

  sustainability-14-04428




sustainability-14-04428







Sustainability 2022, 14(8), 4428; doi:10.3390/su14084428




Article



RSEI-Based Modeling of Ecological Security and Its Spatial Impacts on Soil Quality: A Case Study of Dayu, China



Xiaoxia Su 1, Jing Wu 2, Pengshuo Li 1,*[image: Orcid], Renjie Li 2 and Penggen Cheng 2[image: Orcid]





1



College of Surveying and Geo-Informatics, Tongji University, Shanghai 200092, China






2



Faculty of Geomatics, East China University of Technology, Nanchang 330013, China









*



Correspondence: lipengshuo@tongji.edu.cn







Academic Editor: Alejandro Rescia



Received: 7 February 2022 / Accepted: 28 March 2022 / Published: 8 April 2022



Abstract

:

Rapid urbanization and industrialization have brought serious threats to urban ecological security, which refers to the health and integrity of urban ecosystems. By collecting multi-source data in the modeling of the ecological security pattern, we used the remote sensing ecological index (RSEI) to identify the ecological sources (ESOs), and applied five indicators to construct the resistance surface, including land-use type, normalized vegetation index (NDVI), normalized building index (NDBI), slope, and digital elevation model (DEM). Based on the ESOs and ecological resistance surface, we calculated the cost distance of each pixel to the nearest ESO using the minimum cumulative resistance model. With the natural breakpoint method, we classified the cost distance into five levels, and constructed the ecological security pattern of Dayu. In Dayu, there were areas of at least 40% with stable ecological security. We identified 39, 31, and 43 ESOs of Dayu in 2012, 2016, and 2020, respectively. During 2012 to 2016, the number of medium ESOs decreased from 16 to 5, and the number of small ESOs increased from 13 to 26. From 2016 to 2020, the number of medium-sized ESOs increased from 5 to 18, and the number of small-sized ESOs decreased from 26 to 20. The percentage of the Level-5 (the worst) ecological security was 5.84% in 2012, 6.80% in 2016, and 4.42% in 2020. The ecological security was negatively correlated with the intensity of the human activities and varied significantly in different towns. The soil quality was positively consistent with the ecological security, and the urbanization caused damage to the soil security. A few suggestions were finally provided for decision-makers to improve the ecological environments and the soil quality.
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1. Introduction


In recent years, rapid urbanization and industrialization have led to increasingly severe pollution of environments, and thus serious threats to urban ecological security [1,2,3,4]. In ecosystem studies, ecological security refers to the health and integrity of ecosystems [5]. Ecological security reflects the degree of guarantee that human beings are not affected by ecological damage and environmental pollution in terms of production, life, and health, including basic elements such as soil safety, living conditions, and green environments [6,7]. Ecosystem problems such as soil nutrient loss [8] and the destruction of the urban green space exacerbate the contradictions between ecological security and urban expansion [9]. To promote the sustainable development of cities, modelers and decision-makers have made many efforts to understand and examine the ecological security pattern in rapidly urbanizing areas [10,11]. In fact, ecological security is an indicator of the balance between the region’s development and ecosystem health [12,13]. As such, it is necessary to conduct an in-depth examination of ecological security and its spatial impacts on environmental factors, such as soil quality, using various spatial data and remote sensing imagery.



To quantify the degree of ecological security and examine its spatial patterns, modelers have developed methods such as the source-sink theory, minimum cumulative resistance, and the circuit theory in recent years [14,15,16,17,18]. Among these, the source-sink theory was used to explore the relationship between landscape patterns and ecological security and/or processes [14,15]. MCR was applied for capturing the ecological security patterns in Shenzhen and Changzhou of China [16,17], and the circuit theory was adopted to examine the ecosystem services in Yunnan of China [18]. These useful works improved our understanding of the ecological security pattern in local areas, especially under the urgent demand for discovering the impacts of urban expansion on regional ecosystems. To study the spatiotemporal evolution of urban expansion and ecological security, two issues including the identification of ecological sources (ESOs) and the quantification of ecological security should be thoroughly addressed.



ESOs are ecological patches that maintain a high degree of ecological function. Even if ESOs are damaged by human activities and natural disasters, they can maintain a high ecological quality and strong self-regulation ability. As an important component of the regional ecosystem, ESOs can be the basis of constructing ecological security. Visual inspection is the initial method that identifies wetlands and forests as ESOs. Further studies using visual inspection selected habitats and ecological reserves as candidates of ESOs [19,20,21]. More studies have considered comprehensive indicators that were proposed to improve ESO identification, where the indicators included habitat importance [22,23], landscape connectivity [24,25], and ecological sensitivity [26,27,28], to name a few. The hot spot analysis [29] and ecosystem service value [30,31] were also used to improve ESO identification. The visual inspection is relatively subjective, because the results are different from person to person, while the comprehensive indicators need sufficient data to identify the ESOs that can be derived from various spatial data and remote sensing imagery.



