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Against the backdrop of global climate change and intensified human activities, drought conditions in Baoshan City, Yunnan Province, have undergone significant transformations. There is a pressing need to systematically elucidate the long-term spatio-temporal dynamics of drought intensity and its spatial distribution patterns in this region. This study employed monthly MODIS data (MOD13A2 and MOD11A2) from 2010 to 2024 to construct Normalized Difference Vegetation Index (NDVI) and Land Surface Temperature (LST) datasets. The Temperature Vegetation Dryness Index (TVDI) was subsequently retrieved. A comprehensive analysis integrating time-series analysis, centroid analysis, and the geographical detector method was conducted to investigate the spatio-temporal evolution characteristics of drought and its driving factors. (1) Drought exhibited significant spatial heterogeneity, with moderate and severe drought being the predominant types, collectively accounting for 81.45% of the study area. (2) The interannual TVDI showed a slight upward trend (slope = 0.0004 a-1), while the intra-annual variation followed a “high in winter and spring, low in summer and autumn” pattern. The mean winter TVDI (0.9) was approximately 1.5 times that of autumn (0.58). (3) The centroid of drought generally migrated northwestward. The longest migration distance (1.28 km) occurred from the period 2013–2015 to 2016–2018. (4) Elevation was the persistently dominant factor (q-value range: 0.648–0.721). However, the influence of human activity factors showed stage-specific enhancement, with the interaction between GDP and elevation reaching a q-value of 0.753 in 2015. (5) Transition characteristics of drought severity levels differed markedly between periods. During 2010–2017, drought primarily transitioned towards severe and mild drought (covering 8.59% of the total area), whereas during 2017–2024, mild drought areas shifted predominantly towards moderate drought (covering 6.59%). The findings of this study can provide crucial scientific evidence and decision-making support for drought prevention, control, and the formulation of regional adaptation strategies in Baoshan City.
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1 INTRODUCTION
As a type of complex meteorological disaster, drought can cause severe damage to water resources and significantly impact local agriculture, ecology, and the environment. It has thus become one of the key research topics globally (Tadesse and Mekuriaw, 2024). Under the context of global warming, drought conditions have further intensified, posing serious constraints to the sustainable socioeconomic development of China (Yin and Slater, 2023). Located in the mountainous southwestern region of China, Yunnan Province features complex topographic conditions and frequent natural disasters, making it a typical ecologically fragile zone in the country. In recent years, the frequency and spatial extent of droughts in this region have gradually increased (Jin et al., 2018). In March 2025, during an inspection in Yunnan Province, President Xi emphasized that “Yunnan holds a crucial ecological position, and it is essential to steadfastly pursue ecological priorities and a green development path, thereby strengthening the ecological security barrier in southwestern China.” Therefore, conducting long-term drought monitoring in Yunnan Province and clarifying the patterns and driving mechanisms of drought are of vital importance for local ecological development.
In recent years, numerous scholars have conducted research on drought variations in different regions. For instance, Chen et al. (2023) utilizing meteorological station data and calculating the Standardized Precipitation Index (SPI), applied methods such as trend analysis and revealed that the frequency distribution and evolution of droughts in Yunnan Province at both annual and seasonal scales exhibit significant spatiotemporal heterogeneity. However, due to limitations in the number of monitoring stations, it has been difficult to achieve large-scale drought monitoring. With the advancement of remote sensing technology, an increasing number of studies have employed remote sensing imagery for drought monitoring. Compared to station-based data, remote sensing imagery enables large-scale monitoring and provides a more effective assessment of regional drought dynamics. Since the formation of drought is a complex process, using a single index for drought monitoring has certain limitations. Currently, a primary monitoring method involves constructing a feature space based on the Normalized DifferenceVegetation Index (NDVI) and Land Surface Temperature (LST) to retrieve the Temperature Vegetation Dryness Index (TVDI) for regional drought assessment (Przeździecki et al., 2023). By coupling land surface temperature with vegetation conditions, this approach overcomes the limitations of single-method drought detection and provides a more accurate reflection of drought status. For example, Yin et al. (2024) adopted the NDVI-LST feature space to retrieve TVDI and found a tendency towards alleviation of drought conditions in the Guanzhong region during their monitoring study. Li et al. (2019) employed meteorological station data to analyze drought patterns in the Loess Plateau, identifying distinct seasonal trends with the most significant drying in spring, followed by summer, and projecting a persistent yet seasonally heterogeneous drought trajectory for the region. Similarly, Taati et al. (2024) in their research on drought risk in forested areas near coal mines, observed significant spatial heterogeneity in drought conditions, with a trend of intensification in the forests surrounding the mining areas.
To effectively monitor drought dynamics and analyzing influencing factors, some researchers have employed methods such as spatial analysis and correlation analysis to conduct drought monitoring studies. For instance, when Li et al. (2025) used the correlation coefficient method to analyze the influence of meteorological factors on drought in Xinjiang, they found that TVDI exhibited a weak correlation with meteorological factors but a strong correlation with elevation. Similarly, Yu et al. (2019), in their drought monitoring study of the Huajiang Gorge area, discovered a significant negative correlation between the retrieved TVDI and contemporaneous measured moisture content data. However, the correlation coefficient method can only assess the impact of a single variable on TVDI variation. Since drought dynamics are influenced by multiple factors—such as hydrothermal conditions, elevation, and human activities—this approach has certain limitations in factor analysis. To effectively assess the combined effects of multiple factors, some researchers have employed geographical detectors for attribution analysis of drought conditions. For instance, Zhou et al. (2024), in their factor analysis of drought in Turpan City, found that potential evapotranspiration was the most influential single factor, while the interaction between potential evapotranspiration and elevation exhibited the strongest explanatory power among multiple factors. In studies on drought change monitoring, most existing research has been conducted using methods such as trend analysis, which can effectively reflect temporal variations in drought conditions (Li et al., 2024). However, these approaches often fall short in capturing spatial dynamic changes. Gravity center analysis and transition matrices, as methodologies for monitoring spatial dynamics, have been widely applied in various ecological monitoring contexts (Wei et al., 2022). Nevertheless, their application in drought monitoring remains relatively limited, highlighting an urgent need for further exploration into dynamic drought change monitoring.
Located in the Hengduan Mountains of western Yunnan, Baoshan City represents a typical ecologically fragile and drought-sensitive area due to its complex low-latitude mountainous terrain and remarkable ecological transitionality. The frequent occurrence of drought events in the region, combined with significant human influences, makes it an ideal case for investigating the spatiotemporal dynamics of drought.
Based on this, the present study selects Baoshan City as the study area. Utilizing MODIS data to synthesize NDVI and LST products, the Temperature Vegetation Dryness Index (TVDI) is retrieved. Through methods including gravity center analysis, trend analysis, transition matrices, and geographical detectors, this research conducts monitoring of drought variations and analysis of influencing factors within the study area. Compared with other regions, this study demonstrates distinct methodological and applied innovations by focusing on the unique geographical context and agricultural background of Baoshan City. Methodologically, it represents the first systematic integration of centroid migration models and spatial transition matrices in Baoshan to delineate drought pattern dynamics with refined precision. From an applied perspective, the constructed driving mechanism analysis framework specifically addresses Baoshan’s role as a key tobacco-producing area in Yunnan, offering novel insights into the coupling mechanisms between natural and anthropogenic factors in specialized cash crop zones. This research approach not only deepens the understanding of drought evolution patterns in the complex terrain of the southwestern plateau but also provides regionally tailored scientific support for formulating drought resistance strategies for characteristic agriculture, with tobacco cultivation as a representative case.
