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China has achieved sustained growth in grain production and significant changes in grain patterns since the early 21st century. Meanwhile, the contradiction between the shortage of water resources and the development of agriculture is becoming more and more severe. This study introduced Gravity Recovery and Climate Experiment (GRACE) gravity satellite Total Water Storage (TWS) Product to indicate total water storage and calculated the Cumulated Normalized Difference Vegetation Index (CNDVI) of cropland as an indicator for grain growth. Based on the continuous satellite data, this paper revealed the spatial mismatch between water resources supply and grain growth pattern in China. The center of gravity of the CNDVI tends to move northwest, while the GRACE TWS data’s center of gravity is in the opposite direction. There were different relationships between GRACE-TWS and CNDVI changes in different zones. We calculated the pixel-wise spatial Pearson Correlation coefficients of TWS and CNDVI. The TWS data and CNDVI data show negative correlation trends in the water-limited areas such as the northern arid-semiarid region and northern China plain, while they show a positive correlation in relatively sufficient water resources in southeast China. According to the results, the changing pattern of grain production in China is likely to cause the depletion of grain production potential in the water-limited regions, while the southeastern regions with higher potential still have more capacity for agricultural production.
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1 INTRODUCTION
In parallel to the importance of other energy resources for production systems (Elahi et al., 2022a; Elahi et al., 2022b), water is also one of the imperative resources for plant production. Water, which is one of the most fundamental inputs for agricultural production. Irrigation, fertilizer applications or pesticide, water takes part in almost every section of agricultural activities (Elahi et al., 2021a; Elahi et al., 2021b). Accompanied by the rapidly increasing demands on water, the development of China’s agriculture leads to severe water stress in some regions where water is the limiting factor in the local ecosystem. Nationwide, agriculture accounts for 62% of water consumption, industry consumes 22%, domestic water takes 14%, and other use 2% (National Bureau of Statistics of China, 2020). With the demand for water resources continuing to grow, the drought afterward brings about serious damages to agricultural production. In China, the average annual crop area affected by drought was 62 million acres at the turn of the century, compared to 28.7 million acres in the 1950’s (Ministry of Water Resources, 2010). From January 2009 to April 2010, China endured three severe droughts. The intensity of meteorological droughts in all three disasters reached the level of a 100-years event. Millions of people and livestock had difficulty accessing potable water, the survival of tens of millions of hectares of crops was threatened, and there were far-reaching long-term economic, social and ecological impacts. Subsequently, from 2010 to 2011, drought struck the North China and Huang-Huai-Hai regions again (Ye et al., 2012).
Water resources have a significant impact on whole ecosystems and socioeconomic systems. Many scientists have begun to look across traditional disciplines to explore the interactions between water, vegetation, and nutrients using an ecohydrology perspective (Bonell, 2009). Researchers have emphasized the importance of tracking the movement of water in those water-limited areas. However, cost and logistics impede the availability of monitoring the water resource on a large scale (Rodell and Famiglietti, 2001). In China, hydrological monitoring sites and satellite observations were widely used to monitor water track in a large area. Although researchers can estimate water resources by these methods, the shortcomings of these methods are also evident. These drawbacks include, the monitoring of hydrological condition at a large scale needs a lot of ground observation sites; the integration and preprocessing of such a large amount of data are time-consuming and labor-intensive. When building hydrological models, the total amount of water resources in an area is determined by point sources such as ground-based observations, introducing huge errors. Gravity Recovery and Climate Experiment project, launched on 17 March 2002 by NASA and German Aerospace Center (GLR), is able to measure the changes of Earth’s gravity field (Adam, 2002). Scientists are subsequently capable of interpreting these changes in gravity as water movement, whether on the surface or under the ground. Many studies have used representative regions as study areas (northern India, Australia, northern China, etc.) and compared the output of traditional hydrological models to conclude that GRACE data are reliable indicators of local water storage changes (Landerer and Swenson, 2012; Feng et al., 2013; Yang et al., 2014; Cao et al., 2015; Iqbal et al., 2016). Famiglietti et al. (2011) took the central California valley as the study area, finding that GRACE data precisely captured the water storage changes in this area. Wahr et al. (2004) find that both on land and ocean Total Water Storage changes from GRACE data displayed a high consistency with outputs from the hydrological model.
