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Abstract: The efficiency of an industrial park’s operations is an indicator of how well the park
can serve the companies located there. These supports include support for environmental water
resources and business operations. In this study, a model for measuring water resources management
efficiency is developed at the conceptual level using the management mindset of relative efficiency
and management by objectives, and a modified Delphi method is used to determine the feasibility of
a measurement model for water resources management efficiency. Furthermore, DEA data envelop-
ment analysis was used to analyze the overall operational efficiency of the park. The results of the
study showed that the model developed in this study for measuring water resources efficiency is of
practical use. In addition, water resource management efficiency can be used as an indicator to assist
in the determination of the operating efficiency of the industrial park when it is derived from the
DEA analysis. In this study, among the 31 industrial parks in Taiwan, the operating efficiency values
were classified into four categories, and the results show that the operating efficiency of most of the
industrial parks need to be improved.

Keywords: industrial park; operational efficiency; water resource management; WRM; data envelop-
ment analysis; DEA; the modified Delphi method

1. Introduction

Water is a resource necessary for human life and socio-economic progress [1]. However,
water is considered to be a limited resource [2]. Water scarcity [3] and water pollution are
the two major crises in global water management [4]. However, global water scarcity poses
a great threat to the future development of societies and economies [5]. Industrial parks,
areas heavily dependent on water, are spaces in which enterprises converge for production,
similar to residential spaces, and are important urban functional spaces [6]. The strategic
planning of industrial parks and the effectiveness of their management are key factors
affecting their level of economic, social and environmental performance [7].

Internationally, the management of industrial parks is trending towards a transfor-
mation into eco-industrial parks [7]. Enterprise clusters are a mainstream approach to
promoting regional economic development and they play an important role in optimizing
redevelopment [8]. In China, for example, the rapid development of industrial parks in
China, such as Shekou Industrial Zone in Shenzhen and the Zhongguancun Science and
Technology Park and Suzhou Industrial Park, has played an important role in leading
China’s economy to an era of prosperity since its economic reform and opening over
40 years ago [9]. Thus, the operational efficiency of industrial parks is of paramount impor-
tance. In recent years, the amount of unused industrial land in China has been increasing, which
may have led to a series of urban problems that hinder sustainable urban development [10].
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Research on industrial parks has focused on the area of sustainability, enabling the
performance of industrial parks and their return on investment to be assessed and com-
pared [11]. However, most sustainability-related research focuses on the environment in
the Environmental, Social and Governance (ESG) domain [12]. The best way to identify the
operational efficiency of an industrial park is to design a set of economic and non-economic
variables that are of practical use and take into account the economic and non-economic
aspects of sustainable development. Since the outbreak of COVID-19, the importance
of traditional or basic industries has been recognized around the world. For example,
the assembly of mask machines and the production of their key components are a living
example of the capacity of traditional industries in an economy that was difficult to find in
the early stages of the outbreak [13].

The purposes of this study are (1) to create a novel and practical model for measuring
the operational efficiency of industrial parks, (2) to validate the new model developed in
this study by using industrial parks managed by government departments in Taiwan, and
(3) to use the results of the analysis of industrial parks in Taiwan as an important reference
for investment in Taiwan.

2. Literature Review
2.1. Industry Cluster

The study of industrial agglomeration began in the late 19th century with the British
economist Marshall, who found that clusters of industries could facilitate knowledge
sharing and technology diffusion among firms, leading to the prosperity of industries
in cities [14]. In the case of manufacturing industries, they will first be concentrated in
the more developed centres in pursuit of higher corporate profits, thus creating a spatial
pattern [15,16]. In addition to its economic benefits, manufacturing agglomeration is also an
important driver of urban spatial transformation and upgrading [17]. Subsequently, studies
on the spatial effects of agglomeration economies have also been increasingly common [18,19].

In the 1980s and 1990s, Europe witnessed the fruitful economic results of industrial
clusters of technology parks [20]. The rapid development of the Chinese economy over
the past 30 years has led to the emergence of manufacturing industries in China as a
result of investment and the establishment of factories in the country, driving changes in
production locations and reshaping the geographic clustering of the Chinese economy [21].
Technological parks offer a cluster effect by bringing together upstream, midstream and
downstream manufacturers, professional suppliers and equipment manufacturers in the
park space and collaborating with intermediaries to produce industries [22]. The clustering
of industries in technology parks increases the employment rate of the local space and the
construction of the parks, and has the effect of generating higher output and tax revenues
than in traditional industrial areas [23].

Rapid economic development can have both positive and negative effects. Studies
show that industrial clusters can attract the attention and resources needed to reduce the
rate of environmental pollution and incentivize enterprises to apply cleaner production
technologies [24]. However, scholars have suggested that after industrial agglomeration
reaches a certain level of development, enterprises will generate serious environmental
pollution and environmental pollutants [25]. This suggests that the environmental impacts
of industrial agglomeration need to be reviewed on a regular basis in order to avoid
irreversible environmental pollution. Industry clusters are affected by environmental
pollution and environmental policies [26]. Increasing reduced emissions productivity
would support the pollution heaven hypothesis [27]. The higher the level of contamination
damage, the lower the cluster stability [28].

