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Abstract

:

Vigorous human activities have strengthened the development and utilization of land, causing huge damage to the earth’s surface, while mining the disturbance pattern of human activities can capture the influence process and spatial interaction between human activities and land use. Therefore, in order to explore the inherent relationship between human activities and land use in mountainous counties, a spatial quantitative model of human activity disturbance intensity and land use intensity was proposed based on GF-6 image, traffic data, and socioeconomic data. The model can quantitatively evaluate the disturbance intensity of human activity and land use intensity from “production-living-ecological space”, and unfold the correlation between human activity disturbance intensity and land use intensity with Pearson correlation coefficient and bivariate spatial autocorrelation method. Our study presents several key findings: (1) the spatial difference of human activity disturbance is significant in Mianzhu City, and it has steady aggregation (Moran’s I index is 0.929), showing a decreasing trend from the southeast to the northwest area; (2) there is a strong positive correlation between the disturbance intensity of human activity and the intensity of land use with Pearson value 0.949; (3) among the eight selected factors, the proportion of construction land area plays a leading role in the disturbance intensity of human activity in Mianzhu City, while the township final account data have the least impact. The study results can provide an important reference for the quantitative identification and evaluation of human disturbances in similar cities and the coordinated development of the human–land relationship.
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1. Introduction


With the rapid development of social economy and Information Communication Technology (ICT), the data about human activities have been sharply increasing in the big data era. With the common sense, the increased human activities can have an impact on the environment, society, and economy. For example, it can lead to land use and land change (LULC) and forest land area reduction. How to influence these phenomena and what are the spatial patterns have attracted a lot of attention from business and academic industries [1,2] for the western mountain area of China, which has a more fragile ecological environment and terrain elevation. That is, this area is vulnerable to various negative impacts caused by human activities [3].



The relationship between human activities and land use, ecological changes in scale, intensity, and time has been obtained through a large number of studies, which is of great significance for preventing possible ecological threats [4,5]. However, the attention has been put on the large-scale area, such as plains, oceans, and wetlands [6,7,8]. Owing to the spatial fragmentation and terrain factors, these methods cannot directly be applied in small mountain areas. Another thing to capture relationships is the land use intensity. Traditional studies focus on land use class, carbon emissions, urbanization, and land use change [9,10,11]. However, few works explore the internal relation between the disturbance intensity of human activity and land use intensity. This gap presents new opportunities for our study.



The disturbance intensity of human activities and land use has been analyzed in many studies, but they all ignored important economic factors. The human activity disturbance intensity refers to the disturbance degree of the ecological environment in a certain area affected by human activities [12]. Land use data contain rich information about human activities; therefore, it can indirectly reflect the human activity disturbance intensity on the ecosystem [13]. Among them, the method of quantitatively evaluating the intensity of human activity through land use/change data is a widely used method [14]. Based on the landscape development intensity index, Reiss et al. reflected the disturbance degree of human activity to the environment by calculating the energy of a certain land use type per unit time and unit area [15]. Cui et al. evaluated the human disturbance index of the landscape type, and systematically evaluated the dynamic change characteristics in the coastal wetlands of northern Jiangsu [16]. In order to quantitatively analyze the disturbance intensity of human activities on the Loess Plateau, Xu et al. proposed a land surface human activity intensity index. Based on the equivalent of construction land, the method assigns corresponding equivalent conversion coefficient of construction land to different land use types [17]. The above studies were carried out from the perspective of land use and landscape, without combining the local economic statistic data. Therefore, the results are not accurate enough.



When considering more factors, the weight determination method has been another crucial research issue. The weight plays an important role in evaluating disturbance and relationship. The weight of each index can be determined in a subjective or objective method. However, the more practical method is proportionally assigned, which is widely used [18]. North et al. used the karst disturbance index combined with the GIS method to measure the impact of human disturbance on the environment in the karst area [19]. Halpern et al. assessed the cumulative impact of human activities on a global scale by a multi-scale spatial model from 2008 to 2013 [20]. He et al. explored the human development index in the China bay area by integrating four human pressures (population, land use, transportation, and energy) [21]. However, these works ignored the human activities factor and related ecological factors. Thus, it is difficult to show the spatial distribution of human disturbance intensity within the administrative area.