Soil quality is another indicator of ecological security and is considered the capacity of soil to sustain the productivity of the plant and animal, maintain or enhance the quality of water and air, and support human food and habitation [32,33,34]. The degradation of ecological security usually causes significant environmental consequences such as increased soil erosion [35]. Soil erosion reduces the ecological security index (ESI) and damages the ecological function of the soil [36]. In this regard, the features of ecological security and the humidity of soil have been revealed by scientists, especially in a case study of the Chinese Loess Plateau, using the remote sensing ecological index (RSEI) [37]. RSEI is an ecological index calculated from remote sensing images that can be provided by many Earth observation satellites. The short revisiting periods of different satellites guarantee the quick update of images and their large-scale coverage [38,39]. Thus, remote sensing-based RSEI can quantify the changes in ecological security of different areas [37,40,41,42].



This study is aimed at identifying ESOs and examining the ecological security patterns using the RSEI method with the support of Landsat images. We also examined the impacts of ecological security on soil quality after analyzing the spatiotemporal patterns of ecological security and soil nutrition. The RSEI-based ESO identification method was applied in a small city, i.e., Dayu county of China. We first used RSEI to identify the candidate areas of ESOs, then analyzed the frequency of the RSEIs to select the accurate ESOs based on a predefined optimal threshold. Furthermore, we selected five ecological resisting factors to construct the ecological resisting index system for constructing the resistance surface. We derived the urban ecological security patterns using a minimum cumulative resistance (MCR) model. We finally analyzed the reasons for ecological security change, and indicated feasible suggestions for the local government to regulate useful policies of urban planning and ecological security protection.




2. Material and Methods


2.1. Study Area


Dayu is a county-level city covering 11 towns that are in the boundary of 114° E~114°44′ E/5°15′ N~25°37′ N, located in Ganzhou City of Jiangxi Province, China (Figure 1). The county has dense rivers to form the Zhangjiang River Basin with the Ganjiang tributary of Zhangshui as the mainstream. There are 530 tributaries in this area, with a total river length of 2084.54 km and a river density of 1.52 km per km2. The overall area of Dayu is 1367.63 km2 and the terrain elevation is high in the west and low in the east. The highest altitude is 1386.6 m above sea level, and the lowest is 124 m. The central and eastern parts form a hilly basin surrounded by mountains on three sides that open to the east. The central hills and mountains are generally 300 to 500 m above sea level, and the plains and hills on both sides of the Zhangjiang River in the east are about 200 m above sea level. The mountainous area of the county is 311.18 km2, accounting for 22.76% of the total area, and most of them are vein-shaped, undulating and overlapping with valleys and ravines. The hills cover an area of 804.65 km2 which accounts for 58.86% and forms a belt that is dominated by purplish-red rock soil. The plain area is 251.175 km2, which accounts for 18.38%, and is mainly consisted of red soil, yellow soil, and alluvial soil. The soil is soft and fertile, rich in calcium, magnesium, potassium, and other minerals. The average content of the organic matter, alkaline hydrolyzed nitrogen, and available phosphorus were lower in the soil of the western region than in the eastern region, whereas the average content of available potassium was higher in the western regions than in the eastern regions.



The urban center of Dayu is located in Nan’an, where both the slope and elevation are lower. Big villages with a high-density of population span three towns, including Qinglong, Chijiang, and Xincheng. These villages are scattered along main roads and around large mines and factories. From 2012 to 2020, the city expanded in the low-lying area of Dayu and was mainly shaped by the terrain. As of 2020, Dayu’s urban area was about 116 km2, and the newly built-up areas were minor and randomly distributed in Dayu’s mountainous areas (Figure 1). Dayu was rich in mineral resources, and the tungsten mine production was once ranked among the top in the world. Affected by intensive mining and economic activities, the ecological environment near mines and urban areas has been severely damaged, posing threats to the ecological security of the entire city [43]. Thus, the study of Dayu should be useful to improve our understanding of ecological security in mining towns of China and to test the effectiveness of the RSEI method.




