adjustment of the
two markets. The next part is the lead and lag relationship between the two markets, i.e., the Granger
causality relationship between the crude oil and corn prices. The last part reports the two markets’
contribution to price discovery from the PT model and the IS model.

5.1. The Long-Run Equilibrium and the Short-Run Adjustment between the Crude Oil Market and the Corn Market

According to the results of the unit root test in Section 3 (see Table 2), we confirm that the Ln
(crude oil price) and the Ln (corn price) are both I(1). Then, we have to identify whether there is a
co-integration relationship between the crude oil price and the corn price. The results of the unit root
test of the error term from Equation (1) are displayed in Table 3.

Table 3. Estimation results of integration Equation (1) and the ADF test results of the residuals.

Dependent - T Statistic of ADF

Variables ¢ 0 F-Statistic Test for z
LnP{ 3.1901 (0.0000) 0.8043 (0.0000) 1974.48 (0.0000) —-1.699 (0.0893)
LuP? ~1.3100 (0.0000) 0.6454 (0.0000) 1974.48 (0.0000) —2.303 (0.0213)

The results show that both equations are jointly significant at the 1% level and that residuals are
stationary (at the 10% level and 5% level, respectively). Therefore, we know that there is a long-run
equilibrium relationship between the crude oil price and the corn price, which is likely due to the
common economic factors (e.g., the US dollar index) that affect the two markets and the possible
substitution of biofuel from coal and oil in some sectors (e.g., transport sector) of the world economy.
This result is consistent with a number of previous studies (see e.g., Harri et al. [32] where they identified
a long run equilibrium relationship between oil prices and all agricultural prices except wheat).

Based on the long-run equilibrium between the crude oil market and the corn market, we can
introduce a Vector Error Correction Model (VECM) to study the short-run adjustment between the two
markets. The estimation results of the VECM equations are presented in Table 4, where the optimal
maximum lag is determined by the principle of minimum AIC value.

Table 4. Estimation results of the Vector Error Correction Model (VECM) equations.

Dependent Variable: ALnPp Dependent Variable: ALnP{
ecm(~1) —0.004428 *** 0.000767
(-2.75) (0.51)

o 0.006250 —0.041922 *
ALnP, (0.26) (-1.86)

c 0.067460 *** 0.016345
ALnP (2.61) (0.68)
Constant -0.000038 -0.000222

(-0.07) (0.41)
X2 17.2294 *** 3.8113
R? 0.0094 0.0021

(T statistic in parentheses, *** p < 0.01, * p < 0.1).

The estimations of a; and a; are —0.004428 and 0.000767, respectively. The estimation of a; is
significant at the 1% level in the ALnPy equation, while the estimation of the a; is insignificant in the
ALnP§ equation. This result indicates that the long-term equilibrium between the crude oil market and

125



Energies 2019, 12, 1373

the corn market may significantly adjust the short-term price change of the two markets so that they do
not deviate from the long-term equilibrium path very far. Specifically, the adjustment to the short-term
price change of the crude oil is significant, while the adjustment to the short-term corn price change is
not significant. That is, when there is a deviation from the long-run relationship between the corn and
oil price, it seems that it is the crude oil price that will be adjusted to preserve the long-run relationship.

Besides, regarding the interactions between the two markets in terms of their price change,
the results show that the change of the corn price has a strongly positive effect on the change of crude
oil price, while the effect of the change of the oil price on the change of the corn price is found to be
less significant. While many studies in the literature report neutrality or a weak effect of agricultural
prices to oil price changes (see, e.g., Zhang et al. [15]; Zhang and Reed [33]), the positive effect of
the change in agricultural price on crude oil price has also been found in previous studies (see,
e.g., Nazlioglu and Soytas [34]). This might be related to the portfolio diversification strategies of
global investors/speculators and the increasing investment in agricultural commodities, which leads to
a higher integration between energy-finance and agricultural markets (Nazlioglu and Soytas [34]).

5.2. The Lead-And-Lag Relationship between the Crude Oil and Corn Market

We have shown that there is a long-run equilibrium relationship between the crude oil and corn
market. Now let us further investigate the spillover effect between the two markets and examine the
price or return lead-and-lag relationship between the two markets through Granger causality test.
Since it requires the concerned time series to be stationary, we use the first differences of the logarithm
of the prices (i.e., the return), which were proven to be stationary in Section 3.

5.2.1. The Linear Granger Causal Relationship
According to the principle of minimum AIC value, we chose the optimal lag order for the VAR
model like Equation (1) to be 1, which implies that the VAR model is actually specified as follows:
{ = Bro+ Buri_y +yurig + e

C C 0 .
7y = Pao + Poari_g +yaar,_q + €

The estimation results of the VAR model are shown in Table 5. It can be seen that the return of
corn has a significantly positive effect on the return of crude oil, while the return of crude oil has a
negative effect on the return of corn.

Table 5. Estimation results of the Vector Auto-Regression (VAR) model.

Dependent Variable: rp Dependent Variable: r{
0 0.00649 —0.04196 *
t-1 (0.27) (-1.86)
" 0.07280 *** 0.01542
t-1 (2.82) (0.64)
Constant —0.00047 -0.00015
(=0.85) (-0.28)
R? 0.0048 0.0019
No. of observations 1829 1829

(T statistic in parentheses, ** p < 0.01, * p < 0.1).

In a VAR model, each random disturbance influences all the endogenous variables. In addition,
random disturbances may exhibit their influence in some of the endogenous variables earlier and
others later. The Granger causality test can check a VAR for this type of temporal ordering, in other
words, the lead-and-lag relationship between the two markets. The results of the linear Granger
causality test are reported in Table 6. It can be seen that the change in the corn price return does
Granger cause the return of the crude oil at the 1% level. Additionally, the change in the crude oil
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price return also Granger causes the change in the corn price return at the 10% level. This implies that
the Granger causality relationship between the two markets is asymmetric: the price change in corn
market can more significantly Granger cause the change in the crude oil market. While many studies
in the literature find a bidirectional spillover effect between crude oil and agricultural commodity
markets through similar Granger causality tests (see, e.g., Nazlioglu and Soytas [34]), there are studies
which found only unidirectional volatility spillovers from corn to crude oil after the 2008-09 financial
crisis (see, e.g., Lu et al [35]). Our findings somehow lie between these two branches of literature.

Table 6. Results of the linear Granger causality test.

Null Hypothesis W Statistic p-Value
] 7.9674 0.005
) # 3.4581 0.063

Note: # denotes that there is no linear Granger causality from the left market to the right market.

5.2.2. The Non-Linear Granger Causal Relationship

As mentioned above, the traditional linear Granger causality test can fail to identify the non-linear
relationship between variables, which is actually common in the economics and finance fields (Zhang
and Wei [11]). Therefore, here we conduct the non-linear Granger causality test based on the method
proposed by Diks and Panchenko [27], as described in Section 4.2.2. Following previous studies [15], we
present the results of the non-linear Granger test for different maximum lags (Lx =Ly =1,2,------ ,8),
as shown in Table 7.

Table 7. Results of the non-linear Granger causality test.

Null Hypothesis Lx=Ly T, Statistic p-Value
Y= X 2403 0.0081
X»Y 1 0.423 0.3363
Y- X 2356 0.0092
XY 2 0.600 0.2743
Y % X 2,948 0.0016
XY 3 1.338 0.0905
Y% X 2932 0.0017
X»Y 4 1.470 0.0707
Y % X 2834 0.0023
XY 5 0.950 01711
Y% X 2,661 0.0039
XY 6 0.574 0.2830
Y% X 2494 0.0063
XY 7 0.503 0.3076
Y- X 2.184 0.0145
XY 8 0.257 0.3985

Note: Y denotes residual series when the corn price return acts as the dependent variable in the VAR model and
X denotes the residual series when the crude oil price return acts as the dependent variable in the VAR model;
# denotes that there is no non-linear Granger causality from the left market to the right market.

