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Abstract: Among the G20 countries, China is the only country to experience an increase in electricity
generation from coal-fired thermal power plants from 2019 to 2020. This study aims to develop an
analytical framework combining metafrontier data envelopment analysis with the logarithmic mean
Divisia index for a detailed decomposition analysis of ‘mass-based’ energy-related CO2 reduction
potential through efficiency improvements in coal-fired thermal power plants in China. The results
show that inefficiency in power generation can be largely attributed to differences in the location
of power plants and the production scale. Moreover, the impact of regional heterogeneity on the
changes in power generation efficiency is more notable for the small–medium power plants in the
northeast region than the large power plants in the western region in China. However, when focusing
on the mass-based CO2 reduction potential associated with the regional heterogeneity, its positive
effects in the western region for the large power plants are 6.2 times larger than that in the northeast
region for the small–medium power plants. These results imply that an analysis that focuses only on
the efficiency score would ignore the production scale of coal-fired thermal power plants and thus
would fail to properly evaluate the environmental impacts associated with efficiency changes.

Keywords: data envelopment analysis; metafrontier; LMDI; coal-fired thermal power plant; CO2

reduction potential

1. Introduction

Global energy-related CO2 emissions were estimated to be 31.5 Gt in 2020, declining by
5.8% from 2019, the largest annual percentage drop since World War II [1]. This substantial
decline was primarily the result of the COVID-19 pandemic. Most major global emissions
were reduced due to economic stagnation; however, in China, the world’s largest CO2
emitter, CO2 emissions increased by 1.7% from 2019 to 2020 [2], largely from the earlier
economic recovery of China compared to other countries. Further, China’s electricity
generation from coal-fired thermal power plants (CTPPs) increased by ~2% from 2019 to
2020 [3], the only country among the G20 with such an increase over this period.

China’s high coal dependence originates from its abundant domestic resources. Coal
production in China was 3690 Mt in 2020, accounting for ≤49.6% of global coal produc-
tion [4]. On the other hand, the electric power and heat supply sector accounted for ~44%
of the total coal consumption in China in 2016 [5]. In recent years, however, China has
been rapidly increasing its renewable energy sector, and by the end of 2018, it maintained
a renewable energy capacity of 728 GW, ~38% of the country’s total [6]. This accelerated
expansion of renewable energy has led to a deficit of CTPPs in China due to their shortened
operation hours. To address this problem, in 2017, the government began to reduce the
overcapacity of CTPPs and suspended the construction of 104 power plants [7].

In spite of this increase in renewable energy sources over the past few years, the
government has reinitiated the promotion of new CTPPs construction to help bolster
economic recovery from the COVID-19 pandemic, as the cost of coal power generation
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is relatively low, and its supply capacity is more stable compared to renewable energy
sources. Accordingly, 38.4 GW of newly constructed coal-fired power plants in China were
installed in 2020 [8], with a purported addition of 247 GW of coal power capacity under
development [9]. Thus, to effectively reduce CO2 emissions, it will be important for the
Chinese government to increase the installation capacity of renewable energy sources while
simultaneously scrapping existing CTPPs with out-of-date facilities and improving the
power generation efficiency of existing CTPPs over the short and medium-term.

Thus far, most previous studies have investigated the power generation efficiency
of CTPPs using provincial-level datasets owing to data limitations [10]; however, Yang
and Pollitt [11], one of the few previous studies that analyzed the plant-level power
generation efficiency of CTPPs, evaluated the environmental efficiency of 221 plants across
China in 2002, focusing on SO2 emissions using a data envelopment analysis (DEA).
First developed by Charnes et al. [12], DEA is an analytical method for measuring the
performance of decision-making units (DMUs) based on the notion of frontier analysis. DEA
is a nonparametric method that does not require any assumptions regarding production
function type in advance, where the efficiency score for each DMU can be calculated by
measuring the relative distance between a DMU and the production possibility frontier,
while simultaneously considering multiple inputs and outputs, including both those that
are desirable and undesirable [12,13]. Accordingly, DEA has been utilized within the fields
of energy and environmental efficiency analyses, yielding results that maintain important
implications for addressing corresponding issues [14,15]. Alternatively, stochastic frontier
analysis (SFA) is another popular parametric frontier analysis method. In previous studies
focused on thermal power plants in China, SFA has been used to evaluate power generation
efficiency, as well as calculate the marginal abatement costs of undesirable outputs, such as
CO2 and SOx [16,17].

China’s vast size, in combination with the huge spatial disparity in resource endow-
ment and economic development, has directed research toward investigating the regional
efficiency gap and its sources via DEAs over recent years [18–20]. Yang and Pollitt [21] and
Zhang et al. [22] are representative studies that focus on the power generation efficiency of
China’s CTPPs using DEA; however, most previous studies, including the two mentioned,
do not explore power generation efficiency disparities that results from regional hetero-
geneity, such as resource endowment and economic development (see also [10,23–27]).
Notably, few previous studies evaluate the power generation efficiency of China’s CTPPs
with respect to CO2 emissions as a function of coal consumption or how any corresponding
plant-level improvements in efficiency would contribute quantitatively to the national
Chinese government’s CO2 reduction targets [28]. With these research goals in mind,
the present study first quantified the impacts of regional heterogeneity on CTPP power
generation efficiency by applying a DEA framework to plant-level data in China. Second,
this study further estimated the CO2 reduction potential associated with a reduced coal
consumption of CTPPs generated through efficiency improvements. Takayabu et al. [29]
and Takayabu [30] point out that focusing only on the efficiency score would ignore the
production scale of decision-making units and fail to properly evaluate the environmental
impacts associated with efficiency changes. Thus, the present study proposes a detailed
analytical framework and focuses on the power generation activities of CTPPs in China.

