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Highlights


What are the main findings?




	
Based on GRACE-derived groundwater storage anomaly data, the Anderson–Darling test revealed that the Pearson III distribution function provides the best fit for calculating the standardized groundwater index (GRACE_SGI) across different time scales, significantly improving accuracy.



	
Cross-correlation analysis between the GRACE_SGI and the standardized precipitation index (SPI) demonstrated a notable time lag effect, with lag times of up to 12 months being observed at longer time scales, indicating a delayed response of groundwater levels to precipitation changes.








What are the implications of the main findings?




	
The identification of the optimal probability density function for GRACE_SGI calculation enhances the reliability of groundwater drought monitoring, particularly in data-scarce regions, providing a robust scientific foundation for quantitative assessments.



	
Understanding the time lag effect between precipitation and groundwater recharge aids in more accurately predicting groundwater drought events, facilitating proactive water resource management and drought preparedness strategies.









Abstract


The increasingly severe phenomenon of groundwater drought poses a dual threat to the development and construction of a region, as well as its ecological environment. Traditional groundwater drought monitoring methods rely on observation wells, which makes it difficult to obtain dynamic drought information in areas with limited measurement data. Based on Gravity Recovery and Climate Experiment (GRACE) satellite technology and data, the suitability of the standardized groundwater index (GRACE_SGI) was explored for drought characterization in the Mu Us Sandy Land. Multiscale and seasonal trend changes in groundwater drought in the study area from 2002 to 2021 were comprehensively identified. Subsequently, the characteristics of hysteresis time between the GRACE_SGI and the standardized precipitation index (SPI) were clarified. The results show that (1) different fitting functions impact the parameterized GRACE_SGI fitting results. The Anderson–Darling method was used to find the best-fitting function for groundwater data in the study area: the Pearson III distribution. (2) The gain and loss characteristics of the GRACE_SGI are similar, showing downward trends at different time scales, including seasonal scales. (3) The absolute values based on the maximum correlation coefficients between the SPI and the GRACE_SGI at different time scales were 0.1296, 0.2483, 0.2427, and 0.5224, with time lags of 0, 0, 12, and 11 months, respectively. The vulnerability of semiarid ecosystems to hydroclimatic changes is highlighted by these findings, and a satellite-based framework for monitoring groundwater drought in data-scarce regions is provided.
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1. Introduction


Groundwater is an essential component of the water cycle and directly impacts the material and energy cycle in the global ecosystem [1,2]. In recent years, human factors such as excessive pumping have led to changes in the hydrological cycle [3,4], which are reflected in the sharp decline in annual groundwater reserves in different regions of the world. Although groundwater supply in China only accounted for 13.8% of the total water supply in 2022, groundwater provided 50% of water for agricultural production and drinking water sources for more than 60% of the cities in China [5]. With the increasing demand for groundwater resources, the problem of groundwater depletion is gradually becoming more severe and showing different degrees of aggravation in different regions.



Furthermore, the impact of climate change on groundwater resources is not just limited to hydrology, biology, and ecosystems [6,7], especially through warming and humidification, affecting regional hydrological processes [8]. The warming and humidification of northwest China are undeniable [9], but regional water resources, especially groundwater resources, may be negatively affected [10]. Compared with other humid areas, the increase in meteorological elements, such as precipitation and temperature in arid and semiarid regions, is usually compensated or overcompensated for by increased evapotranspiration caused by warming. Therefore, warming and humidification do not always lead to increased availability of water resources. Understanding groundwater resources under changing environmental conditions is crucial to water resource utilization and ecological environment protection.



There is a growing expectation [11,12] that the reduction in groundwater recharge and storage due to human and natural factors may lead to groundwater drought, with potential adverse effects on residential water use and agricultural irrigation, and this could even affect surface water and ecosystems that rely on groundwater recharge. Unlike other types of hydrological drought [13,14], due to the role of groundwater aquifers in modifying hydrological signals, groundwater drought may exhibit high-precision, sustained, slow, and complex hydrological processes. Groundwater drought is not easily detected in the early stages and only attracts widespread attention when it has lasted for a long time and caused losses [15]. Therefore, detecting, identifying, and predicting groundwater drought is necessary.



Compared with surface water, the dynamic changes in groundwater are difficult to directly observe and monitor, making it difficult to evaluate groundwater drought quantitatively. Using a groundwater drought index to quantify groundwater drought events is emerging as a feasible approach [16,17,18]. For instance, the standardized groundwater level index (SGI) [19], which is constructed based on the calculation method of the standardized precipitation index (SPI), has been widely employed to evaluate the spatial–temporal characteristics of groundwater drought. Sudipa Halder et al. [20] used the SGI to assess the drought status of regional groundwater. They believed that the research findings contribute to the sustainable management of water resources. Although there are many research studies on the identification of drought characteristics using the SGI, there is an argument for its use in quantifying groundwater droughts [21]. This is because the SPI uses a Gamma distribution to fit cumulative monthly precipitation time series to quantify meteorological drought, which has the characteristics of simple calculation, strong adaptability, and sensitivity to drought changes [22]. But groundwater is easily affected by human activities, has higher seasonality, and tends to present non-stationary properties, so it is not necessarily completely applicable to construct the SGI by using parameterization methods. Therefore, it is essential to select a suitable probability density function to fit the observation data for utilizing the SPI (or SPI-like indices) approach to detect groundwater drought. Based on different probability density functions (i.e., Gamma, Normal, Lognormal, Extreme Value, and Weibull), the SGI was modified for assessing groundwater drought across the United States [23]. Based on the results, drought classification and the drought index were expanded. However, there is an inevitable impact on the research results by the uneven spatial distribution of the observation wells.