2.2. Datasets


The remote sensing images used in this study were from the Enhanced Thematic Mapper (ETM) of Landsat-7 in 2012 and the Operational Land Imager (OLI) and the Thermal Infrared Sensor (TIRS) of Landsat-8 in 2016 and 2020 (Table 1). The pixel size of the images was 30 m and the revisiting period was 16 days. The images were provided by the geospatial data cloud (www.gscloud.cn). The 30 m digital elevation model (DEM) of Dayu was collected from the United States Geological Survey (www.usgs.gov). The statistical yearbooks of Dayu were collected from the Dayu local government (www.jxdy.gov.cn), which included datasets of the total land area, terrain, soil conditions, population, GDP, industrial production values, mining production, and grain outputs. The soil was sampled from an investigation named “Soil Nutrient Content Tests” of Dayu in 2012, 2015, and 2019, which were provided by the Department of Agriculture of Jiangxi Province (nync.jiangxi.gov.cn). The depth of the soil sampling was 20 cm and the sampling range covered the whole Dayu. The total number of samples was 780, which included information on the soil type, the content of the nutrients, the PH, the degree of erosion, and the soil structure. Among these, the content of the nutrients included organic matter, alkaline hydrolyzed nitrogen, available phosphorus, and available potassium.




2.3. The RSEI-Based Ecological Security Assessment Model


2.3.1. The ESO Identification Method


For identifying ESOs, RSEI integrates four elements, including humidity, greenness, temperature, and dryness, and quantifies the ecological quality of the land patches. The computation of RSEI needs to consider four variables, including humidity, normalized vegetation index (NDVI), normalized building index (NDBI), and bare soil index (BSI). RSEI ranged from 0 to 1, and was calculated by [39]:


RSEI = f (G,W,T,D)



(1)




where G represents the greenness, W represents the humidity, T represents the land surface temperature, and D represents the dryness.



Both the ETM and OLI images can be used to derive the humidity, which was calculated by [44]:


ETM: humidity = 0.2626 × Lblue + 0.2141 × Lgreen + 0.0926 × Lred + 0.0656 × Lnir − 0.7629 × Lsir − 0.5388 × Lmir



(2)






ORL: humidity = 0.1511 × Lblue + 0.1973 × Lgreen + 0.3283 × Lred + 0.3407 × Lnir − 0.7117 × Lmir1 − 0.4559 × Lmir2



(3)




where Lblue represents the blue band, Lgreen represents the green band, Lred represents the red band, Lnir represents the near-infrared band of all Landsat images, Lsir represents the short infrared band, Lmir represents the middle-infrared band of the Landsat-7 images, Lmir1 represents the first middle-infrared band, Lmir2 represents the second middle-infrared band of the Landsat-8 images.



The greenness can be represented by NDVI [45]:


NDVI = (Lnir − Lred)/(Lnir + Lred)



(4)







The temperature can be derived from the thermal infrared brightness value [46]. The dryness was calculated using NDBI and BSI [47,48]:


  NDBI =   2  L  m i r     /    (   L  m i r   +  L  n i r    )  −  [   L  n i r     /    (   L  n i r   +  L  r e d    )  +  L  g r e e n     /    (   L  g r e e n   +  L  m i r    )   ]    2  L  m i r     /    (   L  m i r   +  L  n i r    )  +  [   L  n i r     /    (   L  n i r   +  L  r e d    )  +  L  g r e e n     /    (   L  g r e e n   +  L  m i r    )   ]     



(5)






BSI = [(Lmir + Lred) − (Lmir + Lblue)]/[(Lmir + Lred) + (Lmir + Lblue)]



(6)






dryness = (NDBI + BSI)/2



(7)







We performed principal component analysis (PCA) on the four elements above, i.e., humidity, greenness, temperature, and dryness, and used the normalized PCA regression value as the RSEI. Because the forest is the dominant land type, which reaches 70% in Dayu, the mode of the RSEIs was considered as the RSEI of forests. To identify the ESOs from RSEIs, we defined the threshold as the modes of RSEIs. As such, the areas with RSEIs greater than the mode were identified as the candidate ESOs. Among these candidates, we selected ecological patches larger than 100 km2 as the final ESOs.




2.3.2. The Ecological Security Identification Method


The ecological resistance in the migration of plants and animals also reflected the ecological security of the environment. Comprehensively considering the human settlement environments, natural conditions, and landform characteristics of Dayu, we constructed the ecological resistance surface using five ecological resistance factors: land-use type, NDVI, NDBI, DEM, and slope. Land-use and NDBI were chosen because human activities and building conditions have impacts on soil [49]. Through the spectral operation of remote sensing images, NDVI can reflect whether the soil is suitable for vegetation survival, and DEM is the terrain factor that reflects the ecological resistance [50]. We classified land-use into the urban, forest, water, farm, and bare land [51] (Figure 2a). The overall accuracy was 91.66% in 2012, 95.09% in 2016, and 91.33% in 2020. NDVI represents the role of the natural conditions in constituting the ecological security pattern (Figure 2b) and NDBI represents the impacts of the built-up areas on ecological resistance (Figure 2c).



