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Abstract: In recent decades, efficiency and intensification have emerged as hot topics within urban
industrial land use (UILU) studies in China. However, the measurement and analysis of UILU
efficiency and intensification are not accurate and in-depth enough. The study of UILU efficiency loss
and intensification potential and their relationship is still lacking, and the application of parametric
methods with clearer causal mechanisms is insufficient. This paper argued that the intensification
potential of UILU could be defined as the amount of saved land or output growth resulting from
reduced efficiency loss of UILU. Accordingly, we constructed quantitative models for measuring and
evaluating the intensification potential of UILU, using the stochastic frontier analysis (SFA) method
to calculate efficiency loss in three major urban agglomerations (38 cities) in China. Our results
revealed a large scale and an expanding trend in the efficiency loss and intensification potential of
UILU in three major urban agglomerations in China. From 2003 to 2016, the annual efficiency loss of
UILU was 31.56%, the annual land-saving potential was 979.98 km2, and the annual output growth
potential was 8775.23 billion Yuan (referring to the constant price for 2003). It is, therefore, imperative
to formulate and implement better policies and measures to promote further intensification and to
reduce inefficiency, especially in the Yangtze and Pearl River Deltas and prioritizing a few key cities,
such as Dongguan, Shenzhen, and Shanghai.

Keywords: efficiency loss; intensification potential; industrial land use; land-saving potential; output
growth potential; stochastic frontier analysis (SFA)

1. Introduction

Rapid industrialization has been underway in China over the last four decades since the initiation
of the reform and opening process in 1978. Driven by a globalization agenda after joining the World
Trade Organization (WTO) at the end of 2001, China quickly emerged as a global manufacturing
power and “world factory.” As a basic factor in production, the land has vitally contributed to China’s
industrial growth and its rapid industrialization process. However, incrementally planned growth
that requires a continuous supply of industrial land is not sustainable [1]. Serious and longstanding
issues in China relating to industrial land include low land prices, excess land supply, the high area
proportion, extensive use of land, inefficient land use, lax environmental controls, and the race to
the bottom between cities [2–6]. This further has caused or aggravated the problems of repeated
industrial construction, high industrial similarity, shortage of commercial and residential land, rapid
urban sprawl, excessive occupation of cultivated land, large energy consumption, and worsening
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environmental pollution [6–10]. To some extent, the sustainable development of the whole economy
and society in cities has been threatened. At heart is inefficient and extensive utilization of industrial
land, while others are its causes or consequences. Accordingly, improving efficiency and promoting
intensification of industrial land use are regarded as important goals and tasks by governments in China.
To this end, many policies and measures have been taken, such as the lowest transfer price standard, the
market-oriented transfer system (the system of bidding, auction, and listing), the investment intensity
control indicator, the intensive utilization evaluation in development zones, disposal of idle land, and
redevelopment of inefficient land.

These situations have attracted the continuous attention of scholars. In this context, efficiency
and intensification have emerged as key issues in the study of urban industrial land use (UILU) in
China in recent decades. Different methods have been used to measure and analyze the efficiency of
UILU, such as indicator systems [11,12], data envelope analysis (DEA) [4,13–15], and the directional
distance function model [16,17]. Many researchers have also attempted to measure and evaluate the
intensification of UILU, mainly using comprehensive indicator systems [18–22]. As a result, many
proposals to improve efficiency and promote intensification have been made. Heated debates about
the efficiency and intensification of UILU in China have even transcended its borders, attracting
international scholarly attention. However, the existing research has some shortcomings, and the
measurement and analysis of UILU efficiency and intensification are not accurate and in-depth enough.
On the one hand, although some scholars have directly or indirectly pointed out that the efficiency and
intensification of UILU are closely inter-related in concept and practice [13,14,23,24], existing studies
have treated them as relatively discrete. Consequently, theoretical explanation and empirical research
on their inter-relationship remain a gap in the literature. On the other hand, too much attention has
been paid to efficiency levels and intensification degrees of UILU, while not enough attention has
been paid to efficiency losses and intensification potentials of UILU. But the latter has more guiding
significance to the formulation and implementation of policies and measures. Moreover, research on
UILU intensification and efficiency has been restricted to non-parametric methods in which causal
mechanisms are unclear, such as indicator systems and DEA, so that the improvement of research
accuracy and depth is hindered and could, therefore, be further developed.

Some researchers have suggested that efficiency loss relating to land use results in excessive inputs
of land or insufficient outputs on land, which implies that there is potential for land saving or output
growth [16,24]. Parametric methods, such as stochastic frontier analysis (SFA), have been increasingly
used in analyses of land use efficiency because they reflect variations in time trends and enable the
exclusion of noise error [24–26]. Drawing on these studies, we conceptualized and operationalized the
close relationship existing between the efficiency loss and intensification potential of UILU. Further,
we applied SFA, a parametric method with a clearer causal mechanism, to construct models and
conducted empirical research, focusing on three major representative urban agglomerations in China.
Our findings are expected to contribute to enhancing theoretical exchanges between researchers
working on UILU efficiency and intensification and to assess the effectiveness of existing policies and
measures to improve UILU efficiency and promote its intensification. So that our study could provide
a scientific basis for the better formulation and implementation of policies and measures about UILU
efficiency and intensification in the future.