2.2. Industry Park

The success of the Hsinchu Science Park, an industrial park in the Hsinchu area of
northern Taiwan, where Taiwan’s high-tech industries are concentrated, comes from the
regional development of technology clusters [29]. Successful technology parks are built and



Sustainability 2022, 14, 14198 3 of 22

maintained by the government, universities, and private organizations, each with its own
role to play [30]. The establishment and successful operation of the Hsinchu Science Park has
led to the prosperous development of the entire electronic information industry in Taiwan [31].

An industrial park is a multi-functional vehicle that offers many functions, such as
manufacturing, services, science, research and training, and provides a full range of services
to enterprises and employees. Efficiently operated industrial parks create employment
opportunities, increase the value added of land and reduce the wealth gap in society [11].
Industrial clustering, in turn, affects industrial development and helps to increase the value
of industrial land [32]. The choice of location and the dissatisfaction of enterprises with the
management services of industrial estates also affect the price of industrial land [32].

Eco-industrial parks (EIPs) have attracted the interest of many scholars as a way to
promote the circular economy [33–35]. In many countries, eco-industrial parks, in which
companies share materials and resources and can optimize economic and environmental
performance, are emerging [36]. Eco-industrial parks can also reduce resource waste and
pollution and increase economic benefits, thereby reducing global impacts [35]. Industrial
parks are one of the leading factors influencing the layouts of manufacturing industries [14].
The relative performance of the industrial parks is also an important factor in the field of
industry management. In the case of industrial zones in China, where land is state-owned,
an increase in the size of industrial land leases could create greater fiscal revenue potential
for local governments [37]. Ref. [6] used a time-series analysis tool to systematically
sort out the planning standards of industrial parks in China from 1985 to 2021, and the
study covered the development history of industrial zones in China from land-oriented, to
industry-oriented, and more recently, to people-oriented.

The Analytic Hierarchy Process (AHP) and Fuzzy Logic (FL) were implemented for
accessing the industrial impact on water sustainability using official statistics from El Bajío,
Guanajuato State, Mexico [38]. Applying the [38] model to analyze the efficiency of water
management in industrial parks requires a large amount of data, but whether these data
can be obtained outside of Mexico is a test of practical application. In China, state-level
high-tech enterprises will not only reduce the pollution intensity of the local area, but also
the pollution intensity of the surrounding area [39]. This means that the more technological
the industrial park is, the lower the relative pollution it causes. However, the focus of this
research is not high-tech industry, therefore, when studying the operational efficiency of
industrial parks, the study must also be combined with non-financial indicators to enable a
comprehensive analysis.

2.3. Water Resource Management

Water is one of the essential resources for human survival and development [40]. It
provides essential ecosystem services and, at the same time, is relevant to human well
being and constrains sustainable regional development [41]. Forty percent of the world’s
population faces a shortage of freshwater, and this proportion is expected to increase to
67% by 2050 [42]. The limited and uneven distribution of freshwater resources has led
to a water crisis in many regions, and this problem is becoming more pronounced as
the demand for water increases for industrial, agricultural and domestic use [43,44]. To
achieve sustainability and efficiency in the use of available resources, the UN Sustainable
Development Goals (SDGs) are the main guidelines to be considered [45]. The UN General
Assembly has implemented Sustainable Development Goals (SDGs) for 2015–2030 to address
global challenges, including air pollution, energy and food security and water scarcity [46].

In recent years, many governments have been faced with the enormous problem
of increasing global warming [47]. Energy management issues are one of the topics of
interest to researchers [48]. Water-related, sewage and sludge treatment issues lead to CO2
emissions [49], which, in turn, affects climate change. This sort of anthropogenic climate
change affects water resources and water demand, including water for irrigation [50].
Sustainable use of water resources is essential to overcome this problem [51,52]. The
relatively stable supply of recycled water, which is less affected by climate and seasonal
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changes, has become the preferred strategy in many countries [53–55]. Developed countries,
such as the United States and Israel, have achieved a recycled water utilization rates of over
70%, while the current rate in most countries is still small (for example, mainland China is
only around 10%) [56,57]. The basic water quality discharge target values for industrial
water are higher than those for other water uses. This is to ensure the safety of industrial
reuse; higher treatment requirements need to be imposed on water reclamation plants [58].
The design of the wastewater treatment process first needs to meet the legal requirements
for the quality of the wastewater to be discharged into the river. This means that some of
the organic matter carried by the wastewater is released into the environment as an output
from the plant [59]. From the point of view of resource sustainability, the recovery of water
from waste water is an important aspect [2]. The most direct and important service, whether
from groundwater or surface water, is the supply of water for domestic and productive
use. The value of water services is reflected in the price of water [60]. In order to assess the
economic rationale for investing in pumped storage power stations, a very precise method
is used to cover the uncertainties associated with the electricity market [61].

Ref. [62] highlights the importance of water management and protection in addressing
critical water resource issues related to scarcity and sustainability. Ref. [63] developed a
potential framework for water resources management. Ref. [64] emphasizes that such a
framework depends on national water policies. Water efficiency is a multi-input and multi-
output issue [65], and data envelopment analysis (DEA) is a non-parametric approach
that can be used without assuming production functions and setting relevant weights [66].
DEA has advantages when dealing with multiple input/output problems [67]. Because
of the deterioration of the aquatic ecosystems as a result of rapid economic development,
previous evaluations of the aquatic ecosystem have generally focused on the economic and
ecological environment [68]. Ref. [69] evaluates the sustainability of corporate water use,
with indicators including environmental, economic, social and resource indicators. Water
footprints have been emphasized by academic scholars, including concepts, methods and
applications for better management of water resources and water ecology [70,71].