It can be seen that the non-linear Granger test results generally support the Granger causality
relationship from the corn market to the crude oil market, while do not support the hypothesis of
Granger causality from the crude oil market to the corn market. This reinforces our previous conclusion
based on the linear Granger causality test that the Granger causality relationship between the two
markets is asymmetric and that the price change in corn market can more significantly Granger cause
the change in the crude oil market.

The finding that in the short run, impulses seem to flow from crop prices to oil prices, is consistent
with Avalos [14], where he employed co-integration and a linear Granger causality test to assess the
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relationship between oil, corn and soybean prices, through exploiting a natural experiment arising
from a significant change in the US biofuel policy in 2006. He found that the predictive causality seems
to run from the crop prices to oil prices, in reverse of the expected direction. Our results from the
non-linear Granger causality test reinforce the causality direction from crop prices to oil prices.

5.3. Analysis of the Two Markets” Contribution to Price Discovery

As two of most important large commodity markets, their price movement can reflect the price
trends of the whole large commodity market. By investigating their respective contribution to price
discovery, it would be helpful for forecasting the price trend of the whole large commodity market.

5.3.1. Permanent-Transitory (PT) Model

As mentioned above, Stock and Watson [30] think the price vector can be divided into two
components, LnP; = f; + Y:, where fi denotes the common effective price in the two markets and Y
is the transitory component. In our case, f; = y1LnP] + y»LnP;, where two equations y; +y2 = 1
and a; y1 + azy2 = 1 hold. According to the estimation of the vector error correction coefficient (see
Table 4), &1 = —0.004428 and @, = 0.000767. Then y1 and y; can be solved from the two equations:
y1 = 0.1476, y» = 0.8524, which means that the contribution of the crude oil market is 14.76%, and the
contribution of the corn market is 85.24%, i.e., the contribution of the corn market is much larger than
the crude oil price. The common effective price fi = y1LnP] + y>LnP{ can then be obtained, as shown
in Figure 5.

—0il —Corn ~==Common factor
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Log prices
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Figure 5. The crude oil price, corn price and their common effective price

5.3.2. Information Shares (IS) Model

Based on the results of the PT model, we constructed an IS model and calculated the information
shares of the two markets. With the estimation of p = 0.2350, 61 = 0.02375, and 0, = 0.02218, one can
then calculate the information shares with two different orders of variables (whether crude oil price or
corn price works as the first variable, see details in Section 4) as follows:

Case 1 (when oil price works as the first variable):

o 0
M — [ myp 0 ] | o |
My M2 po2 02(1 -p )

128



Energies 2019, 12, 1373

1/2
my1 = o1 = 0.02375, my1 = pap = 0.0052123, and myy = 02(1 - p2) = 0.02156, which implies
that information shares of the markets are:

(y1mi + 72m21)2

So = 2 2
(yimir + yamon)” + (yaman)

= 0.1576,

(yamn)*
(y1m + )/2"121)2 + (y2m)

Case 2 (when corn price works as the first variable):

S, = S =0.8424.

o 0
M — [ my 0 ] | |
Moy M2 poq 01(1 -p )

1/2
my = 03 = 0.02218, my = poy = 0.005581, my; = 01— p?) "~ = 0.02156, which implies:

(yam1 + Vlmzl)z

Sc = 2 2
(yami1 4+ yimpr)” + (y1man)

= 09711,

(y1m)*
(yamiy +y1man ) + (y1mn)’
Following Ballie et al. [31] and Zhang and Wei [11], we take average of results in the above two

So = = 0.0289.

(orders of variables) cases to get a reasonable estimate of contributions to price discovery.
S, = 0.0932,

Se = 0.9068.

From the results, it can be noted that the PT model and IS model have similar results. Both models
suggest that the contribution of the corn market to the price discovery of the large commodity markets
is larger than that of the crude oil market (85.24% versus 14.76% in the PT model; 90.68% versus
9.32% in the IS model), which implies that among the price trends of the large commodity market,
the role of corn outweighs that of the crude oil. This indicates that as one of the most heavily traded
contracts in the agricultural commodity market, corn has gained an important market position and
wide acknowledgement of investors.

6. Conclusions

This paper investigates both the co-movement and asymmetric trends between energy and grain
prices, based on the evidence from the crude oil market and corn market, which are two of most
important representatives for large commodity markets. Using time-series econometric methods, we
analyzed the co-integration and (linear and non-linear) causality relationship between the two markets
and their respective contribution to price discovery based on daily data sampling from January 2008 to
February 2016.

We find that there is a consistent trend between the crude oil price and corn price with a significant
positive correlation coefficient 0.7471 during the sampling period. Additionally, co-integration analysis
suggests that there is a long-run equilibrium relationship between the two commodities” prices, which
is likely due to the common economic factors (e.g., the US dollar index) that affect the two markets
and the possible substitution of biofuel from coal and oil in some sectors (e.g., transport sector) of the
world economy.
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Moreover, while linear Granger causality tests suggest that there is a two-way Granger causality
relationship between the two markets, non-linear Granger causality tests suggest that there is only
unilateral Granger causality running from the corn market to the oil market. However, both linear
and non-linear Granger causality tests indicate the asymmetry of the causality relationship between
the two markets. Specifically, the change in the corn market can more significantly Granger cause the
change in the crude oil market. Interestingly, our results are very different from those in Nazlioglu [23],
where she finds that the linear causality test suggests that the oil prices and the agricultural commodity
prices do not influence each other but the non-linear causality analysis shows that there is a persistent
unidirectional non-linear causality running from the oil prices to the corn and to the soybeans prices.
Actually, our results suggest that when we analyze the main factors driving the short-term price change
of crude oil, the volatility of the corn market is necessary to be considered as an important factor and
can provide a supplementary reference.

Furthermore, price discovery analysis based on both the PT model and IS model suggests that the
contribution of the corn market to the price discovery in large commodity markets is larger than that
of crude oil market (85.24% versus 14.76% in the PT model and 90.68% versus 9.32% in the IS model),
which implies that it would be helpful and important to take the main grain markets such as the corn
market into account when predicting the price trend of the whole large commodity market.

This study is not without limitations. For instance, we ignored a number of factors that might
affect the price dynamics of the energy and grain markets (e.g., demand shocks, climate negotiation
events, and so on). A direction for further research would be to identify the common factors that
have influence on both energy and grain markets and the factors that only affect one of the markets,
and to investigate how the co-movement and asymmetry of the energy and grain markets can be
affected by various economic, political and natural shocks (identified through structural break test) to
provide a more complete story regarding the price dynamics in the two markets. For instance, further
analysis with more variables incorporated, including nature disaster, OPEC behaviors, global demand
change, monetary policy and financialization of commodity prices and so on, would be a valuable area
to explore.
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Abstract: Vehicle ownership is one of the most important factors affecting fuel demand. Based on the
forecast of China’s vehicle ownership, this paper estimates China’s fuel demand in 2035 and explores
the impact of new energy vehicles replacing fossil fuel vehicles. The paper contributes to the existing
literature by taking into account the heterogeneity of provinces when using the Gompertz model to
forecast future vehicle ownership. On that basis, the fuel demand of each province in 2035 is calculated.
The results show that: (1) The vehicle ownership rate of each province conforms to the S-shape trend
with the growth of real GDP per capita. At present, most provinces are at a stage of accelerating
growth. However, the time for the vehicle ownership rate of each province to reach the inflection
point is quite different. (2) Without considering the replacement of new energy vehicles, China’s auto
fuel demand is expected to be 746.69 million tonnes (Mt) in 2035. Guangdong, Henan, and Shandong
are the top three provinces with the highest fuel demand due to economic and demographic factors.
The fuel demand is expected to be 76.76, 64.91, and 63.95 Mt, respectively. (3) Considering the
replacement of new energy vehicles, China’s fuel demand in 2035 will be 709.35, 634.68, and 560.02 Mt,
respectively, under the scenarios of slow, medium, and fast substitution—and the replacement levels
are 37.34,112.01, and 186.67 Mt, respectively. Under the scenario of rapid substitution, the reduction
in fuel demand will reach 52.2% of China’s net oil imports in 2016. Therefore, the withdrawal of fuel
vehicles will greatly reduce the oil demand and the dependence on foreign oil of China. Faced with
the dual pressure of environmental crisis and energy crisis, the forecast results of this paper provide
practical reference for policy makers to rationally design the future fuel vehicle exit plan and solve
related environmental issues.