2. Research Methodology

This paper calculated and analyzed the efficiency loss and intensification potential of UILU
to provide guidance for improving UILU efficiency and promoting its intensification. It should
be emphasized that UILU efficiency and intensification are the opposite of UILU inefficiency and
extensification, respectively. The inefficient and extensive way of industrial development in the past in
China created the "success" story of the Chinese industry while consuming a large amount of resources
and energy, emitting a lot of pollution, and had a great negative impact on the environment. This is why
we emphasized on UILU efficiency and intensification, which is a better way of industrial development
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with less resource and energy consumption, less pollution emissions, and lower environmental impact.
We believed that improving UILU efficiency and promoting its intensification would contribute a lot to
sustainable development, and this requires first knowing where the efficiency losses and intensification
potential of UILU are and how much.

2.1. Model of Efficiency Loss

Efficiency refers to the maximization of outputs in relation to a given input or to the minimization
of inputs in relation to a given output [27,28] and is expressed as a ratio of outputs and inputs [29].
Efficiency loss refers to the difference between actual and ideal efficiency and is calculated by subtracting
the actual efficiency from the ideal efficiency [24]. SFA is a scientific method used to measure relative
efficiency and efficiency loss. In SFA analysis, the efficiency of frontier production, established using
the parametric method (stochastic frontier production function), is defined as the ideal efficiency (equal
to 1). The efficiency of actual production (located in the range of 0 and 1) is determined by comparing
the actual output with the frontier output under the same inputs [30,31]. Assuming that each city is a
productive decision-making unit, the SFA model of urban industrial production is expressed as follows:

yit = f (Xit, β)exp(υit − µit) (1)

µit = µiexp(−ηt) (2)

The parameters in Equation (1) are as follows: input factors X, urban units i, time t, unknown
parameters to be estimated β, random or noise error υ, and non-negative items, representing technical
inefficiency µ. The frontier production function with ideal efficiency is denoted by f (Xit, β). The
random or noise error items υit are independent variables from the same standard normal distribution,
i.e., υit ∼ iidN

(
0, σ2

υ

)
. The technical inefficiency items µit are independent variables from the same

semi-standard normal distribution, i.e., µit ∼ iidN+
(
0, σ2

µ

)
. Equation (2) expresses a commonly used

efficiency loss index model, incorporating temporal variations, in which η denotes the influence of the
time trend on efficiency loss, and t denotes a year minus year0 (a selected base period). η > 0 denotes a
decrease in the efficiency loss, whereas η < 0 denotes the reverse situation.

Technical efficiency TEit denotes the actual efficiency of an urban area i at a certain time t. It is the
ratio of actual output to maximum output at given inputs, as shown in Equation (3). The corresponding
efficiency loss TELit is calculated as the ideal efficiency (a value of 1) minus the actual efficiency TEit,
as shown in Equation (4).

TEit =
exp[yit

∣∣∣µit, xit]

exp[yit
∣∣∣µit = 0, xit]

= E[exp(−µit)
∣∣∣(υit − µit)] = exp(−µit) (3)

TELit = 1− TEit = 1− exp(−µit) (4)

In light of our review of previous studies, we selected the trans-log production function as the
basic expression of the frontier production function f (Xit, β). As a second-order approximation of a
general function, the trans-log production function has a flexible form without too many assumptions.
It has several advantages relative to other production functions like Cobb-Douglas (C-D) and constant
elasticity of substitution (CES). For example, it can be used to examine interactions between input
factors. Accordingly, we replaced Equation (1) by Equation (5):

ln(yit) = ln[ f (Xit, β)] + (υit − µit)

= β0 +
N∑

n=1
βnlnxnit +

1
2

N∑
n=1

N∑
m=1

βnmlnxnitlnxmit

+
N∑

n=1
βnttlnxnit + βtt + 1

2βttt2 + υit − µit

(5)
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We incorporated labor, capital, land, electricity, and water as the UILU input factors in Equation (5).
Of the input factors required for industrial production, labor and capital are among the most important.
The land is an indispensable spatial carrier for production, electricity is the most widely used form
of energy, and water is also an important resource. Because the role of land as a spatial carrier in
production differs significantly from that of other production factors, we deemed that it should not be
juxtaposed with other production factors. Instead, we incorporated it into the production function as
the denominator of each input and output [25]. Therefore, industrial land productivity (calculated as
the industrial output divided by industrial land, that is, Pul = yit/ilit) was considered as the output
variable in this study. The labor input per area of industrial land (lit/ilit), the capital input per area of
industrial land (kit/ilit), the electricity input per area of industrial land (eit/ilit), and the water input
per area of industrial land (wit/ilit) were considered as input variables that were used to construct the
UILU function.

Further, because technological changes can lead to changes in industrial land use in the same
city over time, we used the variable of time to reflect and measure differences in industrial land use
caused by technological changes, as shown in Equation (4). Positing that there could be significant
differences among the three urban agglomerations, we used dummy variables to represent and reflect
differences among the urban agglomerations. Adhering to the requirement that k− 1 dummy variables
should be introduced for nominal variables containing k categories [32], we used dummy variables d1

and d2 to represent the Beijing-Tianjin-Hebei urban agglomeration and the Yangtze River Delta urban
agglomeration, respectively. In our model, if a city was located within the urban agglomeration, it
was assigned a value of 1; otherwise, it was assigned a value of 0. The specific UILU function was
constructed, as shown in Equation (6). Independent variables comprised one intercept item, four input
items, one-time item, 14 interaction items (including five self-interaction quadratic items), two dummy
items, one efficiency loss item, and one noise error item.