Given the limitations associated with ground-based observation wells, such as the uneven spatial distribution that affects research accuracy, alternative approaches for large-scale groundwater drought monitoring become imperative. Due to the vast territory, sparse population, and consequently sparse groundwater level observation stations with poor continuity in some regions, satellite remote sensing data offer a promising solution for evaluating changes in global or regional groundwater storage [24,25]. For example, Wang et al. [26] adopted the GRACE-based groundwater drought index (GGDI) to evaluate the drought status of regional groundwater, echoing the sentiment that such research results can significantly contribute to the sustainable management of water resources, similar to the findings of Sudipa Halder et al. Satish Kumar Kuruva et al. [27] further analyzed and assessed drought characteristics utilizing the GGDI over four major river basins in India from 2003 to 2016. Their study indicated that the GRACE’s quantitative results were consistent and robust for drought assessment, which is in line with the pursuit of reliable groundwater drought quantification methods. Yet, despite these advances, there remains a significant hurdle. The current application of this index is limited by its single time scale, which restricts its comprehensive use. Incorporating groundwater drought into a broader drought assessment framework is still in the exploratory stage and presents a considerable challenge that needs to be addressed to enhance our understanding and management of groundwater resources in the face of drought.



The Mu Us Sandy Land, characterized by its semiarid climate, climate-sensitive nature, and fragile ecological environment [28], stands as a pivotal region for constructing ecological security barriers in China. Water resources, particularly groundwater, play a critical role in regulating regional ecosystems. However, the impacts of climate change and human activities have imposed varying constraints on the regional water cycle and water resource service functions [29,30]. Given the region’s expansive territory and sparse population distribution, traditional groundwater monitoring methods face significant challenges in acquiring accurate data, leading to a lack of comprehensive understanding regarding the dynamics of regional groundwater resources. Previous studies in the Mu Us Sandy Land and similar semiarid regions have primarily focused on groundwater level monitoring using limited ground-based observation wells, which often suffer from spatial representativeness issues due to the sparse well distribution [31]. Some research has also explored the application of remote sensing techniques for hydrological studies [32,33], yet the integration of GRACE satellite data for groundwater drought assessment remains under explored in this specific context. These gaps highlight the need for innovative approaches to enhance our understanding of groundwater variability and drought characteristics in such ecologically vulnerable areas. This study innovatively employs GRACE satellite data to invert groundwater storage anomalies and proposes a modified GRACE_SGI for regional groundwater drought description, crucial to understanding hydrological processes amid climate change. Specifically, the study aims to (1) assess the applicability of four probability density functions for optimal GRACE_SGI estimation, (2) analyze its temporal distinctions across time scales for deeper insights into groundwater drought evolution, and (3) clarify the hysteresis time between the GRACE_SGI and the SPI to reveal the lagged response of groundwater to precipitation changes, thereby supporting sustainable groundwater use and robust drought monitoring.




2. Materials and Methods


2.1. Study Area


This study was conducted in the Mu Us Sandy Land (37°30′–39°22.5′N, 107°20′–110°30′E), which is a transitional area from the Ordos Plateau to the Loess Plateau in northern Shaanxi; the area was approximately 4 × 104 km2, as shown in Figure 1a. It is located in the mid-latitude westerly zone in the northern hemisphere, which is the eastern sand area greatly influenced by the East Asian summer wind among the four major sand areas in China. Its elevation gradient ranges from −8 m to 2738 m (Figure 1b). The average temperature of the region in many years is 6.0~8.5 °C, and the yearly average precipitation decreases from the southeast (440 mm) to the northwest (250 mm), while the annual evaporation is as high as 2000 mm. More than 70% of the precipitation in the region is brought by the summer wind from June to September.



In addition, due to its triple attributes of being a semiarid climate zone in terms of climate, a transitional zone from grassland to desertification in terms of vegetation, and a transitional zone between agriculture and animal husbandry in terms of agriculture, the Mu Us Sandy Land is an essential functional ecological area in the northwest region. The ecological environment in this area is fragile and sensitive to global climate change. It has been recognized as one of the world’s nine environmentally sensitive areas and is crucial to China’s ecological security barrier building. Thus, studying groundwater drought in the Mu Us Sandy Land is of great significance and practical value.




2.2. Data


2.2.1. GRACE Data


Since 2002, as a new method for monitoring global total water storage anomalies (TWSAs), the GRACE (Gravity Recovery and Climate Experiment) has extensively promoted the development of multiple fields in Earth science [6,34]. Due to effectively correcting leakage errors and improving spatial resolution, the GRACE RL06 mascon of the Centre for Space Research (CSR) of the University of Texas was used, with a spatial resolution of 0.25° × 0.25° and a time resolution of 1 month (https://csr.utexas.edu/grace/RL06_mascons.html (accessed on 11 May 2023)). In this study, the average monthly gravity field (between January 2004 and December 2009) was taken as the baseline of the monthly gravity field time series (from April 2002 to April 2021); i.e., we converted the change in total water storage reserves to the height of the water column in the hypothetical plane.