In China, for example, chemical oxygen demand (COD) emissions and ammonia
nitrogen (NH3) emissions fell significantly by 2.99% in response to the government’s envi-
ronmental investment policy [72]. This shows that investment policies are closely related
to the efficiency of water management. If the government can have a better understanding
of the efficiency of water resources management at the management level, it will be assist
the government in formulating investment policies for industrial parks in the future.

ESG principles represent a framework system (Figure 1) that includes environmental
(E), social (S) and governance (G) factors [73]. ESG factors help to measure the sustain-
ability and social impact of business activities [74]. Previous studies on ESG have focused
on the issue of investment [75]. The water-related aspects of this study fall within the
environmental aspects of ESG. In summary, there is a wide range of research on water
resources, but little research on the efficiency of water resources application.
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2.4. Operating Efficiency

Many scholars have conducted studies on the planning standards of industrial
parks [6,76–78],including local parks, logistics parks, agricultural parks, cultural and cre-
ative parks and other specialized parks. They have also examined the significance of
the planning and development of the parks as well as the technical progress of the park
management and service standards. The modern environment is characterized by the belief
that every inch of land is precious. In China, the standardization of land planning and
policy reform of industrial parks have brought development opportunities and demands
for industrial parks [79].

The four key performance measures (Figure 2): park management performance, envi-
ronmental performance, social performance and economic performance comprise the key
framework for evaluating international eco-industrial parks [80]. The key framework of
international eco-industrial parks can be used as a method to assess the performance of
industrial parks and as a basis to enhance their performance [7]. Tian et al. [81] studied the
performance of eco-industrial parks in China. A set of related indicators, including resource
consumption, economic development and waste emissions, was applied in the performance
assessment process. In their study, the indicators focused on consumption and pollutant
production; absolute energy consumption, freshwater consumption, industrial wastewater
production and solid waste production increased in all the industrial parks studied, while
the average emission intensity (tons of pollutants per million investment) decreased for the
four indicators. In sum, the study of industrial parks requires that attention be paid to both
economic and non-economic factors, as well as to consumption and pollution, especially in
the area of water resources.
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The DEA method can calculate the distance from each decision-making unit (DMU) to
the boundary and is used to evaluate the relative efficiency of a single DMU [82]. The DEA
method can deal with single or multiple input variables and output variables at the same time,
enabling an understanding of the reasons for DMU inefficiencies by analyzing the results.

The theory of DEA originates from the concept of deterministic nonparametric fron-
tiers proposed by Farrel (1957) and uses a mathematical planning model to calculate the
efficiency frontier, which forms the basis of DEA theory. Ref. [82] had three basic assump-
tions in his theory.

(1) The Productive Frontier is made up of the most efficient DMUs, with other inefficient
units located outside this frontier.

(2) Production technology is Constant Return to Scale (CRTS), i.e., an increase of one unit
of input gives the same rate of output.

(3) The leading edge of production is convex and the slope of each point is less than or
equal to zero.
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Farrell based his concept on Plato’s concept of optimal fit, believing that manufacturers
will produce two kinds of efficiency in production due to the influence of input allocation
and cost price, namely: technical efficiency (TE) of actual input and output conversion
and allocative efficiency (AE) of optimal factor allocation combination. When these two
efficiencies are combined, the manufacturer’s total cost efficiency (CE) can be obtained. The
relationship between the three types of efficiency is as follows:

CE = TE × AE (1)

Farrell assumes that a production function y = f(x1, x2), as shown in Figure 3, assumes
that two inputs (x1 and x2) are used to produce an output (y) at a fixed scale remuneration,
and if the actual output y* of the manufacturer is equal to its potential maximum level y,
then the firm is technically efficient, and vice versa. AA’ is the most efficient equivalent
output curve for producing one unit of output, and point D is the actual input combination
point of the manufacturer’s production of one unit of output. Point E and point D use the
same scale of features, but point E uses x1 and x2 only the OE/OD of point D, representing
the difference in production technology between the best possible combination and the
actual input combination, therefore, Farrell defines the technical efficiency of point D into
the surface as:

Technical efficiency (TE) = OE/OD.
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The technical efficiency value is between 0 and 1, and the manufacturer’s technical
efficiency value of 1 indicates technical efficiency, for example: point E that falls on the
equal yield curve.

Although point E is located on the equal production curve, technical efficiency is not
achieved at the lowest cost. The lowest cost combination point occurs at point E’, which is
tangent to the equal production curve AA’ and the equal cost line BB’. Although points
E and E’ have the same technical efficiency, the production cost of point E’ is OC, which
is lower than the production cost of point E OE. Therefore, the allocation efficiency of the
input side of point D is defined as: allocation efficiency (AE) = OC/OE; the allocation
efficiency value is also between 0 and 1.

Total cost efficiency is the product of technical efficiency and configuration efficiency,
and its relationship can be expressed as follows:

CE = TE×AE =

(
OE
OD

)
×

(
OC
OE

)
=

OC
OD

(2)
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As shown in Figure 2, the total cost efficiency value is 1 only at the point where the
equal yield line and the equal cost line are tangent.