2. Literature Review

Wang et al. [26] investigated the regional disparity in the power generation efficiency
of CTPPs in China, using DEA for assessing the dynamics of coal intensity from 389 power
plants in China between 2009 and 2012. The conclusions were that power plants in central
China would see the largest levels of improvement, with smaller power plants achieving
greater improvements in coal intensity throughout the study period. This research, however,
only revealed an ‘average’ effect of regional heterogeneity in addition to differences in
production scale on coal intensity, as the DEA framework employed assumed sole frontier
technology; thus, the individual and plant-level effects were not quantified.
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Nakaishi et al. [28] identified the influential factors of power generation efficiency in
thermal power plants using a combined analysis framework of DEA and Tobit models. The
authors regarded the DEA efficiency scores as an independent variable, whereas operating
rate, capacity utilization rate, production scale, and location of the power plants were
considered as explanatory variables. It was found that an increase in operating hours and
capacity utilization rate positively affected the efficiency score, and power plants with
larger production scales, as well as those located in the eastern region of China, showed
greater efficiency; however, these results also only found an average relationship between
power generation efficiency and influencing factors.

Originally, DEA was advantageous in that it could calculate individual efficiency
scores for each DMU, providing effective strategies for efficiency improvements based on,
for example, efficiency scores and reference sets [12,13]. Metafrontier DEA (MDEA), first
proposed by O’Donell et al. [31], is a useful method for identifying influential factors of effi-
ciency by exploiting the advantages of DEA. In the MDEA framework, the technology gap
between frontiers was quantified, and components of the efficiency score were visualized
by measuring the distance between the metafrontier (consisting of all the technologies of
DMUs) and group frontiers distinguished by features such as region and company group.

Wang et al. [19], Du et al. [32], and Zhang et al. [20] are seminal studies in this field
investigating provincial-level energy and environmental efficiency in China according to
MDEA frameworks. All DMUs (i.e., provinces) were divided into east, central, and west
regional groups, and the energy and environmental efficiencies were investigated consid-
ering regional heterogeneity. Furthermore, Feng et al. [18] and Sun et al. [33] proposed
multi-hierarchical MDEA models and evaluated the impacts of differences in industrial
structure, time-series factors, and regional heterogeneity on efficiency.

Few studies, however, have investigated regional heterogeneity at the plant level for
CTPPs in China. Zhang and Choi [34] evaluated the change in power generation efficiency
of CTPPs from 2005 to 2010 using an MDEA model, although their 93-power plant sample
size divided into central and local regional groups was limited. Long et al. [35] utilized
the data of 192 plants located across the Yangtze River Delta of China, examining the
environmental efficiency of power generation according to MDEA. The authors divided
the 192 power plants into three regional groups to quantify the impacts of regional het-
erogeneity on environmental efficiency. The results found that technological spillover
among different regions was crucial for improving environmental efficiency; however, their
research area was comparatively limited.

Eguchi et al. [10] investigated the power generation efficiency of Chinese CTPPs
by utilizing large-scale, national-level sample data and introducing a multi-hierarchical
MDEA framework. Focusing on individual power plants by using plant-level data for
electricity production, consisting of 1643 pooled CTPPs in China from 2009 to 2011, the
dynamics of power generation efficiency during the study period were analyzed, and the
technology gap due to regional heterogeneity and differences in production scale were
explored. Although it was revealed that changes in power generation efficiency during the
period were marginal, the sources of inefficient power generation varied by region and
production scale. The authors further discuss the policy for scrapping CTPPs according to
the components of power generation inefficiency for individual plants. Although Eguchi
et al. [10] conducted a relatively detailed investigation on power generation efficiency
and its components, corresponding CO2 emissions and any potential reductions through
efficiency improvements associated with the power generation activity of Chinese CTPPs
remained unexplored.

Elsewhere, Takayabu et al. [29] estimated the reduction potential of energy-related CO2
emissions using the efficiency score obtained by DEA for 14 metal sectors across 40 countries.
The reduction potential of energy-related CO2 emissions was quantified by multiplying the
inefficiency scores by energy inputs and CO2 emission factors, ultimately revealing that
354 Mt CO2 (1.4% of the global CO2 emissions) could be reduced by improving production
efficiency across all of the metal sectors. The result went on to combine these efficiency
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scores with the logarithmic mean Divisia index (LMDI), a method of factor decomposition
analysis, and proposed a research framework for identifying the factors influencing CO2
reduction potential. LMDI gives a perfect factor decomposition that does not leave any
residual terms and was first developed by Ang et al. [36]. It is capable of quantitatively
decomposing the influential factors controlling CO2 emissions according to economic
scale, industrial structure, and energy intensity [37]. Takayabu [30] modified the LMDI
framework and successfully incorporated the DEA efficiency score into the influential
components of CO2 reduction potential.

The DEA efficiency score, utilized as a component of change in CO2 reduction poten-
tial by Takayabu [30], can be further decomposed using MDEA, yielding a more detailed
analysis. Accordingly, the present study aimed to develop an analytical framework com-
bining MDEA with the LMDI for a detailed decomposition analysis of energy-related CO2
reduction potential through efficiency improvements. Based on the developed analytical
framework, the present study elucidated the dynamics of CO2 reduction potential resulting
from the inefficiency of CTPP power generation in China, quantifying the impacts of differ-
ences in production scale, regional heterogeneity, and management gaps in plant operation
on the dynamics of CO2 reduction potential, with the potential to inform policy discussions
on CO2 reductions derived from CTPPs.