The study period is from April 2002 to April 2021, totaling 228 months. Since the original data were missing, the missing data during the gap period (July 2017 to May 2018) were compensated for with the published TWSA data, which are provided by the National Tibetan Plateau/Third Pole Environment Data Centre (http://data.tpdc.ac.cn (accessed on 10 November 2024)) [35], while others were filled in by linear interpolation [36].




2.2.2. GLDAS Data


The Global Land Data Assimilation System (GLDAS) datasets, provided by NASA’s Goddard Space Flight Centre and the National Centre for Environmental Prediction in the United States, comprise four land surface models: Noah, CLM, Mosaic, and VIC [37]. These models offer a range of land surface field information in gridded data format, which has been demonstrated to possess high accuracy across numerous regions [6,15]. Consequently, to align with the spatial–temporal scale of the GRACE RL06 CSR mascon solutions, this study employs the GLDAS Noah 0.25° monthly v2.1 dataset (accessible at https://hydro1.gesdisc.eosdis.nasa.gov/data/GLDAS/GLDAS_NOAH025_M.2.1 (accessed on 20 May 2023)) from April 2002 to April 2021 for GRACE verification. The dataset includes four layers of soil moisture (SM) at depths of 0–10 cm, 10–40 cm, 40–100 cm, and 100–200 cm, with spatial and temporal resolutions of 0.25° and monthly, respectively.




2.2.3. Climate Data


Daily precipitation data (cumulative precipitation during the specific time window from 20:00 daily to 20:00 the next day, measured in internationally recognized millimeters) from 8 stations around the Mu Us Sandy Land were obtained from 2002 to 2021 from the Resource and Environmental Science and Data Centre of the Chinese Academy of Sciences (https://www.resdc.cn (accessed on 8 October 2023)). Additionally, the daily precipitation data from each meteorological station are compiled monthly to determine the monthly precipitation totals. Time-series averaging is then conducted to derive representative monthly precipitation data, which are used to calculate the SPI values for the region.




2.2.4. In Situ Groundwater


The variation characteristics of the inversion results (GWAs) from the GRACE and the GLDAS can be effectively compared and verified with the groundwater level data of in situ monitoring wells. From 2010 to 2018, monthly in situ groundwater level changes were collected from three observation wells (deep monitoring wells) around the Mu Us Sandy Land provided by the Hydrological Bureau and recorded in the China Geological Environmental Monitoring Groundwater Level Yearbook. Due to various objective limitations (e.g., constrained research time and resources), this study employed only three observation wells (each representing point-scale measurements) to verify GRACE-derived groundwater estimates across an area of approximately 40,000 square kilometers, a choice that, while highlighting a significant spatial scale mismatch, still offers preliminary insights into the consistency between localized groundwater dynamics and regional trends captured by the GRACE.




2.2.5. Other Data


Land Use/Cover Change data (LUCC) for 1980, 1990, 1995, 2000, 2005, 2010, 2015, and 2020 were provided by the Data Centre for Resources and Environmental Sciences, Chinese Academy of Sciences (RESDC) (http://www.resdc.cn (accessed on 8 October 2023)), with six first-level land use types, including cultivated land, grassland, and forestland. From 2002 to 2022, changes in the cultivated area in the Yulin area were collected from the Yulin Statistical Yearbook.





2.3. Method


2.3.1. Groundwater Change


The study area is in a semiarid region with little surface runoff and mostly desert land, so vegetation and snow cover have limited impacts on regional water resources. Thus, surface water (e.g., rivers and lakes) and canopy water storage were excluded [38], with soil moisture as the sole surface component in the mass balance approach. This simplification assumes that these excluded elements have negligible effects on the water balance. Yet, rare events like heavy rain or vegetation growth could introduce uncertainty, and future climate or land use changes may alter their significance, which we will consider in future research. To determine groundwater storage anomalies (GWA), another component of the TWSAs, i.e., soil moisture anomalies (SMAs), was removed from the TWSAs [39]. GWA data have been proven to systematically and accurately reflect the trend of groundwater resource changes in northwest China, achieving results [40,41]. Thus, GWAs can be calculated as a residual from the water balance equation:


GWA = TWSA − SMA



(1)







Figure 1b and c show the spatial and temporal characteristics of the Mu Us Sandy Land GWAs from 2002 to 2021, respectively. The GWAs in the basin show a significant downward trend in the time series. At the same time, there is a downward trend from west to east in space.



The process of validating the GWAs against in situ observations in the watershed is crucial to evaluating its accuracy. It is indeed challenging to make a direct comparison at the watershed scale due to the limited number of observation wells available.