ln
yit

ilit
= β0 + β1ln

lit
ilit

+ β2ln
kit
ilit

+ β3ln
eit
ilit

+ β4ln
wit
ilit

+ βtt

+
1
2
β11

(
ln

lit
ilit

)2

+
1
2
β22

(
ln

kit
ilit

)2

+
1
2
β33

(
ln

eit
ilit

)2

+
1
2
β44

(
ln

wit
ilit

)2

+
1
2
βtt(lnt)2

+β12ln
lit
ilit

ln
kit
ilit

+ β13ln
lit
ilit

ln
eit
ilit

+ β14ln
lit
ilit

ln
wit
ilit

+ β23ln
kit
ilit

ln
eit
ilit

+ β24ln
kit
ilit

ln
wit
ilit

+β34ln
eit
ilit

ln
wit
ilit

+ β1ttln
lit
ilit

+ β2ttln
kit
ilit

+ β3ttln
eit
ilit

+ β4ttln
wit
ilit

+βd1d1 + βd2d2 + υit − µit

(6)

2.2. Model of Intensification Potential

As previously noted, intensification and efficiency are closely related concepts. Intensification is a
mode of production that entails increasing efficiency (factor productivity) rather than inputs [33–36].
Land-use intensification entails increasing outputs by increasing land productivity [37,38]. Therefore,
intensification of land use essentially corresponds to an increase in efficiency or a reduction in efficiency
loss. Accordingly, an increase (or decrease) in the efficiency loss corresponds to an increase (or decrease)
in intensification potential.

There are two different expressions of land-use intensification potential, namely land-saving
potential and output growth potential. In practice, loss of land use efficiency means that land inputs
are excessive or land outputs are insufficient. Accordingly, the intensification potential of UILU can
be defined as the amount of saved land or the output growth that may be obtained by reducing the
efficiency loss of UILU. In light of measurements of the efficiency loss, as noted above, we constructed
the following model for assessing the land-saving potential LSP and output growth potential OGP
of UILIU:

LSPit = ilitTELit (7)
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OGPit =
yit

1− TELit
− yit (8)

It should be noted that the land-saving potential and output growth potential, respectively, reflect
the intensification potential of UILU from two different perspectives, namely input minimization
and output maximization that are reciprocally related. Although they can coexist, their complete
measurements cannot be simultaneously obtained.

3. Study Area and Data

3.1. Study Area

The Beijing-Tianjin-Hebei region, along with the Yangtze River and Pearl River Deltas, are the
three largest and most developed urban agglomerations in China. They evidence the highest levels
of industrialization and urbanization in the country. Statistical data obtained for the three urban
agglomerations in 2016 indicated that while their total land area accounted for just 4.00% of the total
area of China, their populations, GDPs, and industrial added values, respectively, accounted for 20.46%,
35.99%, and 39.74% of those of the country as a whole. Furthermore, their population density was
5.12 times above the national average, and the urbanization rate was 15% higher than the national
average (see Table 1). We selected these three urban agglomerations as the study area because of their
representativeness on UILU in China. Specifically, we investigated 38 municipal city districts located
within these agglomerations over a period of 14 years from 2003 to 2016. Beijing-Tianjin-Hebei comprises
13 cities: Beijing and Tianjin, along with 11 cities within Hebei Province (Handan, Xingtai, Shijiazhuang,
Tangshan, Qinhuangdao, Baoding, Zhangjiakou, Chengde, Cangzhou, Langfang, and Hengshui).
The Yangtze River Delta comprises 16 cities: Shanghai along with eight cities in Jiangsu Province
(Nanjing, Wuxi, Changzhou, Suzhou, Nantong, Yangzhou, Zhenjiang, Yangzhou, and Taizhou), and
seven cities in Zhejiang Province (Hangzhou, Ningbo, Jiaxing, Huzhou, Shaoxing, Zhoushan, and
Taizhou). The Pearl River Delta comprises nine cities in Guangdong Province (Guangzhou, Shenzhen,
Zhuhai, Foshan, Jiangmen, Zhaoqing, Huizhou, Dongguan, and Zhongshan). For the sake of clarity,
Taizhou in Zhejiang Province and Taizhou in Jiangsu Province were, respectively, labeled as Taizhou-a
and Taizhou-b.

Table 1. Statistical data for the three major urban agglomerations in China in 2016.

Region Land Area (in
10,000 km2)

Population
(in 10,000s)

Population
Density

(people/km2)

Urbanization
Rate (%)

GDP
(108 Yuan)

Industrial
Added Value

(108 Yuan)

Nationwide 960 138,271 144 57.35 744,127.20 247,860.10

Beijing-Tianjin-Hebei
Number 21.60 11,205.07 519 63.88 75,624.94 24,219.29

Proportion
(%) 2.25 8.10 10.16 9.77

The Yangtze River Delta
Number 11.30 11,085.02 981 74.15 124,369.43 46,734.02

Proportion
(%) 1.18 8.02 16.71 18.85

The Pearl River Delta
Number 5.48 5998.49 1095 84.85 67,841.85 26,870.03

Proportion
(%) 0.57 4.34 9.12 10.84

Total
Number 38.37 28,288.58 737 72.35 267,836.22 97,823.34

Proportion
(%) 4 20.46 35.99 39.47
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3.2. Data

The dataset was mainly derived from the “China Urban Construction Statistical Yearbook”
(2003–2016) and the “China City Statistical Yearbook” (2004–2017). Among them, the “China
Urban Construction Statistical Yearbook” is compiled by the Ministry of Housing and Urban-Rural
Development based on statistical data on urban construction, which is submitted by provincial
construction authorities and covers the urban area of cities. The “China City Statistical Yearbook”,
compiled by the Urban Socio-Economic Survey Division of the National Bureau of Statistics, is an
informative publication that comprehensively reflects the social and economic development of cities in
China. Both are annually published by China Statistics Press, and both have electronic data available
for download from related websites (For example, http://www.tjcn.org/).