The ecological security pattern was analyzed based on an ecological resisting surface that was calculated using the resisting factors. However, different resisting factors have different impacts on the resisting surface; this suggests that each factor has its weight. In this study, we classified the resisting factors into three types, including the living environments, the natural environments, and the landform characteristics (Table 2). To define the weight, we then applied the expert scoring method by comparing each two of the three factors to identify the more important factor of each two. The determination matrix was generated using the 1–9 scaling method based on the initial importance of factors. The maximum eigenvalue and eigenvector were then calculated and, the normalized eigenvector component was the weight ratio. A further consistency test smaller than 0.1 indicated that the error was within the allowable range.



The land-use patterns are a direct reflection of the impacts of human activities on the ecosystems. Among human activities, urban development and economic activities cause many negative effects on the soil, while forest plantation greatly improves the stability of ecosystems. Due to the huge impacts of human activities on the environment and because the process is commonly irreversible, the weight of the land-use is considered stronger than the other factors. Among the different land-use types, those (e.g., water and forest) maintaining the natural situation have the lowest resisting scores. The scores of other land-uses were proportional to the intensity of human activities. For NDVI, the weight ranked second in the five resisting factors and the scores were inversely proportional to NDVI. For NDBI, the scores were proportional to NDBI. For DEM and slope, the resisting scores were inversely proportional to their values.



Based on the resisting factors, we established the ecological resistance surface of Dayu through the raster calculator in ArcGIS [10,52,53]. The ecological resistance surface reflected the obstacle strength encountered by species during species expansion. Combined with the ESOs, we constructed the urban ecological security pattern of Dayu based on the MCR model. The MCR was calculated by the following:


  MCR   =   f m i n     ∑   j = n   i = m    (   D  i j   ×  R i   )     



(8)




where f represents the positive correlation between MCR and ecological processes, Dij represents the spatial distance traveled by species from source j to landscape unit i, and Ri represents the resistance value of landscape unit i to species expansion.



Considering both the MCR and ESOs, we calculated the cost distance of each pixel to the nearest ESO. The distance was positively related to ecological security. To visualize the spatiotemporal pattern of the ecological security pattern, we applied the natural breakpoint method to divide the distance into five levels, with the first level having the highest ecological security and the fifth level having the lowest security. The division results thus indicated the ecological security patterns. The optimal threshold of the RSEIs was set based on the statistics, including the mean and standard deviation. Based on the RSEIs, the impacts of ecological security on soil quality were analyzed from the observation of the spatiotemporal evolution of ecological security and the four soil nutrition types.






3. Results


3.1. The ESOs Identification


In Dayu County, the RSEI indexes of the urban and forest land showed significant differences. In 2012, the RSEIs in the urban areas were smaller than 0.5, indicating poor ecological security (Figure 3a). In 2016, the RSEIs in the urban areas were higher than before, indicating improvement in the urban ecosystems (Figure 3b). In 2020, the high RSEIs were concentrated in the mountains and woodlands (Figure 3c). The statistics of the RSEIs show that the modes of the RSEIs were all ~0.70 in 2012, 2016, and 2020 (Figure 3d–f); the mean RSEIs were higher in 2020 than in 2012 and 2016, indicating the improvement of the ecosystems (Figure 3g); and the standard deviation increased from 2012 to 2020, indicating the increasingly clustered pattern of ecological security (Figure 3g).



By implementing the optimal threshold of 0.7 on the RSEIs, we identified 39 ESOs in 2012, 31 ESOs in 2016, and 43 ESOs in 2020 in the Dayu study area (Figure 4). In 2012, more than 20 ESOs were found in the west and north areas (Figure 4a); in 2016, no ESOs were found in the central urban areas (Figure 4b); and in 2020, relatively few ecological resources were found in the eastern areas (Figure 4c). In 2012, the 11 ESO areas exceeded 400 km2, of which three ESOs exceeded 800 km2 (Figure 4d); in 2016, the number of ESOs that were larger than 400 km2 was reduced to only one (Figure 4e); and in 2020, most ESOs increased in areas compared to those in 2016 (Figure 4f). We used the area as an index to divide the ESOs into four levels: small ESOs smaller than 400 km2, medium ESOs between 400 km2 and 800 km2, large ESOs between 800 km2 and 1200 km2, and extra-large ESOs larger than 1200 km2 (Figure 4g). During 2012–2016, while the number of total ESOs decreased, the small ESOs increased significantly; this suggests that the small ESOs in 2012 were fragmented into several smaller ESOs, which consequently disappeared in 2016. In contrast, the period of 2016–2020 witnessed significant growth, as proven by the increases in medium, large, and extra-large ESOs; however, the ecosystems had not recovered back to the status as in 2012.