Keywords: vehicle ownership; Gompertz model; fuel demand

1. Introduction

China has become the world’s second-largest oil consumer after the United States. In 2016, China’s
oil consumption was 579 Mt, accounting for 13.1% of the world’s total oil consumption [1]. In the
same year, the net oil import of China was 358 Mt, and its foreign oil dependency rose to 61.8% [2].
The continued rising foreign oil dependency has seriously threatened China’s energy security [3].
The oil demand for road transportation is currently the largest oil consumer in China. In 2015, the
proportion of oil consumption in the road transportation sector accounted for 48.4% of the total [4].
In the past three decades, with the sustained and rapid development of China’s economy, vehicle
ownership keeps rising, while the proportion of new energy vehicles (NEVs) is still small, which has not
only increased China’s oil demand, but also exacerbated related environmental problems—especially
air pollution and climate change. To combat global climate change and to improve air quality, Norway,
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Netherlands, India, Germany, the United Kingdom, France, and other countries have proposed and
later decided to ban vehicles powered by fossil fuels, and encourage the replacement of fuel vehicles
with new energy vehicles. After that, in September 2017, the Vice Minister of the Ministry of Industry
and Information Technology (MIIT) of China said that MIIT has started relevant research and will
make such a timeline with relevant departments, at an auto industry event in Tianjin [5]. The timeline
is expected to be officially launched in 2035.

The development of NEVs is becoming a strategic choice for many countries to deal with climate
change and energy security, as well as to gain advantage in international competition. Thanks to the
technological advances, government subsidies, and restrictions on purchases in some cities, sales of
NEVs in China continue to rise rapidly, and the substitution effect of fossil fuel vehicles by NEVs
cannot be ignored any more. Therefore, it is of practical significance to quantitatively evaluate the
development trend of NEVs and their impact on China’s oil demand. Against the background of
increasing vehicle ownership, the rising oil dependency, and the accelerating replacement of fuel
vehicles with NEVs, this paper estimates China’s fuel demand in 2035 based on the prediction of future
vehicle ownership in China, and the impact of NEVs substitution on oil demand under three scenarios
of slow, medium, and fast substitution. The results may provide practical reference for policy makers
to rationally design the future fuel vehicle exit plan and solve related environmental issues.

The structure of the paper is arranged as follows: Section 2 reviews researches on the forecast of
vehicle ownership and fuel demand. Section 3 introduces the empirical model, parameter estimation,
and the data acquisition process of the paper. Section 4 presents the results and discussions. Section 5
conducts a robustness test of different replacement speeds. Lastly, Section 6 covers conclusions and
policy implications.

2. Related Literature

Energy demand analysis and forecast have always been an important research topic. The energy
demand forecasting model can be divided into the top-down model, the bottom-up model, and the
hybrid model. Zhao et al. [6] gave a detailed overview of the advantages and defects of the three
models, as well as their application in practice in various countries. The bottom-up model is generally
based on engineering technology. It can better describe the technologies and costs used in energy
production and energy consumption. It is also useful when analyzing and predicting various scenarios
of future technical changes. Thus, it is more frequently used in forecasting the transportation energy
demand. For example, Johansson and Schipper [7] developed a method to estimate the long-run
vehicle energy demand in the United States based on the estimated results of US vehicle ownership,
average fuel economy, and average mileage. After analyzing the composition of Japanese automobile
market, Palencia et al. [8] measured the fuel demand of Japanese light vehicles in the long-run.

In recent years, research on China’s automobile fuel demand is gradually enriched, among which
the most common methods are those combining vehicle ownership forecast with different technological
progress scenarios. Using the data of China’s road transport sector between 1997 and 2002, He et
al. [9] developed a bottom-up model to predict the fuel consumption and CO, emissions in 2030
under three scenarios regarding motor vehicle fuel economy improvements. Zhang et al. [10] forecast
fuel demand of China in 2030 under three energy consumption decrease scenarios by establishing a
Long-range Energy Alternative Planning System (LEAP) model. The scenarios are: (1) ‘Business as
usual’; (2) ‘advanced fuel economy’; and (3) ‘alternative energy replacement’. Wang et al. [11] made a
scenario analysis of energy consumption and reductions in CO, emissions in China’s transport sector
in 2050 by using the Transportation Mode-Technology-Energy-CO, (TMOTEC) model, which is based
on discrete choice method and general transport cost simulation. Wu et al. [12] used the Gompertz
model to forecast China’s future vehicle ownership, and then measured the fuel demand of China’s
road transport sector in 2050.

As China’s vehicle ownership is still in a period of rapid growth and is not saturated, future vehicle
ownership, which is regarded as the basis of predicting fuel demand by many researchers [12-16],
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is the most important factor affecting China’s fuel demand. International experience shows that vehicle
ownership rate of a country increases slowly at the lowest income levels, followed by an increasing rate of
growth as income rises, and then slows down as saturation is approached. That s, the relationship between
vehicle ownership rate and GDP per capita can be represented by some sort of S-shape curve [12-15].
In terms of the model fitness of the S-shape curve for fuel demand forecasting, the Gompertz model
is proven to be more suitable for the prediction by some researchers [17-19] because of its excellent
applicability and general characteristics of the growth curve, compared with other S-shape models.

Most of the existing research focuses on fuel demand forecasting at the national level, while few
studies at the regional level. Due to the vast territory of China and the large differences in provincial
economic development, current vehicle ownership and its future trends between provinces are also
quite different. Existing research uses the S-shape growth model to predict future vehicle ownership
in China, but such a model does not fully consider provincial heterogeneity. It sets the saturation
level and the growth rate of different provinces to the same parameters, and assumes that all the
provinces follow the same growth trend, which has a large gap with the reality, thus not only affecting
the accuracy of the prediction, but also providing less reasonable information and basis for local policy
formulation. This paper takes into account provincial differences in population density, urbanization
rate, and economic development, and makes a more reasonable calculation of the saturation level and
variation parameters of the vehicle ownership rate in the forecasting model. Based on that, we forecast
China’s fuel demand in 2035 under different scenarios from the provincial level, thus making a more
detailed assessment of the substitution effect of NEVs on China’s oil demand.

3. Methodology

The research purpose of this paper is to evaluate the impact of fossil fuel vehicle exit on China’s
oil demand. For that, we predicted the fuel demand of China’s 31 provinces in 2035 in two steps
(Figure 1): (1) We established the Gompertz model based on the S-shape curve relationship between
vehicle ownership rate and GDP per capita to forecast the vehicle ownership rate of each province, and
then we took into account the population growth to predict vehicle ownership in all provinces in 2035.
In particular, we took account of the provincial heterogeneity in economic development, population
density, and urbanization rate when determining the saturation level of vehicle ownership in each
province. (2) Based on the forecast results of vehicle ownership of each province, with which we
combined the annual average vehicle miles traveled and fuel consumption rate of different types of
vehicles, we measured China’s fuel demand of each province in 2035 and the substitution effect of
NEVs with three different substitution speeds on China’s oil demand.

3.1. Vehicle Ownership Projection

Previous studies show that there is obvious positive correlation between vehicle ownership rate
and GDP per capita, and the growth rate of vehicle ownership rate with GDP per capita growth is not
stable, but follows an S-shape upward trend [12-15]. The internal logic is as follows: When the income
level is very low, the increase in income for the residents will be preferentially spent on daily necessities.
As resident income rises, together with the social transportation infrastructure improved, the demand
for automobiles will rise rapidly because residents have extra money after solving the problem of food
and clothing. Then, the growth of vehicle ownership rate will slow down and gradually approach
saturation when resident income reaches a certain level and most residents have their traffic needs met.
Finally, at an extremely high income level, residents will not have a larger number of cars, but replace
the old cars with new ones when necessary.