In recent decades, China’s grain yield has continued to grow and the pattern of grain production has changed significantly. The center of grain production in China is gradually shifting to the north. Wang et al. (2005) observed that during the entire period of 1990–2005, the grain output center-of-gravity moved remarkably from the south and east to the north and west of China, and the moving speed was increasing (Zhang et al., 2018). Alone with the water scarcity in northern China in recent years, the shift of grain production centers to the northwest may put more pressure on the water supply in northern China. Exhausting the agricultural potential of northern China too quickly could also bring agricultural products decreasing when the water resource reaches their critical point.
The objectives of this study are to 1) observe the trends of changes in grain production and local water storage at the raster scale using satellite data, and 2) reveal the contradiction between water demand and water supply due to the changing grain production pattern in China. We first introduced the center-of-gravity analysis to explore the trend of CNDVI and TWS at the national scale. Then we discuss the trends of the time series of the two data sets in nine agricultural regions. Finally, we mapped the spatial correlation of these two datasets pixelwise.
2 MATERIALS AND METHODS
2.1 Study Area
This research focused on mainland China. Mainland China exhibits strong monsoonal and continental climatic characteristics. The topography of China is diverse, with higher elevations in the west and lower elevations in the east. A temperate continental climate dominates the northwest, while a temperate monsoon climate dominates the Northeast. A subtropical monsoon climate is prevalent in southern China, except for the southernmost part of southern China, where a tropical monsoon climate dominates. A highland alpine climate dominates the Qinghai-Tibet Plateau. Most of mainland China is located in the East Asian monsoon region, and there are significant monthly and annual variations in temperature and precipitation.
According to the Comprehensive Agricultural Zoning of China (National Agricultural Zoning Committee, 1981), this study divided mainland China into nine agricultural regions for discussion. These regions have different climatic conditions, soil conditions and farming systems. They are A: Northeast China Plain, B: Northern arid and semi-arid region, C: Huang-Huai-Hai Plain, D: Loess Plateau, E: Qinghai Tibet Plateau, F: Middle-lower Yangtze Plain, G: Sichuan Basin and surrounding regions, H: Southern China, I: Yunnan-Guizhou Plateau. Figure 1 shows the study area and zoning area. More importantly, these regions face different pressures on water resources. Northwestern China is a relatively water-scarce area compared to the southeast. In these regions, water is a limiting factor in the ecosystem. These areas are classified as water-limited areas.
[image: Figure 1]FIGURE 1 | Mainland China with Agricultural Zoning [(A): Northeast China Plain, (B): Northern arid and semi-arid region, (C): Huang-Huai-Hai Plain, (D): Loess Plateau, (E): Qinghai Tibet Plateau, (F): Middle-lower Yangtze Plain, (G): Sichuan Basin and surrounding regions, (H): Southern China, (I): Yunnan-Guizhou Plateau].
2.2 Data and Preprocessing
2.2.1 Gravity Recovery and Climate Experiment Data
In this study, we used the GRCTellus Land grids Level-3 GRACE data product processed by the Jet Propulsion Laboratory (Landerer and Swenson, 2012) to provide estimates of changes in total water storage. The units of Level-3 data are centimeters of equivalent water thickness.
Before calculating the center of gravity for the GRACE data, we applied the following equation to convert the equivalent water thickness provided by the GRACE data to total water storage, for each pixel in the raster of the GRACE data:
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where tEWT is the equivalent water thickness of the pixel and A is the area represented by the same pixel.
Since the spatial resolution of GRACE data is in degree, the area represented by each cell is different at different latitudes, we applied some formulas to simply estimate the area represented by each grid. There is a relatively simple and exact formula for the area of any spherical quadrilateral defined by parallels (latitude) and meridians (longitude). The ellipse can be derived directly by using the basic properties of the ellipse (long axis a and short axis b) rotated about its short axis to produce the ellipsoid.
The formula can be simplified by breaking down the calculation into basic steps. First, the distance between the east-west boundary (meridians l0 and l1) is part of the whole circle and is equal to q = (l1−l0)/360 (when the meridian is in degrees). Find the area of the entire slice located between the parallel lines f0 and f1 and multiply it by q. Next, we will apply a formula for an elliptical horizontal slice defined by the equator (at f0 = 0) and an ellipse parallel to it at latitude f = f1. The area of the slice between any two latitudes f0 and f1 (located on the same hemisphere) will be the difference between the larger area and the smaller area. Finally, assuming that the model is a true ellipsoid (and not a sphere), the area of such a slice between the equator and a parallel of latitude f is:
[image: image]
where a and b are the lengths of the major and minor axes of the generating ellipse, respectively (in WGS84, a = 6,378,137 m and b = 6,356,752.3142 m); f is the center of latitude.