3.2. The Ecological Security Patterns


Based on the identified ESOs, the ecological cumulative resistances were calculated and the spatial change was significant between 2012 and 2020 (Figure 5a–c). For the ecological security patterns, level-1 represents the best ecological security, and level-5 represents the lowest ecological security (Figure 5d–f). After mapping the ecological security patterns, the area and proportion were calculated for each ecological security level in Dayu (Table 3). From 2012 to 2020, the first-level security maintained the largest area, the second-level security gained a gradual increase, the fourth-level received a gradual decrease, and the fifth-level was always the smallest, indicating the relatively good situation of Dayu in the past eight years. In 2016, the first-level areas accounted for the lowest proportion compared to those in other years, and the fifth-level area accounted for the highest proportion compared to those in other years, indicating a relatively less optimistic situation from 2012 to 2016. Compared with 2016, the proportion of level-1 in 2020 increased significantly, and level-3, level-4, and level-5 all declined in areas and sizes, indicating a significant improvement in the ecological security situation in Dayu.



Figure 6 shows the ecological security patterns and the change in percentages from 2012 to 2020. In 2012, the worst (i.e., fifth-level) ecological security zone was mainly in Chijiang Town, east of Dayu. However, in 2016, the fifth-level security zone in Chijiang decreased significantly in area, and the ecological security level of Nan’an declined significantly (Figure 6a). From 2012 to 2020, the lower security levels tended to move closer to the eastern border of Dayu (Figure 6b). For the central areas of Dayu, most belonged to the fourth-level security zone in 2012, and most were downgraded to the fifth-level in 2016, but some recovered to the third-level in 2020 (Figure 6c). From 2012 to 2016, at least 40% of Dayu’s ecological security level remained unchanged, with slightly more areas with improved ecological quality than areas with decreased ecological quality (Figure 6d). However, by analyzing the number of ESOs and the changes in land area of various types, we found that the ecological security status of Dayu was worse in 2016 than in 2012. From 2016 to 2020, the ecological security level of larger areas was upgraded (Figure 6e). However, the areas of land with better ecological security in 2020 were smaller than those in 2012 (Figure 6f).




3.3. The Impacts on Soil Quality


As the soil quality of Dayu directly affected the ecological environments, we analyzed the ecological security pattern to explore the changes in soil nutrients. Due to the lack of soil data in 2016 and 2020, we instead used the closest soil data in 2012, 2015, and 2019 for the analysis. In the above three years, the annual average PHs of the soil were 5.46, 5.15, and 5.40, respectively, and the soil was slightly acidic. Soil nutrient statistics showed that the parent materials for soil formation were mainly loess and alluvial, which were rich in organic matter, alkali-hydrolyzable nitrogen, available phosphorus, and available potassium (Table 4). From 2012 to 2019, in 11 townships of Dayu, these substances promoted the growth of crops and effectively maintained the balance of the ecological environment.



In 2015, the four nutrients in the soil of Nanan were all in a low state, consistent with the poor ecological security pattern, as revealed in Figure 7a. In Neiliang and Hedong where the human activities were less dense, the soil consisted of the hemp sand mud fields and the nutrient contents were relatively stable with high ecological security levels. The nutrient contents in the soil of Fujiang and Huanglong increased over time, which was consistent with the improvement of ecological security (Figure 7b). However, the content of available potassium decreased to a large extent in 2019. The soil nutrient content in Zhangdou and Zuoba was relatively stable, and the soil security level was good as well (Figure 7c). The various nutrient contents in the soil of Chijiang showed a downward trend, which was consistent with the poor regional ecological security pattern. The soil nutrient content of Xincheng in 2019 was low, and the ecological security level was also slightly reduced, indicating the threats caused by urbanization to the soil security (Figure 7d).





4. Discussion


4.1. The Analysis of the ESO Identification


In the ESO identification, the optimal threshold was usually assigned based on the ecological situation of the study area [10,29]. In this study, five sets of ecological security thresholds were selected in the range of 0.5 to 0.9 with an interval of 0.1 to conduct the sensitivity analysis (Table 5). The thresholds of 0.5 or 0.9 resulted in an extreme high of extracted ESOs. A threshold of 0.8 resulted in the average ESOs being smaller than 200 km2, the related area and quantity of the ESOs decreased significantly than the results of the threshold of 0.7. A threshold of 0.6 significantly increased the number of ESOs, but the area did not change significantly compared to a threshold of 0.7, indicating that the excesses were all small ESOs smaller than 200 km2. The area and number of ESOs extracted using a threshold of 0.7 were at a medium level, which was in line with the actual situation of Dayu.



