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Guizhou Province is located in the karst mountain regions of Southwest China, where the ecological environment is extremely fragile and particularly sensitive to human activities. Therefore, understanding the changing characteristics and driving factors of human activity in recent decades is urgent. In this study, least squares, correlation analysis, spatial autocorrelation analysis, and GeoDetector model were used. Based on a large collection of nightlight, topography, and meteorological data, combined with geographical information technology, we investigated the spatial distribution, intensity change, and degree of impact of human activity from 2000 to 2020. The results showed that during the study period, human activities intensity and range were expanding. The human activity areas expanded from 15,963 to 86,923 km2 at an increasing rate of 4,279.2 km2/a, which was 1,118.4 km2/a from 2000 to 2010 and 6,375.3 km2/a from 2010 to 2020. The human activity intensity increased from 0.009 to 0.018, with an increasing rate of 0.0006/a, which was 0.00028/a from 2000 to 2010 and 0.00073/a from 2010 to 2020. The rate of increase in the human activity intensity and the rate of expansion in the human activity range from 2010–2020 were significantly higher than that from 2000–2010, becoming more notable (p ≤ 0.01), especially after 2012. With the expansion of human activities, the center of gravity of human activity moved towards the northeast by 20.71 km. The human activities were primarily distributed in areas with the gentlest slopes (6–15°), middle and low altitudes (489–1,982 m), suitable temperatures (12.36–17.74°C), and abundant precipitation (1,001.99–1,276.99 mm). The research results using the GeoDetector model indicate that slope had the greatest impact on human activities with a q value of 0.1338; precipitation, elevation, and temperature had q values of 0.0626, 0.0253, and 0.0136, respectively. The combined impact between the precipitation and slope was the greatest with a q value of 0.1803. In Guizhou Province, under policy guidance, human activities that promoted vegetation change accounted for 79.60%. This study attempts to enhance sustainable development and provides valuable information on the environmental protection of karst mountain regions.
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1 INTRODUCTION
Increasing human activity intensity is the most significant feature of social development. It is undeniable that human activities increasingly impact the environment. Understanding the intensity and distribution of human activities, the extent of their influence, and their impacts are pressing issues that require solutions. Therefore, quantitative studies of human activities have consistently dominated related research on human activities. Previous studies mainly use statistical yearbooks, population, and land-use data on construction and cultivated land to analyze the intensity of human activities (Hao et al., 2018; Small et al., 2018; Song et al., 2018; Huang et al., 2020; Silva et al., 2020). Some researchers have attempted to analyze the impact of human activities on vegetation quality using indirect methods, such as residual analysis (Jiang et al., 2017; Zheng et al., 2019).
Human activities are spatially heterogeneous, with complex and diverse influencing factors. GeoDetectors have become crucial for detecting spatial heterogeneity and influencing factors (Xu et al., 2018) and have been used in studies on disease transmission (Xu et al., 2019; Xie et al., 2020), human tourism activities (Liu et al., 2018; Pan et al., 2021), heavy metal accumulation in urban soil (Shi et al., 2018), spatial heterogeneity of the vegetation distribution, and analyses of the driving force (Yuan, 2019; Zhu, 2020; Hong and Sun, 2021). Therefore, the spatial heterogeneity and driving forces of human activities in the study area were analyzed by using the GeoDetector model.
The advancement of remote sensing technology has facilitated research on human activities using night light data, with increasing data acquisition and research achievements. The nighttime light index (NLI) is closely related to human activities (Zhao et al., 2022), reflecting the temporal and spatial changes in populations (Kong et al., 2019), urban built-up areas (Yudhistira et al., 2019; He et al., 2020; Yang et al., 2021), urban development (Wu et al., 2019; Guo et al., 2020), energy (electricity) consumption (Xiao et al., 2018; Falchetta and Noussan, 2019), and carbon emissions (Zhao et al., 2018). Therefore, night light data were used to analyze the temporal and spatial distribution, change characteristics, and impact of human activity on vegetation quality.
Guizhou Province is a typical karst area (Li, 2019), with the most extensive karst landscape coverage in China (Wang et al., 2004). The fragility of the karst ecosystem is a serious threat to the survival of the local population and the development of the social economy (Wcang et al., 2004; Gutiérrez et al., 2014; Liao et al., 2018). Human activity is a major cause of karst ecosystem degradation (Parise and Pascali, 2003; Day, 2010; Jiang et al., 2017). Changes in vegetation quality directly reflect the environmental impact of human activities while the normalized difference vegetation index (NDVI) has been used to determine vegetation quality and evaluate desertification and land degradation (Li, 20191; Pedro et al., 2020). Guizhou is a vulnerable region for vegetation, facing ecological risks closely linked to human activities (Zhao and Hou, 2019). State and local governments have implemented projects with notable success to protect the ecological environment (Qiao et al., 2021). Therefore, the scope of human activities and their impacts on vegetation requires further investigation, particularly the influence of policy guidance.
Taking Guizhou Province as an example, this paper aims to determine the spatio-temporal heterogeneity and influencing factors on human activities. Using the normalized NLI based on the dimidiate pixel model, the degrees of the scope and human activity influence in Guizhou Province were determined using geographic information systems (GIS). Using precipitation, temperature, slope, and altitude, spatio-temporal heterogeneity and factors influencing human activities were analyzed using the GeoDetector model and spatial correlation analysis. The human activity impacts on vegetation quality were also analyzed using correlation methods. The findings can guide human activities in karst mountain regions in Southwest China. In addition, they may provide theoretical support for the development of karst mountain regions and vegetation protection.
