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Abstract: Regional ecological security assessment is a significant methodology for environmental 

protection, land utilisation, and human development. This study aims to reveal the regional con-

straints of ecological resources to overcome the difficulties and complexities in quantification of 

current models used in land ecosystems. For this purpose, the technique for order preference by 

similarity to an ideal solution (TOPSIS) was linked to a grey relational analysis and integrated with 

a geographic information system. The obtained method was used to construct a land eco-security 

evaluation on a regional scale for application in a traditional mining city, Daye, in central China. 

Parameter analysis was introduced to the method to produce a more realistic spatial distribution of 

eco-security. Subsequently, based on the pressure–state–response framework, the eco-security 

index was calculated, and the carrying capacity of land resources and population for each 

sub-region were analysed. The results showed that: (i) very insecure and insecure classes com-

prised 5.65% and 18.2% of the total area, respectively, highlighting the vulnerable 

eco-environmental situation; (ii) moderate secure classes areas comprised a large amount of arable 

land, spanning an area of 494.5 km2; (iii) secure areas were distributed in the northwest, containing 

mostly water and wetland areas and accounting for 426.3 km2; and (iv) very secure areas were 

located on the southeastern region, involving traditional woodland with a better vegetation cover 

and an overall higher eco-environmental quality. In addition, for each sub-region, the extremely 

low and low ecological security areas were mainly arable and urban lands, which amounted to 305 

and 190 km2, respectively. Under the current ecological constraints, sub-region 1 cannot continue 

supporting the population size in Daye City. The present results demonstrate the accuracy of our 

methodology, and our method may be used by local managers to make effective decisions for re-

gional environment protection and sustainable use of land resources. 
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1. Introduction 

Regional land ecosystems are important life-support systems in the world, and they 

are essential for ecological performance and social and economic development [1–3]. 

However, with the rapid development of urbanisation and industrialisation and the 

changes in human lifestyle, ecosystems have significantly degraded. In this context, land 

deterioration on the regional scale is detrimental to humans and the environment. The 
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damages are loss of important habitats leading to biodiversity decrease and species ex-

tinction [4,5]; serious human health threats resulting from soil and water contamination 

with heavy metal, organic matter, and pathogens [6,7]; lower supply of essential goods 

due to the reduction in land productivity caused by soil depletion, soil acidification, and 

soil erosion [8–10]; and large-scale ecological refugee migrations caused by geological 

disasters, earth’s surface destruction, and spread of desertification under climate change 

[11]. These impacts have produced significantly negative effects on the sustainable de-

velopment of regional economies and human beings, and have stimulated potential po-

litical and social conflicts.  

Therefore, in the face of the increasingly global land degradation, there is an urgent 

need for restoration planning and guided urban programs and land development, for 

which regional land ecological security assessment should be considered [12–14]. In re-

cent years, various methods and technologies have been utilised together to evaluate and 

predict land eco-security. For example, the monitoring of ecological degradation and 

early warning [10,15], identification of driving forces of eco-security patterns [16], re-

search on the issues of survival of human beings and sustainable development of urban 

areas [1,17], environmental impact assessment for target development plans [18], pro-

motion of biodiversity conservation [19,20], identification of the carrying capacity of land 

resources [21,22], design of regional economic plans [23], and various eco-security index 

systems suggested for background database management [23,24]. The final goal is to fa-

cilitate the service functions of land ecosystems and to ensure sustainable development of 

the economy and society.  

These previous models and tools have some disadvantages when applied to re-

search on regional land ecosystems. Firstly, they tend to focus on mono-factor studies, 

which cannot reflect the whole state of ecosystem degradation and may not be able to 

provide motivation for stakeholders to adopt measures for comprehensive protection of 

the regional ecosystem. Secondly, the procedure of protection lacks the capability of 

larger-scale analysis, especially in administrative areas, which require tens to hundreds 

of factors for the assessment of regional eco-security status. The complexity of land 

problems on a large scale involves such factors as environment, resources, social–

economic field, and government policies, etc. These determine the evaluation of regional 

land eco-security to be a mufti-criteria decision-making problem. Thirdly, they are not 

able to process or transform different spatial data, such as quantitative, 

semi-quantitative, or qualitative data. Fourthly, problems resulting from ecological deg-

radation closely concern regional economic development, and evaluation tools in this 

field have to fit in with frequently updated ecological resource datasets. Finally, the as-

sessment of regional eco-security still needs advanced software and operational platform 

support. TOPSIS) is a discrete mufti-criteria decision analysis method that encompasses 

a set of techniques to support decision-making processes [25,26]. Thus, we investigated 

TOPSIS combined with the grey relational analysis (GRA). 