The number of ESOs was closely related to the quality of the ecological environment and the intensity of human activities in the area. In 2012, the ESOs were mostly located in the west and north areas because these areas were covered by large areas of forests that indicated the best ecological capability. In these areas, the mountains with high altitudes and large slopes also made the ecosystems less affected by human activities. In 2016, the central areas with high-density human activities caused significant damages to the ecological environments, resulting in the lack of ecological resources in this area. In 2020, in the eastern areas, there were relatively few ecological resources because of the human villages and modern facilities such as sand quarries and airports.




4.2. The Analysis of the Spatiotemporal Ecological Security Pattern


Even though Dayu’s mineral resources were considered to be exhausted around 2012, mining activities did not stop, resulting in even more serious damage to the ecological environment in the central region in 2016. Subsequently, the local government of Dayu issued a few policies to promote the transformation of this resource-depleted city, and implemented the recovery projects to actively control mine pollution, including the “Inspection of Nature Reserves”, “National Voluntary Tree Planting”, and “Reconstruction of Low-Quality and Low-Efficiency Forests” [52,53,54]. The subsequent strict implementation of environmental protection policies significantly improved the ecological security level of central Dayu in 2020. In this research, the recovery of ecosystems referred to the resumption of area. Although the impact of mine pollution on the environment has been greatly reduced, frequent human activities still pose a great threat to the ecological security in the urban area [43,55,56,57,58]. According to the statistical yearbooks and related plans, the eastern part has attracted many modern facilities such as factories, sand quarries, and airports. The eastern area is the main transportation route for transporting minerals, and new industrial parks are mainly concentrated in this area, which may be the main reason for its poor ecological security. This shows that the mining and transportation of mine resources had great impacts on the surrounding ecological environments, and the urbanization and factory construction also had great impacts on the decline of ecological security. Although the relevant policies and plans for mine pollution control have achieved good implementation results, local governments also need to pay attention to the negative impact of high-intensity human activities on ecological security.




4.3. The Analysis of the Spatial Impacts on Soil Quality


Ecological security is an important indicator of the health of the natural environment; in the case study area of Dayu, the long-term mining of mineral resources has seriously damaged the ecological environment. The content of heavy metals such as cadmium in the soil of the eastern mining area has been detected to exceed the standard requirements seriously [43,56]. Different from the traditional method of soil quality assessment using chemical analysis, this study focuses on the impacts of ecological security on soil quality. The spatiotemporal ecological security pattern constructed by RSEI and ecological sources was consistent with the changes in soil nutrients. The consistence was because the deterioration of the ecological environment destroyed the nutrients in the soil then affected the vegetation growth. In areas with many mines and high levels of human activity, soil security was poor, indicating roughly equal soil damage from human activity and mining. The variables used to calculate RSEI linked the ecological security pattern and the soil quality. The identification of this relationship will support initial investigations of soil quality using ecological security modeling in the early stages of soil quality assessment. When modeling ecological security, the mode of RSEI showed a rising trend from 2012 to 2020. As Dayu has a high proportion (e.g., 70%) of forests, the mode of RSEI was considered to represent the RSEIs of forests. The increases reflected the continuous improvement of the ecological security level of the forests, as proven by the increases in vegetation growth level, soil moisture content, and soil temperature.



In response to the ecological security situation of Dayu, workers have carried out a lot of research, and the local government has formulated relevant policies [55]. Under the strict implementation of the promulgated environmental protection policies, the ecological environment of Dayu has been improved to a certain extent. In the future, the local government needs to strengthen the supervision of mining, and promote policies such as green mine construction and net mine transfer. Considering the local resources, the local government needs to control the scale and intensity of mining, promote the mine restoration policy, and minimize the damage to the environment caused by resource mining. The local government needs to appropriately plan the location of factories and residential areas according to the type of land use and the characteristics of production and life. In addition, the local government can properly handle the pollutants generated by residents’ production and life, reducing damage to the environment. Furthermore, it is necessary to establish sound ecological protection and restoration policy for mountains, rivers, forests, fields, lakes, grasses, and sands.





5. Conclusions


Based on the synthesizing multi-source spatial and remote sensing data, we propose an identification method for ESOs based on RSEI, and use the least cumulative resistance model to analyze the ecological security pattern of Dayu. By analyzing the spatiotemporal evolution of ecological security and soil nutrition survey data, we reveale the impact of ecological security on soil quality.