The S-shape curves for demand forecasting can be fit using different models, such as the Bass
model, the Logistic model, and the Gompertz model. All three curve models indicate that as the
independent variable increases, the growth rate of the dependent variable first has an increasing
growth, and then slows down, and finally approaches a saturation level. The Bass model is usually
used to describe the diffusion trend of a technological innovation. The Logistic model is applicable to
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describe the life cycle of a consumer product, with a curve symmetrical about the inflexion point and
time as the independent variable. The Gompertz model has similar features to the Logistic model, with
excellent applicability and general characteristics of the growth curve. However, its corresponding
S-shape curve is asymmetrical about the inflection point, and the independent variable may not be
time. Compared with the Bass model and the Logistic model, the Gompertz model is more suitable
for the prediction of vehicle ownership rate. The existing research also verifies that. Based on the
historical data of vehicle ownership in the United Kingdom, Muraleedharakurup et al. [17] confirmed
that the Gompertz model is better than the Logistic model and the Bass model in terms of forecasting
future hybrid vehicle adaptation. Similarly, Huo and Wang [18] performed regression analysis using
data of vehicle sales and stocks in China. The results also showed that the Gompertz model fit best
among the three models.

Urbanization GDP per Papulation
rate capita density

Fixed effects regression model
Saturation level of vehicle
ownership in each province

independent Gompertz

variable model

Population (::_Whicle ownership rD

Vehicle ownership

GOP per capita

Vehicle miles Fuel consumption
traveled rate

Fuel demand
forecasting

Figure 1. Fuel demand forecasting framework.

Substitution of NEVs |-~

We draw on and expand the Gompertz model established by Dargay and Gately [20] to forecast
the vehicle ownership of the 31 provinces of China in 2035. We assume that the relationship between
vehicle ownership rate and GDP per capita can be expressed as the following:

Yir = Mye~e " (1)
where i and t denote province and time, respectively; Y;; is the vehicle ownership rate (measured
in vehicles per 1000 people) of province i at time t; PGDP}; is the real GDP per capita (measured in
GDP per 1000 people) of province i at time t; M;; is the saturation level of the vehicle ownership
rate (measured in vehicles per 1000 people) of province 7 at time t; 4; and b; are two parameters to
be estimated that determine the shape or curvature of the function. (Let the second derivative of
Equation (1) be equal to 0, and we can get the per capita GDP and the exact year of each province at
the inflexion point.) This model takes into account the provincial differences both in the saturation
level of vehicle ownership and in the time required to reach the saturation level in China.
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Equation (1) can be mathematically transformed as:
li’l(lan' - l}’lY,‘[) =In a; — b,’PGDPif (2)

In order to predict the vehicle ownership rate of each province in 2035, we use the data of 31
provinces in the past 20 years to establish the regression model to estimate the parameters a; and b; .
The model is as follows:

Yit = a; + BiPGDPj; + € 3

where yi = In(InM; —InYy) , a; = Ina; , gi = =b; , i =1,2,...,31 ,+ =1,2,...,20 . The random
error term ¢;; satisfies the assumption of independence, zero conditional mean, and homoscedasticity.
As it can be seen from Figure 3, most provinces in China have not yet reached the level of vehicle
saturation, so it is necessary to set M;; , the saturation level of vehicle ownership rate in each province.
Regarding the setting of M;; , there is no unified and standard method for that by now. Gu et al. [21]
divided China’s 31 provinces into three groups by their urbanization rate in 2007 and assigned different
saturation levels to different groups in their prediction of China’s vehicle ownership. Based on the
saturation level of the US vehicle ownership rate, Dargay et al. [22] used the data on urbanization
rates and population densities to adjust the saturation levels of different countries when predicting
the vehicle ownership in 45 countries around the world. According to the domestic and foreign
research results, GDP per capita, urbanization rate, and population density are important factors
affecting the growth of the vehicle ownership rate in a region [23,24]. Considering the heterogeneity of
different provinces in China, we estimate the saturation levels of the vehicle ownership rate in different
provinces separately. For province i, the saturation level of its vehicle ownership rate at year f can be
expressed as:

My = 69 + 01PGDP;; + 6o Urban;; + 03Density; + ej 4)

In Equation (4), PGDP;; represents the real GDP per 1000 people; Urban;; indicates the urbanization
rate; Density;; is the population density. Besides, 0g , 61 , 02, and 63 are parameters of the model; ¢;; is
the error term. As PGDP , Urban , and Density change over time, the maximum potential value of the
vehicle ownership rate in each province also changes with time. The descriptions of model parameters
are shown in Table 1.

Table 1. Descriptions of model parameters.

Parameter Description Method Calculation

(1)  Estimate the parameters of Equation (4)
using the historical data of EU15;

Saturation level of Linear . .
M X ve . (2)  Calculate M;; with the predicted GDP per
vehicle ownership rate prediction - o :
capita, urbanization rate, and population
density of each province in 2035.
Piare'imeters . Perform regression analysis between the vehicle
determining the shape Regression . . .
a;, by - ownership rate and the real GDP per capita using
or curvature of the Analysis -
provincial data over the years.
S-shape curve
Perform regression analysis between the vehicle
60,01,02, Parameters Regression ownership rate and the real GDP per capita,
03 determining M;; Analysis urbanization rate, and population density using

historical data of EU15 over the years.

It can be demonstrated from Equation (4) that the parameters ( 69 , 61 , 62 , 63 ) in the above
model must be obtained first to obtain the vehicle saturation level of each province in 2035. China’s
vehicle ownership rate has not yet reached the saturation level, and it is impossible to use China’s
historical data to estimate these parameters. This paper uses the historical data of EU15 to measure the
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parameters in the model. This is mainly for two reasons: Firstly, countries or regions to be chosen
must have already reached or approached the saturation level of vehicle ownership rate in order to
meet the requirements in Equation (4). Around the world, countries and regions with a high vehicle
ownership rate include countries in North America and some other developed countries in Europe.
As it can be seen from Figure 2, the vehicle ownership rate in EU15 is relatively stable between 2005
and 2015. Secondly, to more accurately estimate the saturation level of China’s vehicle ownership rate,
it is necessary to select countries and regions with similar population distribution and geographical
structure to China to minimize the error. The population density of the United States and Canada in
North America is far less than China, while EU15 are more similar to China in terms of population
distribution and regional structure. (In 2016, China, the United States, Canada, and EU15 had a
population density of 143.1 peo./km?, 35.3 peo./km?, 4 peo./km?, and 125.6 peo./km? respectively.)
Therefore, we finally chose the historical data of EU15 to measure the parameters in Equation (4).
After determining the parameters in Equation (4), the predicted real GDP per capita (2010 RMB),
urbanization rate, and population density of each province in 2035 need to be estimated to obtain the
saturation level of vehicle ownership rate. This paper assumes that the total population and GDP per
capita of each province increases at the average annual growth rate between 2013 and 2016. The urban
population grows linearly at the average number between 2013 and 2016. The land area of each
province remains constant until 2035.

After determining the saturation level of the vehicle ownership rate of each province, we can
estimate the parameters a; and b; in the Gompertz model by the regression model, using the historical
data of the vehicle ownership rate and real GDP per capita (2010 RMB) of the 31 provinces from 1997
to 2016. After that, we can get the forecast results of the vehicle ownership rate of each province in
2035. On the basis of the forecast vehicle ownership rate, this paper assumes that the total population
of each province increases at the average growth rate between 2013 and 2016, and obtains the forecast
results of vehicle ownership in each province in 2035.
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Figure 2. Annual vehicle ownership per 1000 people of EU15. Source: OICA.