Due to instrument issues and calibration campaigns, and the GRACE program’s implementation of GRACE satellite battery management starting in 2011, part of GRACE data from data centers were missing during the observation period (Rodell et al., 2004; Cooley and Landerer, 2019). Table 1 shows the index of the month with missing GRACE data during the whole observation period.
TABLE 1 | Date with missing GRACE data.
[image: Table 1]As shown in Table 1, the dates of missing data do not follow a specific pattern. GRACE data are monthly data and possess significant seasonality. We grouped the data by month and calculate the mean value in each group. We inserted the averages according to months with missing data. After forming a complete set of Monthly GRACE data from June 2003 to December 2016, we calculated the annual average of GRACE data.
2.2.2 Normalized Difference Vegetation Index Data and Calculation of Cumulated NDVI
The Normalized Difference Vegetation Index (NDVI) is a normalized index for highlighting vegetation features in images. Many studies have shown that the NDVI can be a helpful tool in measuring the fraction of absorbed photosynthetically active radiation, extracting vegetation classes, or estimating green biomass (Colwell, 1974; Baret and Guyot, 1991; Goward and Huemmrich, 1992; Thenkabail et al., 2000; Ahmed and Akter, 2017). Plant leaf tissue strongly absorbs blue and red light, while it strongly reflects it in the green and infrared bands. From red light to infrared light, the reflection of bare ground is higher, but the increase is slight. The higher the vegetation cover, the smaller the reflection of red light and the greater the reflection in the near-infrared band (NIR). Therefore, NDVI was introduced as a mathematical transformation to enhance the difference between the RED and NIR bands. As a result, researchers can separate land covered by vegetation from other types of land cover. Furthermore, NDVI was defined as:
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where NIR indicate the spectral reflectance at the near-infrared and red band separately. Although many studies have found and established the relationship between NDVI and grain yield, these studies have also found that the relationship between NDVI and grain yield varies with different study areas, and therefore the use of time-integrated NDVI values to directly refer to grain yield may be subject to large errors in different regions. Such errors may be caused by local climatic conditions or changes in the type of crops. However, the purpose of this study is to reveal the contradiction between agricultural water use and water availability under the changing grain pattern in China, Responding to crop growth and biomass accumulation through cumulative NDVI. The use of NDVI has some advantages. For example, although the use of NDVI to predict grain yield is not stable, some studies have found that the relationship between NDVI and biomass accumulation in crops is more apparently stable and pronounced (Wang et al., 2005; le Maire et al., 2011). Therefore, crop biomass accumulation is a more appropriate indicator of water consumption in agriculture than yield when revealing water crises under changing food production patterns. CNDVI is also more suitable for this study relative to the crop yield indicator based on field surveys or statistics.
NASA’S Moderate Resolution Imaging Spectroradiometer Vegetation Indices (MODIS VIs) provided consistent spatial time-series information about global vegetation conditions. The rasterized vegetation index map depicts the temporal and spatial changes of vegetation activity, once every 16 days and every month. To be consistent with the GRACE data, we resampled the NDVI data to 1° × 1°.
Normalized Difference Vegetation Index is widely used to monitor vegetation stress, measuring NDVI throughout a growing season helps to evaluate the effect of continuous phenological and morphological changes on grain yield. To quantify the biomass accumulation by the growth of crops, we introduced the Cumulated Normalized difference vegetation index to this study as an indicator of water consumption for grain production.
Directly predicting grain yields from satellite data has proven to be more difficult. However, some studies have achieved some results using NDVI data (Prasad et al., 2006; Ren et al., 2008; Panek and Gozdowski, 2020). A study by Ren et al. (2008) found that it is more reasonable and accurate to calculate the accumulation of NDVI and use it to predict yields (Lopresti et al., 2015). Based on the assumption that plants grow at temperatures above 10°C, we applied the cumulative temperatures method to the NDVI data. Thus, we found the longest period of the year when the temperature is above 10°C and sum up the NDVI values for that period. This sum calculated by this method was used to characterize the cumulative increase in NDVI of the plant during its growing period. Finally, we extract the cumulated NDVI in cropland by using Land Cover data as masks. NDVI data was provided by NASA’s MODIS Satellites. Cropland masks were collected from the EOS CCI land cover datasets. Also, for the correlation test, we subtracted the multiyear average of the same period of TWS data as the baseline for CNDVI to ensure that the two variables were taken the same treatment.