In Dayu, at least 40% of the area is ecologically secure and stable—there were 39 ESOs in 2012, 31 ESOs in 2016, and 43 ESOs in 2020. We found that ecological security was negatively correlated with the intensity of human activities, but this relationship was different in different cities and towns. Mine pollution and high-intensity human activities have had a significant impact on the safety of the ecological environment in Dayu. In 2016, Dayu launched an environmental protection policy, and the improvement of its ecological security status was closely related to the implementation of active environmental protection policies. In addition, we found that soil security and ecological security are consistent in the spatial and temporal patterns. In areas with many mines and frequent human activities, soil safety is poor, indicating that urbanization and human activities damage soil as much as mining. Therefore, we suggest that the local government should pay attention to changes in soil quality in Dayu city center and the surrounding areas, and formulate relevant policies or carry out relevant scientific research to improve soil quality. The local government should continue to implementing environmental protection policies to promote the optimization of the ecological environment.
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Figure 1. (a) The location of our study Dayu county in Ganzhou, China, and (b) the urban expansion of Dayu from 2012 to 2020. The background map (b) is an RGB false-color image using the Landsat-8’s Band-4, Band-3, and Band-2, successively. 
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Figure 2. The representative ecological resisting factors including land-use (a), NDVI (b), and NDBI (c). 






Figure 2. The representative ecological resisting factors including land-use (a), NDVI (b), and NDBI (c).



[image: Sustainability 14 04428 g002]







[image: Sustainability 14 04428 g003 550] 





Figure 3. The spatial patterns of the RSEIs of Dayu in 2012 (a), 2016 (b), and 2020 (c); the frequency statistics of the RSEIs in 2012 (d), 2016 (e), and 2020 (f); and the mean RSEIs, the standard deviation of RSEIs, and the percentage of forest in Dayu (g). 
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Figure 4. The ecological sources of Dayu in 2012 (a), 2016 (b), and 2020 (c). The statistics of the ESOs in Dayu: the areas of ESOs in 2012 (d), 2016 (e), and 2020 (f), and the count of different kinds of ESs (g). 
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Figure 5. The ecological cumulative resistances of Dayu in 2012 (a), 2016 (b), and 2020 (c), and the ecological security patterns in 2012 (d), 2016 (e), and 2020 (f). 
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Figure 6. The change in the ecological security patterns from 2012 to 2020 (a), 2016 to 2020 (b), and 2012 to 2020 (c), and the change in percentages from of the three related periods (d–f). 
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Figure 7. The nutrient content in the soil of different towns in Dayu: the organic matter (a), the alkaline nitrogen (b), the available phosphorus (c), and the available potassium (d). 






Figure 7. The nutrient content in the soil of different towns in Dayu: the organic matter (a), the alkaline nitrogen (b), the available phosphorus (c), and the available potassium (d).



[image: Sustainability 14 04428 g007]







[image: Table] 





Table 1. The Landsat images and the statistical datasets used in this study.
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	Data
	Source
	Time
	Purpose





	Remote sensing images
	Landsat-7 ETM from Geospatial Data Cloud
	December 2012
	Produce the ecological resistance factors for quantifying the ecological security pattern



	Remote sensing images
	Landsat-8 OLI and TIRS from Geospatial Data Cloud
	February 2016
	Produce the ecological resistance factors for quantifying the ecological security pattern



	Remote sensing images
	Landsat-8 OLI and TIRS from Geospatial Data Cloud
	February 2020
	Produce the ecological resistance factors for quantifying the ecological security pattern



	DEM
	The United States Geological Survey
	2017
	Calculate the ecological resisting surface in 2012, 2016 and 2020



	Statistical yearbooks
	The Dayu local government
	2012, 2016, 2020
	Evaluate the ecological security and model the urban expansion



	The soil nutrient content
	The soil nutrient content tests
	2012, 2015, 2019
	Analyze the soil quality and ecological security
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Table 2. The type, weight, and scores of the resisting factors of the ecosystems in Dayu.
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Type

	
Resisting Factor

	
Weight

	
Level

	
Resisting Score






	
Living environments

	
Land-use

	
0.46

	
Water

	
1




	
Forest

	
2




	
Farm

	
3




	
Bare land

	
4




	
Urban

	
5




	
NDBI

	
0.15

	
0–0.2

	
1




	
0.2–0.4

	
2




	
0.4–0.6

	
3




	
0.6–0.8

	
4




	
0.8–1

	
5




	
Natural environments

	
NDVI

	
0.27

	
0.8–1

	
1




	
0.6–0.8

	
2




	
0.4–0.6

	
3




	
0.2–0.4

	
4




	
0–0.2

	
5




	
landform characteristics

	
DEM

	
0.04

	
0–240 m

	
1




	
240–480 m

	
2




	
480–720 m

	
3




	
720–960 m

	
4




	
960–1367 m

	
5




	
Slope

	
0.08

	
0–5°

	
1




	
5–15°

	
2




	
15–24°

	
3




	
24–54°

	
4




	
54–87°

	
5
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Table 3. The area and percentage of each ecological security level from 2012 to 2020.
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Security Level