The rest of the paper is organized as follows: Section 3 describes the proposed MDEA
and LMDI frameworks; the data used in this study are introduced in Section 4; with the
results presented in Section 5. Lastly, the conclusions and policy implications are presented
in Section 6.

3. Methodology
3.1. Radial DEA Model

By introducing an input-oriented radial DEA model, the power generation efficiency
score θ∗t in year t for DMUz was calculated according to Equation (1) [13]:

min θ∗t

s.t.

θ∗xt
iz
−

J
∑

j=1
xt

ij
λj ≥ 0 (i = 1, . . . , I)

J
∑

j=1
yt

rj
λj ≥ yt

rz (r = 1, . . . , R)

J
∑

j=1
λj = 1

λj (j = 1, 2, . . . , J) ≥ 0

(1)

where xt
iz and yt

rz denote the input and output vectors, respectively; xt
ij and yt

rj denote the
input and output matrices consisting of all DMUs in year t, respectively; J is the number of
DMUs; I and R represent the number of inputs and outputs, respectively; λj is the weight
vector endogenously determined by solving Equation (1); θ∗t is an efficiency score ranging
from 0 (low efficiency) to 1 (high efficiency), interpreted as the maximum radial reduction
potential of the inputs without reducing the output level; and DMUz is considered efficient
when θ∗t = 1 and inefficient when θ∗t < 1. ∑J

j=1 λj = 1 is a constraint that allows for the
variable returns to scale assumption [38].

This study here considered two inputs (I = 2) and one output (R = 1): as inputs,
coal consumption and capital, defined as the product of installed capacity and actual
operation hours [10,39,40] were used. As an output, net electricity production, defined
as the difference in the electricity consumed for the operation of power plants from gross
electricity production, was considered. The research years are 2009, 2010, and 2011.

It should also be noted that the radial DEA model has several shortcomings. For
example, it ignores the slack variables for inputs and outputs and may overestimate the
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efficiency score of DMUs [13]; however, the rationale for the present study introducing a
radial model rather than a non-radial one is presented in Section 3.4.

3.2. Metafrontier DEA Model

Figure 1 illustrates the conceptual multi-hierarchical MDEA framework proposed in
this study. The meta-frontier consists of all DMU technologies with an efficiency score
θ∗t = 1 in year t. Therefore, the meta inefficiency in Figure 1 is calculated using the
efficiency score θ∗t, as shown in Equation (2):

Meta ine f f iciencyt
z = 1 − θ∗t

z (2)
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Following Eguchi et al. [10], the present study decomposed the meta inefficiency into
three components: technological factor due to the differences in production scale of the
power plant, inter-regional factor due to the technological disparity between regions, and
managerial factor due to the gap in operation management of the power plants. Regarding
technological variables, power plant equipment or age could also be considered instead
of the production scale; however, this study regarded the production scale as a variable
representative of technology due to data availability. We considered the inter-regional
factor in this study based on Eguchi et al. [10] and Wang et al. [26], who reported that
power generation efficiency and coal intensity of power plants were largely affected by
their locational differences.

To calculate the technological factor resulting from the difference in the production
scale of the power plants in group n (n = 1, . . . , N), it was assumed that a unique techno-
logical frontier existed for each group, as categorized by the production scale of the power
plants. The efficiency score of DMUz in group n in year t was obtained by solving the DEA
model in Equation (3):
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min θ∗t,n

s.t.

θ∗xt
iz
−

Jn

∑
j=1

xt
ij
λj ≥ 0 (i = 1, . . . , I)

Jn

∑
j=1

yt
rj

λj ≥ yt
rz (r = 1, . . . , R)

Jn

∑
j=1

λj = 1

λj (j = 1, 2, . . . , J) ≥ 0

(3)

where n denotes the number of groups categorized by the production scale, and Jn denotes
the number of DMUs in group n. Following Wu et al. [41], coal-fired power plants with
an installed capacity >600,000 kW were categorized as LARGE, and those ≤600,000 kW
were categorized as small–medium (SM); thus, N = 2. Using Equations (1) and (3), the
technological factor of DMUz in group n and year t could be calculated according to
Equation (4) [10,18]:

Technological f actort
z = θ∗t,n − θ∗t (4)

According to the classification of Wu et al. [26], an installed capacity between 100,000
and 600,000 kW was defined as a medium power plant, and <100,000 kW was considered a
small power plant; however, maintaining all three sub-groups would have weakened the
discriminatory power of DEA due to the small number of DMUs in each sub-group [42].

Next, the inter-regional factor resulting from the regional gap in power generation
efficiency was calculated. This study classified the Chinese provinces into four groups
(p = 4): east, central, west, and northeast. Furthermore, by measuring the distances between
the technological frontier and individual regional frontiers for group n, the inter-regional
factor could be calculated [10,18,20]. Using an input-oriented DEA model, the efficiency
score of DMUz in region p (p = 1, . . . , P) for group n could be computed according
to Equation (5):

min θ∗t,n,p

s.t.

θ∗xt
iz
−

Jn,p

∑
j=1

xt
ij
λj ≥ 0 (i = 1, . . . , I)

Jn,p

∑
j=1

yt
rj

λj ≥ yt
rz (r = 1, . . . , R)

Jn,p

∑
j=1

λj = 1

λj (j = 1, 2, . . . , J) ≥ 0

(5)

where Jn,p denotes the number of DMUs belonging to region p in group n. Using Equations (3)
and (5), the inter-regional factor of DMUz can be calculated using Equation (6) [10]:

Inter − regional f actort
z = θ∗t,n,p − θ∗t,n (6)

Note that inequality θ∗t ≤ θ∗t,n ≤ θ∗t,n,p always holds true because the technolog-
ical frontier is a subset of the metafrontier, and the regional frontier is a subset of the
technological frontier [10,18].