To address the aforementioned gap on a small mountain area considering more factors, a spatial quantitative model of human activity disturbance intensity and land use intensity based on GF-6 Image was investigated, and empirical work was done in Mianzhu City, Sichuan Province, in the mountainous area of western China. The grid-based spatial units were employed in order to capture a fine-grained spatial pattern. Inspiring from the concept of “production-living-ecological space (PLES)”, eight factors including agricultural expenditure, population size, and so on were involved to evaluate the human activity disturbance intensity. The spatial correlation with land use was examined with Pearson’s correlation coefficient method and Moran’s bivariate spatial group correlation method. The main contributions of our work include: (1) a spatial evaluation model was investigated considering more factors with the concept of the PLES, which can promote the evaluation accuracy; (2) an empirical work was carried out in the southwestern mountain county in China; and (3) the importance of eight factors was validated. This work carried out a more objective and comprehensive quantitative analysis on human activity disturbance intensity and land use intensity in mountainous counties. The study results can provide reference for the rational planning and developing of land use and ecological environment protection on the county scale.




2. Materials and Methods


2.1. Study Area


Mianzhu City is located in Sichuan Province, southwestern China, and the northwestern part of Sichuan Basin (31°09′–31°42′N, 103°54′–104°20′E). Its location is shown in Figure 1. Mianzhu City covers an area of 1245 square kilometers and has 2 communities and 10 towns within its jurisdiction. It stretches from the northwest to the southeast, with a width of about 42 km from east to west and a length of about 61 km from north to south. The terrain is high in the northwest and low in the southeast, with a huge difference in height. The northwest is mountainous, and the southeast is a plain, which gradually slopes from northwest to southeast. The altitude ranges from 504 m to 4405 m. According to the seventh census of China, the resident population of Mianzhu was 439,958. Communities in the southeast are densely populated, and the northwest is sparser. The land use status of Mianzhu City is dominated by forest land, followed by cultivated land, and construction land accounts for less than 20%. The economy of Mianzhu City is developing continuously. In 2020, Mianzhu achieved a gross regional product (GDP) of 35.405 billion yuan, a year-on-year increase of 3.2% based on comparable prices.




2.2. Data Sources


The piece of remote sensing data used in this study was an GF-6 image acquired in August 2020. Its multispectral spatial resolution of GF-6 is 8 m. The administrative division data were obtained from the Resource and Environmental Science and Data Center of the Chinese Academy of Sciences (https://www.resdc.cn/, accessed on 23 May 2022), and its data type is vector data. The vector point data for the township administrative divisions were converted from the administrative division codes obtained from the Ministry of Civil Affairs of China (https://www.mca.gov.cn/, accessed on 25 May 2022). The number of enterprises with an annual income of greater than 2 million and the number of large supermarkets were obtained from the “China County Statistical Yearbook Township Volume”. The agricultural expenditure data, township financial income data, and population data were obtained from the official website of the Mianzhu Municipal People’s Government (https://www.mz.gov.cn/, accessed on 25 May 2022). Based on the above data, we can obtain the eight influencing factors that were used to extract human activity disturbance intensity in our study. The detailed descriptions of the data sources are displayed in Table 1.




2.3. Spatial Quantitative Model of Human Activity Disturbance Intensity and Land Use Intensity


2.3.1. Framework of the Spatial Quantitative Model


The framework of spatial quantitative analysis model is shown in Figure 2. The GF-6 image, traffic data, and socioeconomic data were the input data source. A suit of spatial quantitative factors for human activity disturbance was determined based on the concept of the PLES [22]. All factors were calculated and normalized in spatial dimension in this study. Secondly, the weight of each factor is determined by combining the fuzzy analytic hierarchy process and the entropy weight method. Therefore, a quantitative evaluation model of the human activity disturbance was inferred with integrating of the PLES indicators and weights. Herein, the spatial difference of human activity disturbance intensity was also evaluated by statistics and spatial analysis methods. To capture the spatial pattern between human activities and land use, the land use intensity was evaluated with a GF-6 image. Meanwhile, their spatial interaction was also thoroughly discussed.




