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Abstract The energy consumption and CO, emissions
of the transportation sector in China have increased
greatly in recent years, accompanied by the growing
regional disparities. Considering undesirable output
and environmental impact factors, a four-stage DEA
(data envelope analysis) combined with NDDF model
(non-radical directional distance function) is adopted in
this paper to calculate the energy efficiency and elimi-
nate the environmental impacts of Chinese transporta-
tion sector. In this paper, five environmental factors are
considered, including GDP per capita, consumption lev-
el, urbanization level, economic openness level, and
transport infrastructure. The empirical results on the
panel data for 30 provinces of China from 2005 to
2016 show that the energy efficiency of the transporta-
tion sector in China decreases from Eastern to Western
region. After the adjustment of environmental factors,
energy efficiency still shows a decreasing trend from
Eastern to Western region, while energy efficiency in-
creases more in Eastern region and less in Central region
and Western region. The potential of energy efficiency
improvement for some Central and Western provinces is
relatively high. Some policy suggestions are proposed to
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improve the energy efficiency of Chinese transportation
sector.
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Introduction

Since reform and opening up in 1978, China has expe-
rienced rapid economic development with GDP grow-
ing at an average annual rate of 9.6% during 1978-
2016, and the mobility of labor and capital from the
growing transportation sector has contributed signifi-
cantly to this success. During this period, China’s trans-
portation sector has continuously cracked various tech-
nical barriers, which makes the scale of transportation
gradually meet the needs of social modernization. At the
same time, transportation has become one of the fastest
growing industries in China. Despite the rapid develop-
ment of China’s transportation sector, there is still a lack
of transportation capacity (Cui & Li, 2014) and China’s
transportation sector needs further development to meet
the demand of society (Zhou et al., 2014). However, the
further development of China’s transportation industry
faces resource and environmental constraints, as the
transport sector is an important contributor to energy
consumption and environmental pollution.

Convenient transportation is the basic require-
ment of a country’s economic development, and
the rapid economic development of China in re-
cent years is inseparable from the growth of
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transportation demand and the construction of
transportation facilities. However, the transporta-
tion sector belongs to the resource occupation
and energy consumption industry, and its develop-
ment depends on the consumption of petroleum
fuel and the emission of greenhouse gas. Accord-
ing to China Statistical Yearbook (2018), the av-
erage annual growth rate of energy consumption in
China is 6.84%, while the annual growth rate of
energy consumption in the transportation industry
1s 8.72% from 2005 to 2016. In addition, the
proportion of energy consumption of the transpor-
tation industry in the total national energy con-
sumption rises from 7.47% in 2005 to 8.91% in
2016 (National Statistical Bureau of China, 2018).
Figure 1 shows the comparison of energy con-
sumption in China and energy consumption in
China's transportation industry during the past 30
years. It is obvious from Fig. 1 that the proportion
of TEC (energy consumption in China’s transpor-
tation sector) to CEC (the total energy consump-
tion in China) is increasing. Due to the large
consumption of various kinds of energy, the annu-
al increase of greenhouse gas emissions will also
generate great harm to the environment. In a
sense, the rapid development of transportation in-
dustry in recent years is at the cost of high invest-
ment and pollution emissions. In order to achieve
sustainable development of China’s transportation
industry, improving the energy efficiency of this
industry has become the most effective way.

In order to measure the provincial sustainable devel-
opment of China’s transportation sector, this paper com-
bines the NDDF model and four-stage DEA model to
calculate and adjust the environmental energy efficiency
in China’s transportation sector and further eliminate the
influence of external environmental factors. The paper is
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Fig. 1 Proportion of energy consumption in China’s transporta-
tion industry
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organized as followed. In sect. “Literature review,” we
review some of the most relevant literature.
Section “Methodology” is introduces the methodology.
In sect. “Data description,” we make the data descrip-
tion. Section “Empirical results” describes the empirical
results and further discussion. Finally, we conclude the
paper and give some policy implications in sect. “Con-
clusion and policy implication.”

Literature review

The Data Envelopment Analysis (DEA) model was
originally developed to measure operating efficiency
and technique efficiency in industry. Over the years,
DEA model had been deeply modified and widely
applied to many sectors such as agricultural sectors
(Vlontzos et al., 2014), health services (Tsai &
Molinero, 2002), construction sectors (Zhang et al.
2018), service sectors (Lin & Zhang, 2017), and
commercial banks (Wang et al., 2014). This model
also makes efficiency an indicator to reflect whether
energy and other inputs have been used efficiently in
a department (Clinch et al., 2001). Then, the freight
energy efficiency combined with commodity-based
analysis was used to evaluate production efficiency
in transportation sector of US (Vanek & Morlok,
2000). Some relative efficiency was used to measure
the depth of governmental support for private sector
(Hsu & Hsueh, 2009). With the deeply research of
DEA model by many scholars, it had been constant-
ly improved. The four-stage DEA model was origi-
nally proposed to measure the energy efficiency
without the impacts of environmental factors, and
the final result was clearly different from the initial
result (Fried et al., 1999).