DEA is a good research tool for evaluating resource and environmental efficiency [83–85].
DEA tools have been widely used for infrastructure, regulatory and management improve-
ments in water and wastewater systems [86]. DEA can perform correlation operations
under the assumption of Constant Returns to Scale (CRS) [87] or Variable Returns to Scale
(VRS) [88].

In the DEA–BCC model (Banker, Charnes and Cooper, the three scholars who proposed
this model, named it after the first letter of their surnames) [89], the overall efficiency value
of technical efficiency (TE) is calculated as the product of scale efficiency (SE) and pure
technical efficiency (PTE) [89]. DEA has been applied in many studies to assess the efficiency
of water use [83–85,90–95]. However, these studies are limited to the operational efficiency
values, and few studies have integrated the analysis of non-operational efficiency values.
To address this research gap, this research integrates the efficiency of water resources with
the operational efficiency of industrial parks.

3. Research Methods

Measuring the operational efficiency of an industrial park requires a measuring model
that includes the establishment of metrics and associated variables. In this section, we
explain how we (1) construct the development of indicators for measuring the operational
efficiency of industrial areas, (2) evaluate the efficiency of water resources management
and (3) develop and apply a production function model for the operational efficiency of
industrial areas. Figure 4 below shows the flow of the three main stages of the study.
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3.1. Developing Operational Efficiency Indicators

This study used the four performance components of the industrial park performance
study [81] as the key reference to examine the operational efficiency of industrial parks.
Seven experts with research and practical experience were selected to fill out the question-
naire. Their academic and work experience is shown in Table 1 below.

Table 1. List of the seven experts with research and practical experience were selected this study.

Item Qualifications Experiences Seniority

Description Master Ph.D. Academic
Specialists

Practical
Specialists 10~20 years Over 20 years

Number of Persons 4 3 2 5 2 5
Remark The average length of service of an expert is 18.6 years

In order to increase the efficiency of communication with experts, this study used
the Modified Delphi Method to identify the indicators. The four performance dimensions
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of Park Management, Environmental, Social and Economic were used as the theoretical
basis for this study, and the six indicators listed in Table 2 below were agreed upon by the
experts in the first round.

Table 2. List of indicators corresponding to the four performance dimensions of the industrial park
and this study.

Four Key Performance Components Indicators for This Research Definition of Indicators

Park Management
Number of enterprises with plants in the
park

Total number of enterprises with factories
in the park

Land of plants in the park Total area of factories in the park
(hectares)

Social Number of employees in park Total number of employees of the
enterprises in the Park

Economic
Total capital of plants in the park Factory capital of enterprises in the Park
Park turnover Total revenue of enterprises in the park

Environmental Efficiency of water resource management The management attitude of water
resources is described in Section 3.2

Remark The research is based on industrial parks under the direct management of the
government, so the issue of service quality is not considered.

3.2. Efficiency of Water Resources Management

In this study, water resource management efficiency is considered one of the indicators
for measuring the operational efficiency of industrial zones. In addition, since in practice,
the discharge of wastewater in each industrial park must meet the standard set by the
government, the difference between the discharge of wastewater and the target value [96] in
each industrial park should be taken into consideration in setting the measurement model
of water resource management efficiency. The efficiency of the water resource management
(EWRM) measurement model and its description are as follows:

Score EWRM = Score C + Score H + Score T (3)

Score EWRM ≤ 1,
0 ≤ Score C ≤ 1, Score C: The score from Conductivity of water
0 ≤ Score H ≤ 1, Score H: The score from Hydrogen ion concentration of water
0 ≤ Score T ≤ 1, Score T: The score from Temperature of water
The calculation is illustrated by setting the target value as an average (average = target)

and dividing the Achievement Level (AL) into nine levels, illustrating the scores corre-
sponding to each level as follows:

1.00 = AL1: C, H or T more than 60% lower than the target
0.95 = AL2: C, H or T lower than the target 40.01–60%
0.90 = AL3: C, H or T lower than the target 20.01–40%
0.85 = AL4: C, H or T lower than the target 5.01–20%
0.80 = AL5: C, H or T equivalent to the target ±5%
0.75 = AL6: C, H or T higher than the target 5.01–20%
0.70 = AL7: C, H or T higher than the target 20.01–40%
0.65 = AL8: C, H or T higher than the target 40.01–60%
0.60 = AL9: C, H or T over 60% higher than target
An example of a water resource management efficiency value calculation is shown

in Table 3.
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Table 3. Example of calculation of water resource management efficiency values.

Industrial Park Conductivity
(µ s/cm) Score

Hydrogen Ion
Concentration

Index
Score

Water
Temperature

(◦C)
Score

AAA 5289 0.7 6.48 0.85 29.69 0.80

Goal Attainment 22.28% higher than target
(AL7)

8.1% lower than target
(AL4)

0.98% higher than target
(AL5)

Average 4325 7.05 29.4
Water Resource Management Efficiency Values (0.7 + 0.85 + 0.8)/3 = 0.78

3.3. Industrial Park Operational Efficiency Model and the Evaluation Methodology

In Section 3.1 a total of five indicators were developed, one output variable and four
input variables. This section will explain the production function model consisting of these
five variables and the way in which DEA is used to evaluate the operational efficiency of
an industrial park.

3.3.1. Identifying Output and Input Items and Build Production Function Models

In this study, each indicator is represented by its abbreviation and set as either an
output variable or an input variable. The variable descriptions are presented in Table 4
below and the production function model is given in Equation (4).