2.3.2. Human Activity Disturbance Evaluation Factors


The human activity disturbance evaluation index system includes a target layer, a criterion layer, and a factor layer. The target layer is the human activity disturbance intensity, which reflects the disturbance intensity of the human activity on the ecological environment in the study area. The criterion layer combines the idea of the PLES, including three indicators of production, living, and ecological. The factor layer consists of the sub-indices corresponding to the three indicators in the criterion layer. The production indicators at the standard level in this study were the enterprises number, agricultural expenditure, road network density, and final account expenditure; the living indicators were the population, the proportion of construction land, and the number of large supermarkets; and the ecological indicator was the proportion of forest land:




	
Production indicators;













	(a)

	
Enterprises number









The average number of industrial enterprises, that is, the number of industrial enterprises per unit of construction land area (the annual main business income of the enterprise is 2 million yuan and above), reflects the industrial carrying strength of the construction land; and to some extent, it can reflect the disturbance intensity of human activity caused by industrial activities. Referring to the literature [23], the calculation formula is as follows:


   Q j  =  P  1 j   ∗  A  1 j    



(1)




where Qj is the number of industrial enterprises in the j cell grid, P1j is the number of industrial enterprises in the township where the j cell grid is located, and A1j is the proportion of the building land area in the cell grid to the cell area.



	(b)

	
Agricultural expenditure







Agricultural expenditure per unit area refers to the agricultural expenditure per unit area of arable land. This factor can reflect the degree of regional agricultural development, mainly reflecting the human activity disturbance intensity caused by agricultural activities. Referring to the literature [23], the calculation formula can be obtained as follows:


   N j  =  P  2 j   ∗  A  2 j    



(2)




where Nj is the agricultural expenditure of the j cell grid, P2j is the agricultural expenditure of the township where the j cell grid is located, and A2j is the proportion of cultivated land in the cell grid to the cell area.



	(c)

	
Road network density







The road network density refers to the ratio of the total mileage of the road network in a certain area to the area of the area. The road network density reflects the influence of traffic activities, and the linear density interpolation method is generally used to calculate the road network density in the study area.



	(d)

	
Financial income







Financial income not only reflects the economic development status of the study area, but also reflects the intensity of human activities. The township final accounts data refer to the summary of the annual revenue and expenditure in the final accounts of the budget units such as township stations managed by the township finance office at the end of the year. This study uses township final accounts data to represent financial income. Generally, the inverse distance interpolation method is used to analyze the final accounts of villages and towns.



	2.

	
Living indicators







	(a)

	
Population size







The population size (e.g., the density and distribution) is one of the most direct factors of human activity. Generally, the population data for each township are interpolated using inverse distance to obtain the population of each spatial unit in the study area.



	(b)

	
Proportion of construction land







The proportion of construction land can be calculated from the land use information, which can be used for subsequent analysis and research. Referring to the literature [22,23], the calculation formula is as follows:


   A  1 j   =  S  1 j   /  S j   



(3)




where A1j is the ratio of the area of the construction land in the j cell grid to the cell area, S1j is the area of the construction land in the j cell, and Sj is the area of the j cell.



	(c)

	
Supermarkets number







The number of large supermarkets per unit area can represent the comprehensive development of the population and economy in the area, and thus it reflects the disturbance intensity of human activity in the area. Referring to the literature [23], the calculation formula is as follows:


   M j  =  P  3 j   ∗  A  1 j    



(4)




where Mj is the number of large supermarkets in the j cell grid, P3j is the number of large supermarkets in the township where the j grid is located, and A1j is the ratio of the construction land area in the j cell grid to the cell area.



	3.

	
Ecological indicator







The ecological factor used in this study mainly considered the proportion of forest land. The proportion of forest land can be calculated from the land use information. These data are convenient for subsequent analysis and research. Referring to the literature [22,23], the calculation formula is as follows:


   A  2 j   =  S  2 j   /  S j   



(5)




where A2j is the ratio of the forest land area in the j cell grid to the cell area, S2j is the area of forest land in the j cell, and Sj is the area of the j cell.



	4.

