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Abstract

:

Cloud water is an important geophysical quantity that connects the hydrological and radiation characteristics of climate systems and plays an essential role in the global circulation of the atmosphere, water, and energy. However, compared to the contribution of water vapor to precipitation, the understanding of cloud-precipitation transformation and its climate feedback mechanism remains limited. Based on precipitation and temperature datasets of the National Meteorological Observatory and MODIS (Moderate Resolution Imaging Spectroradiometer) satellite remote sensing products, the evolution characteristics of cloud water resources in China over the last twenty years of the 21st century were evaluated. Significant decreasing trends of −3.3 and −4.89 g/m2 decade−1 were found for both the liquid and ice water path. In humid areas with high precipitation, the cloud water path decreased fast. In semiarid areas with an annual precipitation ranging from 500–800 mm, the decreasing trend of the cloud water path was the lowest. The cloud-water period was calculated to represent the relative changes in clouds and precipitation. The national average cloud-water period in China is approximately 12.4 h, with obvious seasonal changes. Over the last 20 years, the cloud water path in dry regions decreased more slowly than that in wet regions, and the cloud-precipitation efficiency significantly increased, which narrowed the climate difference between the dry and wet regions. Finally, the mechanism of the cloud-water period evolution in the different regions were examined from the perspectives of the dynamic and thermal contributions, respectively. Due to the overall low upward moisture flux (UMF) in the dry region, the response of the cloud-water period to the lower tropospheric stability (LTS) mainly first increased and then decreased, which was the opposite in the wet region. The increase in cloud-precipitation efficiency in the dry region of Northwest China is accompanied by a continuous decrease in LTS. The different configurations of regional UMF and LTS play a crucial role in the evolution of cloud-precipitation, which can be used as a diagnostic basis to predict changes in the precipitation intensity to a certain extent.
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1. Introduction


The atmospheric water cycle includes processes such as evapotranspiration, water vapor transportation, uplift and condensation into clouds, and aggregation of cloud particles to form rain and ice/mixed-phase particles that fall to the ground, among which the cloud-precipitation process is the most active segment in the global water cycle [1,2]. The driving mechanism of the water cycle is climate change. Cloud-precipitation processes within the context of global warming bear the brunt of the observed unprecedented changes and are critical to the study of climate feedbacks [3,4,5]. Atmospheric cloud water resource refers to the hydrometeors in the clouds that can be used by human through artificial precipitation enhancement and other means. They represent important geophysical quantities that connect the hydrological and radiation characteristics of the climate system [5,6]. The monitoring and evaluation of cloud water resources and calculation of the cloud-precipitation conversion efficiency are also prerequisites for a reasonable artificial precipitation layout.



Atmospheric water is available only when it returns to the ground in the form of precipitation. The precipitation efficiency or cloud-water period of cloud systems plays an important role in the allocation of water resources and is an important index to study the distribution and transformation of atmospheric cloud water resources [7,8,9]. A series of previous articles has defined the precipitation efficiency as the ratio of precipitation to the amount of condensed or rising condensed water in clouds and the total condensation rate [10,11]. Elliott [12] even regarded the weather system as a machine that converts liquid water into precipitation. Clement and Soden [13] pointed out that the tropical average radiation budget is highly sensitive to the precipitation efficiency. To better estimate this value, a deeper understanding of the relative changes in cloud water and precipitation is needed. For a long time, scholars have focused on the study of water vapor transport and circulation, but evaluation of cloud water resources in the condensation phase remains lacking. Water vapor does not directly form precipitation. The application of hydrometeors may better represent the conversion efficiency of precipitation than the consideration of water vapor. Liu, et al. [14] considered the ratio of precipitation and the cloud water path to represent the cloud precipitation efficiency (the cloud ability to produce precipitation) and found that the cloud water path in the arid and semiarid regions of East Asia has increased year by year, while the cloud-precipitation efficiency has decreased over the past decades.