In performing a multi-objective decision analysis of limited programs, the TOPSIS 

technique is often used, and the technique is extensively applied in such fields as benefit 

evaluation, health decision-making, resource management, and natural hazard analysis 

[27–29]. In TOPSIS, the cosine method and normalized initial data matrix are used to 

identify the best and worst choices from a limited number of solutions, which are repre-

sented, respectively, by the best and worst vectors [30,31]. Then, calculation of the dis-

tance between each alternative and the best and the worst solutions is performed in order 

to identify the relative closeness of each alternative scheme to the optimal solution, which 

is used to determine the adequacy of the evaluation [32,33]. In recent years, to effectively 

solve multi-criteria decision analysis problems from different angles, there has been an 

increasing number of studies concerning the modified TOPSIS method. 

The method of Grey–TOPSIS (grey correlation analysis, GRA) measures the correla-

tion among factors based on the similarity or difference in the development trend among 

them [34,35]. It is commonly constructed according to the spatial distance variables ex-
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tracted from remote sensing imagery and geographic information system (GIS) data 

[36,37]. This method is able to process multi-type data in input–output and still works 

when the data-collection environment is not sufficiently ideal. This facilitates many ap-

plications in large-scale complex ecological ecosystems, for which data information is 

relatively scarce [38,39]. For massive calculations, it can be easily combined with other 

algorithms to provide a globally optimal solution [31,40]. This is also conducive to the 

construction of a large-scale resource decision system to serve government departments. 

In particular, the grey correlation analysis can be used to compare the advantages and 

disadvantages of the same grade. However, information regarding the utilisation of the 

integrated approach for combining the TOPSIS with GRA method in the study of re-

gional land eco security is limited. 

This present research was to develop a methodology for land eco-security evalua-

tion and mapping by means of GIS modelling, integrated with GRA and TOPSIS, and the 

methodology was performed in Daye, a previously mining city in China. The carrying 

capacity of the land resources and population for each sub-region was identified, and a 

sustainable urban planning scheme was proposed. The results would be useful to sup-

port decision makers in identifying warning areas with land deterioration and managing 

regional eco-security. 

2. Materials and Methods 

2.1. Description of the Study Area 

Daye City is located in the southeast of Hubei Province in Central China (114° 31–

115° 20 E, 29° 40–30° 15 N) near the Yangtze River (Figure 1). This area is rich in mineral 

deposits which have given rise to well-developed mining and metallurgy industries. The 

ecosystem in the area includes lakes, rivers, forests, mines, arable lands, gardens, and 

urban and rural residential areas. The present study here covers an area of 1566.3 km2. 

The city, located in the ‘metallurgy corridor’ of Hubei Province, is rich in mineral depos-

its with well-developed mining and metallurgy industries. According to the County 

Basic Competitiveness Top 100 Counties (small and medium-sized cities in China), Daye 

has devolved in terms of comprehensive strength in the last few years. The industrialisa-

tion has increased significantly in the area where the ecosystem has suffered, with soil 

contamination, water pollution, and loss of arable land, which have led to dysfunctional 

ecosystem services. To ensure that accurate decisions are made for the ecological protec-

tion of the regional ecosystem while incorporating an eco-security perspective, this study 

performed a regional eco-security assessment. 

2.2. Framework of the Regional Land Eco-Security Assessment 

As of 2020, China started its “14th five-year plan” period [41,42]. Daye is a tradi-

tional mining industrial city, which is also confronted with the dual-challenges of eco-

nomic transition and territorial space planning [43–45]. In this study, firstly, we consid-

ered the characteristics of regional land degradation to suggest an indicator system for 

the land eco-security assessment and then used the pressure–state–response (PSR) ap-

proach. Secondly, the analytical hierarchy process (AHP) was used to assign the weights 

of each evaluation element. Thirdly, the Grey–TOPSIS method was modified by intro-

ducing parameter analysis, and it was then applied to ArcGIS 10.2. The land eco-security 

index was calculated and classified into different levels by spatial mapping on a regional 

scale. Fourthly, the carrying capacity analysis of land resources and population for each 

sub-region were designed under the eco-security constraint. Finally, priority counter-

measures were suggested for different eco-security areas on a regional scale. The proce-

dures used in our approach are presented in Figure 2. 
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Figure 1. Land use map of Daye City and its sub-regions. 

 

Figure 2. Procedure for regional land eco-security assessment in Daye. 

2.3. Conceptual Model and Indicator Weight 

2.3.1. Pressure–State–Response Model 

The approach of PSR assessment employs a simple model and statistical criteria for 

indicator variables to determine the pressure, state, and response decision [46,47]. The 

three dimensions and two factors specific to that particular dimension were determined 

separately and were then integrated into a single rating [48,49]. Based on the PSR 

framework, an index system of regional land eco-security assessment was suggested with 

three dimensions, i.e., pressure, state, and response layer involving 18 relevant indica-

tors, is shown in Table 1. These indicators were evaluated by a panel of experts from 

universities, officials, environmental organisations, landholders, and local residents to 

reflect the practical ecological situation of the Daye area on the regional scale. The pres-

sure layer included four types of indicators, namely natural disaster, land use change, 

cumulative pollutant emission, and resource consumption, which indicate that the re-

gional ecosystem was influenced by nature and anthropic factors. The state layer in-
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cluded three types of indicators, namely environmental quality, ecological function, and 

landscape pattern, which represent the functional status of the regional ecosystem. Fi-

nally, the response layer included two types of indicators, namely the environment and 

policies, thus reflecting the degree of effective governance for the regional environment 

[50]. 