In the vehicle ownership forecasting model, the data involved includes real GDP per capita of
each province, the vehicle ownership rate of each province, and the saturation level of the vehicle
ownership rate of each province. Among them, real GDP per capita of each province over the years
comes from the China Statistical Yearbook from 1996 to 2017, deflated by the CPI, with 2010 as the base
year. The vehicle ownership rate is the ratio of vehicle ownership to total population, from the China
Automotive Market Yearbook and the China Statistical Yearbook over the years, respectively.

In the setting of the saturation level of the vehicle ownership rate, the data involved includes
vehicle ownership, the real GDP per capita (2010 RMB), the urbanization rate, and the population
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density in EU15 and in the 31 provinces of China. Among them, the data of vehicle ownership in EU15
comes from the International Organization of Motor Vehicle Manufacturers (OICA). The real GDP
per capita (2010 RMB), urbanization rate, and population density are from the World Bank database.
The historical data of vehicle ownership, real GDP per capita (2010 RMB), urbanization rate, and
population density of the 31 provinces over the years are from the provincial statistical yearbooks.

3.2. Fuel Demand Projection

Fuel demand is determined by vehicle population, average miles traveled, and fuel consumption
rates [18]. Since the average mileage and fuel economy of different types of vehicles vary greatly, we
further categorize them into eight types. Fuel demand of each type can be expressed as follows:

FCy = Z(Y,»jt X VMTjj; X FRyj X FD) ()

]

where FCj; is the fuel consumption of province i in the year ¢ ; Y;j; denotes the vehicle type j ownership
of province i in the year t , and Yj; =}, i Yijt , in million; VMTjj; is the annual miles traveled by vehicle
type j of province i in the year ¢, in kilometers; FR;j; is the fuel consumption rate of vehicle type j of
province i in the year ¢, in /100 km; FD indicates the density of the fossil fuel, and the unit is kg/L.

The National Bureau of Statistics divides vehicles into passenger vehicles and trucks. The passenger
vehicles are further divided into large passenger vehicles (LPVs), medium passenger vehicles (MPVs),
small passenger vehicles (SPVs), and mini cars (MCs). Trucks are further divided into heavy-duty
trucks (HDTs), medium-duty trucks (MDTs), light-duty trucks (LDTs), and mini trucks (MTs). Based
on the type of fuel consumed by vehicles, each type is subdivided into petrol ones and diesel ones.
Since the population of diesel vehicles in MTs and MCs, and gasoline vehicles in LPVs and HDTs is
extremely small, it is feasible in our calculation to assume that all mini vehicles consume gasoline and
all heavy vehicles consume diesel.

The number of each vehicle type in each province is determined both by the total vehicle population
in the province and by the proportion of the vehicle type. In the past three years, the proportion of
each type of automobile in China has changed little [2]. Therefore, we assume that the proportion of
each vehicle type in each province remains constant from 2015 to 2035. Y is predicted by the Gompertz
model; VMT and FR come from the Annual Report on Automobile Energy-saving in China (2015).
The statistics show that the average annual mileage of each type of vehicle changed little in recent
years [25,26]. Hence we assume that VMT for each vehicle type is constant until 2035. FR reduces by
the average speed between 2004 and 2014. FD is based on National VI Standard (the fifth phase of the
national gasoline and diesel national standard). Involved parameters above are summarized in Table 2.

Table 2. Model parameters: Vehicle type, mileage, and fuel economy.

Passenger Vehicles Trucks

LPVs MPVs SPVs MCs HDTs MDTs LDTs MTs

Fuel Type ! diesel diesel petrol petrol diesel diesel diesel petrol
Proportion 2 0.01 0.01 0.83 0.02 0.03 0.01 0.08 0.00

VMT (km) 54,000 52,000 19,000 26,000 55,000 35000 28,000 19,500
FR (L/100 km) 15.13 11.09 4.39 4.39 24.06 11.80 5.33 3.69

1 The fuel of automobiles is divided into gasoline and diesel. Currently, most SPVs, MCs, and MTs in China
consume gasoline, while LPVs and HDTs are mainly powered by diesel. Other types of vehicles are mixed with
gasoline-powered and diesel-powered. Since diesel enjoys an obvious advantage in cost, fuel efficiency, and
cleanliness, dieselization of trucks and large and medium passenger vehicles is increasingly obvious. Therefore, we
assume that SPVs, MCs, and MTs continue consuming gasoline in 2035, while other vehicles are fueled by diesel.
Vehicles other than passenger vehicles and trucks account for less than 1%, so this paper ignores other vehicles
when forecasting the total fuel demand.
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4. Results and Analysis

4.1. Vehicle Ownership

Figure 3 shows the changes in the vehicle ownership rate with GDP per capita in different
provinces of China. It does not take much to see that the trend of each province basically conforms to
our assumption of the S-shape curve, and most provinces in China have not met the inflexion points
where the growth begins to slow. Most provinces are still in a period of accelerated growth.
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Figure 3. Vehicle ownership per 1000 people versus GDP per 1000 people in China for 1997-2016. Note:
GDP data of each province is deflated by the CPI, with 2010 as the base year. All the data here comes
from the China Statistical Yearbook (1998-2017).

Then, using the panel data of EU15, we establish a fixed effect model to estimate the parameters
in Equation (4). The regression results are displayed in Table 3. The t-value is in the parentheses. R
is 0.846, and the model has a good fitting degree. The regression results show that GDP per capita
and population density have significant positive correlations with the vehicle ownership rate. That
is, the more developed the economy and the denser the population, the higher the saturation level
of the vehicle ownership rate. The coefficient of urbanization rate 6, is significantly negative, which
means that the higher the level of urbanization, the lower the saturation level of the vehicle ownership
rate. That is probably because regions with higher urbanization levels are usually equipped with more
developed public transportation and more improved traffic infrastructure.

Table 3. Regression results of Equation (4).

Coefficient Result
01 0.003 *** (6.92)
62 —1.863 ** (=3.21)
O3 0.115 ** (2.85)
50 584.672 *** (14.19)
R? 0.846
N 165

Note: t-values are shown in the parentheses; *** p < 0.01, ** p < 0.05.

After determining the parameters of Equation (4), we can estimate the saturation level of the
vehicle ownership rate M;; in each province. The estimation results are shown in the sixth column
of Table 4. On that basis, parameters in the Gompertz model (3) is estimated from the data of the
provincial vehicle ownership rate and the real GDP per capita (2010 RMB) between 1997 and 2016.
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Then, we forecast the vehicle ownership rate of each province in 2035 based on the estimate results
above. The regression results and forecast results are shown in Table 4 and Figure 4. Taking the
population growth in to consideration, the projection results of vehicle ownership in each province in
2035 are shown in Figure 5. In particular, for the three municipalities Beijing, Shanghai, and Tianjin,
the saturation level of the vehicle ownership rate is more affected by the government’s control policies.
The automobile purchase restriction policies of the three cities have greatly limited the growth of
vehicle ownership. It could be demonstrated in Figure 3 that the vehicle ownership rate of the three
cities has already entered a stage of decelerating growth in recent years. Therefore, our study assumes
that the annual increase of automobiles is equal to the number of new license plates. (In fact, the
purchase restriction policy is only for passenger cars. However, for the three economically developed
cities, more than 90% of the increase in vehicle ownership can be accounted for by the increase of
passenger cars. Therefore, the annual increase of automobiles can be approximately seen as the number
of new license plates.) According to the current purchase restriction policy, the total number of new
license plates in Shanghai and Tianjin is maintained at around 100,000 per year, and the number of car
license plates in Beijing has dropped from 150,000 to 100,000 per year since 2018. In our forecast, it is
assumed that the number of new license plates will remain at this level in the three municipalities in
the future.

Table 4. Provincial projections of saturation level and vehicle ownership per 1000 people in 2035.