2 MATERIALS AND METHODS
2.1 Study area
Guizhou Province is located in the Yunnan-Guizhou Plateau (103°36′–109°35′E, 24°37′–29°13′N). There is a humid subtropical monsoon climate in this region, with an annual average temperature of 15°C and annual rainfall ranging from 600 to 1,400 mm (Zhao and Hou, 2019). This area is one of the three major karst regions in the world (Zhou et al., 2017). Mountainous areas (gradient > 25° and relative fluctuation > 200 m) account for 61.7% of the area and karst landforms account for 73% (Luo and Wang, 2019). Guizhou Province is affected by severe environmental challenges such as soil erosion and rocky desertification. Guizhou Province has implemented the Grain to Green Project, Natural Forest Conservation Program, public welfare forest protection, karst ecological restoration, and other important projects since 1999 (Qiao et al., 2020). The gross domestic product (GDP) growth rate of Guizhou has been ranked first in China for 10 consecutive years since 2012. Infrastructure construction in this area has undergone historic changes. Currently, 30 ecological civilization system reform achievements are on the national promotion list.
2.2 Data and processing
2.2.1 Night light data
Night light data were obtained from the China Long Time-Series Night Light Dataset (2000–2020) from the Global Change Science Research Data Publishing System (http://www.geodoi.ac.cn). The spatial resolution of the EANTLI-like night-light dataset from 2000 to 2020 was 1 km.
2.2.2 NDVI data
NDVI data were obtained from the MOD13Q1 product data from the National Aeronautics and Space Administration (NASA) (https://ladsweb.modaps.eosdis.nasa.gov). The resolution was 250 m and the original time resolution was 16 d. Therefore, comprehensive NDVI data covering 2000–2020 were obtained using the maximum synthesis method. Python and MRT were used to preprocess the data after download. The ArcGIS platform was then used for data calculation and creating charts.
2.2.3 Meteorological data
The meteorological data used in this study were obtained from the monthly average temperature (Peng, 2019) and precipitation (Peng, 2020) dataset from the National Tibetan Plateau Scientific Data Center (https://data.tpdc.ac.cn/). The selected time spanned 2001–2020 and the spatial resolution was 1 km. This dataset is based on the CRU global 0.5° climate dataset issued by the National Center for Atmospheric Sciences, United Kingdom, and the global high-resolution climate dataset published by World Climate. This dataset was generated in China using a delta spatial downscaling scheme. In addition, 496 independent meteorological observation data points were used for verification, with reliable results (Peng et al., 2017; Peng et al. 2018; Peng et al. 2019; Ding and Peng. 2020). The annual temperature was calculated as the average of the monthly temperature; precipitation was calculated as the monthly cumulative value.
2.2.4 Topographic data
Digital Elevation Model data were obtained from the Resource and Environmental Science Data Center of the Chinese Academy of Sciences (http://www.resdc.cn). This dataset was generated by collating and splicing provisional data from the most recent SRTM V4.1 data. The resolution was 90 m, the data type was img, and the projection was UTM/WGS84.
The ArcGIS platform was used for projection conversion, clipping, and operations to obtain the data for this study. In addition, the “Slope” function of the “Spatial Analyst” module in the ArcGIS platform was used to process and obtain slope and other data.
2.2.5 Socio-economic data
The total population (10,000 people) and urban population (10,000 people) were derived from statistical data from the Guizhou Provincial Macroeconomic Database, which can be found on the main board of the Guizhou Provincial Bureau of Statistics (http://hgk.guizhou.gov.cn). In addition, the GDP (100 million yuan), built-up area (km2), number of buses (vehicles), total number of passengers (10,000 persons), and taxis (vehicles) were obtained from the China Statistical Yearbook on the website for the National Bureau of Statistics (http://www.stats.gov.cn/tjsj./ndsj). The data were collected from 2000 to 2020.
2.2.6 Land use data
Land use and cover change (LUCC) data were obtained from the Resource and Environmental Science Data Center of the Chinese Academy of Sciences (http://www.resdc.cn). The spatial resolution was 1 km. These data were classified using the LUCC classification system, which is widely used in China. The land use types were divided into six first-class land types: cultivated land, forestland, grassland, water area, construction land, and unused land. The land use data for 2000, 2010, and 2020 were first selected for this study. Then, the scope of this study was determined based on the administrative boundary of the study area. Finally, the ArcGIS platform was used to extract the corresponding research data for analysis and calculation. Spatial data were cropped and calculated on the ArcMap 10.2 platform using the administrative boundaries of the study area.
3 THEORY/CALCULATION
3.1 Methods
3.1.1 Determining the intensity and scope of human activities
This study used nighttime light data to reflect human activities. First, the nighttime light index was reduced based on the administrative boundary of the study area. The image was then normalized using the pixel-dichotomy model, calculated as follows:
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where Yi represents the nighttime light index (dimensionless) after normalization of the ith pixel, Li represents the nighttime light index of the ith pixel, Lmin represents the minimum nighttime light index over the study period in the study area, and Lmax represents the maximum nighttime light index in the study area.