2 MATERIALS AND METHODS
2.1 Study area
As shown in Figure 1, Baoshan City is located in western Yunnan Province, between 24°08′–25°51′N and 98°05′–100°02′E, with an elevation range of 563–3,654 m. It comprises one district (Longyang District), three counties (Longling County, Shidian County, and Changning County), and one county-level city (Tengchong City), covering a total area of 19,637 km2. The region experiences an average annual rainfall of 947.0–2097.5 mm and an average annual temperature of 14.8 °C–17.1 °C. It features a low-latitude mountainous mid-subtropical monsoon climate, characterized by mild winters, cool summers, and spring-like conditions throughout the year. However, due to rising temperatures, reduced precipitation, and uneven spatiotemporal distribution of rainfall, the area faces relatively severe drought conditions.
[image: Topographic map depicting the region with marked areas: Tengchong, Longyang, Changning, Longling, and Shidian. Elevation is represented by color gradients, from red to green, indicating a range from 3,654 meters to 563 meters. Rivers and boundaries are marked in blue and black, respectively. The map includes longitude and latitude indicators and a north arrow for orientation.]FIGURE 1 | Study area.2.2 Data source and preprocessing
The data used in this study were obtained from the National Aeronautics and Space Administration (NASA). The data products include the Moderate.
Resolution Imaging Spectroradiometer (MODIS, http://ladsweb.nascom.nasa.gov/) datasets MOD13A2 and MOD11A2, which were used to synthesize NDVI and LST data, respectively. The acquired data cover the period from 2010 to 2024, with a monthly temporal resolution, a spatial resolution of 0.05 ° × 0.05 °, and are referenced to the WGS1984 coordinate system. Data on population density, GDP, land use, temperature, and precipitation were sourced from the Resource and Environmental Science Data Center (http://www.resdc.cn). Elevation data were obtained from the Geospatial Data Cloud (https://www.gscloud.cn/).The selection of these factors is primarily based on their systematic representation of two fundamental aspects influencing regional moisture differentiation: underlying natural conditions and anthropogenic disturbances. These variables collectively explain the formation mechanisms of drought spatial patterns through core dimensions ranging from energy balance (air temperature) and moisture supply (precipitation) to topographic redistribution (elevation, slope), surface properties (soil type, land use), and socioeconomic activity intensity (GDP, population density). This selection aligns with the established understanding of surface processes and satisfies the practical requirement of data accessibility.
The raw data were processed through a sequence of standardized procedures: format conversion and projection transformation were conducted using the MODIS Reprojection Tool (MRT); the study area was then extracted via clipping in ArcGIS 10.7; subsequently, atmospheric correction was applied to the clipped data in ENVI. Finally, cloud masking and invalid pixel removal were performed in MATLAB R2022a (core code excerpt provided below).
	modis_data = hdfread(modis_file, data_band);
	qa_data = hdfread(modis_file, qa_band);
	[fill_value, valid_range] = get_data_attributes(data_info, data_band);
	modis_data = preprocess_data(modis_data, fill_value, valid_range);
	cloud_mask = generate_cloud_mask(qa_data, product_type);
	clean_data = modis_data;
	clean_data(cloud_mask) = NaN.

2.3 Research method
2.3.1 TVDI index construction
This study employed the Temperature Vegetation Dryness Index (TVDI), based on the NDVI-LST feature space (Figure 2), to quantitatively assess regional drought conditions. The core of this method lies in establishing a two-dimensional feature space constituted by the vegetation index and land surface temperature, with its upper and lower boundaries—namely the dry and wet edges—determined statistically(Fan et al., 2024). Specifically, the NDVI value range across the entire region was first divided into several consecutive narrow intervals. For each NDVI interval, the percentiles of the corresponding LST values for all pixels were computed to identify the characteristic points of potential extreme high and low temperatures at that vegetation coverage level, thereby effectively mitigating the influence of outliers. Subsequently, least-squares linear regression was applied to fit all the high-temperature characteristic points and low-temperature characteristic points separately, yielding the linear equation representing the dry edge (Equation 1) and the linear equation representing the wet edge (Equation 2). Following this, for any given pixel, its NDVI value was substituted into these equations to derive the corresponding theoretical temperature extremes, T_max and T_min. Combined with the pixel’s actual LST, its drought index was then calculated according to Formula (3). This index value ranges from 0 to 1, where a higher value indicates lower soil moisture and more severe drought conditions. Through this methodology, the TVDI effectively integrates information on vegetation status and land surface temperature.
[image: A triangular conceptual diagram with NDVI on the x-axis and LST on the y-axis. It shows gradients from bare soil to dense vegetation. The dry edge is labeled with T max equals c times NDVI plus d, and the wet edge with T min equals a times NDVI plus b.]FIGURE 2 | Theoretical basis of the NDVI–LST feature space.The explicit computation of TVDI is presented in Equations 1–3:
Tmax=a·NDVI+b(1)
Tmin=c·NDVI+d(2)
TVDI=LST−TminTmax−Tmin(3)
Where Tmax and Tmin denote the temperatures fitted along the dry and wet edges, respectively; LST represents the original land-surface temperature value; a and c are the fitted slope coefficients; b and d are the fitted intercept terms.
To comprehensively evaluate the robustness and physical validity of the TVDI dry and wet edge fitting, an integrated sensitivity analysis and validation were conducted. Firstly, a sensitivity analysis was performed by altering the percentile thresholds used to define the dry and wet edges (90th/10th, 95th/5th, and 97th/3rd percentiles). Subsequently, to verify the physical significance of the dry edge under each scenario, the ‘dry-edge temperature distance’ (Ld) Equation 4 and ‘wet-edge temperature distance’ (Lw) Equation 5 for each pixel were calculated and subjected to correlation analysis with contemporaneous in situ soil moisture data from meteorological stations within the study area. As presented in Table 1, the results indicated that employing the 95th percentile for the dry edge and the 5th percentile for the wet edge yielded the strongest correlations with the field-measured data (r = 0.92/0.91, p < 0.01). Consequently, these percentile thresholds were selected for defining the dry and wet edges in the final model.
Ld=T−Tmax(4)
Lw=T−Tmin(5)
TABLE 1 | Sensitivity analysis.	Parameter set	Dry edge correlation coefficient (r)	Wet edge correlation coefficient (r)
	S1(90/10)	0.83*	0.86*
	S2(95/5)	0.92*	0.91**
	S3(97/3)	0.85*	0.82*


* and ** indicate statistical significance at the 5% and 1% levels, respectively; the same convention applies hereafter.
To validate the accuracy of the TVDI against measured data, a correlation analysis was conducted between the TVDI calculated using the aforementioned thresholds and in situ humidity data from meteorological stations. The results demonstrated a statistically significant correlation coefficient of r = 0.893 (p < 0.01), thereby robustly verifying the rationality of the TVDI calculation.
2.3.2 Center of gravity analysis
The center of gravity can characterize the spatial dynamics of geographic attributes and has been widely applied in studies of precipitation and vegetation dynamics. In drought monitoring, the center of gravity indicates the shifting trend of drought’s spatial distribution (Yang and Guo, 2025). The center of gravity is calculated as follows (Equation 6):
x¯=∑i=1nzixi∑i=1nziy¯=∑i=1nziyi∑i=1nzi(6)
Where x¯,y¯ are the centroid coordinates; zi is the attribute value of the i-th planar spatial unit; xi,yi are the coordinates of the i-th planar spatial unit.
The direction of centroid migration indicates the azimuth along which drought intensification is most pronounced, whereas the migration distance quantifies the degree of spatial dispersion of drought distribution; the expressions are (Equation 7):
θ=atc⁡tanyt+m−ytxt+m−xtd=yt+m−yt2+xt+m−xt2(7)
Where θ is the azimuth angle of TVDI-centroid migration; d denotes the migration distance; yt+m and yt represent the centroid y-coordinates at times t+m and t, respectively; xt+m and xt are the corresponding centroid x-coordinates.
