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a b s t r a c t

In this study we used the metafrontier function to analyze carbon dioxide emissions in relation to
environmental production technology in China. We, comprehensively, estimated and decomposed total
factor carbon productivity in 36 sectors of Chinese industry in the years between 2003 and 2015.
Moreover, industry differences and dynamic evolution of total factor carbon productivity were analyzed
in order to reveal sources of growth in total factor carbon productivity. The industrial sectors were
classified into four groups according to the dual criteria of carbon emissions and technology. The results
are as follows: (1) From 2003 to 2015, the total factor carbon productivity of industry in China increased
by 5.93%. During 2004 and 2009, extensive expansion of heavy industry caused decline in total factor
carbon productivity. After 2010, the transformation of economic development patterns and the sub-
stantial increase in green investment have led to a rapid increase in total factor carbon productivity in
China. (2) The difference in total factor carbon productivity among sectors is significant. Low-carbon and
high-technology industry is the technology leader. (3) Decomposition analysis reveals that technology
innovation gradually plays a dominant role in total factor carbon productivity growth of China's industry.
Technical efficiency of the high-carbon industries makes the total factor carbon productivity increase.
The gap between the low-tech industry and the high-carbon industry with the metafrontier technology
continues to expand.

© 2017 Elsevier Ltd. All rights reserved.

1. Introduction

In recent history China has been experiencing fast paced
industrializing and economic development. This has also given rise
to the challenge of environmental pollution and sustainable
development. The Chinese government has actively sought to
control and mitigate the greenhouse gas emissions resulting from
economic activity. The Chinese government has vowed to reduce
up to 40%e45% of national carbon emissions per unit of gross do-
mestic product (GDP) by the year 2020 compared with the base
year of 2005. A target has been set to reduce carbon emissions per
unit of GDP by 18% in the 13th Five Year Plan. Economic growth in
China depends on consumption of large amount of energy and
other factors of production, which in turn has led to a continuous
increase in CO2 emissions. Yet it is feared that reducing these inputs
might stall the economic growth in the country.

Carbon productivity is an indicator that can balance both eco-
nomic development and ecological improvement. Carbon produc-
tivity is defined as the ratio of GDP and carbon emissions. It reflects
the economic benefits generated by per unit of carbon emission
(Kaya and Yokobori, 1997). The World Bank and Intergovernmental
Panel on Climate Change (IPCC) believe that improving carbon
productivity is a way to reduce carbon emission and sustain the
economic growth. Thus it is important to measure China's indus-
trial carbon productivity as this can help gauge China's efforts in
coping with climate change while meeting its economic objectives.

Apart from the government, the industry should also focus on
emission reductions. This can be achieved through structural and
technological changes as well as a paradigm shift in the current
economic model. The industrial sector is the biggest energy con-
sumer as well as CO2 emitter in China. Since the reform and
opening up, there has been a mismatch between the economic and
the environmental impact of the industry. China's industrial carbon
emissions have accounted for 70% of the total carbon emissions
while the industrial contribution to economy have accounted for
only about 40% (Wang and Wei, 2014). Chinese industry has
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achieved extensive economy growth characterized by high energy
consumption, high emission and low efficiency. This suggests that
under the constraints of energy and carbon emissions, the tradi-
tional model of industrial growth which relies too much on
expansive investment is unsustainable. Future industrial develop-
ment should be focused on efficiency improvement rather than
intensive resource consumption. Therefore, the improvement of
industrial carbon productivity is the only way for the development
of a low carbon economy in China.

Most of the current research about China's industrial carbon
productivity has ignored the heterogeneity of industry and tech-
nology. In this paper, carbon dioxide is included into the meta-
frontier function by using environmental production technology to
make a comprehensive estimation and decomposition on total
factor carbon productivity of 36 industrial sectors in China in the
period between 2003 and 2015. Based on this, differences in in-
dustry and dynamic evolution were analyzed to reveal sources of
low-carbon economic growth. This in turn can assist emission re-
ductions and low carbon industrial development.

The structure of the article is as follows: Section 2 is the litera-
ture review on carbon productivity measurement. Section 3 in-
troduces calculation method and data sources of total factor carbon
productivity index based on directional distance function. Section 4
analyzes the results of total factor carbon productivity measured.
Section 5 makes a conclusion and provides suggestions about
policies.

2. Literature review

Due to the global climate change, carbon dioxide emissions has
always been one of the hot topics. Industrial activity is one of the
most important sources of carbon emissions. In recent years, a lot of
scholars have analyzed industrial carbon productivity. Research is
usually carried out from two perspectives namely single factor
carbon productivity and total factor carbon productivity.