The IPCC report states that the global average land temperature has increased by 0.74–0.85 °C over the last 100 years [15], which will directly affect the water content in the atmosphere and global precipitation processes [1,16,17]. China exhibits a variety of climate types and abundant water resources, but their spatial distribution is extremely inhomogeneous. Due to the influence of global climate change, economic and social development, population increase, ecological environmental deterioration and other factors, water shortages have become an essential factor restricting the social and economic development of China [18,19,20]. Therefore, to develop, utilize and improve the water resources of China to meet the needs of economic development, it is of great strategic significance to understand the state of its cloud water resources and the precipitation efficiency of cloud systems against the background of climate warming in recent years. Cai [21] proposed the monitoring and diagnosis method of the three-dimensional cloud water field based on comprehensive observation data and systematically evaluated the atmospheric water budget, cloud water resources and precipitation efficiency in China. Langhans, Yeo and Romps [9] calculated the precipitation efficiency of cumulus clouds with a new Lagrange particle framework for large eddy simulation. With the use of this framework, the path of water vapor transformation into precipitation at a specific height was reconstructed, and the precipitation efficiency was expressed as a function of the height. An increasing number of studies has paid attention to the cloud-precipitation conversion capacity, but there remains a lack of a sufficient understanding of the physical mechanism affecting cloud-precipitation and the feedback of climate warming. In the dry region of Northwest China, westerly circulation is blocked by the plateau, the dynamic conditions are poor, and water vapor occurs insufficiently [22]. However, the wet region in Southeast China is located downstream of the plateau and is affected by the East Asian monsoon with suitable dynamic and thermal conditions, which inevitably leads to very large differences in cloud water resources and precipitation between the different climate zones [23,24], and there is an urgent need for further research.



To better assess the relative relationship between cloud water resources and precipitation in the different climatic regions of China and the evolution mechanism under climate change, data products based on national observation stations and satellite remote sensing are adopted here, with the following main focus points: (1) the evolution characteristics of the cloud water resources over China under global warming and their relative change relationship with precipitation; (2) the dynamic-thermal mechanisms affecting cloud precipitation in the different climate zones. This study provides a reference to better understand the response of cloud precipitation under global warming and the rational development, utilization, and improvement of cloud water resources.




2. Data and Methods


2.1. Observation and Reanalysis Datasets


Regarding liquid water path and ice water path data, the MODIS (Moderate Resolution Imaging Spectroradiometer) satellite observation-based level 3 product MOD08_M3 dataset was employed [25]. MODIS is an Earth remote sensing tool developed for the NASA Earth Observing System (EOS) Terra and Aqua satellites. MODIS provides more stable satellite data for the detection of the cloud water path via optical methods to directly obtain the optical thickness of clouds and the effective radius of cloud droplets to derive the liquid water path [26,27]. Comparative studies have shown that on large temporal-spatial scales, the cloud water path obtained with the two current observational methods of satellite detection, i.e., the optical and microwave methods (used by ISCCP, TRMM, etc., but restricted to the ocean), are relatively consistent [28]. The MOD08_M3 product used here is a MODIS level 3 grid point product carried on the Terra satellite, with an average monthly time scale from 2001–2019 and a spatial resolution of 1° × 1° grid points globally. The MOD08_M3 atmospheric product contains approximately 800 sub datasets describing atmospheric features such as the cloud volume, cloud optical thickness, precipitable water, and aerosol optical thickness. Data were obtained from the Earth Observing System Data and Information System (EOSDIS) of the National Aeronautics and Space Administration (NASA) (http://reverb.echo.nasa.gov/reverb/, accessed on 1 December 2020).