In this study, the applicability of the GRACE was validated using linear regression between the groundwater level of the observation wells and the satellite data pixel values of the GRACE-derived GWAs (Figure 1d–f), which is a practical way to evaluate the accuracy of the GWAs in these specific areas. There was a strong correlation between them according to the determination coefficient (R2), with values of 0.57, 0.56, and 0.34, respectively, indicating that the groundwater sequence obtained from GRACE satellite data has reasonable accuracy. A positive correlation was found for the three locations at a 99% significance level, reaching 0.756, 0.748, and 0.586, respectively, indicating a reasonable accuracy of the groundwater sequences isolated from GRACE satellite data.




2.3.2. Fitting Calculations of the Drought Index


Monthly precipitation data usually do not follow a Normal distribution, and the amplitude of changes at different spatial–temporal scales is significant, making it difficult to compare values with each other at different spatial and temporal scales. Thus, the Gamma probability distribution of precipitation data is normalized normally and used to calculate SPI value in drought analysis [16,42]. The calculation of the SPI on a certain time scale is based on long-term precipitation record data of ideal cycles, and the calculation formula is as follows [38]:


  f   x   =    1     β   γ   Γ   γ        ∫  0   x      x   γ − 1     e      − x   β       dx ,   x > 0     



(2)






  Γ   γ   =   ∫  0   ∞      x   γ − 1     e   − x   dx    



(3)






   SPI = S     t −     c   2    t +    c   1      t +    c   0           d   3    t +    d   2      t +    d   1      t + 1.0      ,   t =     ln        1   f     x     2            



(4)




where X is the time series of precipitation. β and γ are the scale parameter and shape parameter, respectively. f(x) is the precipitation probability distribution in the Γ function, and S denotes positive and negative coefficients; when f(x) > 0.5, then S = 1; otherwise, S = −1. c0, c1, c2, d1, d2, and d3 are calculated parameters; their values are displayed as follows: c0 = 2.515517, c1 = 0.802853, c2 = 0.010328, d1 = 1.432788, d2 = 0.189269, and d3 = 0.001308. If the SPI is positive, it indicates that it is greater than the median precipitation, while negative values indicate that it is lower than the median precipitation.



According to Equation (5), we preprocessed the original GWA data x1i inverted from remote sensing satellite data (translation and square root) to obtain a new sequence x2i suitable for subsequent distribution fitting:


    x    2 i    =    x    1 i       −    min       x    1 i          



(5)




where x1i represents the i-th observed value in the original groundwater storage anomaly (GWA) sequence derived from GRACE satellite data, reflecting dynamic changes in groundwater reserves. x2i denotes the transformed value in the new data sequence obtained by applying a shift (subtracting the minimum value) and a square root operation to x1i, aimed at enhancing subsequent distribution fitting and improving the accuracy of index calculations.



Due to the difference in spatial and temporal characteristics between groundwater and precipitation data, selecting an appropriate probability density function to fit the observed data was crucial to utilizing the exponential GRACE_SGI (SPI-like index) to identify drought. Considering the actual trend of data variations within the study area and drawing upon a synthesis of commonly employed probability distributions documented in the existing literature [43,44], we selected four probability density functions (Gamma, Normal, Beta, and Pearson III) to conduct a more in-depth assessment of the performance of different distributions and to fit sequence x2i.



The Anderson–Darling test [45] is commonly used, especially in detecting deviations from normality in small sample sizes. Therefore, based on the relevant literature [23] and data features in this study, the Anderson–Darling method was used to evaluate the performance of different probability distributions to determine whether the probability distribution fitted the given data well.



For a given sample dataset xi {x1 < x2<…< xn}, the Anderson–Darling statistic A2 is defined as


    A   2   = − n −   ∑   i = 1    n        2 i  − 1   n        ln     F     x   i             +     ln      1 − F      x    n + 1  − i            



(6)




where n is the number of observations in the sample dataset and F(x) is the cumulative distribution function. A smaller value of A2 indicates a better fit of the distribution to the data. The significance level of the test statistic A2 can be determined from tabulated values derived from theoretical distributions. If A2 is greater than the tabulated values from a specified distribution, the null hypothesis that the sample data come from the distribution is rejected at the given significance level.



Due to SPI’s ability to evaluate the degree of drought at different time scales, four different time scales were used for analysis in this study. The 1-month scale effectively captures the swift and sensitive monthly fluctuations in drought conditions, yet it exhibits considerable inaccuracy when applied to the analysis of long-term trends. In contrast, the 3-month scale provides insights into the patterns of seasonal drought. Finally, the 6-month and 12-month scales are tailored to illustrate the prolonged drought dynamics, enabling a comprehensive reflection of drought evolution over extended periods.




2.3.3. Correlation Analysis


To explore the corresponding relationship between the SGI and the SPI, the correlation calculation formula is as follows:


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



(7)




where Rxy is the correlation between the changing trends of two variables, and Xi and Yi are the SPI and SGI values in the i-th year.



In addition, the flowchart of the application of the GRACE-based standardized groundwater index for drought characterization in the Mu Us Sandy Land is shown in Figure 2.