2.2.3 Landcover Data
The cropland data were extracted from the land cover maps of The European Space Agency (ESA) CCI projects. The data version is 2.0.7, contains global land cover maps 1992–2015, and 2016 at 300 m spatial resolution (ESA, 2017). CCI-LC maps use the United Nations (UN) Land Cover Classification System (LCCS) to describe the Landcover state with 24 different classes. Bontemps et al. evaluated the accuracy of the 2010 ESA CCI LC product. Using all points interpreted by experts as “definite,” either as a single land cover or consisting of multiple mosaics, an overall accuracy of 71.5% was found. Referring to the homogeneous points, the overall accuracy increased to 75.4% (Bontemps et al., 2011). The highest user accuracy values were found in the categories of rainfed farmland, irrigated farmland, broadleaf evergreen forest, urban areas, bare ground, water bodies, and permanent snow and ice. In contrast, the mosaic category of natural vegetation was associated with the lowest user accuracy values as well as the three categories of lichens and mosses, sparse vegetation, and swamp forests. In calculating the center of gravity shift, we used a continuous Land Cover map to extract cropland. In the TWS-CNDVI spatial correlation analysis, the land cover map at the beginning of the observation was used.
2.3 Statistical Analysis
2.3.1 Center-of-Gravity Method
The concept of center of gravity originated in physics. It is an imagery point in which the force of gravity appears to act. In the Geographic information system, a method of calculating the ideal location for warehousing facilities by calculating the transport costs to each of the outlets to be served by the facility (Chen et al., 2011). The center of gravity model is an essential analytical tool to study the spatial changes of factors in regional development (Wang et al., 2018). As an important tool in spatial analysis, center of gravity method is widely used in population barycenter, economic barycenter and energy barycenter model (Smith and Dicken, 2000; Zhang et al., 2012; Bigot and Klein, 2018). The movement of the center of gravity of factors reflects the spatial trajectory of regional development. The analytical model of the center of gravity constructed in this study is expressed as:
[image: image]
where n is the total number of cells in each raster; Point P (X, Y) represents the coordinate of the center of gravity; Gi is the ith sample values; Xi and Yi are the coordinates of the geographic center of the evaluation unit. Next, we calculated the coordinate of the center of gravity for each year. Finally, we plotted the center points’ trajectory map to visualize the pattern of changes in GRACE data and Cumulated NDVI data.
2.3.2 Pearson Correlation
In statistics, the Pearson product-moment correlation coefficient is used to measure the degree of linear correlation between two sets of variables X and Y, with a value between −1 indicates a totally negative linear correlation and 1 represents a totally positive linear correlation.
If X and Y are stationary, the Pearson correlation coefficient is built as follows:
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where r is the Pearson correlation coefficient; x and y represent the values in the first and second sets of data separately; n is the total number of data sets.
3 RESULTS
3.1 The Changes in Water Resources (Total Water Storage) and Cumulated Normalized Difference Vegetation Index Pattern in China
The trajectory of the center of gravity can indicate the tendency of the variable to move in space. Figure 2A shows that the center of gravity of water resources generally moves to the south and east during the observation period. The other side of this occurrence is that TWS data in western and northern China are decreasing. The movement of the center of gravity in the GRACE TWS can be broadly divided into several phases. First, 2004–2008 saw a continuous movement of gravity to the south, followed by a shift to the west from 2009 to 2011. Then, immediately after 2011, the center of gravity began to move significantly to the east, and this trend continued until 2013. After that, from 2013 to 2016, the center of gravity of GRACE data started to move southward.
[image: Figure 2]FIGURE 2 | (A) The Trajectory Plot of TWS’s center of gravity from 2003 to 2016 and (B) The Trajectory Plot of Cumulated NDVI’s center of gravity from 2003 to 2016.
Figure 2B shows the movement of CNDVI’s center of gravity from 2003 to 2016. Throughout the observation interval, CNDVI shows the opposite motion trajectory to TWS, from southeast to northwest. However, at each stage, the trajectory of the center of gravity movement of CNDVI does not overlap with that of TWS. In order to make the trajectory of the center of gravity more prominent, we divided the whole interval into several phases. 2003–2006 was the first phase, and 2007–2009 was the second phase when the center of gravity moved more to the west and slightly to the south. After that, the center of gravity continues to move northward from 2009 until 2012. And after that, it continues until the end of the observation period, the center of gravity continues to move sharply to the west and slightly to the south.