2.3.3 Transition matrix
A transition matrix was employed to characterize shifts among different TVDI classes (Jia et al., 2025), expressed as (Equation 8):
Si,j=S11…S1n⋮⋱⋮Sn1⋯Snn(8)
In the formula: S represents the transferred area of different classes (km2); n denotes the number of TVDI classes; i and j represent the TVDI classes at the initial time and final time, respectively; Snn indicates the area change (km2) of TVDI classes transferred from the initial period to the final period.
2.3.4 Trend analysis
Trend analysis employs individual grid cells as the fundamental research units to simulate and fit their changing tendencies (Fu et al., 2020). The expression is as follows (Equation 9):
θslope=n×∑i=1ni×TVDIi−∑i=1ni∑i=1nTVDIin×∑i=1ni2−∑i=1ni2(9)
In the formula: i denotes the year; n represents the number of years in the time series; TVDIi refers to the TVDI value in the i-th year; θslope indicates the slope of the trend line. A positive or negative value of θslope suggests an improving or degrading trend in vegetation TVDI over time, respectively. Specifically, if θslope > 0, it denotes an increase in TVDI; if θslope < 0, it signifies a decreasing trend in TVDI. The F-test is as shown in Equation 10:
F=U×n−2Q(10)
In the formula: U represents the sum of squared errors, Q denotes the regression sum of squares, and n indicates the sample size. Based on the slope trend and significance test results, the trend types are classified into seven categories, as shown in Table 2.
TABLE 2 | Trend types.	Trend types	Slope trend value	F-test
	Highly significant increasing	θslope > 0	p ≤ 0.01
	Significantly increasing	0.01 < p ≤ 0.05
	Non-significant increasing	p > 0.05
	No significant change	θslope = 0	—
	Non-significant decreasing	θslope < 0	p > 0.05
	Significant decreasing	0.01 < p ≤ 0.05
	Highly significant decreasing	p ≤ 0.01


2.3.5 Geographical detector
The Geographical Detector model is capable of assessing the contribution of different factors to TVDI and revealing the driving factors behind spatial heterogeneity of geographical phenomena (Wang and Xu, 2017). Its explanatory power is measured by the q-value, which ranges between [0, 1]. A higher q-value indicates a stronger influence of the factor on TVDI. The expression is as follows (Equations 11–13):
q=1−∑h=1LNhσh2Nσ2=1−SSWSST(11)
SSW=∑h=1LNhσh2(12)
SST=Nσ2(13)
in the formula: h = 1, … , L represents the stratification of variable Y or factor X; Nh and N denote the number of units in stratum h and the entire region, respectively; σh2 is the variance of Y values within stratum h; σ2 is the variance of Y values across the entire region; SSW represents the within-sum of squares; SST indicates the total sum of squares.
In this study, air temperature, precipitation, elevation, slope, soil type, land use, GDP, and population density were selected as driving factors. These factors were discretized using the natural break classification method within a parameter space of 3–9 classes. Through an iterative screening process involving over 40 iterations, the classification scheme that yielded the maximum q-value in the geographical detector analysis was ultimately selected as the optimal solution, thereby ensuring the objectivity of the driving force analysis.
2.3.6 Temporal series autocorrelation correction
The Bonferroni correction method offers distinct advantages through its conceptual simplicity, operational robustness, and strong control over statistical error. By simply dividing the significance level α by the number of tests k (α_corrected = α/k), this method provides an extremely straightforward calculation that does not rely on complex distributional assumptions, demonstrating excellent universality. Its core strength lies in its strict control of the family-wise error rate (FWER), ensuring that the overall probability of obtaining at least one false positive among all k tests does not exceed α. This provides highly rigorous statistical assurance for confirmatory research conclusions. Consequently, in scenarios requiring definitive conclusions, this method represents one of the most reliable tools for avoiding false positive results (Bonferroni, 1936).
3 RESULTS
3.1 Spatial pattern analysis of TVDI
Based on the TVDI classification criteria established by Yu et al. (2019), TVDI values were categorized into five classes: Moist (0 < TVDI <0.2), Normal (0.2 ≤ TVDI <0.4), Mild Drought (0.4 ≤ TVDI <0.6), Moderate Drought (0.6 ≤ TVDI <0.8), and Severe Drought (0.8 ≤ TVDI <1). The spatial distribution characteristics of drought conditions are shown in Figure 3. Drought distribution in Baoshan exhibited significant spatial heterogeneity. The predominant drought severity classes were Moderate Drought and Severe Drought, accounting for 54.01% and 27.44% of the total area, respectively. These were followed by Mild Drought, Normal, and Moist conditions, with respective proportions of 15.54%, 2.52%, and 0.48%. Areas experiencing Moderate and Severe Drought were widespread across most parts of Baoshan, predominantly occurring in mountainous areas, hilly regions, karst landforms, river terraces, and the sloping lands fringing intermountain basins. Severe Drought was primarily concentrated in central-western Longyang, most of Shidian and Changning, with additional patches in eastern and southern Longling and localized areas of Tengchong. These zones are characterized predominantly by mountainous and hilly topography, with some areas adjacent to river valleys. Mild Drought was mainly distributed across central and northern Tengchong, central Longyang, as well as some parts of Longling and Changning. These areas typically consist of low to medium elevation mountains, hills, and slopes flanking river valleys or located on the edges of fault-depression basins. Normal conditions were mostly found at the border between Tengchong and Longyang and along the northern periphery of Tengchong. Moist conditions were primarily located in the northern marginal areas of Tengchong, with minor distributions also observed around the Tengchong-Longyang border. In summary, over 80% of Baoshan City experienced moderate to severe drought during the study period, highlighting the widespread and substantial moisture stress conditions in the region.
[image: Map and pie chart illustrating drought conditions in a region. The map displays five areas with varying drought levels from moist to severe drought, indicated by colors from green to red. The pie chart quantifies these conditions: 0.48% moist, 2.52% normal, 15.54% mild drought, 54.01% moderate drought, and 27.44% severe drought.]FIGURE 3 | Spatial distribution of annual mean TVDI in Baoshan city from 2010 to 2024.3.2 Analysis of TVDI temporal variation
Based on the constructed TVDI series derived from MODIS NDVI and Land Surface Temperature (LST) data, autocorrelation tests and regression with precipitation data were performed. As shown in Figures 4–6, the time series data exhibited no significant autocorrelation at lag periods of 1, 2, and 3 years, but showed a significant correlation with precipitation, with a goodness-of-fit coefficient of R2 = 0.8035 (p < 0.05). From 2010 to 2024, the annual mean TVDI in Baoshan City displayed a non-significant slight increasing trend (0.0004 a−1, R2 = 0.003, p > 0.05). The mean TVDI consistently remained within a high range around 0.75, indicating that the regional ecosystem was subjected to prolonged moderate-to-strong moisture stress. Notably, TVDI values persistently exceeded 0.75 during the periods of 2011–2013 and 2017–2022. The spatial distribution of high TVDI values showed significant overlap with areas where the proportion of sloping cropland exceeds 35% (r = 0.846). These findings underscore the compound driving effects of interannual precipitation variability under climate change and land use changes on the drought patterns across the southwestern Yunnan Plateau (Chen et al., 2024).
[image: Line graph depicting the annual mean TVDI from 2010 to 2023. The trend fluctuates slightly around 0.8, with a slight upward trend indicated by the regression line (R² = 0.00303). Data points vary in color from brown to green.]FIGURE 4 | Annual variation of TVDI[image: Correlogram showing autocorrelation coefficients at lags zero to three. The plot includes horizontal dashed red lines indicating confidence limits around zero. Points for lag one and three fall outside the confidence limits.]FIGURE 5 | Inter-annual TVDI autocorrelation test.[image: Scatter plot showing the relationship between precipitation in millimeters and TVDI. The plot displays a negative correlation with a dashed trend line. The equation is \( y = -0.0005x + 1.294 \) and \( R^2 = 0.8035 \). Points are scattered around the trend line.]FIGURE 6 | Inter-annual TVDI-precipitation regression.Based on the monthly TVDI variation trend in Baoshan City, as shown in Figures 7–9, autocorrelation tests and regression with precipitation data were conducted. The time series exhibited no significant autocorrelation at lag periods of 1, 2, and 3 months, but demonstrated a significant correlation with precipitation, with a goodness-of-fit coefficient of R2 = 0.887 (p < 0.05). The intra-annual drought process displayed a pronounced “high in winter and spring, low in summer and autumn” seasonal fluctuation pattern (Chen et al., 2024).