3. Results


3.1. Selection of the Best-Fitting Function for GRACE_SGI


We used four fitting functions (Gamma, Normal, Beta, and Pearson III) for calculating the cumulative distribution functions (CDFs) of GWAs at the time scales of 1 month, 3 months, 6 months, and 12 months, as shown in Figure 3. In the process of fitting the groundwater storage anomaly (GWA) value data with diverse CDFs, there were distinct degrees of fitting errors. Specifically, these errors quantify the extent to which the theoretical CDF curves, generated by each distribution, diverge from the actual observed GWA data values. Considering the different fitting conditions of the four different time scales, the data were well fitted under the Beta and Pearson III distribution functions. Although there was almost no difference in the fitting effect between them at the 1-month scale, with the increase in the time scale, we can obviously find that the fitting effect of Pearson III was better than that of Beta.



In order to determine the optimal fitting function, the performance of different CDFs was appraised through the Anderson–Darling (AD) test. According to the GWA data retrieved by the satellite from April 2002 to April 2021, the AD test values of the four selected fitting functions are shown in Table 1.



Although the p-values under the Pearson III distribution function decreased as the time scale increased, they remained higher than those obtained from other fitting functions, specifically reaching 0.1189 (indicating non-significance at the α = 0.05 level, as p ≥ 0.05), 0.3302 (also non-significant at the α = 0.05 level, since p ≥ 0.05), 0.0295, and 1.9969 × 10−9. Although Beta demonstrated statistical significance (it passed the test) at the 1-month time scale, it is noteworthy that the Pearson III distribution not only achieved statistical significance at the 1-month time scale but also maintained this significance at the 3-month time scale. This broader applicability across multiple time scales provides a more robust basis for our selection. Therefore, in this paper, GRACE_SGI values at four different time scales were estimated by the Pearson III distribution function with the monthly GWA data.




3.2. Temporal Trends in SGI


The gains and losses of regional GWAs can be characterized by the GRACE_SGI. Different types of droughts in the Mu Us Sandy Land of the Yellow River Basin in northern Shaanxi, China, were reflected by the GRACE_SGI change curves at 1-month, 3-month, 6-month, and 12-month scales, as shown in Figure 4.



The fluctuation in the GRACE_SGI at the four time scales showed an apparent downward trend, indicating that GWAs changed from surplus to deficit and the trend of groundwater drought intensified.



The fluctuation in GRACE_SGI–1 was noticeable, indicating high sensitivity and periodicity (Figure 4a), with a linear slope of −0.4 × 10−3 cm/month (R2 = 0.79). The GRACE_SGI showed a negative value for the first time in 2008 and completely entered a drought state after 2015. Compared with the 1-month SGI, although the linear slope of the 3-month SGI was the same, its fluctuation amplitude and frequency decreased. The 3-month SGI shows relatively stable fluctuations, reflecting that the regional groundwater drought was significantly affected by seasonality (Figure 4b).



The 6-month and 12-month GRACE_SGIs can accurately describe the features of regional groundwater drought in long time series (Figure 4c,d). The oscillation degree of the 12-month GRACE_SGI was further lower than that of the 6-month GRACE_SGI, but there was still the same linear slope as in the 6-month SGI, with the value of −0.5 × 10−3 cm/month.




3.3. Seasonal Variation Trends in SGI


Figure 5 presents a comprehensive portrayal of the seasonal variations in the SGI within the Mu Us Sandy Land. The SGI values corresponding to different time scales, specifically those for March to May, June to August, September to November, December to February of the following year, May to September, and October to April of the following year, are associated with spring, summer, autumn, winter, growing season, and non-growing season, respectively.



A remarkable and consistent pattern is discernible across all seasons, as shown in Figure 5. The seasonal variation trends in the SGI predominantly manifest as a linear downward trajectory. Over the approximately 19-year study period, each season experienced 10 drought years, which underscores the pervasiveness of groundwater drought in the region.



Upon closer examination of each season, the spring season (Figure 5a) exhibits an overall linear decline in the SGI. The average peak of the SGI occurred in May 2007, whereas the average trough was recorded in May 2020. Significantly, since 2011, the SGI values have persistently remained negative, indicating a continuous and deteriorating drought condition. The summer SGI variation curve (Figure 5b) also conforms to the linear downward trend. Although the SGI values in summer are characterized by frequent fluctuations, the duration of drought periods is relatively short. The average peak was observed in August 2004, and the average trough in August 2018. In the autumn season (Figure 5c), a notable linear decline in the SGI is evident. Negative SGI values have been present since 2011, suggesting a persistent groundwater shortage. In comparison with the spring season, the intensity of the drought situation in autumn is relatively alleviated, with the peak occurring in November 2020. The winter SGI values (Figure 5d) display a pronounced and unidirectional downward trend, with the average trough occurring in February 2021. This further emphasizes the exacerbation of groundwater drought conditions during the winter months. Likewise, the GRACE_SGI variation curves during the growing season (Figure 5e) and the dormant (non-growing) season (Figure 5f) exhibit the same linear downward trend. This indicates an increasingly severe groundwater drought situation throughout both the active and dormant vegetation periods. Specifically, drought years were identified in 2020 during the growing season and in 2021 during the non-growing season.



In conclusion, the linear downward trend in the SGI across all seasons and periods in the Mu Us Sandy Land provides compelling evidence of a general and escalating tendency of groundwater drought. This finding holds significant implications for water resource management and ecological conservation in the region.