Table 1. Indicator system of regional land eco-security on the Daye area. 

System Layer Type Layer Indicator Layer Data Description 

Pressure Nature disaster Geological disaster Hazard level 

 Land use change Urbanisation Urbanisation intensity (%) 

  Lake-area reclamation Intensity of water to farmland (%) 

  Mining Hazard level 

 Cumulative emission 

of pollutants 

Industrial point source pollution Load density of polluting enterprises (%) 

 Agricultural non-point source 

pollution 

Applied load of crop area per hm2 

   

 Resource consumption Water consumption Load of water consumption (10,000 ton/km2) 

  Consumption of biological re-

sources 

Total annual consumption (10,000 ton/km2) 

   

State Environmental quality Soil quality Soil organic matter content (%) 

  Soil heavy metal pollution Nemerow composite index (%) 

  Water quality Water pollution index (%) 

 Ecological function Ecological resilience (ER) Landscape index 

  Ecological productivity Net primary productivity (NPP) 

 Landscape pattern Landscape fragmentation Landscape index 

Response 
Environmental re-

sponse 
Nature reserve Nature reserves area (%) 

  
Treatment of industrial sewage 

Industrial wastewater complying with dis-

charge standards (%)   

  Treatment of industrial solid waste Utilised industrial solid waste (%) 

 Policy response Land consolidation Increasing intensity of land reclamation (%) 

2.3.2. Analytical Hierarchy Process (AHP) 

The AHP is particularly applicable for the evaluation of problems in which qualita-

tive factors dominate [28,29]. This method has been widely applied to evaluate weights 

for the assessment of eco-security under the PSR framework. The weights between the 

security factors are calculated by comparing the relative importance between two factors 

at a time (two-by-two), and then aggregating them. This procedure is similar to those of 

previous studies using AHP. In this study, the weights were derived for each eco-security 

factor by the AHP method based on the relative importance of these indicators on re-

gional ecological security as perceived by experts in the field (Table 2). 

Table 2. Weight design of risk sources in the Daye area. 

Intensity of Importance Land Eco-Security Factors Weights 

1 Mining 0.178 

2 Urbanisation 0.14864 

3 Geological disasters 0.12357 

4 Lake-area reclamation 0.10238 

5 Ecological resilience 0.0846 

6 Soil heavy metal pollution 0.06975 

7 Soil quality 0.05741 

8 Industrial point source pollution 0.04718 
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9 Water quality 0.03873 

10 Treatment of industrial sewage 0.03178 

11 Agricultural non-point source pollution 0.02608 

12 Treatment of industrial solid waste 0.02142 

13 Ecological productivity 0.01763 

14 Land consolidation 0.01456 

15 Nature reserve 0.0121 

16 Landscape fragmentation 0.01014 

17 Water consumption 0.0086 

18 Consumption of biological resources 0.00742 

2.4. Data Collection and Processing 

A total of 18 indicators were included in our indicator system for regional 

eco-security. The data collection and processing were generally same as Guo et al. 

[26,45]. In 2020, Volm 419 and 741 with modification. 

The research team carried out a series of investigations on ecological-environment 

damage resulting from mining in the Daye area from 2013 to 2016. The studied sites in-

cluded copper, iron, coal, gold, and silver mines, and related smelting sites, ore dressing 

sites, quarries, tailing reservoirs, coal gangue dumps, and open metal mines. The prob-

lems concerned over 800 different damages to the earth surface and vegetation, 349 geo-

logical hazards (e.g., collapse, gob areas, excavation, landslide, and water depletion), 550 

land damages caused by solid-waste dumping, and 1294 land plaques covering an area of 

6943.58 ha. The team conducted field investigation, plotting, and scene photography to 

obtain the information of each plot. A group of experts performed intra-industry inter-

pretation, on-site verification, and hazard-level classification. Finally, the research team 

performed spatial processing based on the statistical information obtained for each plot. 

The Environmental Protection Bureau of Daye City conducted interviews and sur-

vey, and provided the research team with water quality monitoring data, quarterly from 

2016 to 2018. The levels of water quality degradation (i.e., heavy, moderate, or light pol-

lution) were determined based on the above data, with ammonia–nitrogen content, eu-

trophication, and heavy metal pollution selected as criteria. GIS spatial processing was 

performed for the selected indices based on the geographical information of the sampled 

points. 

Altogether, 225 valid samples were identified over the study area. The samples 

represented rural settlements, farmland, benchland, and irrigation districts in the sur-

rounding industrial and mining areas, which are the major types of land use types in the 

Daye area. Soil quality was investigated based on the soil organic matter content. 