3.1.2 GeoDetector model
A GeoDetector is a statistical method for analyzing the spatial heterogeneity of factors and explaining the underlying factors. It comprises a risk detector, factor detector, ecological detector, and interaction detector that can be used to quantitatively detect and identify various interactions between spatial distribution attributes and their explanatory factors (Wang and Xu. 2017). It was used to analyze the explanatory power (i.e., q value) of each driving factor on the distribution of a geographical object using quantitative detection of spatial heterogeneity. The formula for the q value is as follows:
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where [image: image] represents the number of samples of type h of factor A, n is the total number of samples in the entire region, [image: image] represents the discrete variance of the h type of factor A, and [image: image] represents the discrete variance of the entire region. The range of q is [0,1]. The greater the value of q, the greater the impact of the factor on the spatial distribution of the landscape.
3.1.3 Analysis of change rate based on pixel scale
The least squares method was used in this study to analyze the pixel-by-pixel change rule of images (i.e., annual change rate) based on the MATLAB platform. The calculation formula is as follows, taking the NDVI as an example:
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where i represents the serial number of the year, [image: image] represents the NDVI value of the ith year, N is the sample size, and [image: image] represents the rate of change in the NDVI during the study period (i.e., the slope of the linear regression equation representing the least squares of interannual change).
The F-test was used to determine the significance of the changing trend, calculated as follows:
[image: image]
where [image: image] represents the sum of the error squares, [image: image] represents the sum of the residual squares, and (n—2) represents the residual degree of freedom.
3.1.4 Correlative analysis method
The correlative analysis method was used to measure the closeness of two or more variables by analyzing them with correlation, calculated as follows:
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where [image: image] represents the correlation coefficient between the elements x and y and [image: image] and [image: image] represent the average values of the sample values of the two elements. The range of correlation coefficient r is [− 1, 1]: when r is positive, it is positive; when the r value is negative, it is negative. The significance test was performed after determining the significance degree using the critical value table of the test correlation coefficient.
3.1.5 Land use transfer matrix
The land use transfer matrix depicts the land use/cover structure and its type and direction of change. This reflects the dynamic processes that drive land use changes over time. The general formula for the land-use transfer matrix is as follows:
[image: image]
where Si is the land-use type area before the transfer, Sj is the land-use type area after the transfer, i = 1,2,3 … n, j = 1,2,3 … n, and n is the number of land-use types.
3.1.6 Spatial autocorrelation analysis method
The global Moran index can be sued to reveal the aggregation of the spatial factor layout as a whole (Zhao et al., 2020), calculated as follows:
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where n represents the number of samples, [image: image] and [image: image] represent the observations of attribute x at spatial locations i and j, [image: image] represents the average value of attribute x, and [image: image] represents the spatial weight matrix. This study adopted an adjacency weight matrix. If the ith region was adjacent to the jth region, [image: image] was one; otherwise, it was zero. Moran’s I had a range of [− 1,1]. An index > 0 indicates positive spatial autocorrelation (aggregation mode), whereas an index < 0 indicates a negative spatial correlation (dispersion mode).
The local Moran index, LISA, is used for local spatial autocorrelation analysis to reveal the high-high and low-low spatial concentration areas of human activities and to understand the local spatial distribution characteristics:
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where the definition of each parameter in Eq. 8 is the same as that in Eq. 7.
Spatial correlation was calculated using the ArcMap 10.2 platform. The spatial rate of change and significance test were performed using the MATLAB platform. Linear correlations were analyzed using SPSS 20.0. Spatial autocorrelation analysis was performed using GeoDa.
4 RESULTS
4.1 Feasibility of indicating human activity range and intensity by NLI
4.1.1 Analysis of availability based on linear correlation
The analysis revealed that the range and intensity of human activities extracted based on the NLI were positively correlated with the selected indicators; in particular, the urban population, GDP, built-up area (km2), number of buses (vehicles), total number of passengers (10,000 person times), and number of taxis (vehicles) were significantly positively correlated at the 0.05 level (Table 1). In summary, the NLI-derived human activity intensity and range could effectively reflect relevant human activities.
TABLE 1 | Correlations between HAI-human activities index, human activity range, and factors based on night light extraction. GDP–gross domestic product.
[image: Table 1]4.1.2 Analysis of availability based on the GeoDetector model
The degree of influence of the factors related to human activities (HA) can be analyzed from space using the GeoDetector model. The analysis results showed that the q value of construction land to the spatial heterogeneity of human activity area calculated based on the NLI was 0.8347 according to land-use type data from the Chinese Academy of Sciences classification system.
4.1.3 Analysis of NLI from space
Spatial analysis of the extent of the NLI revealed that in 2000, 2010, and 2020, 77.58, 84.98, and 93.76% of the built-up land area, respectively, coincided with the NLI area. However, the range of the nighttime lighting index was significantly larger than that of construction land.
This was significantly higher than that of other land-use types (note: these findings were obtained by analyzing land-use data from the Resources and Environment Center of the Chinese Academy of Sciences). These results showed that the spatial distribution of human activities reflected by the NLI could accurately reflect the spatial status of human activities.