From these quantitative methods, it will be found that
DEA models have also been widely applied to transpor-
tation efficiency evaluation. Without considering unde-
sirable outputs, DEA was applied to provide an efficien-
cy measurement of four Australian and twelve other
international container ports (Tongzon, 2001). In addi-
tion, the consumption of energy in China’s transporta-
tion is so large, and the energy utilization is not very
high; so, the energy consumption caused by transporta-
tion sector cannot be ignored (Ji & Chen, 2006). A
multi-stage framework combined with DEA model
and Malmquist index was used to evaluate the efficiency
and productivity of the Chinese railway sector(Li & Hu,
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2011). They used the new four-stage DEA model and
some new index to measure the environmental adjust
energy efficiency of Taiwan’s service sectors during
2001-2008, which had been divided into four parts
(Fang et al., 2013). A super-SBM model with unexpect-
ed output was proposed in 2013 to calculate the envi-
ronmental energy efficiency in China during 1991-2001
(Li et al., 2013). For more accurate measurement, Cui
and Li (2014) used the three-stage DEA model and took
passenger turnover volume and freight turnover volume
as outputs to calculate the adjusted energy efficiency of
Chinese transportation sector during 2003-2012. A
non-radial DEA model under management generality
was used to measure environmental efficiency of
China’s transportation industry during 20062011
(Song et al., 2016b). Then, a new energy efficiency
model integrating energy conservation and output
growth was proposed to measure energy efficiency of
China’s transportation sector and analyses possible
influencing factors (Liu & Lin, 2018). Some researchers
also used a global meta-frontier approach to analyze
energy efficiency and savings potential in China’s trans-
portation sector (Feng & Wang, 2018).

For calculating energy efficiency including en-
ergy consumption and pollutant emission in the
same time, they proposed a global, directional
distance function model to measure economic effi-
ciency, CO2 emission efficiency, and marginal
abatement costs in transportation sector then used
the empirical results to point out the weak link
between economic development and environmental
pollution (Wang & He, 2017). Zhang and Wei
(2015) proposed a dynamic index by combining
the meta-frontier approach with the non-radial
Luenberger productivity indicator to calculate the
total factor carbon emission efficiency in China’s
transportation sector from 2000-2012. Tone (2002)
came up with a new undesirable-DEA model
called slack-based measure (SBM), which took
the undesirable output into consideration and cal-
culate more accurate environmental energy effi-
ciency. After the regional and temporal compare
and analysis with the SBM model, this conclusion
that railway performs better than highway in effi-
ciency had been found (Liu et al., 2017). Then,
the super-efficiency SBM model, including unde-
sirable outputs, combined with the window data
envelopment analysis model was used to calculate
environmental efficiency of China’s highway

transportation, the level of sustainable develop-
ment, and energy consumption redundancy. They
also used empirical results to point out that the
Chinese government needs to take measures to
reduce energy consumption and air pollution
(Song et al., 2016a, b).

Besides the traditional DEA model, directional
distance function (DDF) is also a very common
method for the treatment of environmental pollu-
tion indicators, especially the non-radial DDF
method, which could allow undesirable output to
vary at different rates from desirable output (Zhou
et al,, 2012). This approach will make a more
realistic interpretation of the treatment of undesir-
able outputs in the efficiency measurement pro-
cess. Therefore, this paper employs NDDF-DEA
model for the measurement of total factor energy-
environmental efficiency (TFEEE) of Chinese
transportation sector. However, in existing studies
on energy efficiency in the transportation industry,
few of them have included undesired outputs and
external environmental disturbances in the same
framework. Lipscy and Schipper (2013) revealed
the relationship between energy utilization efficien-
cy and carbon dioxide emissions by comparing the
energy intensity of Japan’s passenger transport
sector with the USA and other developed
countries, and also taking into account political
context and carbon dioxide emissions. Song et al.
(2015) calculated the environmental energy effi-
ciency of China’s transportation sector in each
province from 2003 to 2012 by considering unex-
pected output carbon dioxide emissions with
undesirable-SBM approach and divided all prov-
inces into east, central, and west regions for com-
parison. In view of current literatures, this paper
combines the NDDF model for the treatment of
undesirable outputs, and four-stage DEA approach
for the eclimination of external environmental im-
pacts, to measure the environment-adjusted energy
efficiency in China’s provincial transportation
sector.

Methodology
Non-radical DDF method has a distinct advantage in

dealing with undesirable outputs, for it allows undesir-
able outputs to vary at different rates from desirable
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outputs. In this paper, a four-stage NDDF-DEA model
was employed to evaluate TFEEE of China’s transpor-
tation sector. The details of this model will be described
as follows.