3.4. Correlation and Lag Between SPI and SGI


The temporal variation characteristics of the GRACE_SGI (red solid line) and the SPI (blue dashed line) in the Mu Us Sandy Land at the time scales of 1 month, 3 months, 6 months, and 12 months are shown in Figure 6. At short-term time scales (1 month and 3 months), the two curves exhibit high-frequency fluctuations and scattered peak values, indicating a rapid but non-persistent correlation between the response of meteorological drought (SPI) and hydrological drought (GRACE_SGI) in the short term (Figure 6a,b). As the time scale extends to 6 and 12 months, the fluctuation amplitude of the curves significantly decreases, and the trend of the two curves at the 12-month scale shows a high degree of synchronization, reflecting the enhanced correlation between the two at the inter-annual scale (Figure 6c,d). However, due to precipitation being the primary source of regional groundwater recharge, the changes in the GRACE_SGI and the SPI at the four time scales are asynchronous, indicating the presence of lag effects [46]. The changes in a certain factor during hydrological processes are not immediately reflected in the response of the hydrological system, but there is a time lag; that is, the propagation of different types of drought has a lag. This study mainly focuses on lag time, including the lag time between different time periods or stages (e.g., occurrence, development, continuation, peak, and end) between meteorological droughts and agricultural and hydrological droughts [47]. Lag time can be derived from the correlation of different types of drought representations on various time scales, such as the sequence of meteorological and hydrological variables or related drought indices. Correlation analysis is widely used in drought propagation lag and propagation time [48]. In their study on the propagation of meteorological drought to groundwater drought in the United States, Guo et al. [23] calculated the Pearson correlation coefficients between the SPI and the SGI at 1, 3, 6, 12, and 24 month scales with the values of 0.586, 0.630, 0.743, 0.787, and 0.814. They used the times when the correlation between SPI–i and SGI–i were the strongest as the corresponding lag times of 0, 2, 2, 3, and 4 months. In this section, the lag time at different time scales in the study area between the SGI and the SPI were calculated using the principle of correlation analysis.



Based on the principle of correlation analysis, the correlation coefficient and lag time between the GRACE_SGI and the SPI at different time scales in the Mu Us Sandy Land were calculated, as shown in Figure 7.



Regarding the correlation coefficients, the results showed that the GRACE_SGI and the SPI were negatively correlated at different scales. The absolute values based on the maximum correlation coefficients were 0.1296, 0.2483, 0.2427, and 0.5224, indicating that there were time lags of 0, 0, 12, and 11 months, respectively. At short-term scales (such as 1-month and 3-month scales), there was no lag between the GRACE_SGI and the SPI (Figure 7a,b), indicating that there is a good supply relationship between them. However, at long-term scales (such as 6-month and 12-month scales), lags of approximately 12 months were observed, which clearly reflects the presence of temporal disconnects (Figure 7c,d).





4. Discussion


4.1. Fitting Test and SGI Evolution Process at Different Time Scales


Groundwater drought, as a key factor in drought propagation, exhibits complex characteristics due to the combined effects of natural factors and human activities [38]. However, the current understanding of the mechanism of groundwater drought is not sufficient, and the sparse distribution of groundwater level observation stations and severe data loss pose challenges to the quantitative assessment of its complexity. In addition, there is currently no universally accepted, relatively simple, and unified groundwater drought index that can be applied to different observation stations and groundwater reservoirs, compared with other hydro-meteorological drought indices. Therefore, groundwater drought is included in a broader drought assessment and is still in the exploratory stage. The groundwater drought index based on the SPI model is an essential tool for exploring groundwater drought [49]. In our paper, the cumulative distribution functions of GWAs at the 1-month, 3-month, 6-month, and 12-month time scales were calculated using different fitting functions (Gamma, Normal, Beta, and Pearson III). Based on the outcomes of the Anderson–Darling test (Table 1), although the Beta distribution demonstrated compliance with the test at the 1-month scale, the Pearson III distribution met the test criteria at the 1-month and 3-month scales. Consequently, the Pearson III distribution function was utilized to estimate GRACE_SGI values across four distinct time scales in this study.



It can be found that as a derivative of the SPI, the GRACE_SGI has similar advantages and disadvantages, but there are differences between the two indices because of the characteristics of regional groundwater storage changes. The GRACE_SGI is influenced by the fitted distribution function, and the selection of fitting functions is more diverse. This conclusion is similar to that of the studies on the groundwater level drought index conducted by Pandey, V. et al. [43] and Li, M. et al. [44].



In addition, the difference in observation frequency in the region (Mu Us Sandy Land) with a short observation period (19 years) was studied. There were differences in gain and loss characteristics at different time scales, which may have been caused by various factors, such as climate and hydrology [16,50]. The fluctuation in the GRACE_SGI at four different time scales showed a significant downward trend, indicating that GWAs changed from surplus to deficit and the trend of groundwater drought intensified. The fluctuation in the 1-month GRACE_SGI was noticeable, suggesting that it had high sensitivity and periodicity. The 3-month SGI showed relatively stable fluctuations, reflecting that the regional groundwater drought was significantly affected by seasonality. The 6-month and 12-month GRACE_SGIs accurately reflected the characteristics of regional groundwater drought in the long time series. Therefore, it is necessary to choose appropriate SGI indicators based on different situations. In addition, there were similar extreme values near the same time at each time scale, indicating that extreme values have a profound impact both in the short and long term.