4.2 Distribution and change characteristics of HA in Guizhou Province
4.2.1 Distribution and change characteristics of human activities in different stages
Human activities accounted for 57.78% of the total study area from 2000 to 2020, with a significant annually increasing trend (y = 4,279.2x—2080.5, R2 = 0.8564), in particular from 2012 to 2013 (Figures 1K–O). Human activities were more extensive and intensive in the central and southwestern regions than in the eastern region. Human activities in Guizhou Province were relatively intense during this period in regions where the prefectures and municipal governments were located, in particular in the central and southwest regions, such as Guiyang, Zunyi, Anshun, Liupanshui, and Xingyi (Figure 1E). Regarding time, the intensity of human activities increased significantly (y = 0.0006x + 0.0068, R2 = 0.9043), particularly in 2012 (Figures 1L–O). Regarding space, 97.56% of the human activity area showed an increasing trend in human activity, 86.05% of the total area of human activity showed a significant increasing trend, 2.44% of the regions showed a weakening trend, and 0.84% of the regions showed a significant weakening trend. The intensity and area of human activities in Guizhou Province increased from 2000 to 2020. Human activities in Guiyang City were the most visible. In addition, human activities increased significantly at the government stations of Zunyi, Anshun, Liupanshui, Xingyi, Tongren, Qiannan, Qiandongnan, Bijie, and other prefectures and cities, and in other county areas. However, there was a notable decrease in human activity in the southwestern part of the study area (Figure 1G).
[image: Figure 1]FIGURE 1 | (A–E) Average values of HAI and (F–G) changes in the human activity intensity from 2001 to 2005, 2006–2010, 2010–2015, 2016–2020, and 2001–2020. (K) Area of human activities and (L) intensity of human activities from 2000 to 2020. (M) Maximum value of human activity, (N) range of human activity, and (O) average value of human activity intensity in each prefecture and city from 2000 to 2020.
Human activity accounted for 15.67% of the total study area from 2000 to 2005. The regions with increased human activity accounted for 66.34% of the total human activity area, and 35.42% of the regions showed a significant increase. Reduced human activity areas accounted for 33.66% of the total human activity area, with 12.53% showing a significant reduction. The scope of human activities was limited at this stage of the study. However, human activities increased significantly in Guiyang, Zunyi, Anshun, Liupanshui, Xingyi, and other regions. The increase in human activities was most visible in the trend of cities as the focal point, with a gradual weakening (Figures 1A,F).
From 2006 to 2010, the area of human activities accounted for 18.39% of the total study area. The overall performance in this stage was an increase in human activity, which continued to increase in intensity and scope, with the strongest intensity and scope occurring in the city. However, the southwestern region of the study area (e.g., Weining County) showed a trend of weakening human activity and a narrowing scope. Human activities in the southeastern region of the study area showed a notable trend of belt enhancement due to the construction of roads and other infrastructure (Figures 1B,G).
Human activity accounted for 44.60% of the total study area from 2011 to 2015. The area accounting for 95.49% of the total human activity area showed an increasing trend, with a significant increase in the area accounting for 67.16%. Human activities decreased in the area accounting for 4.51% of the total area of human activities, with 1.10% showing a significant decrease. The area of human activity at this stage was significantly larger than that in the previous stage. Human activities in some counties weakened due to policy adjustments and other reasons. However, overall human activities were expanding in scope and intensity. Due to road construction, human activities were more clearly distributed in strips in the southeast and northeast (Figures 1C,H).
Human activities accounted for 55.03% of the total study area from 2016 to 2020. The area accounting for 66.83% of the total human activity area increased, with 30.25% showing a significant increase. The area accounting for 33.17% of the human activity decreased, with 10.53% showing a significant decrease. Compared to the previous stage, the scope of human activities continued to increase along with the overall intensity of human activities. At this stage, the intensity of human activities in the north and east of the study area increased significantly. In contrast, some urban areas in the middle and southeast of the study area weakened due to policy changes and other human activities. In contrast, human activities in rural residential areas increased significantly, particularly in the southeast and north of the study area. The banding development of human activities caused by infrastructure construction, such as roads, remained visible, in particular in the south and east of the study area (Figures 1D,I).
4.2.2 Shift in the focus of human activities in different stages
We analyzed the shifts in human activities, NDVI, temperature, and precipitation gravity centers in four stages in Guizhou Province from 2000 to 2005, 2006–2010, 2011–2015, and 2016–2020, on a 5-year interval basis (Figure 2).
[image: Figure 2]FIGURE 2 | (A) Standard deviation ellipse (SDE) and focus of human activities, (B) normalized difference vegetation index (NDVI), (C) temperature, and (D) precipitation in Guizhou Province from 2001 to 2005, 2006–2010, 2011–2015, and 2016–2020.
During the study period, the concentrated area of human activity intensity moved 20.71 km to the northeast. According to the specific changes in each stage, the focus of human activities moved 5.8 km southward from 2006 to 2010 compared to 2000–2005; from 2011 to 2015, the focus of human activity intensity moved 8.92 km to the northeast compared to 2006–2010; and from 2016 to 2020, it continued to migrate to the northeast by 15.37 km compared to 2011–2015. The distribution direction of human activities in Guizhou Province did not change, indicating a northeast–southwest direction according to the SDE. The spatial distribution direction of human activities has become increasingly notable over time (Figure 2A).
Temperature and precipitation were relatively stable among the meteorological factors; the SDE and focus of each research period were consistent. The NDVI was also relatively stable, with small variations in the SDE and focus migration. The SDE direction and focus position of the temperature, precipitation, and NDVI were consistent (Figures 2B–D). In summary, except for significant spatial changes in human activities during the study period, the NDVI and temperature were relatively stable and precipitation showed minor spatial changes.