Lastly, the managerial factor resulting from the gap in operation management of power
plants could be calculated according to Equation (7) [10]:

Managerial f actort
z = 1 − θ∗t,n,p. (7)

The managerial factor may be further decomposed into constituent factors, such as
the difference in equipment and age of power plants; however, the present study could
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not obtain this information. Furthermore, as mentioned above, assuming more hierarchies
in the MDEA framework would lead to a weakened discriminatory power of DEA [42],
and both these factors can be considered limitations of the study. In summary, the meta
inefficiency of DMUz in year t was decomposed as Equation (8):

Meta ine f f iciencyt
z = Technological f actort

z
+Inter − regional f actort

z + Managerial f actort
z

(8)

3.3. Estimated CO2 Reduction Potential with Improved Efficiency

Using the meta inefficiency score
(
1 − θ∗t

z
)

obtained from Equation (2), the coal saving
potential (CSP) of DMUz in year t can be defined according to Equation (9) [29,30]:

CSPt
z =

(
1 − θ∗t

z
)
× xt

coal,z
(9)

where xt
coal,z denotes the coal consumption of DMUz in year t. Thus, the CSP was interpreted

as the coal saving potential when the inefficiency (i.e., meta inefficiency) related to the
electricity production of DMUz was fully improved. Furthermore, if we let f be the
CO2 emissions factor of coal, then the CO2 reduction potential (CRP) associated with
the improved efficiency related to the electricity production of DMUz can be defined by
Equation (10) [29,30]:

CRPt
z =

(
1 − θ∗t

z
)
× xt

coal,z
× f . (10)

Lignite, bituminous coal, and anthracite are the major types of coal used in CTPP;
however, the present study could not identify the components of coal consumed for
electricity production in individual power plants. Therefore, the CO2 emissions factor of
lignite (1.204 ton CO2/ton), the most common coal type for thermal power generation, was
applied to all power plants [43]. In addition, as CRP is measured by the gap in efficiency
between the meta-frontier and each DMU, a higher CRP indicates a larger reduction of CO2
emissions compared to the meta-frontier technology for a specific year [30].

3.4. Analysis of CRP Using the LMDI

Meta inefficiency is decomposed into three components: technological, inter-regional,
and managerial factors (see Section 3.2); thus, CRP (Equation (10)) can also be transformed
via Equation (11):

CRPt
z =

(
θ∗t,n

z − θ∗t
z
)
× xt

coal,z
× f︸ ︷︷ ︸

CRP f or technological f actor

+
(

θ
∗t,n,p
z − θ∗t,n

z

)
× xt

coal,z
× f︸ ︷︷ ︸

CRP f or inter−regional f actor

+
(

1 − θ
∗t,n,p
z

)
× xt

coal,z
× f︸ ︷︷ ︸

CRP f or managerial f actor

(11)

here, the inefficient DMUs in Figure 1 are always projected toward the origin of the
coordinate axes since a radial DEA model is used. Alternatively, if a non-radial DEA model
were used in this study, inefficient DMUs would be projected in a different direction onto
the meta and group frontiers due to the existence of non-radial slacks [44]. Accordingly,
CRP could not be properly decomposed if CRP was estimated based on the slack variable
obtained with a non-radial DEA model.

This study introduced the LMDI method and decomposed the sources of changing
CRP throughout the study period. By letting CRP, as calculated according to Equation (11),
be CRPTOTAL, CRPTOTAL in year t can be decomposed according to Equation (12):

CRPt
TOTAL = CRPt

TECH + CRPt
Inter + CRPt

MANAGE. (12)

here, CRPt
TECH , CRPt

INTER, and CRPt
MANAGE represent the CO2 reduction potential for

technological, inter-regional, and managerial factors, respectively.
First, by referencing Equation (11), CRPt

TECH was calculated according to Equation (13):

CRPt
TECH =

(
θ∗t,n

z − θ∗t
z
)
× xt

coal,z
× f = TECHt × SCALEt × f . (13)
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where TECHt and SCALEt denote the technological factors and coal consumption (i.e.,
production scale) in year t, respectively. Subsequently, the change in CRPt

TECH from year t
to t + 1 can be described using Equation (14) [36]:

∆CRPTECH = CRPt+1
TECH − CRPt

TECH = ∆TECH + ∆SCALETECH . (14)

Notably, Equation (14) does not include f (i.e., CO2 emissions factor), as f was held
constant across years t and t + 1 in this study. Using the LMDI method, ∆TECH and
∆SCALETECH were formulated according to Equations (13) and (16), respectively [30,36,37]:

∆TECH = ln
(

TECHt+1

TECHt

)
×
(

CRPt+1
TECH − CRPt

TECH

ln CRPt+1
TECH − ln CRPt

TECH

)
. (15)

∆SCALETECH = ln
(

SCALEt+1

SCALEt

)
×
(

CRPt+1
TECH − CRPt

TECH

ln CRPt+1
TECH − ln CRPt

TECH

)
. (16)

Similarly, the changes in CRPt
INTER and CRPt

MANAGE from year t to t + 1 were formu-
lated according to Equations (17)–(22):

∆CRPINTER = CRPt+1
INTER − CRPt

INTER = ∆INTER + ∆SCALEINTER. (17)

∆INTER = ln
(

INTERt+1

INTERt

)
×
(

CRPt+1
INTER − CRPt

INTER

ln CRPt+1
INTER − ln CRPt

INTER

)
. (18)