The NDDF-DEA model

According to Zhou et al. (2012), the production tech-
nology under constant return of scale (CRS) for all
decision-making units is:

(KLEYHg Y¢):

; zz1<,,<1< ZZ,ZL <L, zZE,,<E S Z,YE, =Y,
= n—1

Z Z,Y¢ n = Ye 7Z;1207 (n = 1,2,3,...,]\’)

(1)

where K, L, and E indicate capital input, labor input,
and energy input, respectively; Y¥indicates desirable
output, and Y° indicates undesirable output.
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Then, we consume the weight vector of the relative
importance of each inputs and outputs:

WT = ((UK,LUL,CUE,LUY,WY) (2)

The direction vector which indicates the direction of
increase or decrease for each inputs and outputs when
production technology is determined is consumed as:

G = (—gx,~81, 8 &y —8y) (3)

The direction vector G indicates that, in an ideal
setting, all decision units want to maximize the desirable
output in the direction gy. while minimize inputs and
undesirable output along the direction
8k, 8L 8k 8ye-

Based on the assumptions above, the non-radical
directional distance function (NDDF) of DMU i in
period ¢ is as bellow:
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D(K;;, Lis, E;7, Y:2, Y; : G)= 0 indicates the DMU
on the production frontier, and this DMU is under
optimal production conditions; ﬁ*K i K,, Ki, 57, it
L, gy E
changes of each
Ki,Li,E;y, Y;*, and Y, denote the non-radical
slacks of each inputs and outputs.
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Then, the changes and slacks of each inputs and
outputs of DMU i in period ¢

ﬁit*(ﬁ*mz ﬁxL,it ﬁ*E,it B*Yg,it ﬁ*Y"‘n) and
(Kiw Ly Ey Yi* Y;') can be obtained from linear
planning Eq. (4).

On the basis of NDDF, the total factor energy-
environmental efficiency is:
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Four-stage DEA model

Fried et al. (1999) originally presented the four-stage
DEA to obtain a calculation of managerial efficiency
that generated by exogenous characters of external op-
erating environment. With the four-stage DEA model,
environmental factors will be separated, and accurate
efficiency can be measured. But the four-stage model
proposed by Fried et al. (1999) uses the traditional DEA
model in the first stage, in which radial vector would
produce a little error. In this paper, the NDDF approach
is combined with the four-stage DEA to get more accu-
rate value. The first stage calculates the TFEEE using
the observable inputs and outputs according to the
NDDF-DEA model.

In this paper, the negative output of carbon dioxide
emission is shown as environmental cost. The non-
radial slacks of each inputs and outputs in NDDF model
are the target that can be reduced. With respect to input
and undesirable output, slacks are called input-saving
target, emission-reducing target, and output-increasing
target.

It follows that each DMU will score higher TFEEE
by saving input, reducing CO2 emission and increasing
desirable output. Due to the large differences in the
external environment of different provinces, this has
different effects on the index of TFEEE. In addition,
since the slack is the difference between the actual input
or output and the input or output in the full efficiency
state, the slack can be regarded as the non-efficiency
quantification, and the slack can be quantitatively ana-
lyzed to study the influence of the external environmen-
tal difference. We use a cross-sectional tobit regression
model to adjust these environmental impacts in the
second stage. This model is proposed to deal with data
in which the value of dependent variable is truncated or
discrete. Unlike the traditional two-stage DEA model,

the four-stage model takes the slack of inputs and out-
puts as the explanatory variables, rather than the effi-
ciency values which are between 0 and 1, thus could
effectively avoiding possible measurement errors. Due
to the value of slack and environmental variable is partly
discontinuous, this model is suitable for our research.
Tobit regression model is defined as follows:

s =f(Zk, ) + Ug...(i = 1,L,m;k = 1,L,n) (6)

In this model, s includes S~, S and S?, and  is
denoted by DMU, from 1 to n; I represents units of
input and undesired output, from 1 to m. (3 is a coeffi-
cient used to make an estimate of non-radial slack, and u
represents the random disturbance term.

The third stage uses the estimated coefficients from
the above equations to calculate the slack in estimate,
and adjust input and undesirable output,

adj_Xik = Xik + {max [fi(Zk,ﬁi)}_fi(Zk,ﬂi)}... (7)
(i=1,Lymyk=1,L,n)

where adj X is the input or undesirable output after
environmental adjustment in the ith sector and kth year,
and Xj; refers to actual input or undesirable output in the
ith sector and kth year.

Fried et al. (1999) originally proposed this method
which using tobit model to adjust external environment
factors. In this stage, firstly use the tobit regression in the
second step to calculate input and undesirable output
slack in the estimate, and then with the maximum esti-
mate of input and undesirable output slack minus the
estimate value of each decision-making unit under the
same input or undesirable output conditions as a pun-
ishment (Fang et al., 2013). The final adjusted input and
the undesired output will be obtained by adding the
above difference to the actual input or undesirable out-
put of each decision-making unit. We adjust the unde-
sirable output in this stage because this variable is
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viewed as an input of environment. The decision-
making unit with better external environment will get
larger punishment; it can make all the decision-making
units in the same level of the external environment.
Then, these new variables can be used to calculated
energy efficiency without the influence of external
environment.