[image: Line graph showing Monthly Mean TVDI (Temperature Vegetation Dryness Index) over twelve months, with a dotted horizontal line around 0.7. Data points vary in color from brown to yellow to green. A trend line, with R² = 0.0002 and equation y = 0.0005x + 0.7448, indicates minimal change over time.]FIGURE 7 | Monthly variation of TVDI[image: Correlogram displaying autocorrelation coefficients at different lags, marked by blue dots, with a dashed red line at approximately 0.6 and -0.6 indicating confidence limits. Coefficients are plotted along the y-axis against lag values on the x-axis.]FIGURE 8 | Monthly TVDI autocorrelation test.[image: Scatter plot with trend line showing the relationship between TVDI and precipitation in millimeters. TVDI decreases as precipitation increases. The linear regression equation is y = -0.0019x + 0.9699 with R-squared value of 0.887.]FIGURE 9 | Monthly TVDI-precipitation regression.To analyze the interannual variations of TVDI across different seasons, this study constructed interannual TVDI series for spring, summer, autumn, and winter from 2010 to 2024 based on MODIS NDVI and LST data (Figures 10–12). The integrated analysis reveals that the drought patterns in Baoshan City exhibited significant seasonal differentiation and asymmetric changes.
[image: Four line graphs labeled (a) to (d) display the Mean TVDI from 2010 to 2024, showing seasonal trends. (a) Mean Spring TVDI decreases, equation: y = -0.0152x + 31.438, R² = 0.3434. (b) Mean Summer TVDI decreases, equation: y = -0.0109x + 22.862, R² = 0.1653. (c) Mean Autumn TVDI increases, equation: y = 0.0244x - 48.484, R² = 0.6657. (d) Mean Winter TVDI slightly increases, equation: y = 0.004x - 7.29, R² = 0.0177. Data points are color-coded by year.]FIGURE 10 | Interannual variations of TVDI across seasons. (a) Spring. (b) Summer. (c) Autumn. (d) Winter.[image: Four plots labeled (a), (b), (c), and (d) display autocorrelation coefficients against lag. Each graph features blue dot markers indicating values at different lags, with horizontal red dashed lines marking the confidence limits.]FIGURE 11 | Seasonal TVDI autocorrelation test. (a) Spring. (b) Summer. (c) Autumn. (d) Winter.[image: Scatter plots depict the relationship between precipitation in millimeters and TVDI. Plot (a) shows a negative correlation with equation y = -0.0324x + 2.7094, R² = 0.8268. Plot (b) shows a similar trend, equation y = -0.0016x + 1.8022, R² = 0.8098. Plot (c) displays y = -0.0099x + 3.7272, R² = 0.8488. Plot (d) follows y = -0.0265x + 1.7952, R² = 0.8118. Each plot has a best-fit line indicating a negative correlation.]FIGURE 12 | Seasonal TVDI-precipitation regression. (a) Spring. (b) Summer. (c) Autumn. (d) Winter.Spring: Based on the interannual variation trend of spring TVDI in Baoshan City, autocorrelation testing and regression analysis with precipitation data were conducted. The time series data exhibited significant autocorrelation at a 1-month lag period, along with a significant correlation with precipitation, yielding a goodness-of-fit coefficient of R2 = 0.8268 (p < 0.05). From 2010 to 2024, spring drought intensity in Baoshan City showed a statistically significant decreasing trend (slope = −0.0152 a−1, R2 = 0.343, p < 0.05), with the mean TVDI decreasing from 0.726 (2010) to 0.653 (2024), indicating an overall alleviation of spring drought stress in the region.
Summer: Based on the interannual variation trend of summer TVDI in Baoshan City, autocorrelation analysis and regression with precipitation data were conducted. The time series exhibited significant autocorrelation at a 1-month lag period and demonstrated a significant correlation with precipitation, with a goodness-of-fit coefficient of R2 = 0.8098 (p < 0.05). During 2010–2024, summer drought intensity in Baoshan City showed a weak non-significant decreasing trend (slope = −0.0109 a−1, R2 = 0.165, p > 0.05), with the mean TVDI declining from 0.928 (2010) to 0.85 (2024). Although statistically non-significant, this trend nevertheless suggests a general tendency toward improved soil moisture supply during midsummer.
Autumn: Based on the interannual variation trend of autumn TVDI in Baoshan City, autocorrelation analysis and regression with precipitation data were performed. The time series exhibited significant autocorrelation at lag periods of 1 and 2 months and demonstrated a significant correlation with precipitation, with a goodness-of-fit coefficient of R2 = 0.8488 (p < 0.05). During 2010–2024, autumn drought intensity in Baoshan City showed a statistically significant increasing trend (slope = 0.0244 a−1, R2 = 0.666, p < 0.05), with the mean TVDI rising from 0.75 (2010) to 0.98 (2024) and approaching the theoretical maximum. These results indicate that regional autumn drought stress has entered a phase of rapid expansion.
Winter: Based on the interannual variation trend of winter TVDI in Baoshan City, autocorrelation testing and regression analysis with precipitation data were conducted. The time series exhibited significant autocorrelation at a 1-month lag period and demonstrated a significant correlation with precipitation, with a goodness-of-fit coefficient of R2 = 0.8118 (p < 0.05). The drought stress conditions in the study area overall showed a weak upward trend (linear slope = 0.004), but with an extremely low coefficient of determination (R2 = 0.0177), indicating no statistically significant long-term trend and suggesting that interannual fluctuations dominate the drought evolution. Specifically, the TVDI fluctuated upward between 2010 and 2018, peaked around 2017–2018 (approaching 1.0), subsequently entered a declining phase, and then experienced a minor rebound after 2021, demonstrating a fluctuation pattern characterized by “gradual rise - peak - decline - oscillation.”
3.3 Analysis of TVDI trends from 2010 to 2024
The TVDI trend from 2010 to 2024 was calculated at a monthly scale and subjected to significance testing, as shown in Figure 13. The area characterized by non-significant increasing accounted for the highest proportion, approximately 80.6%, and was widely distributed across all counties of Baoshan City. This was followed by areas showing non-significant decreasing, covering about 9.4% of the area, primarily located in western Longyang and western Shidian. Areas of highly significant increasing comprised approximately 2%, mainly concentrated in central Longling and western Changning. Regions with Increased significantly accounted for about 8%, largely distributed adjacent to the highly significant increase areas. The area with highly significant decreasing was the smallest, constituting less than 1%. This analysis indicates that between 2010 and 2024, TVDI in Baoshan City exhibited a predominant increasing trend, suggesting a general aggravation of drought conditions in the region.
[image: Map depicting regional changes with areas marked as increasing or decreasing in significance. Color-coded sections indicate highly significant changes in green and dark red, while non-significant changes are in orange and pink. Key locations include Tengchong, Longyang, Shidian, Longling, and Changning. Rivers are marked in blue, with boundaries outlined. A scale is included at the bottom.]FIGURE 13 | Tvdi variation trend.3.4 Analysis of center of gravity variation trend
To analyze the dispersion and skewness of TVDI distribution within the study area, a centroid model alongside standard deviational ellipses was employed to examine the dynamic changes at monthly, annual, and 3-year intervals from 2010 to 2024. Using the temporal mean centroid of the study period as the coordinate origin, the distance (polar radius) and deflection angle (polar angle) from each monthly/yearly centroid to this origin were calculated. The variation in the centroid distribution was visualized based on a polar coordinate plot (Figure 14).