∆SCALEINTER = ln
(

SCALEt+1

SCALEt

)
×
(

CRPt+1
INTER − CRPt

INTER

ln CRPt+1
INTER − ln CRPt

INTER

)
. (19)

∆CRPMANAGE = CRPt+1
MANAGE − CRPt

MANAGE = ∆MANAGE + ∆SCALEMANAGE. (20)

∆MANAGE = ln
(

MANAGEt+1

MANAGEt

)
×
(

CRPt+1
MANAGE − CRPt

MANAGE

ln CRPt+1
MANAGE − ln CRPt

MANAGE

)
. (21)

∆SCALEMANAGE = ln
(

SCALEt+1

SCALEt

)
×
(

CRPt+1
MANAGE − CRPt

MANAGE

ln CRPt+1
MANAGE − ln CRPt

MANAGE

)
(22)

Lastly, to readily examine the sources of the change in CRP and inform policy dis-
cussion, Equations (15)–(22) were classified into the efficiency change effect (∆EFF), and
production scale change effect (∆SCALE) according to Equations (23) and (24), respectively:

∆EFF = ∆TECH + ∆INTER + ∆MANAGE. (23)

∆SCALE = ∆SCALETECH + ∆SCALEINTER + ∆SCALEMANAGE. (24)

In LMDI, a computational problem occurs when both the efficiency scores in year t and
t + 1 take zero values due to the existence of logarithmic terms; therefore, this study replaced
zero values with very small numbers when performing calculations [45]. Note that this
study estimated the change in CRP between the two years 2009 and 2011 (excluding 2010).

4. Data

This study considered two inputs and one output for evaluating the power genera-
tion efficiency of CTPPs. Coal consumption and capital, as defined in Section 3.1, were
utilized as the inputs [10,26,39,40], whereas net electricity production was taken as the
sole output. Thus, the power generation efficiency in this study comprehensively consid-
ered the utilization factor, defined as the ratio of the actual electricity production to the
production capacity, as well as the coal intensity, defined as the ratio of the coal consump-
tion to the actual electricity production [10,26,39,40]. Furthermore, CO2 emissions were
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calculated by multiplying the coal consumption for each plant by the emissions factor of
lignite (1.204 ton CO2/ton) [43]. As there is thus a perfect linear correlation between coal
consumption and CO2 emissions in this study, direct consideration of CO2 emissions as an
undesirable output was avoided, and an investigation into improvement based on power
generation efficiency contributions to CO2 emission reductions was carried out instead.
Input and output data for this study were collected from the China Electricity Council [46].

The number of DMUs (i.e., the sample size) over the study period from 2009 to 2011
was 398. DMUs with abnormal values were excluded from the dataset by first removing
those with operational hours >8760 h (24 h × 365 d) or whose net electricity production
was above the capital value. DMUs with coal intensity in the 1.5 interquartile ranges
(below the first or above the third quartile) were also removed [10]. LARGE and SM CTTPs
were defined following Wu et al. [41], and all power plants were further classified into
four regional groups—east (namely Hebei, Shanghai, Jiangsu, Zhejiang, Fujian, Shandong,
Guangxi, Guangdong, Tianjin, and Hainan), central (namely Shanxi, Inner Mongolia,
Anhui, Henan, and Hubei), west (namely Sichuan, Guizhou, Yunnan, Shaanxi, Gansu,
Qinghai, and Xinjiang), and northeast (namely Liaoning, Jilin, and Heilongjiang). Overall,
this study considered two technological frontiers, each with four regional frontiers.

Table 1 presents the data used in this study. Focusing on the average value of each
factor, from 2009 to 2011, capital, coal consumption, and net electricity production increased
by 14.1%, 12.1%, and 16.1%, respectively, implying an overall increase in the scale of coal-
fired power plants in China during this period.

Table 1. Descriptive statistics for the inputs and output of this study.

Input Output

Year Statistic Capital (Million
kWh)

Coal Consumption
(Thousand ton)

Net Electricity Production
(Million kWh)

2009
Avg. 4112.5 1900.3 3740.4
Max. 26,232.0 13,658.9 25,077.9
Min. 11.2 3.6 9.3

2010
Avg. 4428.9 2123.3 4100.4
Max. 26,611.2 13,649.9 25,466.3
Min. 1.6 1.7 1.3

2011
Avg. 4691.9 2297.7 4344.3
Max. 29,505.6 15,653.1 28,236.9
Min. 0.8 1.3 0.7

5. Results and Discussion
5.1. Changes in Meta Inefficiency

Figure 2a shows a boxplot of the meta inefficiency for the SM group. In 2009, the
average meta inefficiency in the east was the lowest (0.057) among the four geographical
regions. Conversely, the average meta inefficiency in the central region showed the highest
value (0.093) in the same year; however, from 2009 to 2011, the average meta inefficiency in
the central region greatly declined from 0.093 to 0.074 and was the second-lowest value
(following the eastern region) in 2011. Alternatively, the average meta inefficiency across
the other three regions increased from 2009 to 2011.



Energies 2022, 15, 2430 10 of 19Energies 2022, 15, x FOR PEER REVIEW 11 of 21 
 

 

  
(a) (b) 

Figure 2. Boxplots of meta inefficiency in (a) the small–medium (SM) group and (b) the LARGE 

group by year and region. ’09, ’10, and ’11 refer to the years 2009, 2010, and 2011, respectively. “×” 

and “°” stand for the average value and outliers, respectively. 