In the final stage, the adjusted data of inputs and
undesirable outputs and original expected outputs are
used to conduct the NDDF model in the first step. Then,
the environmental-adjusted energy efficiency in China’s
transportation sector will be calculated.

Data description
Data sources and descriptive statistics

The data used in this paper is derived from China
Statistical Yearbook (2006-2017), China Energy Statis-
tical Yearbook (2006-2017), and the statistical year-
book of various China provinces and autonomous re-
gions (2006-2017). Taiwan, Hong Kong, Macao spe-
cial administrative regions, and the Tibet autonomous
region are not included in this paper due to the lack of
relevant data. Table 1 is the descriptive statistics of the
data, including input and output variables.

Min, max, mean, and SD represent the minimum
value, maximum value, mean value, and standard devi-
ation, respectively, of 360 variables of 30 provinces
during 2005-2016

Input variables

The input mainly includes the use amount of human,
financial, and material resources (Hu & Kao, 2007). For
transportation sector, manpower includes the amount of
all current employees in the transportation industry;
financial resources consist of employee salaries and total

Table 1 Descriptive statistics of input and output variables

investment in transportation equipment and facilities;
and material resources include the use of various raw
materials and various types of energy. Therefore, we
select three input variables in this article, including
labor, capital, and energy consumption. The labor vari-
able is represented by the number of people engaged in
the transportation industry in each province in that year,
and this indicator can be obtained directly from China
Statistical Yearbook (2006-2017). Capital represents the
total fixed capital investment in the transportation in-
dustry by the provinces in that year, which can also be
directly obtained from the relevant statistical yearbook.
Energy consumption refers to the total amount of energy
consumed by the transportation industry of each prov-
ince in that year, and the consumption needs to be
converted into standard coal. For this variable, we first
find the energy balance tables of various provinces and
then calculate this variable according to the conversion
coefficient of that various energy to standard coal.

Output variables

A single indicator real GDP is chosen as output variable
to calculate the energy efficiency of service sector in
Taiwan (Fang et al., 2013). Freight turnover volume and
passenger turnover volume are chosen as output vari-
ables to measure transportation energy efficiency (Cui
& Li, 2014). We consider the price of passenger or
freight fluctuates with the season or festival, and this
phenomenon is most obvious in air transport. Therefore,
we choose the GDP (gross domestic product) as expect-
ed output and the CO2 (carbon dioxide) emissions as
undesirable output in this paper. The GDP indicator can
be directly obtained from China Statistical Yearbook
(2006-2017). To calculate the CO2 emissions, we use
the conversion ratio provided by United States Depart-
ment of Energy 1999, which will be shown in Table 2.
Then, with this ratio, we can calculate CO2 emissions
more accurately in the same unit.

Variable Type Unit OBS Min Max Mean SD
Labor Input 10 thousand capita 360 2.72 85.40 23.12 14.34
Capital Input 100 million Yuan 360 3248 3738.00 851.56 664.39
Energy Input 10 thousand tons standard coal 360 30.50 2932.54 859.83 582.37
GDP Desirable output 100 million Yuan 360 31.88 3209.72 772.94 625.75
Emission Undesirable output 10 thousand tons 360 15.75 993.29 303.32 199.49

@ Springer
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Table 2 The conversion ratio

Types of energy Unit( Kg-c/Kgce)
Fire coal 0.702
Fuel oil 0.478
Natural gas 0.389

Environmental factors

These variables are used in stage III to eliminate
environmental impact, so that we can measure the
real transportation energy efficiency. In this paper,
five indicators have been selected. The indicator
GDP per capita represents the ratio of annual GDP
to total population of each province. When a prov-
ince has a higher GDP per capita, the transporta-
tion sector may get higher investment, and this is
conducive to the renewal of transportation facilities
and tools. The index level of consumption repre-
sents the annual consumption of person in each
province. If the consumption level of a province is
high, people of this province can choose a more
comfortable and more expensive transport. This
condition will bring greater economic benefits to
the province. Therefore, different consumption
levels will affect the output of the transportation
industry. This index degree of urbanization is the
ratio of urban population to total population. A
province with low urbanization will face lower
compensation for demolition when constructing
traffic, and the charge on opposite province will
be higher. The variable level of economic open-
ness called foreign trade dependence is denoted by
the ratio of total import and export to GDP, and it
is often used as a measure of economic openness.
As some provinces are in the coastal areas and
have more ports, they are in a relatively high level
of economic openness compared with other prov-
inces. Therefore, different degrees of economic
openness will also affect the external environment
of the transportation sector. In addition, transpor-
tation infrastructure is also an important factor that
affects the efficiency of the transportation sector;
so, this paper employed integrated traffic density
to measure the level of transportation infrastruc-
ture, which is calculated by the total mileage of

railways and highways divided by the area of each
province.