High-risk and highly vulnerable Mu Us Sandy Land areas are characterized by frequent drought, high intensity, water scarcity, and severe soil erosion [51]. Based on the impact of climate change during the research period, the arid nature of the Mu Us Sandy Land may lead to more groundwater droughts in the coming decades. The drought severity in the study area increases with the increase in duration, similar to the results of Athukoralalage, D. et al. [52] and Li, M. et al. [44]. They also came to the same conclusion in related studies. This was attributed to the possible influence of the La Niña event [53]. An early drought warning is necessary due to the increase in drought under global warming [16], in line with the conclusion of Zhang Y. et al. [54].




4.2. Seasonal Analysis of SGI


The spring SGI variation curve in the Mu Us Sandy Land demonstrates a declining trend, which may be influenced by human activities, such as coal mining, leading to a significant increase in water consumption. There is research [55] confirming that the land water storage (TWS) and groundwater storage (GWS) in the study area are decreasing at rates of 0.85 and 0.95 cm/yr, respectively. Specifically, 79.23% of the TWS decrease and 90.45% of the GWS decrease can be attributed to human activities, mainly driven by the increase in agricultural and industrial water consumption, such as coal mining operations. In the summer season of the Mu Us Sandy Land from 1959 to 2019, a notable increasing trend in temperatures was observed [56], with the maximum temperature rising at a rate of 0.10 °C/10 yr and the minimum temperature increasing at a rate of 0.58 °C/10 yr, which resulted in excessive evaporation, drier soil conditions, higher water demand for vegetation growth, and a lack of groundwater replenishment, thereby showing a downward trend in the SGI. During autumn, the season of crop harvesting, irrigation decreases, and according to Liu et al. [57], there is a dramatic increase in the number of areas and total area of farmland, reaching 2149 and approximately 340.72 km2, respectively, in 2018 within the Mu Us Sandy Land, further contributing to the pronounced downward trend in the SGI. Winter in the Mu Us Sandy Land is cold and dry, with the SGI variation curve showing a declining trend, possibly due to scarce precipitation and snow melt, coupled with soil freezing, making groundwater recharge difficult. Furthermore, the SGI seasonal variation curves exhibit the same declining trend during both the growing and non-growing seasons. Regarding the growing season, satellite retrieval and yearbook data indicate a slight overall decrease in cultivated land area in the Mu Us Sandy Land since 1999, as depicted in Figure 8. However, as seen in Figure 9, the cultivated land area in the Yulin region is increasing, with a linear upward trend in grain production. According to Sun et al. [58], there is an increasing trend in the NDVI during the growing season, indicating an improvement in vegetation coverage. Additionally, measures such as returning farmland to forests have led to a significant increase in forested areas in recent years, thereby expanding the water demand of vegetation during the growing season [59]. With groundwater replenishment being difficult, a downward trend is observed. During the non-growing season, reduced irrigation and precipitation contribute to the difficulty in groundwater replenishment.




4.3. Correlation Coefficient and Hysteresis Analysis of SPI and SGI


The correlation coefficients of the SPI and the SGI show negative correlation at four time scales. There should be a certain degree of positive correlation between the SGI and the SPI, but there is a negative correlation trend at the four time scales. The main reasons for this phenomenon are human activities and agricultural irrigation. In an analysis of the Mu Us Sandy Land, Gao [60] mentioned that the excessive exploitation of land by human beings has gradually affected the surrounding rivers and other ecological environments, making land desertification more serious and reducing groundwater storage. In addition, to ensure the normal growth of plants, the Yulin area uses deep well irrigation to carry out land desertification transformation, which also leads to the decline in the groundwater level.



There is no lag phenomenon between the SPI and the SGI at short time scales (1-month and 3-month scales), indicating that groundwater is timely replenished from precipitation, which is consistent with Hussain’s [61] research results. The rise in the groundwater level is linearly related to each rainfall event. But there is a significant lag phenomenon between them at long-term scales (6-month and 12-month scales), with a lag time of almost one year for both time scales. Our study suggests that this lag may be caused by insufficient precipitation and extreme precipitation. Atmospheric precipitation is the primary source of groundwater recharge and affects groundwater reserves [62]. Maria Rosaria Alfio et al. [63] point out that due to the influence of geology and local water flow conditions, the groundwater level exhibits a lag in response to precipitation. The drought and flood water level classification based on the SPI [64], combined with the analysis of the SPI in the study area, showed that the probability of drought and extreme rainstorm events in the study area reached 32.31%. Maria Rosaria Alfio et al. [63] argue that the lag caused by rainfall in groundwater systems depends on the time it takes for adequate precipitation to seep into the ground. From the perspective of drought, sustained precipitation deficit hinders sufficient groundwater replenishment and runoff [65], which may be one of the reasons for this lag.