The industrial output value, industrial employees, industrial assets (comprising current and
fixed assets) balance, industrial land area, industrial electricity consumption, and industrial water
consumption for each year within the period 2003–2016, respectively, represented the output, labor
input, capital input, land input, electricity input, and water input for the current urban industrial
production. The industrial output and employees were replaced by statistics obtained for industrial
enterprises above the designated size because of the non-availability of accurate statistical data on
all industrial enterprises. Moreover, we used water usage statistics on production and operations
because of the lack of direct statistics on industrial water usage. Average annual data on the industrial
employees and assets were used in the study. In addition, to eliminate the effect of price changes,
the industrial output value and assets balance were treated and fixed into the 2003 constant price,
respectively, with the provincial industrial producer and input price index. Table 2 presents descriptive
statistics for each variable for the period 2003–2016.

http://www.tjcn.org/
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Table 2. Descriptive information of urban industrial land use (UILU) in the study area during 2003–2016.

Statistic
Industrial Land

Area (km2)

Industrial Output Value
(10 billion Yuan)

Industrial Assets Balance
(10 billion Yuan)

Industrial
Employees
(in 10,000s)

Industrial Electricity
Consumption

(108 kw/h)

Industrial Water
Consumption

(106/m3)Current Price Constant Price Current Price Constant Price

Average 78.40 47.07 42.80 12.78 8.95 60.57 147.95 153.23
Standard Error 5.20 2.72 2.60 0.73 0.51 3.23 7.03 8.73

Median 32.76 18.37 16.69 5.56 4.05 27.14 72.91 68.38
Standard Deviation 119.88 62.73 59.96 16.94 11.87 74.59 162.10 201.28

Kurtosis 11.99 5.05 6.12 6.31 7.00 3.82 3.01 7.84
Skewness 3.19 2.21 2.39 2.45 2.52 1.99 1.74 2.54
Minimum 2.07 0.80 0.80 0.32 0.18 2.12 3.59 2.24
Maximum 744.60 320.14 316.81 91.92 69.13 376.18 805.76 1267.66

Confidence (95%) 10.21 5.34 5.11 1.44 1.01 6.35 13.81 17.14
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4. Results and Analysis

4.1. Model Estimations and Validation

The assumption that technology changes and variable interactions occur (Equation (5)) required
validation. Accordingly, in model 1, we assumed that there were no technical changes and variable
interactions, that is, all coefficient terms, except β0, β1, β2, β3, β4, βd1, and βd2, had a value of zero. In
model 2, we assumed that there were technical changes but no variable interactions, that is, all
coefficient terms, except β0, β1, β2, β3, β4, βt, βd1, and βd2, had a value of zero. In model 3, we posited
that there were variable interactions but no technical changes. Accordingly, the coefficients of all the
time-dependent terms had a value of zero (βt = β1t = β2t = β3t = β4t = βtt = 0). In model 4, we
assumed that variable interactions and technical changes both occurred; that is, none of the coefficients
had a value of zero.

FRONTIER 4.1, a public access program written by Tim Coelli for estimating stochastic frontier
models (See the website http://www.uq.edu.au/economics/cepa/frontier.htm), was used to estimate
and validate the four models. We initially selected model 4 because its results were superior to those
obtained for the other three models. However, there were one input item, eight interaction items,
and one dummy item in model 4 not statistically significant, indicating that model 4 required further
adjustment. Specifically, the eight interaction items and one dummy item in model 4 were not only
statistically insignificant but also not significant in an economic sense, indicated by the values of the
coefficients, which all did not exceed 0.10. Consequently, their deletion made the model more accurate
and concise. However, although the water input item was not significant, the interaction items between
the water input and the labor and capital inputs were statistically significant in model 4. In such a
situation where the interaction items are significant, but the low-order item (water input) is not, the
latter should be retained in the model [27]. Therefore, in model 5, we assumed that the values of
the coefficients of the above eight non-significant interaction items and one dummy item in model 4
were all zero, that is, β33 = β44 = β12 = β23 = β34 = β1t = β3t = β4t = βd2 = 0. The results of the
estimation and validation of model 5, using FRONTIER 4.1 software, indicated that all of the items
except water input were statistically significant. Accordingly, we selected model 5 as the final model.
Table 3 presents the results of the estimation and validation conducted for each model.

Table 3. Results of estimations using different stochastic frontier production models.

Parameters Model 1 Model 2 Model 3 Model 4 Model 5

β0 0.7130 *** −0.0004 2.6864 *** −2.3944 *** −2.4713(−3.9809) ***
β1 0.2710 *** 0.2486 *** 0.5591 ** 1.3403 *** 1.2392(5.7556) ***
β2 0.6548 *** 0.6477 *** 0.1319 −0.9629 *** −0.7053(−3.2617) ***
β3 0.1155 *** 0.0906 *** 0.3299 0.9786 *** 0.9227(6.6637) ***
β4 −0.0716 ** −0.0246 −0.9607 *** −0.0927 −0.0170(−0.1430)
βt 0.0780*** 0.1975 *** 0.1777(10.4372) ***
β11 0.3535 *** 0.2521 *** 0.1445(2.9507) ***
β22 0.4435 *** 0.3211 ** 0.2245(3.1770) *
β33 0.0683 0.0082
β44 0.2533 *** 0.0636
βtt −0.0059 *** −0.0056(−4.8972) ***
β12 −0.0994 −0.1000
β13 −0.1043 * −0.1711 *** −0.1985(−6.1097) ***
β14 −0.1554 *** −0.1390 *** −0.0806(−2.4103) ***
β23 −0.1255 * −0.0066
β24 −0.0033 0.2005 *** 0.1186(3.3217) ***
β34 0.0507 −0.0396
β1t 0.0076
β2t −0.0250 * −0.0172(−3.0789) ***
β3t 0.0032
β4t −0.0078

http://www.uq.edu.au/economics/cepa/frontier.htm
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Table 3. Cont.