Although the interannual trend of the CNDVI center of gravity is not the same as that of TWS’s, this fact that the two do not overlap may be due to a variety of reasons, which may include: a delay between changes in grain production and changes in water resources, the cyclic flow characteristics of water that cause agricultural development to affect water resources regionally rather than point-to-point, and changes in water resources that also incorporate the effects of other natural and human activities. Figure 4 shows the correlation coefficients of GRACE and CNDVI in space. Each pixel contains two sets of data, one set of GRACE data from 2003 to 2016, and CNDVI data for the corresponding period. We matched the two sets of data and calculated the correlation coefficients. For each pixel, the correlation coefficients have large uncertainties. However, when the target is the whole region, the overall trend obtained from the analysis of the correlation coefficients is still credible. The correlation analysis between GRACE data and NDVI data at the spatial scale corroborates the previous analysis more intuitively. The TWS data and CNDVI show the exact opposite relationship in water-limited areas (Northern arid and semi-arid region, Huang-Huai-Hai Plain, Loess Plateau) and other areas where water resources are not a limiting factor.
3.2 Total Water Storage and Cumulated Normalized Difference Vegetation Index Trends Within the Nine Agricultural Regions
From January 2002 to December 2016, GRACE satellites observed the changes in water resources all over mainland China. As shown in Figure 3, in the Northern arid and semi-arid region of China (Inner Mongolia, Xinjiang, Gansu, and Ningxia province), the Huang-Huai-Hai Plain (Northern China plain), and the Loess Plateau, TWS show a clear trend of annual decline. In Northeast China, GRACE satellites monitored fluctuations in TWS with three peaks and three troughs throughout the observation period. TWS value of this area reaches a maximum value in 2005, 2010, and 2013, respectively, followed by a rapid decline, reaching its valley in 2008, 2011, and 2015. In the water-limited area, the annual yearly TWS value showed a continuous decline. The data increase in these areas during the first 2 to 3 years of the observation period, and then show an almost continuous decrease during the subsequent observation period. Specifically, the TWS in the northern arid and semi-arid region starts to show a steep decline in 2005, fluctuates between −500 and 0 m3 × 1,000 m3 between 2009 and 2013, and then starts to show a continuous decline again. In other water-limited regions, TWS was stable from 2008 to 2012 and declined continuously during the rest of the period. The overall trend of TWS for the Qinghai-Tibet Plateau is decreasing. Because GRACE TWS Data contains ice, the melting of snow and ice and its inflow into the immediate area will also cause a reduction in TWS. In the southern region, the overall trend of TWS is quite different from that in the north. In and around the Sichuan basin, monthly TWS shows significant interannual variation, but the trend is stable throughout the period. In contrast, in the middle and lower reaches of the Yangtze River plain, southern China, and the Yunnan-Guizhou plateau, TWS remains stable in the early part of the observation period and starts to show a continuous increase around 2010. The annual TWS in the non-water-limited area generally shows an increasing trend. In the south, TWS showed a different trend from the north. TWS showed a growing trend in the middle-lower Yangtze Plain, Sichuan Basin and surrounding regions, Southern China, and Yunnan-Guizhou Plateau. In the middle and lower reaches of the Yangtze River, TWS increased from −161 m3 × 1,000 m3 at the beginning of the observation to 374 m3 × 1,000 m3 at the end of the observation. The trend line of TWS in the Sichuan basin region shows that the value does not vary much during the observation period, slowly increasing from slightly below the zero line at the beginning to slightly above the zero line at the end. The trends of TWS are similar in South China and the Yunnan-Guizhou plateau, where the value remains relatively small from 2003 to 2010, while showing an increase after this period. The annual TWS value in South China increased from near the zero line to near 270 m3 × 1,000 m3, while the value in the Yunnan-Guizhou plateau was about 512 m3 × 1,000 m3.
[image: Figure 3]FIGURE 3 | GRACE time series plot of yearly sum with Trend Line from 2003 to 2016 in nine agricultural regions. [(A) Northeast China Plain, (B) Northern arid and semi-arid region, (C) Huang-Huai-Hai Plain, (D) Loess Plateau, (E) Qinghai Tibet Plateau, (F) Middle-lower Yangtze Plain, (G) Sichuan Basin and surrounding regions, (H). Southern China, (I) Yunnan-Guizhou Plateau].