In addition, Zheng et al. [66] proposed that rainfall intensity plays an essential role in the changes in groundwater recharge due to runoff processes. This study found that on a 12-month scale (Figure 7d), the SPI reached a regional peak of 2.4715 in August 2016, corresponding to an SGI value of −0.9844 (the lowest point in the region was −0.9915). After this, the SGI showed an overall downward trend, reaching a historical low of −2.4184 in March 2021. In the case of extreme rainfall, surface runoff occurs and increases, and the surface infiltration rate is low. Most of the water flows along the surface, so groundwater cannot be replenished promptly, leading to a lag between the two phenomena [67].





5. Conclusions


It has been proved that using satellite remote sensing data to construct a groundwater drought index is an effective alternative to detect groundwater drought, especially in the case of insufficient groundwater measurement data. Based on GRACE gravity satellite technology and data, the GRACE_SGI was utilized for drought characterization in the Mu Us Sandy Land. The different time scales and seasonal trend changes in groundwater drought in the study area from 2002 to 2021 were comprehensively identified. Subsequently, the characteristic of hysteresis time between the GRACE_SGI and the SPI were clarified. From the results, major conclusions are given as follows.



Based on the comparative analysis results, the Pearson III function is the optimal probability density function at the different time scales of 1 month, 3 months, 6 months, and 12 months in the study area from 2002 to 2021.



There are some gains and losses characteristics of GWAs at various time scales. The GRACE_SGI shows a downward trend at different time scales.



Due to insufficient adequate precipitation and other factors, the absolute values based on the maximum correlation coefficients between the SPI and the GRACE_SGI at different time scales were 0.1296, 0.2483, 0.2427, and 0.5224, indicating that there were time lags of 0, 0, 12, and 11 months, respectively.



As a derivative of the SPI, the GRACE_SGI shares similar advantages and disadvantages with the SPI; however, due to the inherent characteristics of GWAs, there are differences between them. The value of the GRACE_SGI is influenced by the fitting distribution function, and the selection of fitting functions is more diverse. Different fitting functions can alter drought classification.



Further research could evaluate the adaptability of the GRACE_SGI in other regions. Unlike hydrological sequences such as precipitation and runoff, GWA sequences and their derived GRACE_SGI sequences are not only driven by meteorological factors but are also affected by specific local supply and discharge. Therefore, when using the GRACE_SGI for spatial analysis of groundwater drought, it is necessary to consider the local hydrogeological conditions.



In summary, this study highlights the vulnerability of semiarid ecosystems to hydroclimatic changes and provides a satellite-based framework for monitoring groundwater drought in data-scarce regions.
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Figure 1. (a) The location (Mu Us Sandy Land, red boundary). (b) Groundwater storage anomaly (the observation wells are shown as triangles, and GRACE satellite data pixels are shown as circles) of the Mu Us Sandy Land. (c) The time series of GWAs from the GRACE and the GLDAS (the shadows show the uncertainties in GWSAs). (d–f) Comparison of the groundwater levels of observation wells and the satellite data pixel values of GRACE-derived GWAs. (A & 19, B & 23 and C & 117, respectively. The shadows represent 95% confidence ellipses. **. Correlation is significant at the 0.01 level (2-tailed)). 
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Figure 2. Flowchart of identification of groundwater drought characteristics. 
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Figure 3. Different CDF curves at (a) 1-month, (b) 3-month, (c) 6-month, and (d) 12-month scales. 
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Figure 4. Temporal variation in GRACE _SGI at (a) 1-month, (b) 3-month, (c) 6-month, and (d) 12-month scales. 
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Figure 5. Changes in the SGI in (a) spring, (b) summer, (c) autumn, (d) winter, and (e) growing and (f) dormant seasons. 
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Figure 6. Comparison of the SPI and GRACE_SGI in the Mu Us Sandy Land at the (a) 1-month, (b) 3-month, (c) 6-month, and (d) 12-month scales. 
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Figure 7. Hysteresis time of the SPI and SGI in the Mu Us Sandy Land at the (a) 1-month, (b) 3-month, (c) 6-month, and (d) 12-month scales. 
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Figure 8. Main land use types in the Mu Us Sandy Land. 
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Figure 9. Changes in the cultivated area in the Yulin area. 
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Table 1. The characteristics of four fitting functions of GWAs according to AD test.
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Scale

	
Fitting Function

	
A Value

	
Z Value

	
p-Value






	
1 month

	
Gamma

	
11.293

	
11.330

	
<0.05




	
Norm

	
9.402

	
9.433

	
<0.05




	
Beta

	
0.594

	
0.594

	
≥0.05




	
Pearson III

	
0.595

	
0.597

	
≥0.05




	
3 months

	
Gamma

	
11.521

	
11.559

	
<0.05




	
Norm

	
9.602

	
9.634

	
<0.05




	
Beta

	
1.326

	
1.330

	
<0.05




	
Pearson III

	
0.416

	
0.417

	
≥0.05




	
6 months

	
Gamma

	
10.656

	
10.692

	
<0.05




	
Norm

	
9.342

	
9.374

	
<0.05




	
Beta

	
2.286

	
2.294

	
<0.05




	
Pearson III

	
0.843

	
0.846

	
<0.05




	
12 months

	
Gamma

	
8.859

	
8.890

	
<0.05




	
Norm

	
8.092

	
8.121

	
<0.05




	
Beta

	
4.269

	
4.284

	
<0.05




	
Pearson III

	
3.769

	
3.782

	
<0.05
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