Province Abbr. p’i(><10’4) o; a; b,»(x10’4) Saturation Inflexion 2035
Beijing BJ —1.15 *** 1.15 *** 3.17 1.15 765 2016 288
Tianjin TJ —0.88 *** 1.26 *** 3.52 0.88 803 2029 204
Hebei HE —3.16 *** 1.63 *** 5.12 3.16 635 2037 220
Shanxi SX —3.13 *** 1.53 *** 4.60 3.13 613 2051 159

Inner Mongolia ™M —1.67 *** 1.44 »** 4.22 1.67 586 2038 204
Liaoning LN —1.74 *** 1.47 *** 4.36 1.74 617 2040 183
Jilin JL —2.10 *** 1.50 *** 4.50 2.10 600 2029 297
Heilongjiang HL —2.69 *** 1.61 *** 5.00 2.69 592 2057 131

Shanghai SH —0.79 *** 1.55 *** 4.71 0.79 1030 2026 209
Jiangsu JS —1.65 *** 1.67 *** 5.32 1.65 674 2019 654

Zhejiang Z] —2.22 *** 1.73 *** 5.61 2.22 652 2017 612
Anhui AH —3.00 *** 1.69 *** 5.43 3.00 644 2026 459
Fujian FJ —1.93 *** 1.68 *** 5.37 1.93 627 2021 589
Jiangxi JX —2.92 *** 1.71 #** 5.55 2.92 619 2025 474

Shandong SD —2.18 *** 1.65 *** 522 2.18 667 2022 519
Henan HA —2.96 *** 1.68 *** 5.38 2.96 655 2024 512
Hubei HB —2.07 *** 1.60 *** 4.96 2.01 624 2023 548
Hunan HN —2.37 *** 1.66 *** 5.26 237 626 2026 459

Guangdong GD —1.75 *** 1.54 *** 4.66 1.75 671 2022 578

Guangxi GX —3.04 *** 1.69 *** 5.41 3.04 611 2026 427

Hainan HI —2.56 *** 1.57 *** 4.81 2.56 618 2025 455

Chongqing CQ —2.06 *** 1.61 *** 5.00 2.06 634 2021 621
Sichuan SC —3.31 *** 1.69 *** 5.42 331 606 2024 352
Guizhou GZ —3.67 *** 1.62 *** 5.03 3.67 609 2020 503
Tibet Xz —3.24 *** 1.43 *#** 4.20 3.24 585 2021 558

Shaanxi SN —2.41 *** 1.55 *** 4.73 241 607 2026 354
Gansu GS —4.15 *** 1.69 *** 5.40 4.15 591 2041 173

Qinghai QH —2.87 *** 1.50 *** 4.46 2.87 585 2025 352

Ningxia NX —2.97 *** 1.52 *** 4.59 297 598 2022 424

Xinjiang XJ —2.87 *** 1.50 *** 4.50 2.87 586 2069 142

Yunnan YN —3.85 *** 1.54 *** 4.68 3.85 600 2024 435
China CHN —2.49 *** 1.60 *** 4.95 2.49 602 2023 436

Note: ***p < 0.01.
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Figure 4. Provincial projections of vehicle ownership per 1000 people in 2035.
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Figure 5. Provincial projections of vehicle ownership in 2035.

According to the results of regression and prediction, we can find that: (i) The two parameters a
and b in the Gompertz model are positive. Combined with Equations (2)—(4), it can be concluded that
with the growth of GDP per capita, its positive marginal effect on vehicle ownership rate will increase
first and then decrease. That is, as GDP per capita rises, the willingness of residents to increase the
proportion of their income for automobile purchase will increase firstly and then gradually decrease,
but it will still be positive. Besides, the larger b is, the smaller GDP per capita, corresponding to
the saturation level. (ii) Overall, the growth rate of China’s vehicle ownership rate will arrive at the
inflection point in 2023, which means that the growth of China’s vehicle ownership rate with GDP
per capita will slow down after 2023. In addition, except a few provinces such as Xinjiang, most
provinces in China will meet their inflexion points between 2020 and 2029. In other words, the vehicle
ownership rate in most provinces will be growing at a slower pace in 2035. (iii) The average vehicle
ownership rate of China in 2035 will be 436 vehicles per thousand people, which is nearly three times
the number of 118 vehicles per thousand people in 2015, with an average annual growth rate of 6.7%.
At the same time, the provincial differences in the vehicle ownership rate will continue to increase in
the future. In 2035, Jiangsu, Chongqing, and Zhejiang will have the highest vehicle ownership rates,
with 654, 621, and 612 vehicles per thousand people, respectively. Rapid growth is inseparable from
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the economic development and urban construction in these regions. While in Beijing and Shanghai,
where the economy is also very developed, their vehicle ownership rates have gradually approached
to saturation and grown with a narrow range due to the policy control. Heilongjiang, Xinjiang, and
Shanxi, the three provinces with the lowest vehicle ownership rate, will have only 131, 142, and 159
vehicles per thousand people in 2035. The low growth in these regions is mainly affected by their
geographical location and stagnant economic growth. (iv) Taking the total population into account, the
total number of vehicle ownership in China will reach 667 million in 2035, which is about three times
higher than the number of 163 million in 2015, with an average annual growth of 7.3%. Driven by
population or economy, Guangdong, Shandong, and Jiangsu will become the three provinces with
the highest vehicle ownership in China. Their vehicle ownership will reach 78.26, 59.23, and 48.84
million, respectively. While the least three provinces, Qinghai, Tibet, and Ningxia will have only 2.46,
2.68, and 3.49 million vehicles, respectively. At the same time, it can be easily found from Figure 5 that
Guangdong, Shandong, and Jiangsu, which have great potential for development, will be the main
driving forces for China’s automobile growth in the future. Part of that is because of the restriction
policy over the extremely densely populated areas, especially in Beijing and Shanghai.

4.2. Fuel Demand

On the basis of the forecast results of vehicle ownership of each province, we take into account
factors including the proportion of different vehicle types, annual average mileage, fuel consumption
rate, etc., and we get the forecast results of fuel consumption in each province in 2035 (Table 5). It can
be seen from the forecast results that: (1) The total national automobile fuel demand is estimated
to be 746.69 Mt (gasoline and diesel) in 2035, which is two times higher than the number of 230 Mt
in 2015, with an average annual growth of 5.7%. (2) Guangdong, Henan, and Shandong are the
three provinces with the highest demand for automobile fuel, which are 76.76, 64.91, and 63.95 Mt
respectively. Compared with the previous results of vehicle ownership in each province, we can find
that the ranking of vehicle ownership among the provinces is not exactly the same as the ranking of fuel
demand. This can be explained by the different structure of vehicle stock in each province. Take Henan
Province as an example: Henan has a lower vehicle ownership than Jiangsu and Shandong, but it has
a larger number of trucks than the other two provinces. The higher fuel consumption rate of trucks
increases the demand for automobile fuel in Henan Province (Figure 6). (3) Examining the percentage
of gasoline and diesel demand in different provinces (Figure 7), we can come to the conclusion that
more-developed regions usually have a higher demand for gasoline, while diesel often accounts for
a higher proportion in less-developed regions. In economically underdeveloped regions like Tibet,
Ningxia, and Xinjiang, where industry has a greater role in driving regional economic development,
residents have lower demand for passenger cars because of their lower incomes. Thus, there are more
trucks usually fueled by diesel in these regions. While in those relatively developed provinces, such
as Zhejiang, Beijing, and Guangdong, the regional economy is more driven by the service industry.
Therefore, the demand for passenger vehicles—especially cars—is much higher and the demand for
gasoline is greater in these regions.

Table 5. Provincial projections of fuel consumption structure in 2035.

Vehicle Fuel Fuel Passenger
Province Ownership  Demand Demand Diesel  Gasoline Vehicles Trucks
(million) (Mtoe) (Mt)
Guangdong 78.26 70.35 76.76 34.40 42.36 50.05 26.71
Henan 52.83 60.33 64.91 36.61 28.30 31.93 32.98
Shandong 59.23 58.87 63.95 31.03 3292 36.29 27.66
Jiangsu 54.85 52.38 57.13 25.82 31.30 35.64 21.49
Anhui 33.78 45.11 48.07 31.00 17.07 19.98 28.09
Hubei 35.40 37.37 40.33 21.79 18.53 22.25 18.07
Hunan 35.42 35.50 38.44 19.66 18.78 22.61 15.83
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Table 5. Cont.