The issue of heavy-metal pollution caused by mining and mineral processing has 

aroused interest of some local researchers [51–53]. They performed atomic absorption 

spectrophotometry to determine the levels of Cu, Pb, Hg, and Cd [54–56], barium chro-

mate spectrophotometry to measure the As content [54,57], and applied the Nemerow 

index [58,59] to calculate the individual concentration of heavy metals (i.e., Cu, Pb, Cd, 

and As) so as to obtain the Nemerow composite index. The above data were processed as 

spatial data and integrated into a GIS. 

Industrial point source pollution was determined according to the statistical point 

location distribution of polluting enterprises. The degree of influence of polluting enter-

prises within a certain range of each spatial position was calculated using the kernel 

density analysis method in GIS. The load density of polluting enterprises (number of 

enterprises/km2) represented the pollution intensity of the point source. 

In previous studies, landscape fragmentations resulting from road building, urban 

sprawl, and other artifacts of urban development had serious effects on the ecological 

security and life cycle of wildlife in the surrounding areas [60,61]. In our analysis, we 
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used FRAGSTATS 4.0 and generated a spatial distribution map of the patch density, and 

the fragmentation indicator was calculated using the following formula: 

��� =
��

���
 (1)

where ��� is the fragmentation indicator for a given sampling block �, �� is the number 

of the patches for all of the land use types in a given sampling block i, ��� is the total 

area of sampling block �. 
Ecological resilience (ER) can be considered an attribute of landscape ecological 

stability [62,63]. Thus, we designed a gradation index system for eight major types of 

land cover that represented the factors of multiple land use policy involved in ER. The 

urban and rural residential areas were assigned a factor score of 0, 1, 3, 5, 7, 9, and 11 for 

least resilience, arable lands, gardens, grasslands, lakes and rivers, wetlands, and forests 

(highest resilience), respectively. We then generated a spatial distribution map of the ER, 

and calculated it with the following formula: 

��� = �
�����

���

�

���

 (2)

where ���represented the ER of a given sampling block i, ���represented the area of 

land use type j in each sampling block i, ��represented the grade of resilience for land 

use type j, ��� represented the total area of sampling block i, and n represented the 

number of land use types. 

The net primary productivity (NPP) data were obtained from the photosynthetic 

effective radiation and utilisation rate of light energy using a conceptual model based on 

remote sensing and GIS technology. In ArcGIS 10.2, the NPP data were graded and as-

signed following the standardised grading method for representing the situation of pri-

mary productivity of each township in the Daye area. 

Based on the remote sensing interpretation data, we extracted 5 nature reserves, i.e., 

290.4 km2 in the Baoan lake wetland reserve, 55 km2 in the Leishan forest reserve, 18 km2 

in the Daguangou forest reserve, 62 km2 in the Dongjiakou forest reserve, and 87 km2 in 

the Huangshan Forest Reserve. 

Based on the 2018 land use maps of the Daye area, we performed the data applica-

tion of the land use category. We obtained a large quantity of data from the Daye Statis-

tical Yearbook (2018) and from surveys on such topics as the consumption of water re-

sources and biological resources, application of pesticides and fertilisers, treatment of 

industrial sewage and solid waste, SO2 emissions, and land consolidation areas. All of the 

above processes were performed using ArcGIS 10.2. 

2.5. Eco-Security Index Calculation 

We evaluated the ecological security on a regional scale by considering the charac-

teristics of our established index system involving ecology, economy, society, and tech-

nology. Based on the TOPSIS combined GRA approach, we calculated the spatial eco-

logical security index (ESI) on a regional scale. The process used was as follows. First, 

three components (pressure, state, and response) were treated using attribute assimila-

tion and the data were normalised. Second, the positive ideal solutions (best) and nega-

tive ideal solutions (worst) were determined by the TOPSIS [30,31]. The positive ideal 

solution ��, which represents the best eco-security status, and the negative ideal solution, 

��, which represents the worst eco-security status, were determined as follows: 

�� =  �� max
�����

��� �� ∈ ��� , � min
�����

��� �� ∈ ���� = (��
�, ��

�, ⋯ , ��
�) (3)

�� =  �� min
�����

��� �� ∈ ��� , � max
�����

��� �� ∈ ���� = (��
�, ��

�, ⋯ , ��
�) (4)
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where �� and �� are the sets of positive (+) and negative (−) indices, respectively. 

The distance between each alternative and the positive ideal solution (��
�)or negative 

ideal solution (��
�) were calculated as follows: 

��
� = �� ����� − ��

��
�

�

�

���

, 1 ≤ � ≤ �, 1 ≤ �| ≤ � (5)

��
� = �� ����� − ��

��
�

�

�

���

, 1 ≤ � ≤ �, 1 ≤ � ≤ �  (6)

where ��
�(��

�) is the Euclidean distance, and the distance shows if the evaluation unit is 

closer to the best or worst eco-security status. 