Figure 4 shows the annual trend of CNDVI data with an increasing trend in most agricultural zones of China, except in the Qinghai-Tibet Plateau. During the observation interval, the CNDVI of the Qinghai-Tibet Plateau region showed an increasing yearly trend from 2003 to 2010 and decreased after reaching the peak in 2010. The decreasing trend continued until the end of the observation. Northeast China is an important center of grain production in China. In terms of CNDVI, the value of CNDVI in Northeast China is relatively high. Compared to other regions, although the growth trend in the Northeast is stable, the absolute value of the growth is smaller compared to the Northeast. At the end of the observation period, the growth trend of the CNDVI value in Northeast China was stopped, and its value floated around 7.65/million. The CNDVI of the Huang-Huai-Hai Plain and Loess Plateau showed similar trends and increased steadily throughout the observation period. However, the base values of the two regions were different, with the CNDVI in the Huang-Huai-Hai Plain increasing from 7.8 million at the beginning to about 8.3 million at the end of the observation period, while the CNDVI in the Loess Plateau increased from 2.3 million to 2.7 million. In the southern part of China, CNDVI generally tends to level off gradually in the early part of the observation and rises in the late part of the observation. For the middle and lower reaches of the Yangtze River, the Sichuan Basin and the Yunnan-Guizhou Plateau, this plateau period occurred between 2008 and 2012. For southern China, CNDVI only stagnated between 2003 and 2008 and then showed the same steady increase until the end of the observation period.
[image: Figure 4]FIGURE 4 | Yearly CNDVI data Times Series plot with trendline from 2004 to 2016 in nine agricultural subdivisions of China in nine agricultural area [(A) Northeast China Plain, (B) Northern arid and semi-arid region, (C) Huang-Huai-Hai Plain, (D) Loess Plateau, (E) Qinghai Tibet Plateau, (F) Middle-lower Yangtze Plain, (G) Sichuan Basin and surrounding regions, (H) Southern China, (I) Yunnan-Guizhou Plateau].
3.3 Spaatial Changes of Gravity Recovery and Climate Experiment in Response to Cumulated Normalized Difference Vegetation Index Dynamics
Figure 5 shows the correlation coefficients of TWS and GRACE. In the Northeast Plain, the correlation coefficients generally fluctuate around 0. In the northern arid and semi-arid region, the part near the Loess Plateau and the northwest border, TWS and CNDVI show a negative correlation, and the correlation coefficients in the rest of the region are near zero. The central area of the Yellow-Huai-Hai Plain and all parts of the Loess Plateau also show negative correlations between TWS and CNDVI. In the center of the Qinghai-Tibet Plateau region, there is no significant trend in the correlation coefficients. However, on the edges of the region, positive correlations were mainly distributed. In the Sichuan Basin and surrounding area and the middle and lower reaches of the Yangtze River region, the correlation between CNDVI and TWS is not obvious in the north of these two regions, and the correlation coefficients begin to move toward positive correlation as it advances to the south. By the south of China and the Yunnan-Guizhou plateau, these regions have been dominated by positive correlations.
[image: Figure 5]FIGURE 5 | Spatial Correlation between TWS and CNDVI with p-value under 0.05 [(A) Northeast China Plain, (B) Northern arid and semi-arid region, (C) Huang-Huai-Hai Plain, (D) Loess Plateau, (E) Qinghai Tibet Plateau, (F) Middle-lower Yangtze Plain, (G) Sichuan Basin and surrounding regions, (H) Southern China, (I) Yunnan-Guizhou Plateau].
The correlations between TWS and CNDVI showed a clear regional trend. In the water-limited area, the correlations were mainly negative. These areas form a band shape from the central part of the Huang-Huai-Hai Plain in the east to the western boundary of the northern semi-arid region in the west. The negative correlations are mainly spread in this belt area. Another distinct regional trend appears in the south, starting from the southern part of the Sichuan basin and the middle and lower reaches of the Yangtze River region, and covering the whole of southern China and the Yunnan-Guizhou plateau, where positive correlations dominate. Positive correlations also appear in the northern part of the Tibetan Plateau, but the TWS data include the influence of melting snow and ice, and it is unclear whether the trend is due to the influx of melting snow and ice into the region. As can be seen in Figure 5, the results of the correlation analysis are consistent with statistical significance in the two regions with significant positive and negative correlations. In the other regions, the correlation analysis could not pass the test. NA values indicate that there is no cropland in the area.