Park T = Park N + Park L + Park E + Park C (4)

Park T ≤ 1

Table 4. Summary table of output and input variables for the measurement model.

Indicators for This Research Indicator Abbreviation Variables: Output/Input

Park turnover Park T Output
Number of enterprises with

plants in the park Park N Input

Land of plants in the park Park L Input
Number of employees in park Park E Input

Total capital of plants in the park Park C Input

3.3.2. Identifying Output and Input Items and Build Production Function Models

The above section illustrates the application of DEA to measure the operational effi-
ciency of an industrial park. This section illustrates the application of DEA to measure the
efficiency of industrial area operations. After selecting the study population and setting the
purpose of the analysis, the evaluation unit is selected and input and output-related vari-
ables are selected and examined. Then, correlation analysis is applied to determine whether
the input- and output-related variables are homogeneous. In addition, after the initial DEA
trial of inputs and outputs, sensitivity analysis is used to confirm the availability of indi-
cators and DMUs. Finally, the results of the analysis can be used to conduct (1) aggregate
analysis, (2) input-output analysis and (3) reference set analysis. The application process of
the DEA method in this study is illustrated in Figure 5 below.
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4. Case Study
4.1. Developing Operational Efficiency Indicators

Taiwan has a land area of about 36,000 square kilometres. This study divides Taiwan
into four geographic regions: North, Central, South and East. Figure 6 shows the location
of these regions. Table 5 gives a list of industrial zones in Taiwan that are non-technological
and have independent wastewater treatment facilities. The 31 industrial zones in Table 5
are homogeneous in the following ways: (1) they are all industrial zones developed by
the Industrial Development Bureau of the Ministry of Economic Affairs of Taiwan and
are under the direct control of the Industrial Development Bureau; (2) they all house non-
technological industries and (3) they all have independent wastewater treatment facilities.
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Table 5. List of industrial areas targeted in this study.

DMU Name of Industrial Park Location in Taiwan City

DMU1 Tucheng Industrial Park North New Taipei City
DMU2 Dawulun Industrial Park North Keelung City
DMU3 Dayuan Industrial Park North Taoyuan City
DMU4 Jhongli Industrial Park North Taoyuan City
DMU5 Pinjhen Industrial Park North Taoyuan City
DMU6 Letzer Industrial Park East Yilan County
DMU7 Hsinchu Industrial Park North Hsinchu County
DMU8 Loung Te Industrial Park East Yilan County
DMU9 Guishan Industrial Park North Taoyuan City
DMU10 Guanyin Industrial Park North Taoyuan City
DMU11 Dajia Youth Industrial Park Central Taichung City
DMU12 Douliu Industrial Park Central Taichung City
DMU13 Taichung Industrial Park Central Taichung City
DMU14 Chuansing Industrial Park Central Changhua County
DMU15 Fangyuan Industrial Park Central Changhua County
DMU16 Nangang Industrial Park Central Nantou County

DMU17
Yunlin Technology-based

Industrial Park South Yunlin County

DMU18 Dashe Industrial Park South Kaohsiung City
DMU19 Dafa Industrial Park South Kaohsiung City
DMU20 Neipu Industrial Park South Pingtung County
DMU21 Tainan Technology Industrial Park South Tainan City
DMU22 Minsyong Industrial Park South Chiayi County
DMU23 Yongan Industrial Park South Kaohsiung City
DMU24 Yongkang Industrial Park South Tainan City
DMU25 An Ping Industrial Park South Tainan City
DMU26 Guantian Industrial Park South Tainan City
DMU27 Linyuan Industrial Park South Kaohsiung City
DMU28 Pingnan Industrial Park South Pingtung County
DMU29 Sinying Industrial Park South Tainan City
DMU30 Jiatai Industrial Park South Chiayi County
DMU31 Kahsiung Linhai Industrial Park South Kaohsiung City

4.2. Overview of Study Variables and Relevance Analysis
4.2.1. Overview of the Basic Values of the Variables Related to Water Resources
Management Efficiency

The data source for calculating the efficiency of water resources management in this
study was the “Water Quality Information of Effluent from Industrial Areas” on the Open
Platform of Taiwan Regional Government Data, which was opened on 16 April 2021. In
this study, the one-year average values of the three indicators for the 31 industrial areas
in Table 6 (see Equation (3)) were used to compile water quality information for each
industrial area for the period from 16 April 2021 to 15 April 2022. The basic statistical
values of the three indicators are shown in Table 6 below.

Table 6. Summary of basic values of water quality indicators for the parks in this study.

Hydrogen Ion Concentration Index Conductivity (µ s/cm) Water Temperature (◦C)

Average 7.10 4869 28.38
Maximum value 7.65 10,433 34.57
Minimum value 6.44 1290 23.76

4.2.2. Summary of Basic Values of Operating Efficiency-Related Variables in Industrial Areas

Referring to Equation (4), based on the data revealed in the 2022 Annual Report on
Industrial Zone Development Management issued by the Industrial Zone of the Ministry
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of Economic Affairs of Taiwan, the basic values of the variables used in this study are
summarized in Table 7 below.

Table 7. Summary of basic values of input and output variables for the subjects of this study.