Meteorological data on the precipitation from 2001–2019 were retrieved from the site-based monthly ground precipitation 0.5° × 0.5° grid dataset V2.0 of China provided by the China Meteorological Administration (CMA) (http://data.cma.cn, accessed on 1 September 2020). These two 0.5° × 0.5° grid products were obtained via spline interpolation based on the observation of 2472 stations across China. The adopted interpolation method eliminated the effects of terrain as much as possible and contained both a linear covariate sub-model and ordinary spline independent variables algorithm to improve the effect of interpolation. Previous studies have also indicated that these grid datasets of the temperature and precipitation are highly reliable and suitably represent the distribution evolution of the temperature and precipitation, respectively, which may be employed to study extreme precipitation and temperature events [20,29,30,31]. Data on Taiwan and South China Sea islands are temporarily missing, and ERA5 (fifth-generation ECMWF reanalysis) data were used instead to determine the complete distribution. ERA5 is a new generation of global atmospheric reanalysis data to replace ERA-Interim. Owing to the development of physical models, dynamic cores and data assimilation over the past decade, ERA5 exhibits significantly improved spatial and temporal resolutions of the data and updated uncertainty estimates retrieved from various datasets [32]. By combining observations with modeling, reanalysis data provide a great opportunity to study globally consistent water and energy cycles, for example. The upward moisture flux in the ERA5 monthly average whole-layer dataset and temperature at 700 hPa retrieved from the vertical baroclinic dataset were also adopted here (https://cds.climate.copernicus.eu/#!/home, accessed on 1 December 2020). All data were averaged monthly from 2001–2019 and interpolated to a 1° × 1° grid to match the MOD08_M3 dataset. Details of the data and variables used are shown in Table 1.




2.2. Methods


Previously, the cloud precipitation efficiency has been calculated as the ratio of the precipitation rate to the cloud water path, but without considering water vapor, the precipitation efficiency may sometimes be higher than 1. To avoid this situation, we consider the ratio of the cloud water path to the precipitation rate (PR), which is the inverse of the precipitation efficiency, to represent the cloud-water period (CWP_lifetime). LWP (liquid water path) and IWP (ice water path) in Equation (1) are expressed in mm. The cloud water path (CWP) is the sum of LWP and IWP. PR is expressed in mm/day, and CWP_lifetime is expressed in h. The lower tropospheric stability (LTS) is the potential temperature difference between 700 hPa and the surface, expressed in K. The larger the LTS value, the more stable the lower troposphere is. The equations are expressed as follows:


  C W P _ l i f e t i m e = 24 × ( L W P + I W P ) / P R  



(1)






  L T S =  θ  700   h P a   −  θ  s u r f a c e    



(2)







The Mann–Kendall (MK) trend test and Theil–Sen trend estimation are also applied to calculate the trend and significance, respectively, of the long-term series [33,34]. The rank-based nonparametric Mann–Kendall test does not require normality or linearity to test the trend of a given time series [35]. The MK test first calculates an S statistic:


  S =   ∑  k = 1   n − 1      ∑  j = k + 1  n   sgn (  x j  −  x k  )      



(3)




where xj are values in jth years, n is the number of observations, the function sgn(x) gives the sign of the variable x. The statistic S is approximately normally distributed under the null hypothesis. If n is greater than 10, variance of the S statistic is computed by:


  V a r ( S ) =  1  18   [ n ( n − 1 ) ( 2 n + 5 ) −   ∑  p = 1  q    t p    (  t p  − 1 ) ( 2  t p  + 5 ) ]  



(4)




where q is the number of tied groups and tp is the number of data values in the pth group. The standardized test statistic Z is computed as follows:


  Z =  {      S − 1     V a r ( S )         i f     s > 0       0                           i f       s = 0       S + 1     V a r ( S )           i f   s < 0      



(5)







The Theil–Sen trend estimate is a robust estimate of linear trend. It can be significantly more accurate than simple linear regression for skewed and heteroskedastic data, and competes well against non-robust least squares even for normally distributed data in terms of statistical power [36]. The Theil–Sen estimator is calculated by:


  β = M e d i a n (    x j  −  x k    j − k   ) ,             ∀   1 < k < j < n  



(6)




where β is the median overall combinations of recorded pairs for all data. A positive β value indicates an upward trend and a negative β value a downward trend. These techniques are the most recent popular methods for trend analysis in meteorological series statistics, and both algorithms have been integrated into NCL (NCAR command language) programming functions for ease of use.