The grey relational coefficients between the ESI were calculated under the PSR 

framework and the positive and negative ideal solutions. The grey relational coefficient 

reflects the degree of closeness between the two sequences [35,37,38]. The grey relational 

coefficient ��� of a grey model with the positive or negative ideal is calculated as shown 

in Equations (7) and (8), respectively. 

���
� =

min
�

min
�

��� − ���� + � max
�

max
�

��� − ����

��� − ���� + � max
�

max
�

��� − ����
 (7)

���
� =

min
�

min
�

��� − ���� + � max
�

max
�

��� − ����

��� − ���� + � max
�

max
�

��� − ����
 (8)

where �� and r� are the positive (+) and negative (−) ideal solution, respectively. � is the 

distinguishing coefficient, and � � |0, 1|. � = 0.5 is normally applied following the rule of 

the least information. Subsequently, the grey relational coefficient matrices  �� =
(���

�)�∗� and �� = (���
�)�∗� are obtained. 

The grey relational degree between evaluation unit i and positive and negative ideal 

solutions is calculated as shown in Equations (9) and (10), respectively. 

��
� =

1

�
� ��� ,   

�      1 ≤ � ≤ �

�

���

 (9)

��
� =

1

�
� ���

�

�

���

,       1 ≤ � ≤ � (10)

where  ��
�(��

�) is the grey relational degree, which indicates if the evaluation unit is closer 

to the best (worst) eco-security status and if the eco-security level of the area is higher 

(lower). 

The results of the dimensionless distance and dimensionless grey relational degree 

were integrated as follows. 

��
� = ���

� + ���
� ,       1 ≤ � ≤ � (11)

��
� = ���

� + ���
� ,       1 ≤ � ≤ � (12)

where ��
�(��

�) denotes the comprehensive relation between the evaluation unit (area) A_i 

and the positive (negative) ideal solution. L represents the normalized value of the Eu-

clidean distance, Q represents the normalized value of the correlation coefficient. The 

normalized formula is: 



Land 2021, 10, 118 9 of 19 
 

��� =
���

��������
��� ,      � = 1,2, … , � 

��� includes Euclidean distance and Grey relational degree.  

In addition, � +  � = 1, � > 0, � > 0, where α and β reflect the degree of subjective 

preferences of decision makers, which are entirely dependent on them. The current 

Grey–TOPSIS algorithm fails to further consider the values taken by α and β, leading to a 

certain level of subjectivity in parametric values across most studies. On this basis, we 

further examined the values taken by α and β. Specifically, calculations were conducted 

using 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9 for α and 0.9, 0.8, 0.7, 0.6, 0.5, 0.4, 0.3, 0.2, 0.1 for 

β. Land eco-security of Daye City under different values of α and β was obtained, and 

eco-security spatial distributions that were most relevant to factual conditions were se-

lected. The modified parametric design was introduced to reduce human subjectivity, 

thereby increasing the practicality and accuracy of the results. 

The relative closeness ��
� of evaluation unit (area) �� = (� = 1, 2, ⋯ �) was calcu-

lated as follows. 

��
� =

��
�

��
� + ��

�  ,       1 ≤ � ≤ � (13)

A higher relative closeness ��
� implies that the evaluation unit �� is close to the 

(best) positive ideal solution and far away from the (worst) negative ideal solution. This 

means that the eco-security level of �� is higher. Thus, each evaluated area can be com-

pared with the best and worst eco-security statuses to acquire its relative closeness; thus, 

this indicator can be used to rank the sustainability level of cities. Therefore, it can be 

used to classify the different levels of eco-security on a regional scale.  

The results were ranked according to the relative closeness ��
�. Subsequently, the 

regional ESI levels for eco-security areas were classified as very low, low, moderate, high, 

and very high. The spatial visualisation of the results can be used by decision makers to 

manage regional ecological protection. 

2.6. Carrying Capacity Analysis under Regional Eco-Security 

Urban development must be pursued without destroying the balance and virtuous 

cycle of ecological systems [64]. Therefore, determining the scale of a secure urban eco-

logical land use and the population carrying capacity underpinned by such ecological 

security is of great significance for the development of Daye City. For that, the study area 

was divided into six sub-regions based on their functional division of mining cities, eco-

logical, and geographical features. 

2.6.1. Carrying Capacity Analysis of Land Resources 

Analysis of land carrying capacity in the context of ecological security helps reveal 

the ecological characteristics of land under human activities from a land-use perspective, 

thereby providing an important basis for the reasonable development of regional land 

resources [64,65]. We utilised a spatial overlay approach to analyse the present-day land 

use and evaluation results of ecological security (using geological boundaries of ex-

tremely high, high, medium, low, and extremely low security zones). The area and pro-

portion in relation to land use types of each sub-region under different ecological security 

conditions were extracted to analyse their spatial layout features, and suggestions were 

proposed for subsequent spatial adjustments. 