Figure 2b shows the changes in meta inefficiency for the LARGE group, where across 

all regions, the average meta inefficiency was smaller than those of corresponding regions 

in the SM group, indicating that the power generation efficiency of CTPPs belonging to 

the LARGE group was greater than that of the SM group in most cases, aligning with 

previous results of Wang et al. [26] and Eguchi et al. [10]. Similar to the SM group, the 

eastern region’s average also showed the lowest value across all years in the LARGE 

group. Alternatively, the average meta inefficiency in all regions except for the west de-

clined from 2009 to 2011, contrary to the patterns observed in the SM group. 

5.2. Metafrontier DEA Decomposition Analysis 

Figure 3 shows the changes in technological factors of the SM and LARGE groups 

over the study period, revealing that in the latter, the change in technological factors was 

relatively small with time. The average technological factor for all plants belonging to the 

LARGE group was 0.0040 in 2009 and 0.0042 in 2011. Conversely, between 2009 and 2011, 

the average technological factor for all SM plants tended to increase, from 0.0027 to 0.0142 

(Figure 3a), implying that the technological gap in power generation efficiency resulting 

from the difference in production scale expanded over the study period. The change in 

the average utilization ratio for each group should be considered as one of the main rea-

sons for this growing technology gap (Figure 4). Between 2009 and 2011, although the 

average utilization ratio for the power plants belonging to the LARGE group showed a 

2.3% increase (from 90.8% to 93.1%), for the SM group power plants only increased by 

0.6%. 

  

Figure 2. Boxplots of meta inefficiency in (a) the small–medium (SM) group and (b) the LARGE
group by year and region. ’09, ’10, and ’11 refer to the years 2009, 2010, and 2011, respectively. “×”
and “◦” stand for the average value and outliers, respectively.

Figure 2b shows the changes in meta inefficiency for the LARGE group, where across
all regions, the average meta inefficiency was smaller than those of corresponding regions
in the SM group, indicating that the power generation efficiency of CTPPs belonging to
the LARGE group was greater than that of the SM group in most cases, aligning with
previous results of Wang et al. [26] and Eguchi et al. [10]. Similar to the SM group, the
eastern region’s average also showed the lowest value across all years in the LARGE group.
Alternatively, the average meta inefficiency in all regions except for the west declined from
2009 to 2011, contrary to the patterns observed in the SM group.

5.2. Metafrontier DEA Decomposition Analysis

Figure 3 shows the changes in technological factors of the SM and LARGE groups
over the study period, revealing that in the latter, the change in technological factors was
relatively small with time. The average technological factor for all plants belonging to
the LARGE group was 0.0040 in 2009 and 0.0042 in 2011. Conversely, between 2009 and
2011, the average technological factor for all SM plants tended to increase, from 0.0027
to 0.0142 (Figure 3a), implying that the technological gap in power generation efficiency
resulting from the difference in production scale expanded over the study period. The
change in the average utilization ratio for each group should be considered as one of the
main reasons for this growing technology gap (Figure 4). Between 2009 and 2011, although
the average utilization ratio for the power plants belonging to the LARGE group showed
a 2.3% increase (from 90.8% to 93.1%), for the SM group power plants only increased by
0.6%.

Figure 5 describes the changes in inter-regional factors for the SM and LARGE groups.
The northeast region showed the highest average inter-regional factor in the SM group
(Figure 5a), with an average inter-regional factor of 0.040 across the study period. These
results indicate that the northeast region experienced the largest technological gap in the
SM group. Elsewhere in the SM group, the average inter-regional factor for the central
region was the lowest over this period. When focusing on the LARGE group, the average
inter-regional factor for the west and northeast regions was relatively higher (Figure 5b).
In the LARGE group, the eastern region showed the lowest average inter-regional factor
(0.005) over the study period, thus revealing that the trends in regional heterogeneity in
power generation efficiency differed according to production scale.
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Regional heterogeneity in economic development is one of the primary reasons for
the remarkably lower inter-regional factor in the eastern and central regions compared to
the west and northeast. Xie et al. [47] revealed that economic development is a driving
force for the construction of CTPPs in China. The eastern and central Chinese regions are
more economically developed; thus, the introduction of power plants with leading-edge
technology has historically been promoted, contributing to the lower inter-regional factor
in these areas.

Boxplots describing the change in managerial factors for the SM and LARGE groups
can be seen in Figure 6, revealing that in the SM group, the central region showed the
highest average managerial factor (0.069) over the study period (Figure 6a). Combining
results of Figures 5a and 6a, it can be concluded that, although the SM-sized CTPPs
located in the central region have relatively smaller regional technological gaps in power
generation efficiency compared to the west and northeast, their inefficiency is largely
attributable to the managerial factor. In the LARGE group, managerial factors for the
central region were also relatively high (Figure 6b); whereas the inter-regional factors for
the west and northeast regions were higher than that for the east and central regions, and
the average managerial factor in 2011 was lower than that in the east and central regions
(Figures 5b and 6b). Therefore, it was concluded that the operation management gap in the
western and northeast regions was relatively smaller than that in the other two regions for
LARGE CTPPs.
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Tables 2 and 3 summarize the changes in average inefficiency factors and their com-
ponents of meta inefficiency for the SM and LARGE groups, respectively. In 2011, the
LARGE group’s overall average of meta inefficiency was 0.037, nearly half of that for the
SM group. The main reasons for the observed differences in meta inefficiency between the
two groups were the lower average technological and managerial factors for the LARGE
group compared to the SM group. Moreover, changes of overall average meta inefficiency
for the LARGE group declined by 0.9% from 2009 to 2011; however, the west was the only
region that experienced an increase in average meta inefficiency (Table 3), likely due to
the increase in inter-regional factors for both the average score and its proportion to meta
inefficiency.
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Table 2. Summary of the changes for each inefficiency factor and its components in the SM group.
The percentage in parentheses represents the proportion of each factor to meta inefficiency.