4 DISCUSSION
4.1 Satellite Data Reveal Spatial and Temporal Variation in Water Resources and Grain Production
The shift in the center of gravity of CNDVI provides evidence of a shift in China’s grain production pattern. The absolute value of CNDVI cannot accurately predict grain production, but the direction of change can indicate relative changes in production patterns. Wang et al. (2018) collected grain production data from the China Statistical Yearbook and field research data, found a similar pattern. From 1996 to 2005, the center of gravity of grain production showed a “northward and westward” trend. The center of gravity moved faster and faster, and according to Wang et al. (2018) estimate, the center of gravity moved from 7.6 km/a in the early period to 41.2 km/a at the end of the observation period (Jieyong and Yansui, 2009). They explain this phenomenon from several aspects. In terms of water resources, drilling of wells to develop groundwater resources has been vigorously developed in the north since the 1980’s (Wang et al., 2018). On the other hand, the promotion of agricultural films has caused a much higher replanting index in many northern areas, and many 1-year maturity areas can reach 2-year maturity and 2-year maturity (Ye et al., 2012).
4.2 Trends in Cumulated Normalized Difference Vegetation Index and Total Water Storage by Region
The TWS extracted from the GRACE program provided results consistent with Common sense. The GRACE satellite data shows a situation that coincides with the distribution of China’s water resources, that is, the total amount of water resources, although significant, is unevenly distributed in the south and north part of this country. The three regions where the GRACE data shows a significant decline: The North China Plain, the Loess Plateau, and the desert-strewn northwest are precisely the regions where water resources face a considerable shortage. In these regions, where water resources are less distributed, the continuous decline of water resources releases a danger signal. In the water-rich southern and northeastern regions, which are also experiencing rapid socioeconomic development, water resources are not significantly affected. Unlike water resources, all nine agricultural regions showed steady growth in food production, except for the Qinghai-Tibet Plateau region.
Although water resources show large fluctuations during the observation period in the Northeast Plain, there is no significant decrease in CNDVI during the whole period. Combined with the CNDVI data, agricultural activities on water resources are relatively small in the northeastern region in the short term, and it is still a stable grain production center in China. Although there was no significant decrease in TWS data before and after the observation period, Zhang et al. (2018) used the Weather Research and Forecasting (WRF) model to simulate the water balance and assess the impact of agriculture on water resources for each decade from 1910 to 2010 based on a series of interdecadal land use datasets. They found no significant trend in precipitation in the Northeast Plain. However, canopy transpiration and interception evaporation increased and runoff and infiltration decreased. This suggests that agricultural expansion in the region may put significant pressure on this vital food production base in the long term.
The Loess Plateau is the most eroded area in China (Liu and Diamond, 2005). There are four leading causes of soil erosion on the Loess Plateau: topography, soil type, climate, and vegetation. The concentrated rainfall in July, August, and September and the erosion-prone loess have caused severe soil erosion on the Loess Plateau. Soil erosion takes away local water resources not only directly but also indirectly leads to the rapid loss of water resources in this region due to the lack of soil as a carrier. Furthermore, the expansion of agriculture will undoubtedly exacerbate this trend. As more and more land is cleared for agriculture, irrigation water and crop evapotranspiration will increase the water shortage in the region.
The Huang-Huai-Hai Plain is also facing severe water shortages. Groundwater Funnel has been used to describe the increasing water shortage in northern China (Chen et al., 2011). Many researchers have conducted studies on this phenomenon, and the over-exploitation of groundwater is the likely culprit (Changming et al., 2001; Yuan et al., 2004; Zhang et al., 2004). In the Beijing-Tianjin-Hebei region, agriculture accounts for over 70% of total water use (National Bureau of Statistics of China, 2020). The primary cropping system in the region is the winter wheat-summer corn annual rotation (double cropping). The production of winter wheat in the region is increasing year by year. However, in terms of climatic factors, the annual precipitation only meets about 65% of the region’s agricultural water needs (Yuan et al., 2004). Further, during the growing period of winter wheat, precipitation is even more scarce and the deficit is mainly supplemented by groundwater. Over-dependence on groundwater water resources and uncontrolled exploitation of groundwater, in turn, destabilize the local water cycle and accelerate the loss of water resources. Taken together, water resource management in these water-limited areas is unsustainable. Consequently, the growth dynamics of grain production are also unsustainable in the long run.
The Northern arid and semi-arid region, as the name of the region describes, has less annual precipitation than potential evaporation. In the western part of the region, the average annual rainfall in the arid region was between 70 and 100 mm between 1990 and 2010, while in the semi-arid region in the eastern part, the average annual rainfall during the same period was between 300 and 440 mm (National Bureau of Statistics of China, 2020). Grasslands and deserts cover the entire region, and rainfall decreases from east to west (John et al., 2009). Water resources here are also increasingly challenged by GRACE data. In these areas, water resources are clearly a limiting factor for ecosystem development. The average annual available water resource in the region is only 1,275.8 km2, or 4.6% of the national total, with an average annual deficit of at least 36.53 km2 (Xia et al., 2017).