2.1. Single factor carbon productivity

In the perspective of single factor carbon productivity, Kaya and
Yokobori (1997) put forward the concept of carbon productivity. In
2008, McKinsey expounded the connotation of carbon productivity
in the report of the carbon productivity challenge: Curbing climate
change and sustaining economic growth. The report clearly pointed
out that any successful mitigation technique for climate change
must support two objectives including stabilization of greenhouse
gases in the atmosphere and sustained economic growth. Carbon
productivity is one of the ways to achieve both of these goals
(Beinhocker et al., 2008). Although carbon productivity is a simple
concept, it adds new constraints in the model of social and eco-
nomic development based on input factors. This method takes
implicit carbon out of energy and material products. Thus it can be
compared with the traditional factors of labor productivity and
capital productivity and the speed of carbon productivity
improvement can be used to measure efforts and results of dealing
with climate change (He et al., 2010). Many scholars have
researched the relationship between carbon productivity growth
and carbon dioxide emissions (Sun et al., 2016; Gazheli et al., 2016;
Ekins et al., 2012; Meng and Niu, 2012). For instance, Beinhocker
et al. (2008) investigated the degree of carbon productivity
growth keeping in view the target that by 2050 carbon dioxide
emissions would be 50% less than that in 2005.

2.2. Total factor carbon productivity

Presently scholars mainly study facets such as national or

regional industrial carbon productivity, the path of energy conser-
vation and emissions reductions (Long et al., 2016; Shao et al., 2014;
Zhang and Xu, 2016; Hu and Liu, 2015). The above carbon pro-
ductivity has the characteristic of a “single factor”. Single factor
carbon productivity is easy to understand and calculate. However,
carbon dioxide emissions performance is the joint effect of energy
consumption, economic development and many other elements
and clearly shows the characteristics of a “total factor”. So it is more
appropriate to consider indicators structured by relevant factors
(Ramanathan, 2002).

In recent years, many scholars began to study total factor carbon
productivity. Carbon productivity promotion depends not only on
the reduction of CO2 emissions but also on the output ability under
existing factors inputs. So it is ought to combine CO2 emissions
reduction with GDP growth to research the potential improvement
space of carbon productivity. Based on the idea of total factor and
factor substitution, data envelopment analysis (DEA) is widely
applied to the carbon dioxide emissions and other environmental
performance evaluations (Zhou et al., 2008). Iftikhar et al. (2016), Li
et al. (2016), Martínez and Pi~na (2016), Fujii et al. (2015) evaluated
carbon dioxide emissions performance from the macroscopic level
using different DEA models.

Malmquist index based on DEA model is a commonly used
method of measuring productivity. It was a nonparametric method
originally made by Caves et al. (1982). He proposed it to describe
the productivity of decision making units by distance function
based on the research of Farrell (1957). And after that F€are and
Norris (1994) and other scholars gradually developed and per-
fected it. Many scholars analyzed regional or industrial carbon
productivity using the Malmquist index (Gao and Zhu, 2016; Lin
and Fei, 2015; Woo et al., 2015; Zhou et al., 2010). In traditional
Malmquist index, the undesirable outputs are freely disposable
while the truth is that pollution emission is not freely disposable. It
is easy to cause computation error of the productivity.

Chung et al. (1995) developed new directional distance function
which assisted in advancing Malmquist-luenberger (ML) index
with undesirable output. F€are et al. (2001) use ML index tomeasure
American manufacturing productivity growth under the constraint
of atmospheric pollution. After that, the Y€orük and Zaim, 2005,
Chen and Golley (2014), Krautzberger and Wetzel (2012), Li and
Lin (2016) used ML index to measure national or regional carbon
productivity. However, ML index still has some shortcomings.
When calculating the mixed directional distance function, DEA
model may have no solution for linear programming problem
provided that inputs and outputs in period t þ 1 are infeasible
under the technology condition in period t. Similarly, DEA model
may also have no solution if inputs and outputs in period t are not
feasible under the technology condition in period tþ1. That would
make the results lack stability and consistency with the actual
production activities.

Oh (2010a) constructed a new technology setdglobal produc-
tion possibility set by combining productivity and directional dis-
tance function. Based on this, he proposed global Malmquist -
Luenberger (GML) index. GML index can contain not only multiple
inputs, outputs and environmental pollution of production, but it
can also avoid the problem of no solution for linear programming
problem using traditional ML index. These qualities have led to its
widespread appeal and application. Zhang et al. (2016),
Emrouznejad and Yang (2016), and Fan et al. (2015) used the GML
model to study the industrial or regional total factor carbon pro-
ductivity in China.

2.3. Metafrontier total factor carbon productivity

The above models assume that the decision making units
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