	
Factors normalization







To solve the problem that the dimensions of the factors are different and cannot be compared, it is necessary to normalize the factors. Common methods include the fuzzy membership method, min-max method, and Z-score method [24]. In this study, the fuzzy membership method was used to normalize each factor so that each factor was distributed within the range of (0, 1). The normalization formulas for positive factors and negative factors are as follows [25,26]:



Positive factors:


   x  i j   =    v  i j   −    (   v  i j    )       1 ≤ i ≤ k   m i n        (   v  i j    )       1 ≤ i ≤ k   m a x   −    (   v  i j    )       1 ≤ i ≤ k   m i n      



(6)







Negative factors:


     x  i j   =      (   v  i j    )       1 ≤ i ≤ k   m a x   −  v  i j        (   v  i j    )       1 ≤ i ≤ k   m a x   −    (   v  i j    )       1 ≤ i ≤ k   m i n      



(7)




in these equations, xij is the normalized score of the j value of the i evaluation factor, vij is the original value of the j value of the i evaluation factor, and k is the number of evaluation factors.





2.4. Evaluation of Human Activity Disturbance Intensity


2.4.1. Fuzzy Analytic Hierarchy Process


The fuzzy analytic hierarchy process (Fuzzy–AHP) is based on the traditional analytic hierarchy process, and it considers the fuzziness of people’s judgment of complex things. It can well solve the problem that its thinking consistency is difficult to guarantee [27].



The construction steps of the fuzzy analytic hierarchy process are as follows. First, a fuzzy complementary judgment matrix is established. According to the relative importance of any two indicators on the evaluation, the target is usually given on a scale of (0.1, 0.9). The expression of fuzzy complementary judgment matrix is shown in formula (8) [28]:


  A =    (   a  i j    )    n ∗ n      



(8)







Second, calculate the weight of the fuzzy complementary judgment matrix, and the formula is shown in (9) [28]:


   α i  =     ∑   j = 1  n   a  i j   +  n 2  − 1   n  (  n − 1  )     



(9)







Finally, the consistency test of the fuzzy complementary judgment matrix is carried out.




2.4.2. Entropy Weight Method


Because the fuzzy analytic hierarchy process has strong subjectivity, it is necessary to combine the fuzzy analytic hierarchy process with the entropy weight method to determine the weight of the human activity disturbance factors [29]. Various factors have different impacts on human activities, the entropy weight method can more objectively express the degree of influence of each factor by providing the weight of each factor [30]. Specifically, according to the dispersion degree of each factor dataset, the entropy weight of each factor is calculated using the information entropy, and then the entropy weight is corrected according to each factor to obtain a more objective factor weight [26].



In this study, the information entropy of each factor is calculated firstly [30]. If the evaluation system contains m items to be evaluated and the factor system contains n evaluation factors, the information entropy of the i factor is


   e i  = − k   ∑   i = 1  m   p  i j   ln  p  i j    



(10)




where the constant k is taken as 1/ln m, 0 ≤    e i     ≤ 1.



The difference coefficient of the i factor is


   g j  = 1 − e , j = 1 , 2 , 3 , … , n  



(11)







The weight of the i factor is


   β i  =   1 −  e i      ∑   i = 1  n   (  1 −  e i   )    , i = 1 , 2 , … , n  



(12)








2.4.3. The Weights Determination


To determine the weights of the evaluation model of human activity disturbance intensity more reasonably, in this study, a combination of fuzzy analytic hierarchy process and entropy weight method weighting was used. Thus, both the subjective experience of experts and the objective information in the data were considered, fully reflecting the importance of the evaluation factors [29].



The combined weight of the i factor is


   W  h i   =      α i  ∗  β i        ∑   i = 1  n     α i  ∗  β i       



(13)




where Whi is the subjective weight, αi is the subjective weight, and βi is the objective weight.



The final factor weights obtained using the combination weighting method are presented in Table 2.




2.4.4. Human Activity Disturbance Intensity Calculation


In this study, the data for the human activity disturbance evaluation factors were unified into 250 m grid data and were weighted and superimposed according to the weights to establish a human activity disturbance spatial quantification model for the study area (Equation (12)) [31]. The value of the human activity disturbance intensity is between (0, 1), where a value of 1 indicates the strongest action intensity, and a value of 0 indicates that the action intensity is small and can be ignored:


   H j  =   ∑   i = 1  8   (   x  i j   ×  W h   )   



(14)




where Hj is the intensity of the human activity in the j cell grid, xij is the standardized value of the eight indicators, and Wh is the weight of the eight indicators.