[image: (a) A map marking Longyang and Shidian with green dots indicating centers of gravity. A red ellipse shows the standard deviation. (b) A polar plot displaying data points based on distance and angle. (c) A map similar to (a), with orange dots representing centers of gravity and a red standard deviation ellipse. (d) A smaller polar plot showing another set of data points. (e) A map illustrating the transition pathway of centers of gravity from 2010 to 2024 near Longyang, marked with red dots and blue arrows.]FIGURE 14 | Tvdi gravity center distribution. (a) Monthly spatial distribution. (b) Monthly polar distribution. (c) Annual spatial distribution. (d) Interannual polar distribution. (e) Migration of center of gravity.Monthly Scale Variation (Figures 14a,b): At the monthly scale, the centroids were primarily located in the areas of Shidian and Longyang, exhibiting a dual-cluster pattern (NW and SE directions). The rotation angle of the standard deviational ellipse was 150.14°. The standard deviation was 1.385 km along the X-axis and 5.138 km along the Y-axis, indicating a more concentrated distribution of centroids along the Y-axis. The ellipse area was 22.34 km2. In the polar coordinate system, the centroids were predominantly located in the second and fourth quadrants, with approximately 80% in the fourth quadrant and about 15% in the second quadrant, revealing a dominant “NW-SE” distribution pattern. The northwesternmost and southeasternmost centroids occurred in June 2017 and April 2010, respectively, indicating the most severe drought conditions in those directions during the corresponding periods.
Annual Scale Variation (Figures 14c,d): The spatial distribution pattern of the annual centroids was consistent with the monthly pattern, mainly clustered in Shidian and Longyang, and also exhibited a “NW-SE” orientation. The standard deviational ellipse had a rotation angle of 149.99°, with standard deviations of 0.235 km (X-axis) and 1.422 km (Y-axis). The polar coordinate plot confirmed the concentration of annual centroids in the second and fourth quadrants. The southeasternmost and northwesternmost annual centroids were observed in 2015 and 2022, respectively, signifying the most severe drought conditions along those directions in those years.
These analyses collectively indicate that from 2010 to 2024, drought severity in Baoshan City, Yunnan Province, was more pronounced along the “NW-SE” direction, with the southeastern direction experiencing the highest severity, followed by the northwestern direction.
Triennial Migration Trajectory (Figure 14e): The migration trajectory of the drought centroid for successive 3-year periods in Baoshan City is shown in Figure 8e. Overall, the centroid exhibited a net migration trend towards the northwest from 2010 to 2024, suggesting a gradual intensification of drought in the northwestern areas over this period.
2010–2012 → 2013–2015: The centroid shifted southeastward by 1.06 km, indicating a gradual increase in drought severity in the southeastern part during this interval. 2013–2015 → 2016–2018: The centroid migrated northwestward by 1.28 km, representing the longest migration distance, which points to the most pronounced intensification and highest variability of drought conditions in the northwestern direction during this period. 2016–2018 → 2019–2021: A short southeastward migration of 0.40 km occurred, suggesting a relatively mild increase in drought severity in the southeast. 2019–2021 → 2022–2024: The centroid shifted northwestward again by 0.44 km, indicating a renewed trend of increasing drought severity in the northwestern areas.
3.5 Transition analysis of different TVDI categories
As shown in Figures 15a,c, during the period 2010–2017, the land cover type with the largest transferred area in the study area was Moderate Drought, accounting for 8.59% of the total study area. It primarily transitioned to Severe Drought and Mild Drought, representing 56.00% and 43.81% of the transferred area from Moderate Drought, respectively. The transition from Moderate Drought to Severe Drought was mainly distributed in the central-western part of Longyang District, the border area between Longling County and Shidian County, and the central part of Changning County. The transition from Moderate Drought to Mild Drought was primarily observed in the southern and northern parts of Tengchong City, Longling County, the eastern part of Shidian County, and the southeastern part of Longyang District. The second largest transferred area was Mild Drought, accounting for 5.46% of the study area. It mainly transitioned to Moderate Drought and Normal, representing 69.33% and 30.58% of the transferred area from Mild Drought, respectively. The transition from Mild Drought to Moderate Drought was mainly distributed in Tengchong City, Longyang District, the eastern part of Changning County, and the central part of Shidian County. The transition from Mild Drought to Normal was primarily located in the northern part of Tengchong City and the central and eastern parts of Longyang District. The transferred area of Normal accounted for 1.60% of the study area, mainly transitioning to Mild Drought, which constituted 76.95% of the transferred area from Normal, and was primarily distributed in the central and northern parts of Tengchong City. The transferred area of Severe Drought accounted for 1.35% of the study area, mainly transitioning to Moderate Drought, which was primarily distributed in the southeastern part of Changning County.
[image: Map panels (a) and (b) show drought conditions in a region including Tengchong, Longyang, and Changning, with categories from moist to severe drought. A legend indicates color-coded transitions. Panel (c) is a flowchart depicting temporal drought changes from 2010 to 2024, categorized by Moist, Normal, Mild Drought, Moderate Drought, and Severe Drought.]FIGURE 15 | Baoshan City 2010–2024 Transfer Matrix. (a) 2010–2017. (b) 2017–2024. (c) Area change.As shown in Figures 15b,c, during the period 2017–2024, the land cover type with the largest transferred area was again Moderate Drought, accounting for 6.59% of the study area. It primarily transitioned to Mild Drought and Severe Drought, with the transition to Mild Drought accounting for 58.02% of the transferred area from Moderate Drought, mainly distributed in the central-eastern part of Tengchong City, the central and eastern parts of Longyang District, and the northeastern part of Changning County. The transition to Severe Drought accounted for 41.82% of the transferred area from Moderate Drought, primarily located in the southeastern and central parts of Longyang District, Shidian County, the western part of Changning County, and the eastern part of Longling County. The second largest transferred area was Mild Drought, accounting for 6.54% of the study area. It mainly transitioned to Moderate Drought, representing 92.39% of the transferred area from Mild Drought, and was primarily distributed in the southern part of Tengchong City, the eastern part of Longyang District, Longling County, the eastern part of Shidian County, and the eastern part of Changning County. The transferred area of Normal accounted for 3.65% of the study area, mainly transitioning to Mild Drought, which constituted 95.17% of the transferred area from Normal, and was primarily distributed in the northern part of Tengchong City, the northeastern part of Longyang District, and the northeastern part of Changning County. The transferred area of Severe Drought accounted for 3.02% of the study area, mainly transitioning to Moderate Drought, representing 99.66% of the transferred area from Severe Drought, and was primarily located in the central part of Longyang District, the western part of Shidian County, and the central and western parts of Changning County.
3.6 Analysis of driving factors
Figure 16 presents the single-factor detection results for Baoshan City for the years 2010, 2015, and 2020. Among the factors analyzed, Elevation (DEM) exhibited the strongest explanatory power for TVDI changes, identifying it as the dominant factor, with q-values of 0.648, 0.721, and 0.684, respectively. Soil Type was the second most influential factor. In contrast, GDP demonstrated the weakest explanatory power, with q-values of 0.079, 0.146, and 0.071. This limited influence of GDP is likely attributable to the region’s high elevation and relatively low population density.
[image: Radar chart comparing seven variables—Temperature, Precipitation, DEM, Slope, Soil Type, Land Use, GDP, and Population Density—across the years 2010, 2015, and 2020. Each year is represented by a different color and marker: red squares for 2010, blue circles for 2015, and green triangles for 2020. Various trends and overlaps are visible among the data points.]FIGURE 16 | Single factor detection.As shown in Figure 17, the two-factor interactions in Baoshan City from 2010 to 2020 were generally characterized by a bivariate enhancement mode dominated by physio-geographical factors, with the types of dominant factors and interaction strength changing significantly over time.