Empirical results
Environmental energy efficiency before adjustment

In the stage I, NDDF model was employed to cal-
culate TFEEE with original input variables and out-
put variables; the results of were affected by the
external environment and were shown in Table 3.
The average TFEEE of three regions in the Eastern
provinces, Central provinces, and Western provinces
according to the geographical division of China is
shown in Table 4.

From Table 3, the average TFEEE score of Chinese
transportation sector is 0.73, and 17 provinces are higher
than the average score. The TFEEE of transportation
sector in these provinces shows different trends. For
example, Guangdong and Fujian provinces have the
similar average TFEEE score, but Guangdong remains
at a relatively low level and more fluctuates around the
average from 2005 to 2016. In addition, some provinces
have low average TFEEE scores, but in the TFEEE
score, these provinces are still at the high level in several
years. For example, the energy efficiency of Sichuan
province from 2005 to 2007 is much higher than aver-
age score of the province. However, most of the prov-
inces with overall low TFEEE score remain at the low
level and with no obvious fluctuations between 2005
and 2016.

In terms of the geographical distribution of China, we
can also find that most of the Eastern provinces have
relatively high energy efficiency, and only Hebei prov-
ince has an efficiency of 1. When observing the raw
data, we find that Eastern region invests much more
capital, labor, and energy in transportation than those
in the other two regions, and certainly, the transport
sector in Eastern region contributes far more to GDP
than the other two regions. In Eastern region, Shanghai,
Shandong, and Guangdong are the top three provinces
in terms of energy input in the past 12 years, and their
TFEEE scores are higher, among which Shandong prov-
ince is close to 1. In contrast, Western region spends
much less on transportation, but two provinces, Ningxia
and Qinghai, both have a high energy efficiency score of
1. We compare the original input and output data of
these two provinces with other provinces and find that
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Table 3 TFEEE before adjustment

Region Province 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016
Beijing 094 062 052 041 055 070 093 0.67 085 084 1.00 1.00
Tianjin 0.82 085 0.72 0.69 0.72 085 080 0.70 099 0.83 0.92 1.00
Shanghai 0.68 0.66 058 050 045 08 097 1.00 1.00 1.00 1.00 0.79
Liaoning 0.75 052 054 043 0.65 058 0.73 0.70 0.64 0.67 1.00 1.00
Hebei 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Shandong 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.87 0.80 0.90
East region
Jiangsu 1.00 0.81 085 0.79 092 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Zhejiang 0.84 086 082 0.76 0.65 073 0.66 0.60 069 073 0.64 0.69
Fujian 1.00 1.00 1.00 095 0.83 078 0.68 0.68 065 070 0.80 1.00
Guangdong 1.00 0.73 0.70 0.57 0.64 067 0.72 0.82 074 1.00 1.00 1.00
Hainan 1.00 1.00 1.00 0.83 0.72 074 1.00 0.79 074 0.72 0.71 0.79
Guangxi 0.63 066 058 050 044 046 048 044 055 050 0.54 0.58
East average 0.89 081 078 0.70 0.71 0.78 0.83 0.78 0.82 0.82 0.87 0.90
Hunan 0.85 0.82 074 0.55 058 060 054 061 074 074 0.68 0.70
Hubei 0.60 0.52 051 0.51 055 055 050 048 051 053 049 046
Henan 1.00 091 097 1.00 093 077 0.69 0.72 072 090 0.80 0.85
Shanxi 093 1.00 1.00 0.73 049 057 054 055 067 074 0.84 0.88
Ce]?tral Anhui 1.00 1.00 086 0.89 0.71 083 0.76 0.65 060 059 0.55 0.52
e Jiangxi 0.79 0.69 081 0.89 074 074 0.71 0.83 094 0.84 0.82 0.81
Jilin 0.70 0.74 0.65 0.59 056 049 0.50 0.50 058 059 054 0.54

Heilongjiang 092 0.70 0.68 0.61 054 054 055 0.65 0.72 069 0.60 0.59
Inner Mongolia | 0.72 0.76 0.71 0.72 0.85 0.80 0.79 081 085 0.84 0.78 0.76
Central Average | 0.84 0.79 0.77 0.72 0.66 0.65 0.62 0.65 0.70 0.72 0.68 0.68