The analysis domain was divided into three climate regions according to the multiyear average annual precipitation. By ranking all grid points according to the annual precipitation in ascending order, the annual precipitation in China was evenly divided into three segments. The first one-third of the grid points attained an annual precipitation lower than 450 mm, and the last one-third attained an annual precipitation higher than 1000 mm. Figure 1a shows the distribution of the annual accumulated precipitation in China from 2001 to 2019. The spatial distribution of the annual precipitation in China is extremely heterogeneous, and the overall gradient decreases from southeast to northwest. The annual precipitation is at least lower than 50 mm in most parts of Xinjiang and higher than 2000 mm in South China and Taiwan. The frequency distribution of the annual precipitation is shown in Figure 1b, which increases with the annual precipitation to a peak corresponding to approximately 500 mm and then rapidly decreases to 1000 mm. Therefore, the annual precipitation division thresholds were set to 450 and 1000 mm, i.e., the grid points with an annual precipitation lower than 450 mm were denoted as arid areas, mainly including Xinjiang, Inner Mongolia and most of Northwest China. The grid points with an annual precipitation higher than 1000 mm were denoted as humid areas, mainly including South China and southeast coastal areas. The grid points with an annual precipitation between 450 and 1000 mm comprised the central region, which is located in the central transition zone between the arid and humid regions. Figure 1c shows the final division. The division method based on the annual precipitation is simple and practical, and the result is consistent with the drought index division method that considers the potential evaporation [37,38,39].





3. Results


3.1. Evolution Characteristics of the Cloud Water Resources in the Different Climate Zones


First, the basic distribution and evolution of the cloud water path in China were analyzed. Figure 2 shows the distribution of the average liquid and ice water path in China from 2001 to 2019 based on MODIS observations and their trend evolution over the last two decades. Based on the multiyear average distribution of LWP and IWP, it is observed that both exhibit a clear decreasing trend from southeast to northwest. However, the distribution of the cloud water path is not exactly the same as that of precipitation, with high-value centers concentrated in the Yangtze River basin, and the difference between the north and south extremes is not as large as that between the precipitation extremes. In the northwest, especially in Xinjiang, the minimum cloud water path is lower than 50 g/m2, but further north in the arid and semiarid regions at high latitudes in Asia, there are high values of the liquid and ice water path [14]. The national average liquid water path is 157.47 ± 11.2 g/m2, while the ice water path is approximately 240.24 ± 17.6 g/m2. The ice water path is much higher than the liquid water path overall, and a high ice water path zone occurs throughout the south, reaching over 400 g/m2.



The trend distributions of the annual average liquid water path and ice water path over the last 20 years, as shown in Figure 2c,d, are similar, with an overall decreasing trend in most areas of China. Both liquid and ice water in the Qinghai–Tibet Plateau and North China exhibit significant decreasing trends. The increasing trend is mainly observed in the northeast and parts of Xinjiang. Since the ice water path is higher than the liquid water path, the trend of the ice water path is also higher than that of the liquid water path. Figure 2e,f shows that the national average evolution of the LWP and IWP trends are −3.3 and −4.89 g/m2 decade−1 (95% significance), respectively. Both show a decreasing annual trend from 2001 to 2019, indicating that the cloud water path in China has significantly decreased under global warming. Since the topography of China is complex and diverse, the domain is divided into wet, dry, and central regions based on the multiyear average annual precipitation to further analyze the evolution of the cloud water path and its influencing factors in the different regions.