4.2.3 Aggregation degree changes at different stages
The local Moran’s index (LMI) and local indicators of spatial association (LISA) were used to show the spatial concentration distribution of human activities (Figures 2A–E) and its significance (Figures 3F,G). The global Moran’s index (GMI) was used to reveal the aggregated spatial factor layout (Figures 2K–O). An increase or decrease in the GMI indicated that the factor space was contracting or expanding, respectively.
[image: Figure 3]FIGURE 3 | (A–E) local Moran’s index (LMI), spatial association (LISA) diagram of human activities (HA) and (F,G) its significance. (K–O) global Moran’s index (GMI) in Guizhou Province from 2000 to 2005, 2006–2010, 2011–2015, 2016–2020, and 2000–2020.
The GMI was 0.710 from 2000–2005 (Figure 3K), indicating a high degree of aggregation. According to the LMI, human activities were mainly concentrated in the middle and southwest of Guizhou (Figures 3A,F).
The GMI was 0.731 from 2006 to 2010 (Figure 3L), and the spatial concentration of human activities increased. According to the LMI, human activities were mainly concentrated in the middle and southwest of Guizhou, with an increasing trend in the northeast of Guizhou (Figures 3B,G).
The GMI was 0.657 from 2011 to 2015 (Figure 3M), indicating that the aggregation of human activities in this stage was lower than that from 2006 to 2010. However, the scope of human activities expanded significantly during this stage. According to the LMI, high-value areas of human activity were still concentrated in the middle and southwest of Guizhou while low-value areas were in the southeast and north of Guizhou at this stage, indicating that human activities in this area began to increase. However, compared to the original high-value areas of HA, HA in this area remained low (Figures 3C,H).
The GMI was 0.634 from 2016 to 2020 (Figure 3N), which was more extensive than the range of human activities in the previous stage. According to the LMI, there was a greater concentration of low-value areas in the southwest of Guizhou, with the appearance of new high-value areas (Figures 3D,I).
In summary, Moran’s index was 0.670 (Figure 3O), indicating that human activity had relatively notable aggregation from 2000 to 2020. According to the LMI, the human activity intensity and level of urban development were high in the middle, southwest, and northeast of Guizhou. Conversely, the HAI and level of urban development were relatively low in the north, west, and southeast of Guizhou. The reduction in the aggregation of HA, as indicated by the spatial change in the LMI, also indicated that the scope of HA in Guizhou expanded during the study period (Figures 3E,J).
4.3 Analysis of factors influencing spatial heterogeneity of HA in Guizhou Province
4.3.1 Spatial distribution of influencing factors
In terms of altitude, Guizhou had low altitudes in the southeast and east, higher altitudes in the middle and west, and the highest altitudes in the southwest (Figure 4B). In terms of slope, 0°–5° slopes accounted for 27.33% of Guizhou, 6°–15° slopes accounted for 48.08%, 16°–25° slopes accounted for 19.34%, 26°–35° slopes accounted for 4.53%, 36°–45° slopes accounted for 0.65%, and > 46° slopes accounted for only 0.06%. The terrain of Guizhou was relatively smooth in the middle and rugged in the west, southwest, and south (Figure 4C).
[image: Figure 4]FIGURE 4 | (A) Analysis of factors influencing the spatial heterogeneity of HA and the main natural factors during the study period: (B) altitude, (C) slope (D) temperature, (E) precipitation, and (F) the spatial heterogeneity of human activities in Guizhou based on geodetectors.
The annual average temperature in Guizhou was > 7°C. The regions with higher average temperatures were in the east, southeast, and northeast. The regions with lower average temperatures were in the middle. Those with the lowest temperatures were in the west (Figure 4D). Annual precipitation in the study area exceeded 800 mm, with more precipitation in the east than in the west, more in the south than in the north, and gradually decreasing from the southeast to the northwest (Figure 4E). Low temperatures and less precipitation occurred in the middle and west; whereas, higher temperatures and more precipitation occurred in the east, southeast, and northeast.
4.3.2 Analysis of spatial heterogeneity of human activities in Guizhou Province based on the GeoDetectors model
The spatial distribution effects of elevation, slope, temperature, and precipitation on the spatial heterogeneity of HA were analyzed using the GeoDetectors model. The factors influencing the spatial heterogeneity of human activity intensity in Guizhou Province were the slope, precipitation, altitude, and temperature, ranging from high to low based on the degree of impact. Furthermore, the factor works better in combination with other factors than a single factor (Figure 4F).
Terrain factors significantly impacted human activities in Guizhou Province, with slope factors having a more significant impact than altitude factors. Therefore, human activity was concentrated in low-lying areas. The analysis of concentrated human activity areas (normalized value > 0.1) revealed that human activity intensity areas were mainly distributed in areas with a gradient of 1°–21° (based on 95% of the areas with a normal distribution). Therefore, human activities were concentrated primarily in areas with the gentlest slopes (6°–15°), accounting for 51.47% of the total area of HA. The area with flat slopes (0°–5°) accounted for 39.78%, and the area with 16°–25° slopes accounted for 8.76%. Using the same method, we found that human activities were primarily distributed in areas with an altitude from 489 to 1,982 m, temperatures from 12.36°C to 17.74°C, and precipitation from 1,001.99 to 1,276.99 mm.
In summary, HA were mainly distributed in areas with gentle slopes, higher precipitation, lower altitudes, and higher temperatures in the study area. The factor works better in combination with other factors than a single factor. Slope and precipitation had the greatest impacts.