Shaanxi 0.58 053 053 047 048 046 042 047 056 0.58 049 0.57
Gansu 0.67 083 1.00 100 095 083 0.68 0.63 057 039 040 041
Qinghai 1.00 100 1.00 100 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Ningxia 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
We%t Xinjiang 0.54 057 061 051 045 042 040 048 053 056 052 0.68
o Sichuan 0.75 069 065 051 041 038 037 037 052 045 057 054
Chongging 0.64 066 058 055 053 050 048 043 046 0.52 051 0.55
Yunnan 0.50 046 044 042 029 026 027 030 029 029 029 0.29
Guizhou 0.62 062 061 057 084 080 0.82 094 090 1.00 1.00 1.00
West average 0.70 0.71 0.71 0.67 0.66 0.63 0.60 0.63 0.65 0.64 0.64 0.67
their input is far lower than other provinces, especially especially in Yunnan. Other Central and Western prov-
Qinghai. Except for these two Western provinces, the inces, such as Shaanxi, Gansu, Hunan, and Anhui, have
TFEEE score of other Western provinces is low and similar energy efficiency scores closed to 0.7.
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Table 4 Average energy efficiency of three regions

Region Provinces Average energy
efficiency
Eastern Beijing, Tianjin, Shanghai, Liaoning Hebei, Shandong, Jiangsu, Zhejiang Fujian, Guangdong, 0.808
region Hainan, Guangxi
Central Hunan, Hubei, Henan, Shanxi, Anhui, Jiangxi, Jilin, Heilongjiang Inner Mongolia 0.707
region
Western Shaanxi, Gansu, Qinghai, Ningxia Xinjiang, Sichuan, Chongqing, Yunnan, Guizhou 0.659
region

Table 4 shows the geographical distribution of China
and which provinces are included in Eastern, Central,
and Western regions. We can find that the TFEEE score
of Chinese transportation sector shows a decreasing
trend from Eastern region to Western region (Wu
et al., 2015; Yang et al., 2018). But the Eastern region
has significantly higher TFEEE than the other two re-
gions while the Central and Western regions have very
similar TFEEE scores.

The results of tobit regression model

In stage I and stage III, we establish the tobit regression
model with the slack of input and undesired output as
the dependent variables which were obtained through
software MaxDEA. The results were shown in Table 5.
We also select five environmental factors, GDP per
capita, consumption level, urbanization level, economic
openness level, and integrated traffic density, as inde-
pendent variables which have been defined before.
Therefore, the five environment variables selected in
this paper have obvious effects on slacks and can be
used for external environment adjustment.

Combining the current situation of the transportation
industry and relevant literature, if the coefficient of one

Table 5 The result of tobit regression model

environmental factor is negative, its increase will result
in less input slacks and undesirable output slacks. On the
contrary, the increase on one environmental factor with
positive coefficient will lead to more input slacks and
undesirable output slacks.

Economic level has a significant negative effect on
the slack of labor and carbon emissions, but a significant
positive effect on the slack of capital and energy; there-
fore, the impact of economic development on TFEEE in
China’s transportation sector is uncertain. The coeffi-
cients of consumption level on slack of labor, capital,
and the slack of CO, emissions are significantly posi-
tive, which indicates that the increase of consumption
level will lead to a decrease in capital and labor input, as
well as carbon emissions in China’s transportation sec-
tor, which may contribute to an increase in TFEEE.
Urbanization has a significant negative effect on the
slack of capital and energy, and a significant positive
effect on the slack of labor; therefore, the impact of
economic development on TFEEE in China’s transpor-
tation sector is also uncertain. The coefficients of eco-
nomic openness level are positive on three inputs and
negative on undesirable output, and all significant on the
5% level, which indicates that openness may reduce
capital, labor, and energy inputs to the transportation

Independent variables Dependent variables

Slack of labor Slack of capital Slack of energy Slack of CO2
constant —13.3595%#* 129.902 1% —213.8611%* —47.8175%%*
GDP per capita —2.0224% 2.2149%%** 67.6869* —20.0441%**
Consumption level 2.1293* 75.8780* —10.8563 31.2383%**
Urbanization level 0.2493*** —8.4501%%* —1.5975%** 5.0046
Economic openness level 2.5590%#* 122.6959%* 45.6270* —73.2237%*
Integrated traffic density 1.6249%* —61.5325 —170.1965%** —20.3652*

*#% *% and * represent 1%, 5%, and 10% significance, respectively
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sector but increases carbon emissions, and the overall
impact on TFEEE remains uncertain. Integrated traffic
density has a significant negative effect on carbon emis-
sions, but a significant positive effect on the slack of
labor, and the overall impact on TFEEE remains
uncertain.

The results after environmental adjustment

After the environmental factors were adjusted, we rerun
the NDDF model with adjusted inputs and undesirable
output and original desirable output. The adjusted
TFEEE score was represented in Table 6. Then, we also
measure the TFEEE of three regions in Eastern prov-
inces, Central provinces, and Western provinces accord-
ing to the geographical division of China and show it in
Table 7. The result of the fourth step has a significant
difference from the original TFEEE.