2.5. Correlation Analysis between Human Disturbance Intensity and Land Use Intensity


Inspired from literature [32], the Pearson correlation coefficient method was also adopted to analyze the correlation between human activity disturbance intensity and land use intensity. The value of the Pearson correlation coefficient is between (−1, 1), with positive values indicating that there is a positive spatial correlation between human activity disturbance intensity and land use intensity, and negative values indicating that there is a negative spatial correlation between human activity disturbance intensity and land use intensity. The larger the value, the stronger the correlation. Its calculation formula is as follows:


  R =     ∑   i = 1  n   (   x i  −  x ¯   )   (   y i  −  y ¯   )        ∑   i = 1  n   (   x i  −  x ¯   )   2  −     ∑   i = 1  n   (   y i  −  y ¯   )   2     



(15)




where R is the Pearson correlation coefficient of human activity disturbance and land use intensity, n is the number of grids, x and y are the disturbance of human activity and land use intensity, xi is the x of the i cell grid,   x ¯   is the average value of x; yi is the y of the i cell grid;   y ¯   is average value of y, and n is number of grids.



We used spatial bivariate autocorrelation analysis to explore the spatial agglomeration between human activity disturbance intensity and land use intensity in this study. To calculate the spatial autocorrelation index of human activity disturbance intensity and land use intensity, Equation (14) was used, and the Local Moran’s I (LISA) method was used for local autocorrelation analysis [33]. The LISA agglomeration map includes four spatial distribution patterns, namely, high-high agglomeration (HH agglomeration), high-low agglomeration (HL agglomeration), low-high agglomeration (LH agglomeration), and low-low agglomeration (LL agglomeration), which represent the relationship between each cell and different correlations of surrounding units:


  I =   n   ∑   i = 1  n    ∑   j = 1  n   w  i j    (   y i m  −    y m   ¯   )   (   y j z  −    y z   ¯   )    (   ∑   i = 1  n    ∑   j = 1  n  )   ∑   i = 1  n   w  i j    (   y i m  −    y m   ¯   )   (   y j z  −    y z   ¯   )     



(16)




where I is the bivariate global spatial autocorrelation index; n is the number of grids; wij is the spatial weight;    y i m   ,    y j z    is the m attribute value of the i cell grid and the z attribute value of the j cell grid;      y m   ¯   ,      y z   ¯    are the mean values of attributes m and z, n is number of grids.





3. Results


3.1. Human Activity Disturbance Factors Analysis


Figure 3 shows the spatial quantification results of the human activity disturbance factors in Mianzhu City. As shown in Figure 3a, the large industrial enterprises in the study area were mainly concentrated in Hanwang Town and Xinshi Town rather than in the central town of Mianzhu City. As the central urban area of Mianzhu City, the industrialization level of Jiannan Community and Ziyan Community is at a moderate level. The number of large-scale industrial enterprises in Fuxin Town, Xiaode Town, and Jiulong Town was slightly less than that in the central urban area, while the numbers of large-scale industrial enterprises on the other communities and in the other towns were relatively small. In general, the industrially developed areas in Mianzhu were concentrated in the southeast and around the city’s center.



As can be seen from Figure 3b, the agricultural activities were generally distributed in the peripheral towns around the central urban area. The intensity of the agricultural activity was low in the northwest and high in the southeast, corresponding with the spatial distribution of the cultivated land in the study area. The northwestern part of the study area was dominated by mountains and hills, with small scattered areas of cultivated land. In the southeast, the terrain was dominated by plains. Except for the downtown area, the cultivated land was concentrated and widely distributed, and the agricultural activities were intense.



As shown in Figure 3c, the road network in the study area was concentrated in the more developed southeastern area, especially in the city’s center and the areas with more developed industries, but it was relatively sparse in the northwestern area. In the other parts of the study area, the road network was more evenly distributed.



As shown in Figure 3d, Hanwang Town, Ziyan Community, and Jiannan Com-munity had the highest financial income data of the towns and townships in Mianzhu City, while the township financial income data for Lutang Town, Shidi Town, Yuquan Town, and Qingping Town were the lowest, and the other towns and townships were in the middle. This indicates that the economies of Hanwang Town, Ziyan Community, and Jiannan Community were relatively developed, and the development status was far higher than in the other towns.