Parameters Model 1 Model 2 Model 3 Model 4 Model 5

βd1 −0.1853 *** −0.2251 *** −0.1357 ** −0.1829 *** −0.2532(−5.7133) ***
βd2 0.0071 0.0417 0.1070 ** 0.0584
σ2 0.0413 *** 0.0800 ** 0.0377 *** 0.0765 *** 0.0819(8.9905) ***
γ 0.3452 *** 0.6791 *** 0.3988 *** 0.7828 *** 0.7990(24.6018) ***
µ 0.2388 *** 0.4662 *** 0.2452 *** 0.4893 *** 0.5115(8.0532) ***
η 0.0767 *** −0.1382 *** 0.0917 *** −0.0496 *** −0.0529(−5.2929) ***

Log Likelihood Function 130.7573 182.2384 165.2274 271.5682 267.5424
Likelihood Ratio Test of

the One-Sided Error 200.8346 *** 250.7603 *** 237.9046 *** 342.1148 *** 350.1584 ***

Note: See Equation (6) for the variables corresponding to each parameter. ***, **, and * indicate statistical significance
at 0.01, 0.05, and 0.10, respectively. The values in parentheses denote t-test statistics.

The variance parameters, σ2 and γ, depicted in Table 2, were constructed to facilitate the estimation
(see Equation (9)). The variance sum of efficiency loss and noise error was denoted by σ2, while γ
denoted the variance proportion of efficiency loss in relation to the total variance and reflected the
degree to which the efficiency loss term could account for the total disturbance.

σ2 = σ2
υ + σ2

µ (9)

γ = σ2
µ/σ2 (10)

According to the results obtained for model 5, γ = 0.7990, indicating that up to 79.90% of the total
disturbance could be explained by the efficiency loss term µit, while only 20.10% could be explained
by the noise error term υit. With reference to Equation (6) and the results of model 5, we expressed
the empirical UILU function of the three major urban agglomerations in China in trans-log form, as
shown in Equation (11). The coefficients of the dummy variable d1 in Equation (11), representing
Beijing-Tianjin-Hebei, were statistically as well as economically significant, indicating that the UILU
frontier of the Beijing-Tianjin-Hebei agglomeration differed significantly from those of the Yangtze and
Pearl River Delta agglomerations.

ln
(

yit

ilit

)
= −2.4713 + 1.2392ln

lit
ilit
− 0.7053ln

kit
ilit

+ 0.9227ln
eit
ilit
− 0.0170ln

wit
ilit

+0.1777t + 0.0723
(
ln

lit
ilit

)2

+ 0.1123
(
ln

kit
ilit

)2

− 0.0028(lnt)2
− 0.1985ln

lit
ilit

ln
eit
ilit

−0.0806ln
lit
ilit

ln
wit
ilit

+ 0.1186ln
kit
ilit

ln
wit
ilit
− 0.0172tln

kit
ilit
− 0.2532d1 + υit − µit

(11)

4.2. Efficiency Loss Analysis

Figure 1 depicts changes in the efficiency loss of UILU in three major urban agglomerations in
China. As depicted in Figure 1a, the efficiency loss of UILU in these agglomerations (calculated as
the weighted average of the efficiency loss of each city within the agglomeration, considering the
proportions of industrial land area as the weights) was increasing annually. The overall efficiency loss
of the three urban agglomerations increased from 22.48% in 2003 to 40.38% in 2016, with an average
annual loss of 31.56% and a net increase of 17.90%. The efficiency loss of the Beijing-Tianjin-Hebei
region, the Yangtze River Delta, and the Pearl River Delta increased from 13.10%, 22.36%, and 31.58%,
respectively, in 2003 to 18.87%, 30.56%, and 43.26%, respectively, in 2016. The average annual losses for
these regions were 15.63%, 30.56%, and 43.26%, respectively, entailing net increases of 5.77%, 17.60%,
and 23.51%. Gaps in the efficiency loss of UILU among the three urban agglomerations gradually
expanded. For example, the difference between the Beijing-Tianjin-Hebei region (with the lowest loss)
and the Pearl River Delta (with the highest loss) rose from 18.48% in 2003 to 36.22% in 2016. On the
whole, the situation regarding UILU efficiency in China is not favorable and is getting progressively
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worse, which contradicts the result that in China, UILU efficiency is improving [4,5,14], and supports
the view that UILU efficiency is decreasing [39]. Consequently, considerable attention should be
devoted to resolving this issue, entailing the introduction of much more stringent policies and measures
to reduce efficiency losses.
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Figure 1b–d shows that the patterns of efficiency loss of UILU among cities within the three urban
agglomerations remained relatively fixed and highly consistent. Tianjin, Beijing, and Cangzhou were
associated with the lowest losses of UILU efficiency that were considerably lower than those of the
11 other cities in the Beijing-Tianjin-Hebei region. In the Yangtze River Delta, Taizhou in Jiangsu
Province (Tangzhou-b) evidenced the lowest UILU efficiency loss, while Taizhou in Zhejiang Province
(Taizhou-a) and Jiaxing evidenced the highest losses. Lastly, in the Pearl River Delta, Foshan and
Dongguan consistently demonstrated the lowest and highest UILU efficiency losses, respectively.
Among all 38 cities in all three agglomerations, the gap between the city with the lowest efficiency loss
(Tianjin) and the city with the highest efficiency loss (Dongguan) evidenced a steady annual increase
from 42.35% in 2003 to 64.33% in 2016. These results refuted the result that the UILU efficiency gap
between cities in China is shrinking [40] and confirmed the view that it is widening [39]. Therefore,
we could infer that the detrimental presence of path dependence and the Matthew effect relating to
UILU efficiency in China have not been effectively resolved and overcome through existing policies
and measures.