Vehicle Fuel Fuel Passenger
Province Ownership  Demand Demand Diesel  Gasoline Vehicl%s Trucks
(million) (Mtoe) (Mt)
Sichuan 32.79 3221 34.98 17.00 17.98 20.54 14.44
Jiangxi 23.99 30.09 32.54 20.43 12.11 13.94 18.60
Zhejiang 38.00 30.47 33.20 11.81 21.39 23.47 9.73
Guangxi 24.19 26.99 29.02 16.51 12.51 14.53 14.49
Fujian 26.93 25.82 28.00 13.91 14.09 16.30 11.71
Chongqing 2231 24.12 26.00 14.21 11.79 13.93 12.07
Yunnan 23.24 22.70 24.58 12.60 11.98 13.44 11.13
Hebei 18.48 21.01 22.63 12.60 10.02 10.82 11.80
Guizhou 19.66 19.95 21.53 11.56 9.97 11.73 9.80
Shaanxi 14.65 15.04 16.29 8.31 7.98 9.08 7.21
Liaoning 7.87 9.07 9.75 5.63 4.11 5.10 4.65
Jilin 7.79 8.75 9.42 5.25 4.17 4.98 4.44
Shanxi 6.39 7.25 7.81 4.30 351 3.86 3.95
Xinjiang 4.90 6.40 6.82 4.45 2.37 2.93 3.89
Beijing 7.44 6.19 6.81 2.58 4.23 5.33 1.48
Tibet 2.68 6.10 6.45 5.65 0.80 3.61 2.84
Heilongjiang 4.68 6.22 6.51 4.14 2.37 2.94 3.57
Inner Mongolia 5.45 5.69 6.15 3.21 2.94 3.25 2.90
Shanghai 513 5.38 5.82 2.99 2.83 3.66 2.15
Gansu 4.83 5.30 5.66 3.57 2.08 2.50 3.16
Ningxia 3.49 4.54 4.84 3.23 1.62 191 2.93
Hainan 4.86 4.56 4.93 2.43 2.49 3.18 1.75
Tianjin 4.64 4.10 4.49 1.92 2,57 2.98 1.51
Qinghai 2.46 2.67 2.87 1.64 1.22 1.46 1.41
China 666.61 690.51 746.69 390.28 356.41 414.23 332.45
90
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Figure 6. Provincial projections of fuel consumption in 2035.

We compare the results of this paper with other research results, as shown in Table 6. The listed
studies have predicted the future vehicle ownership and fuel consumption in China. By comparing
the results, we can see that our forecast results are at the middle level. In particular, compared with
the study by Wu et al. [12], which also used the Gompertz model to predict the number of vehicle
ownership, the prediction result of this paper is higher than theirs, which may be due to fact that
Wau et al. [12] set the saturation level of vehicle ownership rate for China directly in their study, while
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we set the saturation level of vehicle ownership rate in each province separately. In comparison with
the study by Peng et al. [16], which also established a bottom-up model and forecast the vehicle
ownership provincially, our prediction results are slightly higher. There could be two reasons: Firstly,
in the setting of the saturation level of the vehicle ownership rate, Peng et al. [16] referred to the
saturation level of France, and set the saturation level of the provinces unlimited to the purchase
restriction policies to 376 vehicles per thousand people, while the limited provinces were uniformly
set to 250 vehicles per thousand people. In our study, we comprehensively considered the provincial
differences in economic status, population distribution, regional structure, and restriction policies, and
then reasonably measured the saturation level of the vehicle ownership rate in each province. Secondly,
Peng et al. [16] set the fuel consumption rate and the annual miles traveled by different vehicle types of
each province separately when establishing the bottom-up model. The refinement of these indicators
placed more emphasis on the influence of other factors, such as technological progress on fuel demand,
thus leading to a lower forecast result.

100% Mo NN AN O AN AR n A n
90% H
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70% U HH
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40% |4
30%
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10%
0%
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Figure 7. Provincial projections of gasoline and diesel consumption in 2035.
Table 6. Comparisons of projections of the fuel demand in China.

Source Year Projected Vehic(;i?l?::)rsmp Fue(ll\]: ;I:)and Ris:‘:lc h
Zhang et al. [10] 2030 867 600-992 National
Wang et al. [11] 2050 609-626 636 National

Wu et al. [12] 2050 300-463 380-586 National
Peng et al. [16] 2030 478 461-480 Provincial
Our study 2035 667 518-691 Provincial

4.3. Impact of Fossil Fuel Vehicle Exit on the Oil Demand

So far, we have not taken into account the substitution effects of NEVs, and we are going to
consider that in this part. According to the statistics of the Ministry of Public Security, there were
1.53 million NEVs at the end of 2017, accounting for only 0.7% of the total number of vehicles.

However, with the continuous advancement of NEV technology, the percentage of NEVs
represented by electric vehicles will continue growing before the exit timeline of fossil fuel vehicles is
officially launched in China, thus making the total fuel demand lower than we predicted before [10].
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Regarding the prediction of the percentage of NEVs, domestic and foreign researchers have
not reached an agreement. Bloomberg [27] and ExxonMobil [28] predicted the proportion of NEVs
worldwide in 2040, and their predictions were similar with 33% and 35%, respectively. As for the
proportion of China’s NEVs, MIIT [29] proposed the goal that NEVs should make up 10% of all the
automobiles in China by 2020. What is more, according to the International Energy Agency [30],
China’s NEVs will account for 25% of total vehicles by 2035.

Based on the research above, this paper calculates provincial fuel demand of Chinese vehicles in
2035, considering the substitution of NEVs. The substitution speeds in different provinces may vary
because of their different policy restrictions and state of supporting facilities. Taking these provincial
differences into account, we made a hierarchical cluster analysis and divided the 31 provinces of
China into three groups. In our study, four indicators were selected to reflect provincial differences
in the two aspects we mentioned above (Table 7). For the hierarchical cluster analysis, the method of
Ward [31] was selected because it outperforms other hierarchical cluster methods when outliers are
absent. Some researches on regional cluster analysis also demonstrate that Ward’s method gives the
best interpretative solution [32,33]. To eliminate the effects of different scales, we standardized the
four variables when making the cluster analysis. The dendrogram shows that the 31 provinces can be
grouped into three clusters. Related information of the three groups is summarized in Table 8. It shows
the mean values of the indicators in each cluster. It does not take much to see that clusters 1 and 2 are
more densely populated, more urbanized, and more economically developed provinces, which means
the local government is more capable of providing supporting facilities of NEVs, thus promoting the
growth of NEVs. Compared with cluster 2, cluster 1 includes regions with much more dense population,
with an average projected population density of 1206.4 people per square kilometer in 2035, which is
two times more than that of cluster 2. More dense population will surely boost the growth of NEVs.

Therefore, in our study, we assume three different substitution speeds for the three clusters.
The percentage of NEVs in 2035 will account for 25%, 15%. and 5% for clusters 1, 2, and 3, respectively.
The results are shown in Table 9. Under the substitution scenario, China’s automobile fuel demand
in 2035 will be 652.58 Mt. The fuel demand for clusters 1, 2, and 3 will be 132.13, 183.10, and 337.35
respectively. Besides, it is also shown in Table 9 that the average fuel demand for each province in
cluster 2 is much higher than two other clusters, which points out a feasible direction for future fuel
demand control.

Compared to that without substitution, the fuel demand in China in 2035 can be reduced by 94.11
Mt, which is equivalent to 26.3% of China’s net oil imports in 2016. This proportion will further expand
as the speed of fuel vehicle exit increases. Therefore, the exit of fossil fuel vehicles will greatly reduce
China’s foreign oil dependency and thus ensure China’s energy security.

Table 7. Indicators for cluster analysis.

Interpretation Indicator
Policy Restrictions Policy (D =1 if restricted policy is implemented, and D = 0 if not)
Population density
State of supporting facilities Urban rate
GDP per capita

Table 8. Summary of clusters.