According to Figure 3e, the population distribution was roughly the same as that of the township final account data. The population densities of Hanwang Town, Ziyan Community, and Jiannan Community were relatively dense, while the population densities of Lutang Town, Shidi Town, Yuquan Town, and Qingping Town were relatively sparse. Therefore, it can be seen that the population and economic development are inseparable.



As shown in Figure 3f, the number of large supermarkets in Mianzhu decreased from the central urban area to the surrounding areas and was basically greater in the southeastern part of the area. The distribution of large supermarkets is roughly the same as population and financial income, indicating a close link between the three above.



As can be seen from Figure 3g, the proportion of forestland in Mianzhu City exhibited an obvious distribution boundary, with an obvious dividing line between the northwest and southeast areas. The northwest area was mountainous and hilly, with lush vegetation and a wide distribution area. In contrast, the southeast area was plain, which was suitable for crop growth and human survival. Therefore, the forest land was sparse and small, which was seriously restricted by the terrain.



As can be seen from Figure 3h, due to the constraints of the topographical conditions, the construction land in Mianzhu City was mainly concentrated in the southwestern area, mainly on Ziyan Community and Jiannan Community, followed by Hanwang Town and Xinshi Town, where the industrial enterprises were more developed. The rest of these areas were affected by the radiation of developed areas. In the northwestern area, the distribution of the construction land was very scattered and the area was very small.




3.2. Spatial Analysis of Human Activity Disturbance Intensity


As shown in Figure 4, we weighted the human activity disturbance factors to obtain the distribution of the human activity disturbance intensity. The results were classified using the natural discontinuity method, which reduced the variation within the same class and maximized the differences between the different classes. In this study, we divided the human activity disturbance intensity into the following five levels: slight disturbance (0.00–0.13), mild disturbance (0.13–0.35), moderate disturbance (0.35–0.50), severe disturbance (0.50–0.65), and serious disturbance (0.65–1.00).



The disturbance of the human activity in Mianzhu City was mainly concentrated in the central and southern areas, and the disturbance degree of the human activity in the northern area was relatively low, exhibiting a trend of low in the northwest and high in the southeast. In general, the human activity disturbance intensity in Mianzhu City was at the middle to low levels (Figure 4). Among them, the areas with slight disturbances accounted for the largest proportion (49.59%), followed by the areas with moderate disturbance (21.63%). The mild disturbance areas and severe disturbance areas accounted for roughly the same proportion (12.20% and 11.55%, respectively). The severe disturbance areas accounted for the lowest proportion (5.03%) (Figure 5). Figure 6 shows that the Moran’s I index of human activity disturbance intensity is 0.929, which shows that it has obvious aggregation. The severely disturbed areas and seriously disturbed areas were concentrated in the central and southern areas. These areas were dominated by plains and were suitable for human survival and development. Therefore, the degree of disturbance in these areas was relatively high. The mountains and ravines in the northwest were vertical and horizontal, the forest was dense, and the population was sparse, which were not conducive to the survival of human beings. Therefore, the disturbance intensity of the human activity was relatively weak.



Judging from the distribution of the township according to the Figure 7, the human activity disturbance intensities on Ziyan Community and Jiannan Community were similar. The disturbance intensity of the human activity in Qingping Town was the lowest, with an average disturbance intensity of only 0.03, and there was no severe disturbance or serious disturbance in this area, with slight disturbance as the mainstay. The disturbance intensities of the human activity in Guangji Town, Hanwang Town, Jiulong Town, Lutang Town, and Yuquan Town were moderate to low level. The disturbance intensities of the human activity in Fuxin Town, Xiaode, Town and Shidi Town were moderate to high level. It can be seen that the development center of Mianzhu City is still in Jiannan Community and Ziyan Community, and radiating from these two areas.




3.3. The Correlation Analysis between Human Activity Disturbance Intensity and Land Use Intensity


3.3.1. Land Use Intensity Analysis


Inspired by the literature [34], the formula for calculating land use intensity is as follows:


   L j  = 100 ∗   ∑   i = 1  n   (   A  i j   ∗  C i   )   



(17)




where Li is the land use intensity of the j cell grid, Aij the area proportion of the i land use type in the j cell grid, and Ci is the grading index for land use degree.