Technological Factor Inter-Regional Factor Managerial Factor Meta Inefficiency

2009

East 0.002 (3.4%) 0.013 (23.0%) 0.042 (73.6%) 0.057
Central 0.002 (2.6%) 0.004 (4.7%) 0.087 (92.8%) 0.093

West 0.004 (6.6%) 0.026 (39.2%) 0.036 (54.2%) 0.066
Northeast 0.002 (3.4%) 0.035 (47.5%) 0.037 (49.1%) 0.074

Overall
average 0.003 (3.7%) 0.015 (20.5%) 0.056 (75.8%) 0.074

2011

East 0.011 (17.4%) 0.009 (13.6%) 0.043 (69.0%) 0.063
Central 0.014 (19.3%) 0.002 (2.3%) 0.058 (78.3%) 0.074

West 0.018 (23.3%) 0.024 (31.3%) 0.035 (45.4%) 0.078
Northeast 0.014 (14.8%) 0.047 (48.1%) 0.036 (37.1%) 0.097

Overall
average 0.014 (19.3%) 0.013 (18.3%) 0.046 (62.4%) 0.074

Table 3. Summary of the changes for each inefficiency factor and its components in the LARGE group.
The percentage in parentheses represents the proportion of each factor to meta inefficiency.

Technological Factor Inter-Regional Factor Managerial Factor Meta Inefficiency

2009

East 0.004 (10.5%) 0.002 (4.9%) 0.034 (84.7%) 0.041
Central 0.004 (7.5%) 0.016 (30.5%) 0.033 (62.0%) 0.053

West 0.002 (5.9%) 0.019 (44.6%) 0.021 (49.4%) 0.042
Northeast 0.004 (7.9%) 0.038 (70.3%) 0.012 (21.8%) 0.054

Overall
average 0.004 (8.5%) 0.012 (25.0%) 0.031 (66.4%) 0.046

2011

East 0.006 (18.1%) 0.007 (22.8%) 0.019 (59.1%) 0.032
Central 0.003 (7.5%) 0.009 (21.8%) 0.030 (70.7%) 0.042

West 0.002(4.9%) 0.028 (64.1%) 0.014 (31.0%) 0.044
Northeast 0.002 (6.5%) 0.019 (57.8%) 0.012 (35.7%) 0.033

Overall
average 0.004 (11.1%) 0.011 (30.5%) 0.022 (58.3%) 0.037

5.3. Changes in CRP

The results of the MDEA revealed the changes in meta efficiency in China and its
sources of the inefficiency of power generation in CTPPs; however, its impacts on CO2
emissions have not yet been clarified. Accordingly, the corresponding changes in CRP
levels during the study period can be explored as well. Table 4 provides the change in
CRP for each production scale and the regional group from 2009 to 2011, revealing that the
total CRP for the SM group in 2011 was ~13.4 million ton CO2, an increase of 14.5% from
2009 (11.7 million ton CO2). For the SM group, the total CO2 emissions associated with
the power generation activity of CTPPs increased by 12.8% from 2009 (192.7 million ton
CO2) to 2011 (217.3 million ton CO2); thus, the increasing rate of CRP exceeded that of total
CO2 emissions in this group. For the LARGE group, total CRP was ~30.3 million t-CO2
in 2011, an increase of 12.2% from 2009 levels (27.0 million ton CO2; Table 4). Conversely,
total CO2 emissions associated with LARGE power plant generation activity increased by
≤23.1% from 2009 (718.2 million ton CO2) to 2011 (884.0 million ton CO2), indicating that
the increasing rate of CRP in the LARGE group was slower than that of increasing total
CO2 emissions rates, notably different than the pattern observed in the SM group.
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Table 4. Change in CRP for each production-scale and regional group.

(Unit: Million ton) 2009 2011 Rate of Increase (%) Sample Size

SM

East 2.03 2.36 16.6 63
Central 5.36 5.39 0.6 73

West 3.47 4.59 32.3 49
Northeast 0.83 1.04 25.2 19

Total 11.69 13.39 14.5 204

LARGE

East 10.83 11.04 1.9 87
Central 10.90 12.55 15.1 70

West 3.58 4.76 32.9 24
Northeast 1.65 1.91 16.0 13

Total 26.97 30.26 12.2 194

Looking at the results obtained for each regional group in Table 4, the western region
showed the highest increasing rate of CRP for both the SM and LARGE groups. Conversely,
in the central region, although the increasing rate of CRP for the SM group was only 0.6%,
the observed rate of increase for the LARGE group was 15.1%; whereas for the LARGE
group, the increasing rate of CRP in the eastern region was substantially low.

5.4. Comparisons of EFF and SCALE for Each Group

Figure 7 shows the results of the average efficiency change (∆EFF) and scale change
effects (∆SCALE) for each production scale and regional group obtained by the LMDI. For
the SM group, ∆EFF increased CRP across all regional groups, except central. In particular,
a large positive effect of ∆EFF was observed in the west and northeast regions, meaning
that the increment in relative inefficiency in power generation efficiency was an important
driver of increasing CRP in these regions over the period analyzed. Conversely, for the
LARGE group, ∆EFF contributed to reducing CRP in all regions except the west (Figure 7),
indicating that the technology gap between the metafrontier and inefficient CTPPs was
essentially eliminated during this period. In particular, the eastern region showed the
largest negative effect of ∆EFF, reducing by ~24.4 thousand tons of CRP per power plant
during the study period; however, the positive effect of ∆SCALE within the LARGE group
was substantially greater than that in the SM group, indicating that larger production
scale CTPPs had taken the initiative in responding to growing electricity demand in China
during the study period.
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5.5. Breakdown of ∆EFF