[image: Three correlation matrices labeled (a), (b), and (c) depict relationships between variables: temperature, precipitation, DEM, slope, soil type, land use, GDP, and population density. Each matrix uses a color gradient from blue to red, indicating the strength and direction of correlations, with numeric values inside the cells signifying correlation coefficients.]FIGURE 17 | Interaction detection. (a) 2010. (b) 2015. (c) 2020.In 2010, the three pairs with the strongest interactions were: Precipitation ∩ DEM (0.718, p < 0.01) > Temperature ∩ DEM (0.713, p < 0.01) > DEM ∩ Soil Type (0.695, p < 0.01). During this period, the interactions among DEM, Precipitation, Temperature, and Soil Type were dominant. The combination of Precipitation and DEM exhibited exceptionally strong explanatory power, reflecting the joint control of climate and topography on TVDI. Socioeconomic factors (GDP, Population Density, Land Use) showed relatively low interaction q-values at this time (such as GDP∩Land Use = 0.264, p < 0.05), indicating a weak influence of human activities on TVDI changes.
By 2015, the interaction pattern had shifted. The top three interacting pairs were: DEM ∩ Soil Type (0.762, p < 0.01) > DEM ∩ GDP (0.753, p < 0.05) > DEM ∩ Land Use = DEM ∩ Temperature (0.743, p < 0.01). The interaction between DEM and Soil Type increased significantly to 0.762, becoming the absolute dominant factor. The synergistic effect between topographic factors (DEM, Slope) and soil properties was further enhanced, suggesting that the spatial differentiation of TVDI was more significantly influenced by the coupling of topography and soil physical attributes during this period. The interaction q-values for socio-economic factors increased noticeably (such as GDP∩Land Use = 0.338, p < 0.05), indicating a growing influence of human activities on TVDI changes, while the dominance of climatic factors declined.
In 2020, the three pairs with the strongest interactions were: DEM ∩ Soil Type (0.730, p < 0.01) > DEM ∩ Temperature (0.724, p < 0.01) > DEM ∩ Precipitation (0.714, p < 0.01). Topographic factors (DEM) remained dominant. The interactions between climatic factors (Precipitation, Temperature) and DEM increased markedly compared to 2015, reflecting an enhanced combined influence of climate and topography on TVDI. The interaction q-values for socio-economic factors decreased (such as GDP∩Land Use = 0.246, p < 0.05), suggesting a reduced influence of human activities on TVDI changes.
In summary, throughout the period 2010–2020, TVDI in Baoshan City was consistently dominated by the interaction between DEM and other factors. The role of socioeconomic factors increased in 2015, but the interaction between DEM and climatic factors remained strong throughout the period. This indicates that TVDI changes in Baoshan City were primarily driven by natural drivers, with limited direct influence from human intervention such as GDP.
4 DISCUSSION
4.1 Advantages of the applied model
This study employed the Temperature Vegetation Dryness Index (TVDI) model to analyze drought conditions in Baoshan City. The primary strengths of the TVDI lie in its capacity to synthesize information, its adaptability to complex terrain, and its strong correlation with in situ soil moisture measurements. Compared to monitoring methods that rely solely on vegetation indices or land surface temperature, the TVDI effectively mitigates the limitations of single indicators by establishing a feature space between the Normalized Difference Vegetation Index (NDVI) and the Land Surface Temperature (LST). For instance, vegetation indices (e.g., NDVI) often exhibit a lagged response to drought onset, while LST can be easily confounded by soil background signals. By integrating both vegetation cover information and the thermal response of the land surface, the TVDI provides a more sensitive and accurate reflection of surface soil moisture status in vegetated areas. This makes it particularly suitable for monitoring drought dynamics across extensive regions with complex topography (Zhang et al., 2023).
The findings of this study align with the foundational work by Sandholt et al., which confirmed that the NDVI-LST feature space, typically forming a triangular or trapezoidal shape, can be effectively utilized to assess moisture stress conditions (Sandholt et al., 2002). Furthermore, our results are consistent with the conclusions of Kang Weimin et al. from their research in the karst mountainous areas of Guizhou Province. Their validation demonstrated a significant negative correlation between the TVDI and soil moisture data measured at meteorological stations, affirming the index’s applicability in regions with complex underlying surfaces (Kang et al., 2008). Additionally, research by Sha et al. in Gansu Province indicated that constructing a feature space using the Soil-Adjusted Vegetation Index (SAVI) and LST with multi-temporal data can further enhance the inversion accuracy of the TVDI. This suggests a potential pathway for future model refinement through the incorporation of optimized vegetation indices (Sha et al., 2014).
In summary, as a remote sensing-based drought monitoring tool, the TVDI offers distinct advantages, including a clear physical basis, relatively straightforward computation, and the ability to provide macroscopic, continuous spatial information on drought conditions. It thereby serves as a powerful technical support for regional-scale agricultural drought monitoring and water resource management (Cheng et al., 2022).
4.2 Reasons of spatiotemporal patterns
Through a spatiotemporal analysis of the Temperature Vegetation Dryness Index (TVDI) in Baoshan City, Yunnan Province, from 2010 to 2024, this study reveals that the region’s drought patterns are driven by the complex interplay of natural factors and human activities.
Temporally, the annual mean TVDI in Baoshan City exhibited a slight, statistically non-significant increasing trend. The monthly variation of TVDI reveals a distinct seasonal pattern, initiating from high values in January-February (approximately 0.9) and decreasing rapidly from February onward, reaching its lowest point in September (approximately 0.58). This rhythm is governed by the coupling between the advance and retreat of the Southwest Monsoon and vegetation phenology. During June-August, the monsoon onset brings a sharp increase in precipitation, coinciding with the peak leaf area index of crops. Enhanced evapotranspiration cools the land surface, leading to a rapid decline in TVDI. From November to February, following monsoon retreat, precipitation decreases sharply. Although net radiation is relatively low, the high frequency of clear skies (>75%) promotes a greater proportion of sensible heat flux from bare soil and winter wheat fields. This results in the accumulation of water deficit in the soil-vegetation system, driving TVDI to its annual maximum. Additionally, irrigation withdrawals during the dry season cause a 0.2–0.4 m decline in shallow groundwater levels along riverbanks, further limiting water availability in the root zone and thereby reinforcing the sustained high TVDI plateau under the dual drivers of “monsoon control and anthropogenic evapotranspiration.”
Seasonal differentiation is pronounced. Spring drought has significantly alleviated, a change attributed to the earlier activation of the Southwest Monsoon, which effectively replenishes soil moisture. Furthermore, the implementation of the Grain-for-Green Program and seasonal fallow policies since 2005 has increased forest and grass coverage in the study area by 6.8%, reducing evapotranspiration water consumption and further depressing high TVDI values. However, a slight rebound occurred from 2021 to 2024, coinciding with the La Niña event characterized by higher spring temperatures and a 10%–15% reduction in precipitation, highlighting the short-term disturbance of climate oscillations on the spring drought pattern in the southwestern Yunnan Plateau (Jin et al., 2018).
Summer shows a weak decreasing trend, primarily due to two factors: first, the emergence of a regional “warming and wetting” climate pattern, with June-August precipitation increasing by approximately 22 mm⋅(10a)−1 and a rising frequency of extreme precipitation events, which effectively suppresses moisture stress on vegetation from surface evapotranspiration; second, the impoundment of water by cascade hydropower stations on the main streams of the Lancang and Nujiang rivers increases local near-surface humidity by 2%–3% (Degu et al., 2011), further reducing high TVDI values. However, significant rebounds occurred in 2019 and 2022 (TVDI >0.85), closely associated with the warm phase of ENSO causing intermittent monsoon breaks and a 15%–20% reduction in precipitation, indicating that interannual fluctuations in summer drought remain dominated by large-scale ocean-atmosphere interactions (Arora, 1990; Rwambo et al., 2025; Madolli et al., 2025).