The change of land use is an important manifestation of the land use intensity. Therefore, to calculate the land use intensity, we first need to extract land use information from the study area of Mianzhu City. The results are shown in the Figure 8a. Land use intensity was calculated by land use classification, as shown in Figure 8b. The spatial distribution of land use intensity is obviously different. The northwest area has low use intensity, and the southeast area has high use intensity. The urban center—Ziyan Community and Jiannan Community—are the areas with the highest degree of use.




3.3.2. Spatial Autocorrelation Analysis of Human Activity Disturbance Intensity and Land Use Intensity


According to Equation (13), the Pearson correlation coefficient between human activity disturbance intensity and land use intensity is 0.949, which indicates that the spatial distribution of the human activity disturbance intensity and land use intensity in the study area has significant spatial autocorrelation.



According to Equation (14), the bivariate global spatial autocorrelation index is 0.875, which indicates that there is a strong correlation between distribution of human activity disturbance intensity and land use intensity. The local spatial autocorrelation analysis was mainly conducted using the Local Moran’s I (LISA) method, and we gained a LISA agglomeration map, as shown in Figure 9. The spatial agglomeration characteristics of human activities and land use are generally stable. The local spatial autocorrelation pattern of the disturbance intensity of the human activity and the land use intensity in Mianzhu City was dominated by HH agglomeration and LL agglomeration clusters. The HH agglomeration area accounts for 42%, mainly in the southeastern plain area. This kind of aggregation model is mainly concentrated in the southeastern plain area, the land types are mainly cultivated land and construction land, and human activities are frequent and the disturbance intensity of human activity is relatively large. The LL agglomeration area accounts for 48%, distributed in the northwestern part of the study area, where the altitude is higher, the terrain is mainly mountainous, the land type is forest land, the vegetation coverage is high, the population is sparse, and the disturbance intensity of human activity is weak. The HL aggregation and LH aggregation types accounted for 10%, and were scattered in the study area.






4. Discussion


With the advancement of a series of national policies such as the rural revitalization strategy and the construction of ecological civilization, townships, as an important social space type, are affected by natural conditions and human factors, and the intensity of human activity in townships has become increasingly intense. Especially in the towns and villages in ecologically fragile areas, in the current era of vigorous social and economic development, their economic and social development has not fundamentally achieved a comprehensive green transformation. The joint effect of natural environment and human activities has led to the increasingly prominent contradiction between social economic development and ecological environmental protection in the region. Therefore, exploring the correlation between human activity disturbance intensity and land use intensity can provide a reference for the coordinated development of human and land in mountainous areas and the sustainable ecological development.



Based on the perspective of “production-living-ecological space (PLES)”, this study quantifies the disturbance intensity of human activity, and draws a spatial quantification map of the disturbance intensity of human activity in Mianzhu City. At the same time, the spatial distribution characteristics of human disturbance intensity were discussed in depth at the county scale and township scale. In terms of spatial distribution, the disturbance intensity of human activity in Mianzhu City presents significant spatial variation differences, gradually decreasing from northwest to southeast. After analysis, we found that this change is largely influenced by local topography. The northwestern part of Mianzhu City has a higher altitude and is dominated by mountains and hills, which are difficult to develop and utilize. The southeastern region is dominated by plains with abundant water sources, where human activities gather and radiate to the surrounding areas. Ref. [35] can confirm this point of view. At the same time, according to Figure 4 and Figure 8b, it can be seen that the disturbance intensity of human activity in Mianzhu City has a strong consistency with the change of land use intensity. They all present a trend of low in the northwest and high in the southeast, which indicates that the disturbance of human activities on the surface is reflected in the development and utilization of the land. According to our analysis, this obvious spatial difference is mainly caused by two aspects, one is the northwest high southeast low terrain factors; second, the local economic development policy reasons. Because the main theme of local urban development is to strengthen the construction of ecological civilization, it is necessary to strengthen the protection of forest land in the northwest of Mianzhu City, so as to promote the harmonious development of man and nature in this area.