4.3.3 Spatial correlation analysis between human activities and meteorological factors
The ranges of significant positive correlations between precipitation and human activity were slightly higher than that of temperature based on spatial distribution. However, overall, precipitation and temperature significantly impacted human activities, particularly the combination of water and heat (Figures 5A,B; Table 2).
[image: Figure 5]FIGURE 5 | Spatial correlation between human activities and (A) temperature and (B) precipitation.
TABLE 2 | Proportion of correlation between human activities (HA) and temperature and precipitation in total human activity area (%).
[image: Table 2]4.4 Impact of HA on vegetation
4.4.1 Analysis of NDVI distribution and changes
The NDVI value was lower in regions with high HAI and higher in areas with low HAI. The mean NDVI of the study area was 0.823 and that of the human activity area was 0.812. Low NDVI values were found in all areas with high human activity, particularly in urban areas (Figure 6A).
[image: Figure 6]FIGURE 6 | Spatial heterogeneity of the normalized difference vegetation index (NDVI) in human activity areas in Guizhou. Correlations between (A) NDVI and temperature, (B) NDVI and precipitation, (C) NDVI changes, and (D) NDVI and human activity. (E) Spatial heterogeneity of the NDVI in the study area and (F) its influencing factors based on geodetectors.
In both Guizhou Province and the human activity area, the rate of change in the NDVI showed a large area occupied by an increase and significant increase. The proportion of NDVI reduction and a significant reduction trend in the human activity area was slightly higher than in Guizhou (Figure 6D; Table 3).
TABLE 3 | Area ratio of normalized difference vegetation index (NDVI) change trend in different regions (%).
[image: Table 3]4.4.2 Analysis of spatial heterogeneity of NDVI based on the GeoDetector model
Based on the driving force analysis of the NDVI in Guizhou using the GeoDetector model, we found that human activities were the most important influencing factor of the NDVI distribution in Guizhou, followed by slope, precipitation, altitude, and temperature, which had small effects. Moreover, the effect of each factor acting in combination with other factors was greater than the effect of each factor acting in isolation. The combined effect of human activities and precipitation had the most significant impact on the spatial heterogeneity of the NDVI (Figure 6F).
4.4.3 Spatial correlation between various factors and NDVI
Regarding the correlation between meteorological factors and NDVI, the difference in the proportion of various correlations between the NVDI and meteorological factors in anthropogenic regions and Guizhou was small. The proportion of areas showing a significant positive correlation between human activities and NDVI was significantly larger than that of meteorological factors. However, we note that the proportion of areas showing a significant negative correlation between human activities and NDVI was also greater than that of the meteorological factors (Figures 6B,C,E; Table 4).
TABLE 4 | Spatial analysis of the proportion of area occupied by the correlation between different factors and normalized difference vegetation index (NDVI) (%).
[image: Table 4]Human activities had a significant influence on changes in the NDVI. Human activities and NDVI in human activity areas mainly showed positive and significant positive correlations. Furthermore, the significantly negative correlation between human activities and NDVI was greater than that between natural factors and NDVI. HA generally had a significant impact on NDVI. Human activities were mostly negatively and significantly negatively correlated with the NDVI in urban areas. In contrast, human activities in mountainous areas at a certain distance from cities were mostly positively and significantly positively correlated with the NDVI (Figure 6).
4.4.4 Correlation between NDVI and land-use types
Analyzing the correlation between the various land-use types and NDVI from the spatial distribution, woodland had the most significant effect on the spatial distribution of the NDVI in Guizhou Province, followed by changing areas, cropland, and built-up land. In contrast, grassland, water bodies, and unused land had less of an influence on the spatial distribution of the NDVI in the study area (Figure 7D).
[image: Figure 7]FIGURE 7 | Land-use information atlas from (A) 2000–2010-2020, (B) 2000–2010, and (C) 2010–2020. (D) Impact of land use based on geodetectors on the spatial distribution heterogeneity of the normalized difference vegetation index (NDVI).
The land-use information atlas was examined from 2000 to 2020 (Figure 7A). The transferred land-use types represented 31.05% of the total area of Guizhou. The conversion of farmland to woodland from 2010 to 2020 represented 11.46% of the area of Guizhou. Cropland was converted into grassland from 2010 to 2020, representing 4.47% of the area of Guizhou. These changes were mainly due to human activities, such as converting cropland to woodland and grassland.
Land-use transfer occurred more frequently from 2010 to 2020 than from 2000 to 2010. Conversions between cropland and woodland, and between cropland and grassland, were the most frequent and notable. The areas of woodland and grassland converted to cropland were greater than that of cropland converted to woodland and grassland. Overall, human activities were the main drivers of land-use type changes in Guizhou during the study period (Figures 7B,C; Tables 5, 6).
TABLE 5 | Land-use transfer matrix from 2000 to 2010 (km2).
[image: Table 5]TABLE 6 | Land-use transfer matrix from 2010 to 2020 (km2).
[image: Table 6]These findings revealed that forestland, followed by changing regions, had a significant impact on the spatial heterogeneity of the NDVI in the study area. The combined effect of forestland and changing regions significantly influenced the spatial heterogeneity of the NDVI. During the study period, the changing area was primarily the transformation of cultivated land, forest, and grassland, with human activities serving as the primary driving forces. Therefore, by encouraging land-use changes, human activities indirectly affected the spatial heterogeneity of vegetation NDVI in the study area.