After the adjustment of external environmental fac-
tors, it can be obviously observed from Table 6 that the
number of provinces with a TFEEE score of 1 was still
Hebei, Ningxia, and Qinghai. The average TFEEE score
of Chinese transportation sector was 0.82, rising 0.09
compared with the result before the external environ-
mental adjustment. Relative to the original results,
TFEEE score increases in 26 provinces, and in 6 prov-
inces, it increases by more than 0.15, only a subtle
reduction in Henan.

In terms of Chinese geographical distribution, com-
pared with the original results, the TFEEE of the trans-
portation industry in some eastern provinces has been
greatly improved. Most of Eastern provinces have im-
proved their energy efficiency scores, and almost all are
above 0.8 expect Liaoning and Guangxi. Comparing
with the initial efficiency score before adjustment, we
find that most of the Eastern provinces such have sig-
nificantly reduced the amount of investment after the
adjustment, especially the two provinces (Shanghai and
Beijing) have an obvious decrease on the amount of
energy, capital, and labor input. Therefore, we compare
the urbanization rate of different provinces and find that
the urbanization rate of Eastern provinces is higher than
that of Central and Western provinces. We search for
information on urbanization level to find out the rela-
tionship between this indicator and the transportation
sector, and after that, we find that more urbanized prov-
inces face higher costs when building transportation
infrastructure and equipment. For example, provinces
with high urbanization may face high demolition costs

@ Springer

and many extra costs when building roads or railways
because the compensation standard of country and city
still has large difference.

Although the TFEEE of Central provinces has not
been greatly improved, in general, they have made some
small improvements. Moreover, none of Central prov-
inces has risen TFEEE of the transportation sector up to
1 after environmental adjustment, but many Central
provinces have significantly improved their TFEEE
scores such as Jilin and Hubei. In Western region,
Gansu, Xinjiang, and Yunnan provinces get obvious
increase, but the score of the latter one is still at a low
level. Different from the overall efficiency improvement
in Central region, there have been great fluctuations in
some Western provinces such as Gansu.

Regional environmental efficiency comparison

We plot the average TFEEE of China’s three regions
from 2005 to 2012 before and after the environmental
adjustment, as shown in Figs. 2 and 3. In Fig. 2, the
TFEEE of three regions in China has a significant low
period from 2006 to 2011. These results are consistent
with the policy guidance in the 11th five-year plan
(2006-2010) period that a series of new policies in the
transport sector are implemented to reverse the trend of
energy intensity increase (Zhou et al., 2014). Compared
Fig. 2 with Fig. 3, it is obvious that the TFEEE of the
three regions after adjustment has been significantly
improved compared with the original results, and the
plotline in Fig. 3 is flatter. The phenomenon that the
gaps between Eastern, Central, and Western have be-
come larger is worthy noticed. This reflects that, com-
pared with the Central and Western regions, the envi-
ronmental adjustment makes the TFEEE of Eastern
regions improved more. In addition, the rise in Central
and Western regions is similar in the two groups, indi-
cating that the external environment of Central and
Western regions is closer.

Then, we compare the energy efficiency of different
regions in Table 7 with original environmental energy
efficiency. Easy to see that the TFEEE of transportation
sector has been improved in all regions and still declines
from East to West. The transportation TFEEE rises from
0.808 to 0.886 in Eastern regions, 0.707 to 0.765 in
Central regions, and 0.659 to 0.799 in Western regions.
The dramatic increase in TFEEE in the Western region’s
transportation sector indicates that the external environ-
ment is significantly limiting the region’s transportation
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Table 6 TFEEE after adjustment