The spatial quantification of human activity disturbance intensity is a complex and systematic problem, which is the result of the comprehensive influence of many factors. Analyzing the intensity of human disturbance from land use or socioeconomic data alone is not comprehensive enough to accurately express the actual situation. Therefore, this study combines land use information with socioeconomic data; from the three aspects of PLES, eight impact factors were selected, including the number of enterprises, agricultural expenditure, road network density, final accounts data of townships and villages, population, proportion of construction land, number of large supermarkets, and proportion of forest land. Through the analysis of impact factors and the construction of models of human activity disturbance intensity and land use intensity, the quantitative analysis of human activity disturbance intensity in Mianzhu City was carried out (Figure 4). Among these impact factors, the proportion of forest land represents the amount of ecological land, which is a negative indicator. As ecological land, woodland can maintain a good ecological environment, and the degradation of ecological land will have adverse effects on the natural environment [36,37]. The other seven factors are positive indicators, which can represent different aspects of human activities. Thus, these seven factors can positively reflect the intensity of human activity. However, this study only selects the factor of forest land ratio as the ecological indicator, and the characterization of ecological aspects may not be comprehensive enough. In the future, we will continue to conduct in-depth research to find more and more suitable ecological factors to characterize the county ecological environment in Southwest China.




5. Conclusions


A spatial quantitative model between human activity disturbance intensity and land use intensity was proposed in this study. Eight factors for human activity disturbance were involved. The proposed model was validated in the southwest mountainous area as an empirical study in China. The highlights of our work include: (1) there are obvious differences in the disturbance intensity of human activity in Mianzhu City, the disturbance intensity of human activity in the southeastern area of Mianzhu City is strong, while the one in the northwest area is relatively weak. Meanwhile, the aggregation of various degrees of disturbance is very significant; (2) the relationship between human activity disturbance intensity and the land use intensity shows a stable positive correlation in Mianzhu City. That is, land use intensity is greater where human activity is more intense; (3) among the eight factors affecting the disturbance intensity of human activity, the proportion of construction land area plays a leading role, while the township financial income has the least impact.



Compared with the traditional quantitative methods based on land use/landscape, the method proposed in this study can more objectively and truly reflect the disturbance of human activity in the study area. However, this study only considers eight factors in spatially quantifying the disturbance intensity of human activity. In future work, we will enrich more factors to obtain more precise results.
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Figure 1. Location of the study area. 
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Figure 2. Framework of a spatial quantitative model of human activity disturbance intensity and land use intensity. 
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Figure 3. Spatial quantification of disturbance factors of human activity ((a) enterprises number; (b) agricultural expenditure; (c) road network density; (d) financial income; (e) population; (f) supermarkets number; (g) forest land proportion; (h) construction land proportion). 
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Figure 4. Human activity disturbance intensity. 






Figure 4. Human activity disturbance intensity.



[image: Remotesensing 14 04574 g004]







[image: Remotesensing 14 04574 g005 550] 





Figure 5. The proportion of the area disturbed by human activity. 
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Figure 6. Spatial autocorrelation of human activity disturbance intensity ((a) Moran scatter plot of human activity disturbance; (b) LISA clustering map). 
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Figure 7. Distribution of townships disturbed by human activity. 
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Figure 8. Land use information ((a) land use classification; (b) land use intensity). 
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Figure 9. Bivariate LISA cluster map of human disturbance intensity and land use intensity. 






Figure 9. Bivariate LISA cluster map of human disturbance intensity and land use intensity.



[image: Remotesensing 14 04574 g009]







[image: Table] 





Table 1. Data sources.
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Data

	
Type

	
Source






	
GF-6

	
raster data

	
National Space Administration Earth Observation and Data Center




	
Administrative division data

	
vector data

	
Resource and Environmental Science and Data Center of the Chinese Academy of Sciences




	
Township administrative divisions

	
The Ministry of Civil Affairs of China




	
The number of enterprises

	
statistical data

	
“China County Statistical Yearbook Township Volume”




	
The number of large supermarkets




	
Agricultural expenditure data

	
Mianzhu Municipal People’s Government




	
Township financial income data




	
Population data
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Table 2. The combination weights.
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	Supermarkets Number
	Construction Land Proportion
	Forest Land Proportion
	Population
	Enterprises Number
	Road Network Density
	Financial Income
	Agricultural Expenditure





	0.1623
	0.1755
	0.1179
	0.0569
	0.1469
	0.1363
	0.0316
	0.1726
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