5 DISCUSSION
5.1 NLI reflects human activity
Our analysis showed that the intensity and extent of human activity calculated based on the NLI correlated well with the selected statistics. The NLI can reflect the electricity consumption of China (Cao et al., 2014), socio-economic spatial characteristics (Li et al., 2019), and CO2 emissions dynamics (Shi et al., 2016a). It was used to estimate the Gross Domestic Product and Electric Power Consumption of China (Shi et al., 2014). In this paper, the results were consistent.
The distribution of human activity areas and built-up land was strongly consistent. Construction land had the greatest heterogeneity in the spatial distribution of human activities. Furthermore, the human activities based on the NLI showed a consistency in the distribution of the county government sites with areas with high HAI values. The NLI has been used to analyze urban expansion (Shi et al., 2016b), as an indicator for evaluating human activities (Amaral et al., 2005). It can also be used as a proxy for analyzing human activities, especially in karst desertification regions (Shi and Li, 2019). In general, the intensity of human activities calculated based on the NLI can provide a more realistic reflection of human activity intensity and its impact range in terms of space and quantity.
We also note that the impact of human activities is not only limited to construction sites but manifests in the extension of urban built-up areas at the periphery. The results of this study also showed that human activities in and around cities are significantly greater than those in towns and rural settlements, which is consistent with the actual situation.
5.2 Spatio-temporal variation in human activities and driving forces in Guizhou Province
The human activity intensity was spatially correlated with the level of urban development. Cities with early development and a high development level, such as Guiyang, Anshun, and Liupanshui, had a high human activity intensity. During the study period, there were significant trends of increasing intensity and area of human activities in Guizhou Province. In particular, the increasing trends of human activity intensity and area increased significantly after 2012. This was related to the fact that in 2012, due to the adjustment and implementation of relevant policies, the development rate increased, infrastructure construction accelerated, and the urban area of Guizhou Province increased significantly. Road mileage and the level of infrastructure construction also increased significantly during this period. Furthermore, human activities in townships and rural settlements increased significantly in 2012, which was notable in regions such as Qiannan, Qiandongnan, and Qianxinan. In addition, the center of gravity of the SDE generally shifted to the southwest during the study period, which was also proved by combining it with the trend of human activity intensity changes in sub-prefectures. The intensity of human activity aggregation decreased, i.e., the human activity areas expanded, such as Guiyang, Anshun, Liupanshui, and Zunyi, which had a high intensity of human activities and significant aggregation. In contrast, regions such as Qiannan, Qiandongnan, Qianxinan, and Tongren had a low intensity of human activities and low aggregation, but a rapid increase.
During the study period, some areas in the study area showed a decreasing trend of human activities. Spatially, the human activity intensity tended to decrease in areas with a high development level in the early stage of urban development (Xu et al., 2022). This was mainly because the cities in which development commenced early, such as Guiyang, Liupanshui, and Zunyi, and where the human development level was higher, had gradually adjusted during the development process in the past 20 years. This mainly involved a shift in the urban center of gravity and ecological protection of some areas, such as the return of cultivated land to forests.
The quantification and visualization of the intensity of human activities is an important basis for measuring and evaluating the effects of human activities on the ecological environment (Yan et al., 2022). To analyze the spatial heterogeneity of human activity distribution and change, two methods were selected in this study, the GeoDetector model, for analyzing the spatial heterogeneity of human activities, and the spatial correlation analysis, for analyzing the drivers of spatial variation in human activities.
The slope is an important factor limiting human activities in Guizhou; the explanatory power of the factors after the interaction was significantly enhanced. As a typical karst area in Guizhou Province, the terrain is rugged and complex; therefore, slope and elevation have directly affected the cost and difficulty of carrying out construction and farming activities. Both urban and rural settlements are located in areas with relatively low elevations and low and flat terrain. The surface condition of the Tibetan Plateau is mainly constrained by the intensity of human activities and is the result of the combined effect of various natural environmental factors (Yang et al., 2023).
Regarding meteorological factors, precipitation had a wider range of significant positive correlations with human activity than with temperature. Furthermore, precipitation had a more significant impact on human activities than temperature. This is because the study area is close to the Tropics, which has a high annual accumulated temperature and sufficient heat. Hence, water conditions have become a critical resource influencing human activities. The Dai nationality villages in Yunnan also have these characteristics distributed near water (Wang and Chiou, 2019). Moreover, the combination of precipitation and temperature had a more important impact on the spatial heterogeneity of human activity distribution and changes.
5.3 Human activities and their role under the influence of policies
The quantification and visualization of the intensity of human activities is an important basis for measuring and evaluating the effects of human activities on the ecological environment (Yan et al., 2022). The results showed that the areas with positive and significant correlations were larger than that with negative correlations. The key driver of greening in southwestern China is land use change due to ecological restoration projects (Qiao et al., 2021; Wang et al., 2021; Xu et al., 2022). Since the pilot project began in 2000, Guizhou Province has completed 16.68 million mu of project construction tasks, including 6.57 million mu of reforestation on abandoned farmland and 10.12 million mu of afforestation on barren hills, involving 2.05 million farmers across the province (Opinions of the Provincial People’s Government on Improving the Policy of Returning Farmland to Forests [QFF (2007) No. 35]). The forestry ecological red line was demarcated in Guizhou Province in 2017 (QFH [2014] No. 199, the provincial government’s official reply on the implementation plan for the delineation of the forestry ecological red line in Guizhou Province). This shows that ecological protection policies limit some human activities and have promoted the local vegetation quality.