2.6.2. Carrying Capacity Analysis of Population 

Population growth exerts a crucial influence on the regional environmental capacity 

and sustainability of resources [66]. Therefore, the population carrying capacity under 

the constraint of ecological security is a great reference for urban development planning. 
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Requirements on land use for urban construction cover aspects of living space, transport, 

greenisation, and everyday life to fulfil human subsistence and development [67,68].  

Based on previous studies, we identified the entire extremely low security zone, 20% 

of the low security zone, and 60% of the medium security zone as falling into the category 

of ecologically constrained land use based on ecological security evaluations [69,70]. As 

such, the land that can be used for urban construction covers 40% of the medium security 

zone and 80% of the high and extremely high security zones. On this basis, the area of 

land used for urban construction in each sub-region can be calculated. Additionally, the 

population that can be supported by six sub-regions can be calculated against the pre-

sent-day criterion of 110 m2 per urban resident in China [71,72]. Together, these data re-

flect the characteristics of land resources and the population carrying capacity of each 

sub-region. 

3. Results 

3.1. Numeral Calculation and Spatial Distribution of Land Eco-Security 

Based on the modified Grey–TOPSIS, regional land eco-security was calculated for 

the Daye area. The positive and negative ideal solutions of Euclidean distance and grey 

relational degree for each pixel were calculated in a GIS environment (Table 3). The 

closeness degree was also evaluated under different parameter designs (� ��� �) (Table 4). 

Figure 3 shows the spatial distribution of regional land eco-security under different pa-

rameter designs in the Daye area. Combined with the field survey in Daye (real nature, 

economy, and environment), the research team selected the spatial distribution closest to 

the actual situation (when the parameter design is � = 0.9, � = 0.1) for subsequent 

analysis. 

Table 3. Positive and negative ideal solutions for Euclidean distance and Grey relational degree. 

Plot Numbers D + D − R + R − 

FK001 0.00125725 0.02352097 0.820823354 0.406491266 

FK002 0.001102489 0.023526267 0.822042596 0.396503794 

FK003 0.001163902 0.023525039 0.816829911 0.411037236 

FK004 0.001106563 0.023524801 0.791765184 0.414904255 

... ... ... ... ... 

Plot numbers: each grid in GIS processing; D+: positive Euclidean distance; D-: 

negative Euclidean distance; R+: positive ideal solution of Grey relational degree; R-: 

negative ideal solution of Grey relational degree. 

The very low and low security areas were mainly distributed in three regions: the 

urban centre in the northeast, iron mining area in the northwest, and copper mining area 

in the east. The moderate security areas were scattered across middle and southern re-

gions and mainly included towns and rural settlements. The high security areas were 

located in the middle-east and southern Daye area, mostly including arable lands and 

forests. The very high security areas were mainly limited to the southern and 

north-western regions, including most of the mountainous and wetland reserves. These 

findings were confirmed by our study group focused on field observation. 
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Figure 3. Map of regional land eco-security distribution on Daye. The ESI is classified as: very low (< 0.101), low (0.101 < 

ESI < 0.112), moderate (0.112 < ESI < 0.125), high (0.125 < ESI < 0.151), and very high (> 0.151). 

Percentage areas were calculated using the ESI level grid cell numbers multiplied by 

the grid cell size of 1 × 1 km. Very low eco-security classes comprised 5.65% (87.68 km2) of 

the total area, highlighting the serious deterioration of ecosystems in some areas on Daye. 

Low security areas accounted for 18.20% (285.02 km2) of the total area, moderate security 

areas for 31.64% (494.50 km2), and high and very high security areas for 27.25% (426.73 

km2) and 17.30% (271.12 km2), respectively. 

3.2. Analysis of Land Carrying Capacity in the Context of Ecological Security 

The resource supporting capacity of each sub-region of Daye City under the con-

straint of ecological land use is shown in Figure 4. In sub-region 1, a large amount of ur-

ban and farmland, accounting for 51.76 and 53.25 km2, respectively, is in an extremely 

unsecured state. In sub-region 2, 12.63 and 14.36 km2 of farmland and bare land, respec-



Land 2021, 10, 118 12 of 19 
 

tively, are in extremely low security state. In sub-region 3, a considerable proportion of 

the water area, reaching 60.07 km2, is in highly secure ecological conditions. In sub-region 

4, land use in extremely insecure conditions mainly involves farm and urban land, ac-

counting for 74.71 and 32.83 km2, respectively. In sub-region 5, most of the forest area, 

accounting for 142.35 km2, is in an extremely high or high security state. Nonetheless, 

103.74 km2 of farmland is in a low security state. In sub-region 6, most farmland, urban 

land, and water areas are at an extremely low security state, accounting for 70, 37.67, and 

9.46 km2, respectively. 

Table 4. Closeness degree under different parameters. 