Park T Park N Park L Park E Park C

Average 2241.32 181.55 166.71 13,581.45 25,198,591.32
Maximum value 9416.00 739 1204.20 38,671 423,977,587.00
Minimum value 100.00 14 15.42 1219 202,282.00

4.2.3. Correlation between Output Variables and Input Variables in Industrial Area
Operating Efficiency

In order to ensure the homogeneity between output variables and input variables,
it is necessary to check their correlation. This study used Pearson correlation analysis
to check the correlation between one output variable and four input variables (Table 8).
The correlation between the total revenue of the park and the number of factory owners,
land and employees in the park were all positive, and the total revenue of the park and
the total capital of the park were also correlated, which indicated that the capital of the
park enterprises was correlated with the revenue of the park, but this correlation was not
significant.

Table 8. Correlation analysis of output variables with input variables.

Park N Park L Park E Park C

Park T 0.402 * 0.677 ** 0.701 ** 0.213
* Correlation is significant at the 0.05 level (two-tailed). ** Correlation is significant at the 0.01 level (two-tailed).

In this study, the correlation between the water management efficiency values and
the four input variables of the 31 parks was not significant, as shown in Table 9, but the
correlation between the water management efficiency and the number of enterprises, land
area, number of employees and corporate capital of the parks was significant. In practice,
this means that there is no significant correlation between the discharge quality of the parks
and the input variables at the economic level of these parks. Only the size of the industrial
park shows a significant negative correlation with the efficiency of water management,
which, in practice, means that the smaller the land area of the park, the higher the value of
water management efficiency, which is to be expected.

Table 9. Correlation analysis of water resources management efficiency values with input variables.

Park N Park L Park E Park C

Score EWRM 0.098 −0.394 * 0.075 −0.182
* Correlation is significant at the 0.05 level (two-tailed).

4.3. Sensitivity Analysis

In order to ensure that the DMUs and variables under study do not have particularly
high variability in the analysis results due to the presence or absence of certain DMUs, a
sensitivity analysis was conducted. In this study, after calculating the Technical Efficiency
(TE) values of 31 DMUs and the number of references for each DMU, the TE value of DMU7
before the sensitivity test was 1, and it had the highest number of references. Thus, the
analysis variables of the original DMU7 were removed. There were 30 DMUs after the
sensitivity test and the TE of each DMU before and after the sensitivity analysis and the
number of times it was referenced are shown in Table 10 below. For example, since DMU8
and DMU9, which both have a TE value of 1, have the highest number of references, the
effect between the study subjects and the variables set in this study was determined by
sensitivity analysis.
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Table 10. Pre- and post-test DMU TE values and number of times each was referenced for sensitivity
analysis in this study.

DMU Name of Industrial Park
Pre-Test Post-Test

TE Peer Count TE Peer Count

DMU1 Tucheng Industrial Park 0.249 0 0.275 0
DMU2 Dawulun Industrial Park 0.274 0 0.348 0
DMU3 Dayuan Industrial Park 0.311 0 0.492 0
DMU4 Jhongli Industrial Park 0.305 0 0.524 0
DMU5 Pinjhen Industrial Park 0.234 0 0.327 0
DMU6 Letzer Industrial Park 0.670 0 1.000 10
DMU7 Hsinchu Industrial Park 1.000 27 – –
DMU8 Loung Te Industrial Park 1.000 14 1.000 15
DMU9 Guishan Industrial Park 1.000 3 1.000 16
DMU10 Guanyin Industrial Park 0.233 0 0.320 0
DMU11 Dajia Youth Industrial Park 0.157 0 0.203 0
DMU12 Douliu Industrial Park 0.131 0 0.181 0
DMU13 Taichung Industrial Park 0.414 0 0.742 0
DMU14 Chuansing Industrial Park 0.328 0 0.500 0
DMU15 Fangyuan Industrial Park 0.201 0 0.265 0
DMU16 Nangang Industrial Park 0.557 0 0.681 0
DMU17 Yunlin Technology-based Industrial Park 0.143 0 0.272 0
DMU18 Dashe Industrial Park 0.488 0 0.599 0
DMU19 Dafa Industrial Park 0.376 0 0.577 0
DMU20 Neipu Industrial Park 0.574 0 0.590 0
DMU21 Tainan Technology Industrial Park 0.609 0 1.000 9
DMU22 Minsyong Industrial Park 0.138 0 0.188 0
DMU23 Yongan Industrial Park 0.477 0 0.710 0
DMU24 Yongkang Industrial Park 0.183 0 0.243 0
DMU25 An Ping Industrial Park 0.118 0 0.172 0
DMU26 Guantian Industrial Park 0.343 0 0.482 0
DMU27 Linyuan Industrial Park 1.000 10 1.000 16
DMU28 Pingnan Industrial Park 0.422 0 0.501 0
DMU29 Sinying Industrial Park 0.245 0 0.323 0
DMU30 Jiatai Industrial Park 0.810 0 0.964 0
DMU31 Kahsiung Linhai Industrial Park 0.513 0 0.722 0

Mean 0.436 0.540

Note: TE; Technical Efficiency from CRS DEA.

4.4. Overall Analysis

The total discharge of each park is summed up by the discharge of each enterprise in
the park, and this study was conducted to evaluate the operational efficiency of each park,
not to evaluate the efficiency of individual enterprises.