Previous studies have also shown that major ecological projects influence the regional NDVI (Zhang et al., 2019). Ecological restoration policies are the most important factor in mitigating and controlling desertification (Liu et al., 2020; Lv et al., 2020). Ecological restoration policies and economic policies directly or indirectly affect vegetation (Li et al., 2017). Since the 21st century, the management of desertification in the southwest karst region has been elevated to a national goal (Xu et al., 2022), with the aims of reducing the degree of regional desertification and increasing regional vegetation cover effectively (Li et al., 2013; Zhao and Hou, 2019). With effective policy guidance, human activities have contributed significantly to the recovery of vegetation in the southwest (Xu et al., 2022). The NLI can aid in the formulation of relevant policies and help Guizhou province to develop relevant development strategies according to local conditions (Kumar, 2018). Other studies analyzing Guizhou Province have similarly identified the need to tailor development strategies to regional realities (Cheng et al., 2022).
We note that studies have indicated that light pollution caused by human activities will have a certain impact on the vegetation surrounding the city and impede the adaptability and development of vegetation, which requires attention and further research.
5.4 Limitations and future research
In our study, we found that the range of nighttime light was larger than the range of urban built-up areas, towns, rural settlements, and roads; however, the threshold relationship between specific urban built-up areas and NLI requires further study. From the perspective of land-use types, cropland also involves human activities; however, as most cultivation related to cropland is carried out during the daytime, the NLI does not adequately reflect the extent of cropland. We note that cropland is one of the important factors influencing vegetation change. However, the enhancement of the NLI in rural settlements can undeniably indicate an increase in the number or intensity of people engaged in agriculture. There is a potential link between it and the amount of cropland. This correlation must be analyzed in more detail in future studies.
We also found that Guizhou Province, as a typical karst region, has a complex and fragmented topography with notable characteristics of an interlocking distribution of various land-use types. Due to the unique topography, many areas have formed special regional microclimates (e.g., Maotai town). The vegetation changes and influencing factors, as well as their response to human activities, differ from the general pattern; therefore, analysis through field measurement data combined with high-resolution remote sensing images will be the focus of future research.
In this study, we found that the change in human activities was not a linear decay but exhibited a similar exponential decay trend. Therefore, segmentation research of human activity intensity based on NLI calculations should be the focus of future research. We also found that Guizhou Province has a broken terrain and complex environment; its regional microenvironment has its characteristics. Future studies should analyze small areas in detail through high-resolution images.
6 CONCLUSION
This paper aims to study the spatial heterogeneity of human activities distribution and change, and the impact factors in the Guizhou typical karst area. This study measured and analyzed the HAI and their spatial and temporal variation in Guizhou Province using NLI data, meteorological data, and topographic data. The GeoDetector model was used to analyze the impact factors of spatial heterogeneity in HA. Correlation analyses were used to analyze HAI changes in relation to temperature and precipitation, and the impact on vegetation quality. We obtained the following conclusions.
Normalized NLI can accurately reflect the spatial distribution and changes in human activities. The spatial heterogeneity of human activities distribution and changes were obviously in Guizhou Province. Human activities intensity and range were expanding, 97.56% of the human activity area showed an increasing trend, and 86.05% showed a significant increasing trend (p ≤ 0.01). The proportion and change trend of human activities are not same in different periods. The human activity areas expanded from 15,963 km2 to 86,923 km2 with an increased rate 4,279.2 km2/a, which was 1,118.4 km2/a from 2000 to 2010 and 6,375.3 km2/a from 2010 to 2020. The intensity was increased from 0.009 to 0.018 with increase rate of 0.0006/a, which was 0.00028/a from 2000 to 2010 and 0.00073/a from 2010 to 2020. Human activities in Guizhou Province accelerated significantly after 2012, with the intensity increasing and the scope expanding significantly. Human activities were relatively intense in regions where the prefectures and municipal governments located, in particular in the central, southwest and northeast regions, such as Guiyang, Zunyi, Anshun, Liupanshui, and Xingyi. HA were mainly distributed in areas with gentle slopes (6–15°), abundant precipitation (1,002–1,277 mm), lower altitudes (489–1982 m), and suitable temperature (12–18°C) in the study area.
The slope has the greatest impact on human activities with q value of 0.1338, and precipitation, elevation and temperature with q value of 0.0626, 0.0253, and 0.0136 respectively. The combined impact between precipitation and slope was greatest with q value of 0.1803, the q value between elevation and slope, temperature and slope, elevation and precipitation was 0.1599, 0.1510, and 0.1034, while q value between, precipitation and temperature, elevation and temperature was 0.0885 and 0.0765. The combine impact between precipitation, temperature, elevation and slope were greater than the single factor impact of precipitation, temperature, and elevation. Slope and precipitation had the greatest impacts. Slope and precipitation play an important role in influencing the distributions of and changes in human activity; temperature and altitude may also affect human activity. Spatial variation in the HAI in Guizhou Province was the result of a combination of natural environmental and social factors. Human activities in karst mountain areas under policy guidance have had a significant positive effect on vegetation based on current trends. Therefore, appropriate policies are critical in promoting the development of mountainous karst regions.
There are problems that still needed more profound study, such as the threshold of human activities intensity and small-scale regions.
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