The 38 cities located within the three major urban agglomerations in China can be categorized
within six grades, based on their average annual efficiency loss of UILU, evidencing an absolute
difference of 10%. As Figure 2 shows, Beijing, Tianjin, Cangzhou, and Taizhou-b are grade-one cities,
and Foshan is a grade-two city. Hengshui, Shanghai, Nanjing, Yangzhou, and Zhenjiang belong to grade
three, and Taizhou-a and Dongguan belong to grade six. The remaining 26 cities are either grade-four
cities (15) or grade-five cities (11). The figure shows a discernable spatial agglomeration pattern for the
efficiency loss of UILU in China. For example, Beijing, Tianjin, and Cangzhou constitute a regional
cluster of grade-one cities, and Yangzhou, Zhenjiang, and Nanjing make up a second regional cluster of
grade-three cities. Two regional clusters of grade-4 cities are evident. The first comprises Changzhou,
Wuxi, Huzhou, and Hangzhou, and the second comprises Jiangmen, Zhongshan, Guangzhou, and
Huizhou. There are also two regional clusters of grade-five cities: Shijiazhuang, Xingtai, and Handan
and Suzhou, Jiaxing, and Shaoxing. These findings suggested the need to strengthen cooperation
and collaboration regarding the control and management of UILU among cities within the same or
different clusters.
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4.3. An analysis of Land-Saving Potential

Figure 3 depicts changes in the land-saving potential of UILU in China. As shown in Figure 3a,
the land-saving potential of the three major urban agglomerations, considered collectively, gradually
expanded from 445.88 km2 in 2003 to 1343.16 km2 in 2016, evidencing an average annual scale
of 979.98 km2 and a net growth of 897.28 km2. However, the growth process of the individual
urban agglomerations differed. Whereas the land-saving potential of the Beijing-Tianjin-Hebei region
increased from 63.01 km2 in 2003 to 134.88 km2 in 2016, the growth rate was slow, and there was a
slight decline in 2012. The land-saving potential of the Yangtze River Delta increased from 222.24 km2

in 2003 to 634.93 km2 in 2015 but then declined to 608.74 km2 in 2016. Finally, the land-saving
potential of the Pearl River Delta increased continuously from 160.63 km2 in 2003 to 599.54 km2 in 2016,
evidencing a trend of initial fast-paced growth that subsequently slowed down and then returned to
a fast pace. The Beijing-Tianjin-Hebei region showed the lowest land-saving potential of the three
urban agglomerations, with an average annual scale of 99.60 km2 (10.16% of the average annual
land-saving potential of all three agglomerations). The Yangtze River Delta demonstrated the highest
land-saving potential at an average annual increase of 445.57 km2 (45.47% of the total average annual
scale). These figures indicated that China could save large amounts of urban industrial land through
intensive exploitation, especially in the Yangtze and Pearl River Deltas. These results supported the
conclusions of existing researches that for industrial land in China, there is a lot of redundancy [4,41],
and the saving potential was rising [16]. On the whole, our findings revealed that existing policies
and measures for managing the process of intensifying UILU in China are inadequate and require
further strengthening.
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Figure 3. Industrial land-saving potential in three major urban agglomerations in China. Notes: (a)
depicts the annual industrial land-saving potential of the urban agglomeration as a whole, while (b–d)
respectively depict the industrial land-saving potential of each city within each of the three urban
agglomerations in 2016.

As could be seen from Figure 3b–d, the industrial land-saving potential of different cities varied
significantly. For example, in 2016, the industrial land-saving potentials of Dongguan, Shanghai, and
Shenzhen were all above 145 km2, far exceeding those of other cities. The total land saving of these
top three cities amounted to 594.43 km2, accounting for 44.26% of the total land saving 1343.16 km2.
Guangzhou, Suzhou, Ningbo, Nanjing, Zhuhai, and Hangzhou also evidenced considerable industrial
land-saving potential, with areas ranging between 40 km2 and 75 km2 and collectively amounting
to 242.34 km2 or 24.85% of the total area. Wuxi, Changzhou, Shaoxing, Huizhou, Nantong, Baoding,
and Taizhou evidenced moderate land-saving potentials, which ranged between 20 km2 and 40 km2

and collectively amounting to 171.30 km2 or 12.75% of the total area. These results highlighted the
importance of introducing differentiated management measures to promote the intensification of
UILU. Moreover, they indicated an urgent need for selected cities, such as Dongguan, Shanghai, and
Shenzhen, to take the lead in introducing intensive exploitation of industrial land.