. Density . PerGDP (2010 .
Cluster Province N (peo./km?) Urbanity RMB yuan) Policy
1 BJ, TJ, HE, Z],GD, HI, GZ,SH 8 1206.4 82.59% 179,281.4 1
2 ]S, FJ, SD, HB, CQ 5 531.35 83.19% 213,693.8 0
SX,IM, LN, JL, HL, AH, JX,
3 HA, HN, GX, SC, XZ, SN, GS, 18 199.22 71.26% 73,064.7 0

QH, NX, XJ, YN
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Table 9. Fuel demand with different substitution speeds.

Fossil Fuel Fuel Fuel

Scenario Vehlcle. Demand Demand Diesel Gasoline Pass?nger Trucks
Ownership Vehicles
JoS (Mtoe) (Mt)
(million)
Baseline 666.61 690.51 746.69 390.28 356.41 414.23 332.46
CHN 578.12 603.81 652.58 344.03 308.55 358.83 293.75
Cluster 1 Total 132.35 12121 13213 60.23 71.90 83.42 48.71
uster Mean 16.54 15.15 16.52 753 8.99 10.43 6.09
Cluster?  Total M 168.91 168.77 18310  90.75 92.34 105.75 77.35
uster otal Mean 33.78 33.75 3662 1815 18.47 21.15 15.47
Cluster3  Total M 276.86 31383 337.35  193.04 144.30 169.66 167.69
uster otal Vean 15.38 17.44 18.74 10.72 8.02 9.43 9.32

5. Robustness Analysis of Different Substitution Speeds

We calculated automobile fuel demand in 2035 under three scenarios with slow, medium, and fast
substitution speeds. Assuming that under the three scenarios, the proportion of NEVs for provinces in
Cluster 1, 2, and 3 in 2035 is (25%, 15%, 5%), (30%, 20%, 10%), (35%, 25%, 15%), respectively. The results
are shown in Table 10 and Figure 8. Under the three scenarios, China’s automobile fuel demand in
2035 will be 653, 615, and 576 million tons, respectively. Compared go the case without considering
replacement, the total amount of gasoline and diesel can be reduced by 94, 132, and 169 million tons,
respectively, which is equivalent to 118, 165, and 211 million tons of crude oil assuming 80% of the
refined oil extraction ratio. The amount is about 32.9%, 46.1%, and 59.0% of China’s net crude oil
imports in 2016, respectively. The robustness analysis shows that China’s fuel demand will decrease
more under faster NEV substitution speeds, which is likely to happen when government implement
more favorable policies for NEVs and stricter policies for fossil fuel vehicles.

Table 10. Fuel vehicles and fuel demand under different substitution scenarios.

Vehicle Ownership

Scenario Fuel Demand (Mt)

(Million)

Baseline 666.61 il

CHN 578.12 653

Total 132.35 132

Cluster 1—25% Mean 16.54 17

Slow Total 168.91 183
Cluster2—15% /' m 33.78 37
Total 276.86 337

Cluster 3—5% /- 15.38 19

CHN 544.78 615

Total 123.52 123

Cluster 1—30% Mean 15.44 15

Medium Total 158.97 172
Cluster2—20% o= 31.79 34

Total 262.29 320

Cluster 3—10% 1457 18

CHN 511.45 578

Total 114.70 115

Cluster 1—35% 14.34 14

Fast Total 149.04 162
Cluster2—25% /'~ 29.81 32

Total 247.72 302

Cluster 3—15% " 13.76 17
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Figure 8. Fuel demand under different substitution scenarios (hundred million tons).
6. Conclusions

Vehicle ownership is one of the most important factors in determining fuel demand. As China’s
vehicle ownership is still in a period of rapid growth and has not reached saturation, detailed and
appropriate forecast of China’s vehicle ownership is necessary for the accurate prediction of oil demand
in China. Our analysis shows that the relationship between the vehicle ownership rate and real
GDP per capita in China conforms to the S-shape trend. Currently, most provinces are at a stage of
accelerated growth. According to our results, there are gaps between the saturation levels of vehicle
ownership rate among provinces, but they are acceptable compared to the time difference among
provinces to reach the inflexion points. In 2035, the predicted vehicle ownership rate of each province
will also be quite different, among which the top three highest vehicle ownership rates will be 654, 621,
and 612 vehicles per thousand in Jiangsu, Chonggqing, and Zhejiang, respectively. Besides, the total
vehicle ownership of China will reach 667 million in 2035. And the top three provinces with the most
vehicle ownership will be Guangdong, Shandong, and Jiangsu, with 78.26, 59.23, and 51.84 million
vehicles, respectively. Without considering the impact of NEVs substitution, the total fuel demand
of China’s automobiles is expected to be 746.69 Mt in 2035. Guangdong, Henan, and Shandong will
be the three provinces with the most demand for automobile fuel, which will be 76.76, 64.91, and
63.95 Mt respectively. Taking the substitution effects of NEVs into consideration, China’s automobile
fuel demand in 2035 will be 652.58 Mt, and the amount replaced by NEVs will be 94.11 Mt, which is
equivalent to 26.3% of China’s net oil imports in 2016.

The study contributes to the literature by using a detailed bottom-up prediction model with
consideration of provincial heterogeneity in China, which helps generate more accurate forecast results.
Different from previous studies which assume homogenous saturation levels of each province, we take
into account the provincial differences and relate the growth pattern with provincial population density,
urbanization rate, and economic development. For a country like China with vast regional disparity,
this analysis can help policy makers formulate and implement more targeted and effective policies.
Furthermore, the method can be applied to other countries or regions with dramatic heterogeneity.

The paper also has important policy implications. It can be inferred from our prediction results
that the amount of oil saved by fossil fuel vehicle exit is huge. According to the forecast of IEA [30],
China’s net crude oil imports will reach the peak in 2040, with the net import of 13 million barrels,
about 678 Mt per day, which is equivalent to 542 Mt of refined oil, assuming 80% of the extraction
ratio. (The refined oil is produced by an industrial process plant where crude oil is transformed and
refined into more useful products such as gasoline, kerosene, diesel, and other alternative fuels, such
as ethanol gasoline and biodiesel, that meet the national product quality standards and have the same
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use, according to Article 4 of the Refined Oil Measures (No. 23, 2006, Ministry of Commerce of the
People’s Republic of China.)) Therefore, the exit of fossil fuel vehicles will greatly reduce China’s
foreign oil dependency, thus ensuring China’s energy security.

It should be pointed out that we assume the future fuel economy in China will improve at the
average rate between 2004 and 2014 in our study, which makes it possible that accelerated technological
progress may result in a lower actual fuel demand than our forecast. In addition, this paper does not
discuss the possible future changes in people’s vehicle purchase behavior. If great progress is made
in the technology, price, and supporting facilities of NEVs, or if new restrictive policies of fossil fuel
vehicles are introduced, such as car purchase restriction and subsidies for NEVs, the proportion of
NEVs will not be negligible any more, and the growth of automobile fuel demand in the future will
also be lower than our forecast results.

Based on our conclusions above, we propose the following two suggestions:

Firstly, according to the forecast results, China’s automobile fuel demand will continue growing
at an accelerated speed in the future if there is no control, thus exacerbating China’s environmental
problems and raising its dependency on foreign oil. In order to overcome such a situation, relevant
policies can be introduced to address the petroleum safety problems that may arise from the excessive
growth of vehicle ownership. Such policies may proceed from the perspective of promoting the
adjustment of automobile stock and fuel structure, and the improvement of fuel economy.

Secondly, corresponding policies should be developed considering the provincial differences.
As it has been demonstrated above, Guangdong, Henan, Shandong, and some other provinces will be
the main driving forces for China’s automobile fuel demand growth in the future. These provinces are
usually regions with rapid economic growth and large population base. Therefore, more focus ought
to be put on these regions to effectively alleviate the rapid growth of automobile fuel demand in China.
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