Plot Numbers 
a = 0.9; β = 

0.1 

a = 0.8; β 

= 0.2 

a = 0.7; β = 

0.3 

a = 0.6; β = 

0.4 

a = 0.5; β = 

0.5 

a = 0.4; β = 

0.6 

a = 0.3; β = 

0.7 

a = 0.2; β = 

0.8 

a = 0.1; β = 

0.9 

FK001 0.521 0.486 0.449 0.408 0.363 0.313 0.258 0.197 0.128 

FK002 0.527 0.491 0.452 0.410 0.364 0.313 0.257 0.194 0.124 

FK003 0.517 0.483 0.445 0.405 0.36 0.31 0.255 0.194 0.125 

FK004 0.507 0.473 0.436 0.396 0.351 0.302 0.248 0.188 0.121 

... ... ... ... ... ... ... ... ... ... 

 

Figure 4. Carrying capacity of land resources under the ecological constraint for each sub-region in Daye. 

3.3. Analysis of Population Carrying Capacity in the Context of Ecological Security 

The population carrying capacity of each sub-region of Daye City under the con-

straint of ecological land use is shown in Figure 5. The population carrying capacities of 

land in sub-regions 1–6 are 237,000, 705,600, 689,200, 224,500, 1,440,600, and 337,100, re-

spectively. Distinct regional differences can be observed when comparing the factual 

population sizes and gross domestic product (GDP). The upper limit for population 

carrying capacity is exceeded in sub-region 1; population carrying capacities in 

sub-regions 4 and 6 are on par with their actual population sizes; and sub-regions 2, 3, 

and 5 have considerable room left in terms of their population carrying capacities. 
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Figure 5. Population carrying capacity under the constraint of ecological land use for each sub-region in Daye City. 

4. Discussion 

The assessment results reveal the characteristics of the land eco-security and its 

ability to assist in the decision-making process to determine the most efficient actions 

with key implications for ecological protection. 

4.1. Implications for Regional Eco-Security Management on Daye 

This study shows the eco-security characteristics of the entire ecosystem in the Daye 

area and the implications for ecological management in the area.  

In the very low eco-security part of the area, regulations for careful mining planning 

are suggested for the local government to minimise the destruction of the earth’s surface. 

Moreover, measures for immediate remediation of the damaged soil should be defined. 

Investments are recommended to fill-in gobs, and measures to solve the problem of eco-

logical refugees are to be taken when necessary. Another main problem is the large areas 

with soil heavy metal pollution. The recovery mechanism of heavy metal pollution in 

soils is extremely complex and costly. Therefore, the government needs to design 

long-term and effective recovery projects. 

In the low eco-security area, urban construction areas should be carefully and sci-

entifically planned to occupy the smallest possible amount of arable land and to preserve 

as much water and forests as possible. Moreover, this area should be prioritised for 

emission control, pollutant treatment, and more significantly, clean industrial produc-

tion. 

In the medium eco-security part, we suggested strict rules and regulations for sci-

entific and rational aquaculture, in which water quality monitoring is an important pre-

ventive measure, and the application of organic feed should be promoted in lake areas. In 

addition, farmers should be informed and encouraged to adopt organic fertilisers instead 

of chemical ones, grow disease-and-pest-resistant crops, and leave land fallowed regu-

larly. 

In the high eco-security part of the area, we suggest measures for ecosystem protec-

tion including establishment of alternative sources of economic income for the residents 

in the forest areas and limitation of the access of herders to grazing by instructing them of 

the benefit of rational grazing. A large area of water and wetland in the northwest was 

proposed to be improved into an ecological demonstration area. Meanwhile, we are 

committed to applying for a national wetland park to protect this important habitat for a 

long time. 
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Finally, due to the complexity of regional ecosystems, having both emergency and 

long-term goals is necessary in ecological security decision planning. 

4.2. Implications for Carrying Capacity of Land Resources and Population 

In its urbanisation process, sub-region 1, as the economic centre of the Daye area, 

has experienced a massive industrial clustering process. Expansion in the urban scale has 

caused a factual population to far exceed the limited carrying capacity of the land there. 

Additionally, a continuously overheated economy has led to a significant deficiency in 

land resource reserves. Thus, we propose that more towns should be established and the 

scale of construction land use be expanded in sub-regions 2 and 3.  

Long-term mining activities have caused massive waste and abandonment of farm-

land in sub-region 2 (a traditional iron ore mining zone). A considerable proportion of 

residential areas around the mining field is no longer suitable for living. Thus, the gov-

ernment should promptly allocate new land and coordinate with the relocation of 

high-risk residential areas. 

Sub-region 3 boasts well-preserved water areas that have been incorporated into the 

construction of a national wetland park. Given the abundant wetland and water area 

resources in the sub-region, land planning priorities should include tourism and real es-

tate development, which not only attracts inflows of massive urban populations, but also 

alleviates the population carrying pressure felt by the industrial development zone. In 

addition, the sub-region is estimated to achieve a GDP of more than CNY 10 billion in the 

forthcoming plan period.  