The Deap 2.1 software calculates the TE (Technical Efficiency from CRS DEA), PTE
(Pure Technical Efficiency from VRS DEA) and SE (Scale Efficiency is TE/PTE) efficiency
values of 31 DMUs. Table 11 shows that three have an efficiency value of 1, namely DMU7,
DMU8 and DMU9, while 27 have an efficiency value of less than 1, indicating that the
efficiency of the park needs to be improved.
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Table 11. TE, PTE and SE efficiency values for the 31 DMUs.

DMU Name of Industrial Park TE PTE SE

DMU1 Tucheng Industrial Park 0.249 0.270 0.924
DMU2 Dawulun Industrial Park 0.274 1.000 0.274
DMU3 Dayuan Industrial Park 0.311 0.312 0.997
DMU4 Jhongli Industrial Park 0.305 0.640 0.476
DMU5 Pinjhen Industrial Park 0.234 0.239 0.980
DMU6 Letzer Industrial Park 0.670 0.694 0.966
DMU7 Hsinchu Industrial Park 1.000 1.000 1.000
DMU8 Loung Te Industrial Park 1.000 1.000 1.000
DMU9 Guishan Industrial Park 1.000 1.000 1.000
DMU10 Guanyin Industrial Park 0.233 0.419 0.557
DMU11 Dajia Youth Industrial Park 0.157 0.159 0.989
DMU12 Douliu Industrial Park 0.131 0.133 0.991
DMU13 Taichung Industrial Park 0.414 1.000 0.414
DMU14 Chuansing Industrial Park 0.328 0.376 0.872
DMU15 Fangyuan Industrial Park 0.201 0.218 0.921
DMU16 Nangang Industrial Park 0.557 0.585 0.952
DMU17 Yunlin Technology-based Industrial Park 0.143 0.204 0.701
DMU18 Dashe Industrial Park 0.488 1.000 0.488
DMU19 Dafa Industrial Park 0.376 0.432 0.871
DMU20 Neipu Industrial Park 0.574 1.000 0.574
DMU21 Tainan Technology Industrial Park 0.609 0.813 0.749
DMU22 Minsyong Industrial Park 0.138 0.152 0.911
DMU23 Yongan Industrial Park 0.477 0.578 0.825
DMU24 Yongkang Industrial Park 0.183 0.207 0.885
DMU25 An Ping Industrial Park 0.118 0.125 0.941
DMU26 Guantian Industrial Park 0.343 0.364 0.942
DMU27 Linyuan Industrial Park 1.000 1.000 1.000
DMU28 Pingnan Industrial Park 0.422 0.492 0.858
DMU29 Sinying Industrial Park 0.245 0.296 0.827
DMU30 Jiatai Industrial Park 0.810 1.000 0.810
DMU31 Kahsiung Linhai Industrial Park 0.513 1.000 0.513

Mean 0.436 0.571 0.813

4.5. Individual Analysis

When the non-economic efficiency of the 31 DMUs is examined from an economic
perspective, only DMU7, DMU8, DMU9 and DMU27 have a relative efficiency value of 1.
When the non-economic efficiency of these four DMUs is examined in conjunction with
the Score EWRM of the Environmental Water Resources topic, the TE relative efficiency of
DMU9 and DMU27, for example, is 1. Both DMU9 and DMU27 have a TE relative efficiency
value of 1, with DMU9′s Score EWRM of 0.8333 higher than average, but DMU27′s Score
EWRM of 0.6833 much lower than the average. This shows that the water management
efficiency of DMU27 is lower than average, meaning that the park is facing more challenges
on the ESG indicators and other issues. This also provides a more complete reference for
companies who wish to invest in the park.

Among the industrial parks, nine industrial zones are decreasing in size, namely
DMU3, DMU4, DMU10, DMU13, DMU17, DMU19, DMU21, DMU25 and DMU31. The
management service centre should pay special attention to whether there is a continuous
withdrawal of enterprises from the park, and should provide timely management of
the park’s incoming enterprises, to grasp their needs and provide them with immediate
assistance.

Figure 7 also shows that the 13 DMUs with water management efficiency values below
the average target are: DMU3, DMU6, DMU10, DMU11, DMU16, DMU18, DMU19, DMU21,
DMU22, DMU27, DMU28, DMU30 and DMU31. These 13 industrial areas all discharge
wastewater in compliance with the discharge standards, but are more environmentally
unfriendly than the other parks. However, the level of environmental unfriendliness is
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higher than that of the other industrial parks. The enterprises and the service centres of
these industrial parks should understand that environmental friendliness is a matter of
comparison, and that only by comparing with other industrial parks can we know our
shortcomings and make continuous improvement.
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4.6. Comparative Set Analysis

Operational efficiency values can be reinforced by the concept of clustering. This study
refers to Norman and Stoker [97] for the classification of DMU efficiency values, which
divides the evaluation of DMU operational efficiency into four groups: Robustly Efficient
Units (TE is 1 and peer reference more than 3 times), Marginally Efficient Units (TE is 1 and
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peer reference is or less than 3 times), Marginally Inefficient Units (TE is bigger than 0.8 or
less than 1) and Distinctly Inefficient Units (TE is less than 0.8).

According to the summary table of the operating efficiency values and the number
of references for each DMU in Table 10, the three DMUs with an operating efficiency of 1
and which are referenced over 3 times are: DMU7, DMU8, and DMU27. These three are
classified as Robustly Efficient Units. The 31 DMUs were categorized according to the
comparative set analysis, as shown in Table 12.