Figure 4, depicting the industrial land-saving potential in the top nine cities, revealed an increasing
trend. Although there was a temporary decline in the industrial land-saving potential in some years,
none of the declines had been sustained. The industrial land-saving potential of Shanghai and Shenzhen
evidently decreased in 2016, and it remains to be seen whether this declining trend would continue.
The industrial land-saving potential of Zhuhai, Guangzhou, and Ningbo decreased in certain years, but
the decreasing trend all did not last. These results indicated that the situation regarding the intensive
use of industrial land is unsatisfactory and has not been reversed.
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4.4. An Analysis of Output Growth Potential

Figure 5 shows changes in the output growth potential of UILU in China (at the constant price in
2003) during the period 2003–2016. Figure 5a revealed that the industrial output growth potential of
the three major urban agglomerations in China continued to expand, rising from 1647.13 billion Yuan
in 2003 to 20,459.15 billion Yuan in 2016, with an average annual growth of 8775.23 billion Yuan and a
net expansion of 18,812.01 billion Yuan. The pace of increase in the output growth potential of the
Beijing-Tianjin-Hebei urban agglomeration was considerably slower than that of the Yangtze River
Delta, which was slightly slower than that of the Pearl River Delta. Specifically, the industrial output
growth potentials of the Beijing-Tianjin-Hebei region, the Yangtze River Delta, and the Pearl River
Delta, respectively, increased from 143.66 billion Yuan, 773.52 billion Yuan, and 729.96 billion Yuan in
2003 to 1824.79 billion Yuan, 8469.33 billion Yuan, and 10,165.02 billion Yuan in 2016. These figures
indicated that intensive use of industrial land could result in a significant increase in industrial outputs,
particularly in the Yangtze and Pearl River Deltas. They confirmed the necessity of promoting further
intensive economic growth and reducing the consumption of land resources.
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Figure 5. The output growth potential of the three major urban agglomerations in China. Notes: (a)
depicts the annual industrial output growth potential of the urban agglomeration as a whole, while
(b–d) respectively depict the industrial output growth potential of each city within each of the three
urban agglomerations in 2016.
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Figure 5b–d revealed that cities within the three urban agglomerations evidenced significant
differences in their industrial output growth potentials. For example, in 2016, the two top-ranked cities
were Dongguan and Shenzhen, whose industrial output growth potentials both exceeded 3000 billion
Yuan, collectively generating 6284.98 billion Yuan or 30.72% of the total amount of 20,459.15 billion Yuan.
The three cities of Shanghai, Guangzhou, and Suzhou ranked second, with industrial output growth
potentials ranging between 1000 and 2000 billion Yuan, collectively generating 4078.67 billion Yuan or
19.94% of the total amount. Next in rank were the cities of Hangzhou, Ningbo, Foshan, Changzhou,
Shaoxing, Zhongshan, Wuxi, Nanjing, and Zhuhai, all of which evidenced significant industrial output
growth potentials that ranged between 500 and 1000 billion Yuan, collectively generating 5917.93 billion
Yuan or 28.93% of the total amount. The industrial output growth potentials of the remaining 24 cities
were all lower than 500 billion Yuan, collectively generating 4177.56 billion Yuan or 20.42% of the total
sum. These figures suggested that a few key cities should be prioritized for tapping the potential for
intensive use of industrial land.

As shown in Figure 6, the industrial output growth potentials of the eight top-ranked cities
all evidenced a steady increase during the period 2003–2016. In particular, the industrial output
growth potentials of the two top cities (Shenzhen and Dongguan) showed an accelerated rising trend.
These findings further confirmed the urgent need to implement policies and measures to enhance the
intensification of UILU in China.
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5. Conclusions and Discussion

5.1. Conclusions

According to the inner conceptual connection existing between intensification potential and
efficiency loss of UILU, we constructed quantitative models for evaluating the intensification potential
(land saving and output growth) based on the application of the SFA method to calculate efficiency loss.
We subsequently conducted an empirical investigation to measure and analyze the efficiency loss and
intensification potential of UILU in 38 cities, constituting China’s three main urban agglomerations
during the period 2003–2016. The main conclusions of this study are presented below.

First, our theoretical and methodological proposal for calculating potential land savings or output
growth of UILU, defined in relation to efficiency loss, provided a solid basis for evaluating the
intensification potential of UILU. Notably, we demonstrated that applying the SFA method to evaluate
the intensification potential of UILU on the basis of measurements of the relative efficiency loss of
UILU was both scientifically grounded and feasible.
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Second, between 2003 and 2016, the efficiency loss of UILU in China’s three main urban
agglomerations showed a steady increase from 22.48% in 2003 to 40.38% in 2016, with a net increase of
17.90 percentage points. Gaps in the efficiency loss of UILU gradually widened. The gap between the
Beijing-Tianjin-Hebei urban agglomeration (demonstrating the lowest efficiency loss) and the Pearl
River Delta urban agglomeration (with the highest efficiency loss) expanded from 18.48 percentage
points in 2003 to 36.22 percentage points in 2016. Further, among the 38 cities, the gap between
Tianjin (with the lowest efficiency loss) and Dongguan (with the highest efficiency loss) expanded
from 42.35 percentage points in 2003 to 64.33 percentage points in 2016. Rankings of these cities in
terms of efficiency loss of UILU remained largely stable, presenting a relatively fixed pattern. Tianjin,
Taizhou-b (Taizhou in Jiangsu), Beijing, and Cangzhou were consistently ranked as the four cities with
the lowest efficiency losses, while Dongguan, Taizhou-a (Taizhou in Zhejiang), Xingtai, and Jiaxing
were consistently ranked as the four cities with the highest efficiency losses.