In sub-region 4, a large proportion of urban land use is currently in an extremely low 

security state. Particular attention should be paid to ecological improvement in the min-

eral processing belt through measures such as emission control, technological innovation, 

and financial support. With an improved ecological environment in the future, large ar-

eas of land dedicated to industrial development should be allocated to relieve land use 

requirements from sub-region 1. In the meantime, transportation advantages should be 

sufficiently leveraged to boost economic benefits generated by the mineral processing 

industry. 

Ecological resources in the southern forestry of sub-region 5 have been well pro-

tected; thanks to the governmental implementation of the policy of returning farmland to 

forestry. Forest resources, which account for nearly 433 km2, represent an integral part of 

the ecosystem functionality of Daye City. Despite its massive potential for population 

carrying capacity, the sub-region has seen a rather slow urbanisation process due to a low 

GDP scale. Governmental attention should be paid to local resident employment and 

economic conditions. It is advisable that land zoned for industrial use should be appro-

priately expanded to introduce new industries, such as agricultural and food processing, 

which would relieve employment pressures and labour losses. In the meantime, subsi-

dies for forest planting should be provided, or peasants should be guided to transit to-

wards other economic development modes.  

In sub-region 6, heavy metal pollution from copper mining has resulted in massively 

stagnated land resource development in north, which requires ecological restoration. 

However, the complexity, long duration, and high cost associated with the restoration of 

soil heavy-metal pollution means that governmental administrators must design a 

long-term plan for land reclamation and restoration. Given the strong fiscal revenues 

from copper mining, it is feasible to relocate industrial areas southwards and construct 

new residential areas in a step-wise manner to relieve the population carrying pressure 

on land. 

4.3. Implications for Regional Eco-Security Modelling Assessment 

TOPSIS linked GRA was applied in the modelling to support the assessment of 

ecological security, thus reflecting the flexibility of decision-making tools on a regional 



Land 2021, 10, 118 15 of 19 
 

scale. A major contribution of this paper is the introduction of a parameter design to re-

duce the subjectivity of the Grey–TOPSIS method and obtain more practical results. The 

multi-factor investigation employed in the present study is also useful for comprehen-

sive evaluation of an entire land ecosystem. Appropriate decision-making depends on 

conducting a complete analysis of the degraded ecosystem on a regional scale. Our ap-

plication of a traditional mining city has demonstrated the eco-security methodology 

capabilities and its flexibility in addressing the need for regional environmental protec-

tion. 

However, different types of data come from experts with different backgrounds, 

which is difficult to be quantified and spatialized later. Therefore, we should pay more 

attention to the normalization step of the various data in the modelling process, because 

normalization of the processing method as a key technique should be improved based 

on more wisdom in current the multi-criteria decision analysis (MCDA) methods [31,73]. 

The capability GIS was used to visualise the different levels of eco-security on a 

larger scale, and the spatial visualization expression was widely accepted by various lo-

cal participants. This still requires further development of the combined application of 

MCDA and GIS in the future [74]. For example, we will develop spatiotemporal model-

ling of systematic dynamics in the field of ecological security on large-scale investigation 

[1,75]. 

Most approaches were aimed at seeking the decision tools for large-scale 

eco-security to obtain the environmentally safe, localized, and economically profitable 

strategies [76,77]. Regional eco-security assessment not only identifies where the most 

urgent need is for remediation, but also helps to reveal the ecological mechanisms of 

land degradation. At the same time, we should also be concerned that popularization of 

the TOPSIS technology and sharing of the software would be helpful for land planners 

to master the technology. In addition, many studies rely too much on quantitative mod-

elling calculations, and the results cannot be generally accepted. Therefore, encourage-

ment of participation by different stakeholders of local land resources is proposed so 

that decision-making will be widely accepted [78,79]. 

5. Conclusions 

In this study, we conducted a land eco-security assessment on a regional scale by 

incorporating the PSR framework, GIS-based TOPSIS, and GRA, and applied it to the 

traditional mining city of Daye city. The results show the spatial security patterns of the 

entire ecosystem, and priority options for various stakeholders are provided. An analysis 

of the carrying capacity of land resources and population for each sub-region was pre-

sented, and sustainable urban planning options were defined. This spatial deci-

sion-support tool would be practical for ecological protection and resource sustainable 

management. However, the strategies of policy-makers derived from our model need to 

be evaluated and confirmed in practice for ecological management. Moreover, the pre-

sent model and method should be further evaluated for its validity using other regional 

ecosystems to determine the scope of its applicability. We will continue to modify our 

decision-making tools which are of guiding significance for researchers in land resource 

and environmental management. For example, with the maturity of the GIS–TOPSIS 

technology, it is expected to develop software and popularize it in land planners. We 

also need to develop the nonlinear design to reduce the uncertainty concerning model 

calculation, and to develop a new approach to check the accuracy of model simulations 

[25,80]. Systematic and dynamic modelling is also very consistent with the simulation of 

ecosystem processes. In the future, we will develop spatiotemporal modelling of sys-

tematic dynamics in the field of ecological degradation on large-scale investigation. 
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