Region Province 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016
Beijing 1.00 0.72 0.63 053 057 070 090 073 090 090 1.00 1.00
Tianjin 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.99 1.00 095 1.00 1.00
Shanghai 1.00 1.00 095 087 062 079 091 1.00 1.00 1.00 1.00 0.85
East region  Liaoning 0.69 0.60 0.62 059 066 067 073 072 0.69 070 1.00 1.00
Hebei 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Shandong 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 087 082 094
Jiangsu 097 092 090 088 092 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Zhejiang 093 094 092 088 082 083 076 0.70 0.77 0.77 0.75 0.80
Fujian 1.00 1.00 1.00 099 092 093 0.87 086 0.78 0.81 0.89 097
Guangdong 1.00 0.82 0.78 0.68 070 0.72 0.77 0.86 0.77 1.00 1.00 1.00
Hainan 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 096 091 0.88
Guangxi 0.83 0.81 0.73 0.70 0.65 0.65 0.66 0.67 0.67 067 070 0.72
East average 095 090 0.88 084 082 08 088 0.88 088 089 092 093
Hunan 0.89 0.83 0.77 070 0.73 076 0.71 0.72 0.80 0.78 0.79 0.80
Hubei 0.66 0.61 059 058 059 067 066 068 0.60 0.61 062 0.61
Henan 099 083 091 095 087 077 074 078 0.76 090 0.81 0.85
Shanxi 0.86 0.86 0.85 0.73 0.67 071 068 0.69 0.76 0.77 083 0.87
Ceftral Anhui 098 0.87 0.89 091 082 083 082 078 0.72 070 0.69 0.68
een Jiangxi 0.86 0.77 0.82 085 0.79 079 079 0.88 095 085 085 0.84
Jilin 078 0.73 0.74 0.72 072 071 0.70 0.66 0.71 0.66 0.65 0.66
Heilongjiang 0.81 0.71 0.73 0.78 0.72 071 062 0.72 0.77 0.74 0.67 0.67
Inner Mongolia | 0.72 0.77 0.77 0.79 0.85 0.82 0.80 0.80 0.84 085 0.80 0.86
Central Average | 0.84 0.78 0.78 0.78 0.75 0.75 0.72 0.74 0.77 0.76 0.75 0.76
Shaanxi 073 0.69 0.67 0.65 0.64 063 063 067 0.64 0.65 059 0.61
Gansu 1.00 1.00 1.00 1.00 1.00 1.00 1.00 092 0.79 0.66 0.65 0.65
Qinghai 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Ningxia 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
we'St Xinjiang 0.77 0.84 0.84 0.79 073 070 0.68 0.72 0.73 0.69 0.64 0.77
eeen Sichuan 0.89 0.80 0.75 0.66 058 059 060 0.60 0.52 055 059 0.60
Chongging 0.78 0.77 0.78 0.80 0.81 0.79 0.78 0.79 0.60 0.61 0.62 0.64
Yunnan 0.64 0.62 0.64 0.64 058 060 061 0.64 059 058 058 0.58
Guizhou 1.00 0.88 0.84 0.77 090 0.88 091 097 094 098 1.00 1.00
West average 0.87 0.84 0.84 081 081 080 0.80 0.81 0.76 0.75 074 0.76

sector. After elimination of environmental factors, the
transportation industry in the Central region has the least
increase in TFEEE, indicating that the internal operation

and development level of the transportation industry in
this region differs significantly from that of other re-
gions, which is an important constraint for TFEEE
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Table 7 Adjusted average TFEEE of three regions

Region Provinces Average energy
efficiency
Eastern region Beijing, Tianjin, Shanghai, Liaoning Hebei, Shandong, Jiangsu, Zhejiang Fujian, 0.886
Guangdong, Hainan, Guangxi
Central region Hunan, Hubei, Henan, Shanxi, Anhui, Jiangxi, Jilin, Heilongjiang Inner Mongolia 0.765
Western region Shaanxi, Gansu, Qinghai, Ningxia Xinjiang, Sichuan, Chongqing, Yunnan, Guizhou 0.799

increase. The external environment in the Eastern re-
gions is favorable, but factor costs are an important
constraint to TFEEE in the transportation industry, and
TFEEE can be greatly improved by removing environ-
mental impacts. The above analysis shows that the
Western region has the greatest potential for TFEEE
improvement.

Conclusion and policy implication

This paper combines NDDF model and four-stage
DEA model, evaluating the TFEEE of 30 provinces
in China from 2005 to 2016. Based on the non-
radial method, this paper adjusts the inputs and
unexpected output using tobit regression analysis
of inputs and output slack by external environmental
factor. Making deeper analysis of these external
environmental factors and empirical results, the fol-
lowing conclusions are drawn: (1) the overall rank-
ing of transportation energy efficiency remains un-
changed before and after the adjustment of external
environmental factors, with Eastern region being the
highest, followed by Central region and Western
region being the lowest. However, the energy effi-
ciency of transportation sector in Western region
increases more than that in Eastern and Central
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Fig. 2 The original transportation TFEEE of three areas in China
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regions after the adjustment of external environmen-
tal factors, which is a significant limit for TFEEE
improvement in Western region’s transportation sec-
tor. (2) The external environment has a certain im-
pact on TFEEE, and when the external environment
becomes relatively equitable, TFEEE will increase
in all regions. Hence, the adjustment of the external
environment enables all provinces to show their
potential for efficiency improvement. (3) Some en-
vironmental factors, such as the level of urbaniza-
tion, have inverse impacts on the TFEEE of the
transportation sector. Since these seemingly good
economic conditions may bring high compensation
for demolition and large labor costs.

According to the above conclusion, two policy im-
plications are provided for Chinese transport develop-
ment: (1) reducing regional imbalances in TFEEE of the
transportation sector. Besides promoting energy con-
sumption and greenhouse gas emission reduction in all
regions, the government should also take measures to
promote technological innovation in Central and West-
ern regions, so that the efficiency of these two regions
will be improved. (2) Second is relatively improving the
external environment of transportation sector in Eastern
region. Some economic and environmental factors have
led to higher transportation costs in Eastern region.
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However, since these indicators are not easy to adjust,
adjusting the compensation scheme for demolition is
probably an easier way to achieve.
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