Autumn drought has intensified significantly, stemming from the synergistic effects of three main factors (Qiu et al., 2022): first, the delayed retreat date of the Southwest Monsoon coupled with a decrease in total precipitation leads to insufficient soil moisture replenishment at the end of the monsoon season; second, the extended post-harvest bare soil period after the concentrated harvesting of cash crops like tobacco and maize in late autumn decreases surface albedo and increases sensible heat flux, causing the evapotranspiration deficit to turn negative and accelerating soil desiccation; third, cascade hydropower development between 2005 and 2020 expanded the local water surface area of the Nujiang and Lancang river main stems by about 12%. While this increases near-surface water vapor, it is accompanied by a simultaneous increase in nocturnal temperature inversion frequency, inhibiting boundary layer vertical exchange and creating a “moist air-dry surface” mismatch, further driving up peak TVDI values (Chen and He, 2000; Pan et al., 2023). Winter drought is primarily characterized by interannual fluctuations, reflecting that regional winter moisture stress is strongly influenced by interannual climate variability (such as precipitation anomalies and temperature fluctuations) rather than a unidirectional aridification process (Jin et al., 2018).
This seasonal asynchrony is closely linked to the coupling effects of the climatic system and phenological rhythms. Consistent with the findings of Liu Xin et al. in the Yellow River Source Region, the TVDI demonstrated a reliable indicative capacity for soil moisture variation (r = 0.7). However, the “intensifying autumn drought” pattern observed in Baoshan contrasts with the relatively stable conditions reported in the Yellow River Source Region, suggesting a unique response of the Yunnan-Southwest Plateau to delayed monsoon retreat and reduced total precipitation (Liu et al., 2019). The recent TVDI values in autumn in Baoshan have approached the theoretical maximum (0.98), which is closely related to post-harvest surface albedo changes and microclimatic variations induced by hydropower development, creating a “moist air-dry surface” dislocation phenomenon. This mechanism was not fully revealed in Wang Ye et al.'s study on the Loess Plateau (Wang et al., 2023a), highlighting the regional specificity of drought drivers in southwestern Yunnan. This discrepancy primarily stems from the fundamental differences in the climatic systems of the two regions: the Yellow River Source Region is predominantly governed by a continental plateau climate, whereas Baoshan City is profoundly influenced by the synergistic effects of the Southwest Monsoon and plateau mountain climate. The delayed retreat timing and intensity variations of the monsoon exert a particularly significant impact on autumn drought conditions in Baoshan City.
Spatially, drought in Baoshan City exhibited a severity distribution along the “southeast-northwest” axis, with the centroid of severe drought shifting northwestward, indicating a gradual intensification of drought in that direction. Results from the Geodetector model identified elevation as the dominant factor explaining the spatial differentiation of TVDI (q-values: 2010 = 0.648, 2015 = 0.721, 2020 = 0.684). This aligns with the conclusions of Wang et al. in the Loess Plateau, where elevation was also a primary driver of spatial drought heterogeneity (q > 0.3) (Jiang et al., 2021). However, the interaction between elevation and precipitation in Baoshan in 2010 yielded a remarkably high explanatory power for TVDI (q = 0.718), far exceeding values observed in the Loess Plateau, reflecting the intense coupling effect between topography and monsoon circulation in southwestern Yunnan. Specifically, Baoshan City is situated in the southern segment of the Hengduan Mountains, where its complex mountainous terrain strongly blocks and lifts the moisture transport of the Southwest Monsoon, thereby inducing a more pronounced orographic rain shadow effect. This mechanism is fundamentally distinct from the relatively gentle loess hills of the Loess Plateau, which exhibit a comparatively weaker obstructive influence on moisture flow. Furthermore, areas of high TVDI values in Baoshan significantly overlapped with zones where the proportion of sloping cropland exceeded 35%, indicating that the expansion of multiple cropping indices has exacerbated water stress. This finding resonates with the impact of agricultural activities on drought identified by Jiang et al. (2021) in Heilongjiang. Nonetheless, the indirect influence of cascading hydropower development on drought patterns in Baoshan constitutes a unique “natural-engineering” dual driver characteristic specific to this region.
The dominant drivers of drought in Baoshan City shifted from the “Precipitation ∩ DEM” interaction in 2010 to the “DEM ∩ Soil Type” interaction in 2020. Concurrently, the explanatory power of socio-economic factors (GDP, Population Density) remained consistently weak. This contrasts with findings from a national-scale study of TVDI changes in China over the past 2 decades, which reported that “the largest area of TVDI variation was simultaneously influenced by precipitation and temperature” (Liu et al., 2023), thereby highlighting the primacy of natural drivers in shaping Baoshan’s drought patterns. This finding further validates the north-south divergence in drought driving mechanisms across China: northern regions (e.g., the Loess Plateau, Northeast Plain) are subject to more pronounced disturbances from human activities, whereas southwestern mountainous areas, despite increasing anthropogenic intensity, maintain drought patterns primarily controlled by natural factors (topography, climate), highlighting the deterministic role of the geographical environmental foundation in shaping drought response modes. However, the transient increase in the interaction strength of socio-economic factors in 2015 suggests a phasic fluctuation in human activity influence, potentially linked to specific periods of land use policy, a phenomenon similarly noted by Gao et al. in their study of Qujing City (Gao et al., 2020). This suggests that in regional comparative studies, it is essential to consider not only differences in spatial scales but also the non-uniformity of human activity impacts under temporal dynamics, meaning that the driving intensity of human activities on drought may exhibit significant fluctuations across different development stages within the same region.
This study represents a significant breakthrough in the methodology for analyzing drought dynamics in the drylands of the Yunnan-Guizhou Plateau, demonstrating notable advancements compared to previous research in this region. In contrast to the simplified approach of Wu and He (2015), who employed only linear regression to analyze drought trends in central Yunnan, this study innovatively constructed an integrated analytical framework combining “trend analysis, centroid migration, transition matrices, and geographical detectors.” This framework systematically identifies drought trend types through Slope trend analysis combined with F-test significance testing, employs a centroid migration model to quantify the dynamic evolution of drought spatial patterns, and introduces the geographical detector model for the first time in studying plateau drought driving mechanisms. This comprehensive framework effectively overcomes the methodological limitations of Wang et al. (2023b) in their drought research on the Yunnan Plateau. By precisely quantifying the explanatory power of each factor through the q-statistic, the study found that the elevation factor consistently achieved q-values above 0.64, significantly exceeding other factors. This finding revises the conventional understanding of Xiao X.Y. et al. (2015), who emphasized soil factors as dominant in the Southwest Karst region. More importantly, through interaction detection, the study revealed that the interaction between elevation and precipitation reached 0.718 in 2010, while by 2015, the interaction between elevation and soil type surged to 0.762, uncovering the temporal variability of driving mechanisms. This discovery deepens the understanding of Wang J.C. (2024) regarding plateau drought driving mechanisms. Compared to the approach of Lan and Yan (2024), who focused solely on climatic factors in Yunnan drought research, this study utilized transition matrix analysis to reveal conversion patterns between different drought severity levels. It found that the proportion of drought transitioning to severe drought decreased from 56.00% (2010–2017) to 41.82% (2017–2024), while transition to mild drought increased from 43.81% to 58.02%. These statistical findings provide new evidence for understanding drought evolution patterns on the plateau. Compared to drought studies conducted in regions such as the Loess Plateau (Yin, 2025), this study, through coupled centroid migration and geographical detector analysis, reveals the unique “natural-engineering” dual driving characteristics of Baoshan City as a typical area of the southwestern Yunnan Plateau, offering new analytical perspectives for understanding drought formation mechanisms in its specialized agricultural zones (e.g., tobacco cultivation). These methodological innovations and mechanistic revelations provide a new theoretical basis and research paradigm for constructing drought monitoring and early warning models applicable to complex terrain regions.