Due to abundant rainfall and rich water reserves, the overall trend of water resources in the south is stable, and even some areas show growth at the end of the observation period compared to the beginning. Natural conditions indicate that these areas still have an enormous potential for grain production.
4.3 Potential Risks and Countermeasures Arising From the Changing Pattern of Grain Prodcution
Water, an essential input in agricultural production, can also eventually lead to the suspension of the entire grain production process after it is continuously outflowed from the region. The correlation between TWS and CNDVI releases a potential danger signal. Due to a variety of factors such as cost and uneven economic development, the northern region is beginning to assume a larger share of food production. Such a production pattern is not in line with the water distribution pattern of China. The region, represented by the Huang-Huai-Hai plain, suffers from perennial water shortages and over-exploits groundwater to irrigate farmland. Other water-scarce northern regions are facing similar dilemmas. This situation may eventually lead to the depletion of the agricultural production potential of these regions and, at a certain point, to a significant decrease in grain production in these regions. Kang et al. (2009) found that although crop yield increases with expanded or intensified irrigation, this may increase the rate of environmental degradation. Also they found through modeling that crop yields are more sensitive to precipitation than temperature. Shu et al. (2021) observed a similar water dilemma by analyzing the water footprint of all Chinese provinces. Green water scarcity poses a challenge to agricultural water management in most regions, with important areas for crop export in the north such as the North China Plain, and the Northeast Plain showing high growth in blue, green and gray water footprints. In contrast, in the southwest and southeast, relatively abundant water resources meet the water requirements for crop growth, but green water scarcity limits the long-term development of agriculture (Shu et al., 2021; Zhai et al., 2021).
5 CONCLUSION
From the results, GRACE data and CNDVI data exhibit linear correlation in some areas, and this correlation has a clear spatial distribution. In general, TWS and CNDVI are negatively correlated in the western and northern parts of China. In the east and south of China, where water resources are more abundant compared to the North, TWS and CNDVI simultaneously increase steadily and show a positive correlation over the observation period.
The trajectory of center-of-gravity and spatial correlation analysis detected the coupling between changes in grain production patterns and changes in water resources in China at the overall and regional levels, respectively. However, behind the continuous years of grain production increase, there is also a possible crisis. Due to the rapid progressing of urbanization and economic development in the south, agriculture has not developed as fast as in the north. This development reversal and the spatial distribution of water resources have created a contradiction. Compared to the southeast, where rainfall is plentiful, water resources become increasingly scarce as the perspective shifts to the west and north inland. This contradiction lays the groundwork for China’s future agricultural development. Whether it is a shift in center of gravity or spatial correlation, the satellite data may reveal the internal-logic changes in China’s agricultural development behind the scenes. On the one hand, the uneven distribution of water resources in China has been a nuisance for many years. The pattern of China’s food production under the influence of various factors such as climate shows a worrying change.
The endless demand for water from natural bodies of water, including groundwater, to irrigate farmland will sooner or later trigger a water shortage at some point in the future. This will not only force agricultural development in these areas to stagnate but also affect water for domestic and industrial use, ultimately hindering the development of society as a whole. Therefore, policy makers must balance the agricultural development between the north and the south, give full play to the advantages of abundant water resources in the south, and reasonably arrange the spatial pattern of agricultural development. Potential measures include: 1) limiting land reclamation in northern regions; 2) promoting water conservation systems to slow down the exploitation of groundwater resources; 3) promoting agricultural technology innovation, introducing drought-tolerant varieties; appropriately encouraging agricultural reclamation in southern regions.
This study examines the use of satellite data for large scale water resources (including groundwater) and its possible applications. At this stage, satellite data still have some limitations, taking GRACE satellite data as an example, the twin satellite has only collected 18 years of data since it was first launched in 2004, and only up to 18 matched pairs can be generated when performing interannual analysis. Also, due to the low spatial resolution of GRACE’s data, only 1° and 0.5° resolutions are available. Two characteristics of GRACE satellite products cause limitations in using this data for use at small scales. Therefore, future research could focus on using data fusion techniques to provide time series of sufficient density to provide more refined and reliable statistical analysis support for water resources management in an agricultural context.
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