Table 12. Classification of efficiency strength by DMU.

Classification DMU

Robustly Efficient Units
TE = 1 and

peer reference > 3 times
DMU7, DMU8, DMU27

Marginal Efficient Units
TE = 1 and

peer reference < 3 times
DMU9

Marginal Inefficient Units
0.8 < TE < 1 DMU30

Distinctly Inefficient Units
TE < 0.8

DMU1, DMU2, DMU3, DMU4, DMU5, DMU6,
DMU10, DMU11, DMU12, DMU13, DMU14,
DMU15, DMU16, DMU17, DMU18, DMU19,
DMU20, DMU21, DMU22, DMU23, DMU24,
DMU25, DMU26, DMU27, DMU28, DMU29, DMU31

5. Conclusions
5.1. Conclusions and Suggestions
5.1.1. Conclusions

This study develops a model for measuring the efficiency of water resources man-
agement, and uses 31 industrial zones in Taiwan as its target population to measure the
operational efficiency of industrial zones and their water resources management efficiency.
While the traditional focus on economic efficiency is important, it is critical that business
owners and investors give attention to the importance of ESG areas, such as water manage-
ment. The old days of focusing only on economic efficiency are over, and it is now possible
to inform the stakeholders of the park about the non-economic aspects of the park and their
impact. Overall, the average relative efficiency of the DMUs must be improved.

Efficiency in water management is important, and how well a company does its job as
a global citizen can be reflected in the way it manages its business on a daily basis. If more
industrial estates were to set their targets to exceed the required industrial estate average,
this would create a virtuous cycle of water improvement, which would have a significant
impact on the efficiency of water management. It is also recommended that government
authorities disclose information on the ESG of industrial parks in a timely manner, and
through the sharing of comparative information between industrial parks, stakeholders in
the parks can be made more aware of the economic and non-economic aspects and impacts,
which will have a positive effect on the competitiveness of the industries therein.

5.1.2. Suggestions

It is suggested that future research could extend the application of this research to
technology-based or eco-integrated parks and consider more indicators in the ESG field
to measure the sustainable operational efficiency of the parks in a more comprehensive
manner so that the issue of sustainability of enterprises and the planet will continue to be
of concern to all sectors.

This study suggested that industrial park managers should collect and make public
the data values of water quality monitoring programs in their parks, especially BOD, SS
and COD, which are important indicators for wastewater monitoring. In addition, the
water consumption, recycled percentage and effluent discharge of industrial parks are also
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important information for the research of water resources and ecological environments.
The research suggests that industrial parks can produce more friendly environments for
public evaluation and research.

5.2. Limitations of the Study

Although the study achieved its objectives, limitations due to time and resource
constraints and difficulties in obtaining data remain.

1. This study only focuses on 31 manufacturing industrial zones in Taiwan, not on
technology parks and other ecological parks.

2. In applying the knowledge of the ESG domain, only the efficiency value of water
resources management in the E environment dimension is used to investigate the
efficiency of non-economic aspects.

3. In this study, a model for evaluating the efficiency of water resources management
was successfully constructed; the input variables in the model can be flexibly extended
in the evaluation model with the data collection situation. The existing model uses
three input variables, which have some shortcomings, mainly due to the limited
resources and the inability to collect large-scale data values of indicators for water
quality monitoring projects in industrial parks. According to the Environmental
Protection Administration Executive Yuan for Taiwan, there should be 12 indicators
for water quality monitoring projects, namely: (1) Biochemical Oxygen Demand,
BOD; (2) Suspended Solids, SS; (3) Chemical Oxygen Demand, COD; (4) Temperature;
(5) Turbidity; (6) pH; (7) Dissolved Oxygen, DO; (8) Electrical Conductivity, EC;
(9) Ammonia Nitrogen; (10) Total Kjeldahl Nitrogen, TKN; (11) Phosphorus; and
(12) River Pollution Index, RPI.

5.3. Management Implications

For industrial parks established and managed by the government, the role of the
government has been elevated from the management level in the past to the service level.
In addition to adhering to the same government policies, enterprises in industrial parks
also need soft services from industrial zones. The assessment of the park’s operational
efficiency is an important basis for the Park Service Centre’s evaluation of the needed
services, such as whether the park is in a state of increasing or decreasing returns to
scale, or whether the park’s operational efficiency and its non-economic water resources
management are efficient. In addition, investors who will soon move into an industrial park
will be concerned with both the operational efficiency of the park’s industrial chain and the
non-economic aspects of ESG, which can be of great help in reducing global warming and
improving environmental protection.
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Abbreviations

WRM Water Resource Management
DEA Data Envelopment Analysis
ESG Environmental, Social and Governance
EIPs Eco-Industrial Parks
SDGs Sustainable Development Goals
DMU Decision Making Unit
DMUs Decision Making Units
CRS Constant Returns to Scale
VRS Variable Returns to Scale
TE Technical Efficiency
SE Scale Efficiency
PTE Pure Technical Efficiency
IRS Increasing Returns to Scale
DRS Decreasing Returns to Scale
BOD Biochemical Oxygen Demand
SS Suspended Solids
COD Chemical Oxygen Demand
DO Dissolved Oxygen
EC Electrical Conductivity
TKN Total Kjeldahl Nitrogen
RPI River Pollution Index
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