Figure 8 shows the average effects of ∆TECH, ∆INTER, and ∆MANAGE for the
SM group. As mentioned in Section 5.2, technological factors largely increased across all
regions for the SM group from 2009 to 2011; thus, ∆TECH also positively affected CRP
in each region. Focusing on the central region, the sole location where ∆EFF negatively
affected CRP among the SM group, although ∆TECH increased CRP per power plant
by ~15.7 thousand tons, ∆MANAGE contributed to reducing CRP per power plant by
~27.7 thousand tons during the same period. In the western region, the shrinking regional
technology gap (indicated by the negative ∆INTER) reduced ~7.6 thousand tons of CRP
per power plant; however, the combined positive effects of ∆TECH and ∆MANAGE
outperformed the negative effect of ∆INTER.
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Figure 9 represents the average effects of ∆TECH, ∆INTER, and ∆MANAGE for the
LARGE group. Looking at the eastern region where ∆EFF contributed the most to reducing
CRP among the LARGE group, the negative effects of ∆MANAGE greatly surpassed
the combined positive effects of ∆TECH and ∆INTER. The northeast region was the
only location where ∆INTER negatively affected CRP among the LARGE group; whereas
the negative effects of ∆MANAGE were marginal compared to the other three regions.
Moreover, positive and substantial ∆INTER was the main factor of the increase in ∆EFF
for the western region, increasing CRP per power plant by ~39.0 thousand tons over the
study period. Focusing on the changes in average inter-regional factors, it increased from
0.019 in 2009 to 0.028 in 2011 (Figure 5b). Alternatively, the average inter-regional factor
in the northeast region for the SM group increased from 0.035 in 2009 to 0.047 in 2011
(Figure 5a), a notably higher rate than that observed in the western region for the LARGE
group; however, when focusing on ∆INTER, a ‘mass-based’ indicator, its positive effects
in the western region for the LARGE group were 6.2 times larger than that in the northeast
region for the SM group. Therefore, these results imply that focusing only on efficiency
indicators cannot properly evaluate the environmental impacts, potentially misleading
environmental and energy policies [29,30]. For reducing the CRP in regions with highly
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positive ∆INTER, technology spillover between regions (e.g., introducing leading-edge
technological equipment from other regions) was very significant [5,10].
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6. Conclusions and Policy Implications

Based on the results obtained here, a policy discussion for reducing China’s CO2
emissions associated with the electricity production of CTPPs is presented here. First,
policymakers should prioritize scrapping SM-group CTPPs, as the CRP for these plants
had expanded due to the increment in ∆TECH, which is notably more difficult to improve
compared to the other two inefficiency factors. However, for CTPPs, which are difficult
to scrap due to their importance as region-specific power supply bases, policymakers
should encourage the managers of these plants to improve coal intensity by improving
the usage conditions of the equipment, such as the boilers, turbines, and lighting equip-
ment, particularly in the east and west regions where ∆MANAGE positively affects CRP.
Furthermore, coal scrubbing is known to be a useful, relatively low-cost technology for
improving coal quality (~2–3 USD per ton of coal) [48]. Recent technology development
for the co-combustion of coal with biomass would also contribute to the improvement for
CRP associated with the management factor [49,50]. Alternatively, to reduce the CRP of
SM power plants located in the northeast region, it is important to expand the spillover of
generational technology among different regions, as ∆INTER was the primary source of
increasing CRP over the study period. Specifically, the government should coordinate the
interactions of production technology between the power plants in the northeast region,
and those in the east and west regions where the inter-regional factors were low.

For LARGE power plants, CRP declined due to the effects of ∆MANAGE in all
regions examined. Additionally, technology spillover was key to reducing CRP in all
regions except the northeast (Figure 9). In particular, the western region experienced a
substantial increase in ∆INTER during the study period; therefore, the government and
policymakers should consider decommissioning power plants with poor facilities and high
inter-regional factors in this region. Eliminating inefficient power plants would facilitate a
shift in power output toward renewable energy sources, such as photovoltaic and biomass
power generation, by more efficiently utilizing the vast western land area [51,52]. In reality,
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investment in China’s inter-regional transmission grid has increased in recent years, and
inter-provincial electricity flow increased from 325 billion kWh to 1444 billion kWh from
2006 to 2019 [53,54]. Finally, it should be noted that technology improvements by digital
solutions, such as virtual power plants, digital twin, and blockchain, would progress the
metafrontier technology rather than sub-group frontiers and contribute to a significant
reduction in CRP [55].

A key limitation of this study is that the research period was over a decade ago (2009
and 2011), as it remains difficult to collect a sufficient amount of the latest data for coal-fired
thermal power generation at the plant level [10]. Nevertheless, this is the first study in
which a combined research framework of metafrontier DEA and LMDI has been proposed.
Thus, despite the relatively old age of the data employed, this study provides detailed and
useful insights into the CO2 reduction potential of Chinese power systems.

In conclusion, this study combined the MDEA framework and the LMDI to discuss
the reduction in CO2 emissions from CTPPs in China. Focusing only on efficiency scores
would ignore the production scale of DMUs, failing to properly evaluate the environmental
impacts associated with efficiency changes. To the best of the author’s knowledge, although
several previous studies have conducted detailed analyses on the power generation effi-
ciency of CTPPs in China using MDEA while considering regional heterogeneity, none
have quantified the impacts of these dynamics in power generation efficiency on power
plant-based CO2 emissions, representing a significant contribution of the present study.
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