This study recognizes that Baoshan City, as a tobacco-growing area, experiences potential impacts from the water demand characteristics of this high-value cash crop on regional water balance and TVDI-represented drought conditions. Tobacco, as a water-sensitive crop with high water requirements throughout its long growing season, may lead to concentrated agricultural water consumption during specific periods (e.g., post-transplantation and rapid growth stages). This could exacerbate local water stress and potentially elevate TVDI values during the growing season to some extent.
4.3 Limitations of the study
Although this study provides a systematic analysis of drought dynamics in Baoshan City based on the TVDI, several limitations should be acknowledged. First, as a drought monitoring indicator derived from optical remote sensing, the inversion accuracy of TVDI is affected by cloud cover. Although reconstruction methods such as S-G filtering were applied to the NDVI and LST data to mitigate noise, the frequent cloud cover in Baoshan City may still result in inherent gaps in raw remote sensing observations during the growing season, particularly in the rainy season. Such data gaps could introduce biases in monthly and seasonal composite TVDI values, especially during periods of persistent cloud cover coinciding with lush vegetation, potentially smoothing or obscuring short-term, intense drought fluctuations and thereby affecting the precise characterization of rapid drought response mechanisms. Future research should integrate multi-source data to alleviate the issue of cloud obstruction. Second, the TVDI primarily reflects surface soil moisture conditions and has a limited capacity to characterize deep soil moisture, particularly in mountainous areas with deep-rooted vegetation, where it may not fully capture the actual water stress experienced by ecosystems.
This study has certain limitations in quantifying the driving effects of human activities on drought. Key anthropogenic elements such as agricultural irrigation water use and the regulatory effects of hydropower projects could only be indirectly represented through spatial proxy variables like land use type and GDP, rather than utilizing actual water usage intensity and hydrological regulation data. This indirect quantification approach makes it difficult to precisely analyze the specific processes and intensity of human impacts on drought, and to decipher the driving mechanisms behind GDP growth—namely, whether water-intensive industries exacerbate water stress or water-saving measures alleviate drought conditions. Future research should incorporate high-resolution irrigation district maps and reservoir water level monitoring via remote sensing to directly quantify human water use behaviors, thereby more clearly revealing the relative contributions of natural fluctuations and human interventions to drought formation.
In assessing regional drought conditions, this study primarily relied on the Temperature Vegetation Dryness Index (TVDI) derived from NDVI and Land Surface Temperature (LST). While this index demonstrates good sensitivity to surface soil moisture variations, it possesses inherent limitations in detecting deep soil moisture. Since TVDI mainly reflects moisture conditions in the surface to shallow soil layers, it may lead to systematic underestimation of drought stress experienced by deep-rooted vegetation (such as perennial economic trees and some taproot crops) that rely on deep soil moisture. In regions like Baoshan City with complex topography and diverse vegetation types, deep soil moisture represents a crucial factor maintaining ecosystem stability. The current methodology still shows deficiencies in characterizing the overall water stress patterns, particularly in assessing actual drought risk for deep-rooted plants. Future research integrating deep soil moisture observation data would facilitate a more comprehensive evaluation of water stress conditions across different vegetation types.
Although multiple environmental factors were incorporated into this study, the consideration of vegetation type—a key factor—was insufficient. Research has shown that different vegetation types, due to variations in canopy structure and optical properties, can significantly influence TVDI inversion results. Given the diverse vegetation types in Baoshan City, neglecting this factor may lead to estimation biases in certain areas. Utilizing improved vegetation indices (e.g., EVI, MSAVI) or constructing separate feature spaces for different vegetation types could potentially enhance inversion accuracy.
The TVDI model relies on the accurate definition of the dry and wet edges, which may vary dynamically across seasons and ecosystems. Although this study analyzed a long-term time series, the determination of these edges still involves a degree of subjectivity, which could affect the precise classification of drought severity levels. While Bian et al. confirmed the reliability of the TVDI for drought monitoring in Shandong, they also highlighted that the model’s applicability across different ecological regions requires further validation.
This study, through the application of geographical detectors, has identified the dominant driving factors underlying the spatial heterogeneity of TVDI. It is crucial to emphasize that the high explanatory power (q-statistic) derived from the analysis represents a statistical association in space, which, while providing strong evidence for potential causal relationships, does not in itself constitute direct proof of causality. Establishing definitive causal mechanisms requires more in-depth investigation in future research.
While the driving factor analysis incorporated spatial representations of both natural and anthropogenic elements, it faced limitations in precisely quantifying the water volume processes associated with specific human activities such as agricultural irrigation and hydropower regulation. Their influences were largely inferred indirectly based on statistical proxy variables, which constrains a deeper understanding of the anthropogenic drivers of drought. Future research could establish a multi-source data fusion framework, integrating microwave remote sensing soil moisture products, high-resolution meteorological reanalysis datasets, and detailed water usage statistics to directly quantify human impacts. Concurrently, employing improved drought indices (e.g., TEVDI) and causal analysis methods like structural equation modeling could systematically elucidate the direct and indirect pathways through which natural and anthropogenic factors operate, thereby providing a more comprehensive revelation of drought formation mechanisms and enhancing the mechanistic understanding and predictive capability of the models.
In deeply incised mountainous terrain like that of Baoshan City, the 1-km spatial resolution of MODIS data is insufficient to accurately capture the hydrothermal differentiation induced by micro-topography. This can lead to TVDI values potentially conflating the moisture signals from heterogeneous land surfaces within a single pixel. Furthermore, the TVDI primarily reflects surface soil moisture and has a limited capacity for assessing deeper soil water content, potentially leading to an underestimation of the actual water stress experienced by deep-rooted vegetation. To address these challenges, future studies could integrate higher-resolution imagery from Landsat or Sentinel satellites to enhance the delineation of spatial details, combined with microwave remote sensing data to probe deeper soil moisture layers. Despite the declared absence of a conflict of interest, the funding source from the tobacco industry may have introduced a subtle bias in research focus, potentially leading to an underrepresentation of tobacco-specific agricultural impacts in the drought analysis.
The findings of this study provide profound insights into the unique patterns of drought evolution in the topographically complex area of western Yunnan’s Baoshan City. However, the generalizability of these conclusions across broader spatial scales requires further verification due to the lack of systematic comparison with other ecological units within the Yunnan-Guizhou Plateau or typical arid regions across China. This limitation somewhat restricts the broader applicability and impact of the research findings. Future work should aim to construct a cross-regional comparative analytical framework to extract more universally applicable drought driving mechanisms, thereby enhancing the breadth and influence of the research outcomes.
5 CONCLUSION
Based on MODIS NDVI and LST data, this study calculated the monthly Temperature Vegetation Dryness Index (TVDI) for Baoshan City from 2010 to 2024. Using this index, an analysis of the spatiotemporal evolution patterns and driving factors was conducted, yielding the following key findings:
	Given that over 80% of the study area is affected by moderate to severe drought and the interannual TVDI shows an increasing trend, drought prevention and control should be elevated to a core task for regional ecological security, with comprehensive dynamic drought monitoring implemented across the entire region.
	The northwestward migration of the drought centroid by 1.28 km, coupled with the significant intensification of autumn drought at a rate of 0.0244 a−1, necessitates prioritized deployment of drought resistance infrastructure in northwestern counties (such as western Longyang District and Shidian) and the development of water-saving irrigation schedules specifically for autumn crops.
	Although elevation (q > 0.64) remains the dominant factor controlling drought spatial differentiation, the notable surge in human activity influence in 2015 (interaction q > 0.75) highlights the need for strict regulation of hydropower operation and slope farmland expansion alongside ongoing ecological restoration, to mitigate the phased amplification effect of anthropogenic activities on drought.
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