Third, during the period 2003–2016, the intensification potentials of UILU in the three major
urban agglomerations in China were very high and showed a continuously increasing trend. The total
industrial land-saving potential of all the 38 cities showed a trend of gradual expansion from 445.88 km2

in 2003 to 1343.16 km2 in 2016, with an average annual scale of 979.98 km2 and a net increase of
897.28 km2. The total industrial output growth potential of these cities also showed a trend of
continuous expansion from 1647.13 billion Yuan in 2003 to 20,459.15 billion Yuan in 2016, with an
average annual value of 8775.23 billion Yuan and a net growth of 18,812.01 billion Yuan. In 2016, of the
three major urban agglomerations, the Yangtze River Delta demonstrated the greatest land-saving
potential (608.74 km2), while the Pearl River Delta demonstrated the greatest output growth potential
(10,165.02 billion Yuan). Of the 38 cities, Dongguan demonstrated the greatest land-saving potential
and output growth potential, which were, respectively, 255.92 km2 and 3204.54 billion Yuan in 2016.

Last, the situation regarding the efficiency and intensification of UILU in China has not been
favorable over the last 14 years and is evidently getting worse. The detrimental phenomenon of
path-dependence and Matthew effect has always existed. Through UILU intensification, a considerable
amount of land could be saved, or outputs could be increased, especially in the Yangtze and Pearl
River Deltas. Thus, the implementation of much more effective policies and measures to promote
intensification and reduce inefficiency is necessary and urgent. A few key cities, such as Dongguan,
Shenzhen, and Shanghai, should be accorded high priority.

5.2. Discussion

Our research shows that UILU in China is still relatively inefficient and extensive. The existing
policies and measures are imperfect and ineffective to some extent. The reasons behind this have
not been eliminated, such as the market allocation mechanism of industrial land has not been sound
enough, the external costs of industrial land use have not been well internalized, the incentives for
intensive and efficient use of industrial land have not been well established, and the transformation of
industry from extensive to intensive management is not enough. The adverse effects of inefficient and
extensive use of industrial land have still existed on a large scale, such as excessive consumption of land
resources, excessive occupation of high-quality arable land, shortage of commercial and residential land,
slow industrial transformation and upgrading, and excessive discharge of environmental pollution.
Better and effective policies and measures need to be formulated and implemented to improve
efficiency and promote the intensification of UILU. It should be emphasized that the problems of low
efficiency and extensive utilization of industry cannot be solved in isolation, but need to be solved in
a broader perspective. Efficient and intensive use of industrial land must be placed and promoted
in the transformation of economic growth mode from extensive to intensive, in the construction of
resource-conserving and environment-friendly society, and in the promotion of healthy urbanization
and sustainable urban development. It should follow the strategic requirements of China’s supply-side
economic reform and high-quality development, implement China’s policy and plan to promote
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resource security and ecological civilization, and respond to the United Nations initiative on the 2030
Agenda for Sustainable Development and the New Urban Agenda.

Our research makes more scientific and accurate calculation and analysis of UILU efficiency
loss and intensification potential. Several shortcomings of existing research on UILU efficiency and
intensification have been overcome. Because the basic principles and methods are the same, and
industrial land occupies a large part of urban land, our research would directly help to promote and
deepen the study of urban land use. Because land is the basic bearing space of production and living
in the city, our research also has important referential significance for the study of urban economic
growth, urban planning and management, and sustainable cities. In fact, efficiency and intensification
of urban land use are common themes in these areas, although sometimes the same concepts are not
used. Intensive economic growth, sustainable economic growth, total factor productivity (TFP), urban
sprawl, smart growth, growth management, compact city, sustainable urban development, and other
various researches are more or less related to efficiency and intensification of urban land use. For
instance, intensive use of urban land is the requirement and embodiment of the intensive growth of
urban economics [37]. Intensive growth of urban economics is a city growth strategy based on the
increase in output per unit of input (but not the expansion of inputs) [42], that is, the improvement
in total factor productivity (TFP), while TFP is the key focus and the essential driver to sustainable
economic development [43–45]. Again, for instance, the fast enlargement of urban areas, the decreasing
density of urban population, the low-density development of urban land, and the dispersion of urban
buildings are not only the important manifestations of extensive and inefficient use of urban land but
also the main contents of urban sprawl [46–48]. The consequences of urban sprawl, such as excessive
loss of arable land and recreation areas, lack of clearly defined open spaces, increasing reliance on the
automobile, and the separation of residential and work locations [47,48], are all harmful to sustainable
urban development. This is why smart growth and growth management are required, although
this is necessary for improvement in policy formulation and implementation [49,50]. We propose to
strengthen interdisciplinary communication and collaboration in these research areas with efficiency
and intensification of urban land use at the core.

It should be pointed out that this study still has some shortcomings and defects. Based on this
study, efforts may be made in the following aspects in the future, such as the environmental revisions
to input and output data, the further decomposition of efficiency loss and intensification potential, the
analysis of influential factors, the means to eliminate efficiency loss and exploit intensification potential,
and the evaluation of the effect of specific policies or measures. It should also be noted that UILU
efficiency and intensification are mainly about topics of resource and economy, although they are closely
related to issues of environment and ecology. In order to achieve more comprehensive and sustainable
development, it is not only necessary to improve UILU efficiency and promote its intensification but
also need to improve environmental quality and ecological health at the same time. In the future, it
would be necessary to pay more attention to the environmental and ecological management of UILU
while continuing to deepen the study of UILU efficiency and intensification. In this regard, a good
and feasible idea for UILU is to draw useful lessons from the research of environmental efficiency and
sustainable intensification in agriculture [51–54], ensuring that UILU efficiency and intensification
research is closely integrated with environmental and ecological research about UILU.
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