	
2012

	
2016

	
2020




	
Area (km2)

	
Percentage (%)

	
Area (km2)

	
Percentage (%)

	
Area (km2)

	
Percentage (%)






	
Level 1

	
478..07

	
34.96

	
406.87

	
29.75

	
510.80

	
37.35




	
Level 2

	
349.47

	
25.55

	
390.73

	
28.57

	
401.81

	
29.38




	
Level 3

	
261.51

	
19.12

	
304.02

	
22.23

	
256.43

	
18.75




	
Level 4

	
198.61

	
14.52

	
173.01

	
12.65

	
138.13

	
10.10




	
Level 5

	
79.97

	
5.84

	
93.00

	
6.80

	
60.45

	
4.42
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Table 4. The soil nutrient content in Dayu.
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Soil Composition

	
Organic Matter

(mg/kg)

	
Alkaline Hydrolyzed Nitrogen (mg/kg)

	
Available Phosphorus

(mg/kg)

	
Available Potassium (mg/kg)




	
2012

	
2015

	
2019

	
2012

	
2015

	
2019

	
2012

	
2015

	
2019

	
2012

	
2015

	
2019






	
Average

	
21.90

	
22.20

	
29.90

	
122.70

	
140.80

	
125.80

	
26.40

	
27.83

	
51.38

	
87.576

	
111.45

	
78.08




	
Nan’an

	
30.65

	
23.99

	
72.90

	
137.80

	
127.96

	
155.35

	
34.27

	
21.44

	
30.40

	
151.50

	
89.20

	
45.00




	
Xincheng

	
14.15

	
22.82

	
11.63

	
100.32

	
147.58

	
94.67

	
25.70

	
30.48

	
45.40

	
43.81

	
110.03

	
52.50




	
Chijiang

	
24.69

	
22.10

	
15.15

	
148.84

	
143.98

	
103.31

	
27.61

	
27.56

	
29.53

	
84.53

	
109.12

	
89.25




	
Qinglong

	
17.24

	
22.45

	
26.30

	
126.11

	
148.36

	
132.44

	
27.31

	
24.69

	
30.30

	
88.67

	
105.52

	
76.40




	
Huanglong

	
16.85

	
24.45

	
29.85

	
96.38

	
145.50

	
156.03

	
29.66

	
29.84

	
54.00

	
119.90

	
99.74

	
77.25




	
Jicun

	
28.29

	
21.44

	
13.30

	
117.78

	
137.05

	
89.00

	
27.53

	
27.96

	
18.00

	
83.02

	
113.8

	
93.00




	
Hedong

	
24.47

	
24.45

	
20.35

	
132.24

	
128.35

	
116.15

	
23.22

	
31.66

	
27.80

	
59.03

	
99.04

	
89.50




	
Neiliang

	
21.03

	
21.72

	
35.15

	
115.56

	
126.78

	
135.79

	
26.84

	
22.15

	
5.05

	
86.60

	
107.70

	
93.00




	
Fujiang

	
20.02

	
22.95

	
31.90

	
123.24

	
124.83

	
127.56

	
22.99

	
32.10

	
83.30

	
83.23

	
187.90

	
57.00




	
Zuoba

	
22.81

	
19.16

	
48.20

	
134.41

	
157.60

	
144.84

	
23.93

	
26.09

	
109.00

	
79.64

	
72.00

	
74.00




	
Zhangdou

	
21.15

	
19.55

	
24.50

	
117.13

	
161.55

	
129.00

	
22.04

	
32.19

	
132.40

	
83.41

	
132.00

	
112.00
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Table 5. The threshold sensitivity for identifying ESOs.
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	The Threshold
	Count of ESOs
	Total Area of ESOs (km2)
	Average Area of ESOs (km2)
	Max Area of ESOs (km2)
	Min Area of ESOs(km2)





	0.5
	182
	32,452.42
	178.31
	737.49
	101.32



	0.6
	79
	15,696.01
	198.69
	737.49
	102.64



	0.7
	43
	11,154.00
	259.40
	737.49
	104.33



	0.8
	25
	4674.25
	186.97
	484.35
	102.04



	0.9
	2
	545.24
	272.62
	371.25
	171.99
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