Figure 3a shows the evolution of the cloud water path (sum of liquid water path and ice water path) in the three subregions from 2001–2019. The cloud water path is the highest in the wet region, reaching approximately 500 g/m2. The cloud water path in the central and dry regions decreases in that order, and the cloud water path in the central region exhibits the most stable change trend at approximately 400 g/m2. The cloud water path in all three regions decreases year by year. To compare the specific decreasing trends, Figure 3b shows the variation in the MK trend of the cloud water path with the annual precipitation in China. The trend of the cloud water path decreases in all precipitation intervals, which is consistent with the linear fitting results. The decreasing trend of the cloud water path gradually increases with increasing annual precipitation. The decreasing trend in the arid areas varies between −5 and −10 g/m2/decade, and the decreasing trend is the lowest in the interval with an annual precipitation of 600 mm. The trend of the cloud water path rapidly decreases with increasing precipitation. This indicates that under global warming, the cloud water path in China decreases year by year, and the wetter areas with higher precipitation yield the greatest contribution and the most obvious reduction trend. The slowest decrease in the cloud water path is observed in the semiarid regions with a precipitation ranging from 500–800 mm. The decreasing trend obtained here does not conflict with Liu, et al. [14], since they mainly analyzed the arid and semiarid region in Central and East Asia from 1982 to 2015, while the cloud water high value area is mainly located in south-eastern China. The significant decrease in the cloud water path observed over the past two decades certainly affects the local precipitation conditions, as the cloud water path in the atmosphere is a direct source of precipitation.



The cloud precipitation efficiency indicates how much cloud water is converted into precipitation and reflects the relative change between the cloud water path and precipitation. The inverse of the precipitation efficiency CWP/PR [40] (i.e., the cloud-water period), is considered here to examine the response of cloud-precipitation to global warming. The evolution and distribution of the multiyear average of the CWP and its MK trend from 2001 to 2019 are shown in Figure 4. The distribution of the cloud-water period is the opposite to that of precipitation, with an increase from southeast to northwest. The annual average cloud-water period in China is approximately 12.4 h, which is consistent with the result of Cai [21], who calculated that the hydrometeor period was 15 h in 2011. Compared to the water vapor period of approximately 11 days, the recycling rate of cloud water is much more rapid. It is also important to note that the seasonal variation in the cloud-water period is obvious. Figure 4c shows the seasonal evolution of the multiyear average cloud-water period in the three regions, and it is found that very large differences occur between winter and summer. Especially in the dry region, the cloud-water period is one order of magnitude larger in the winter months from November–February than that in the summer months from May–September. Only in the wet region is the seasonal variation in the period lower, and the very high variation in the seasonal differences between the different regions is mainly related to the seasonal variation in precipitation.



The trend distribution of the cloud-water period is shown in Figure 4b, and there is a significant decreasing trend in the whole dry region and no obvious change trend in the wet region. The cloud-water period is short in the dry region, averaging approximately 30 h, but the period decreases significantly over the last 20 years, i.e., the water cycle in the dry region is accelerated. Moreover, the cloud water path in the dry region more slowly decreases than that in the wet region, as shown in Figure 3, and the gradual increase in water circulation helps to improve the climate difference between the dry region and the wet region. A box chart of the cloud-water period trend in the three regions in winter and summer is shown in Figure 4d. It is clearly observed that the cloud-water period trend decreases from the dry region to the wet region. Regardless of the season, the trend in the dry region significantly decreases, and the trend in the wet zone is approximately zero. The trend in winter is much higher than that in summer, and the average trend of the cloud-water period in the dry region is −0.49 h/year in winter and only −0.15 h/year in summer, indicating that the increase in water cycle in the dry region is mainly reflected in the contribution of winter, which is related to the warming and humidification of the northwest arid zones and the increase in winter and spring precipitation in China in recent years. In other words, there are certain differences in the cloud water path variation and precipitation efficiency between the arid and wet regions in China under global warming. We need to further analyze the relative relationship and change mechanisms between clouds and precipitation in the different regions.




3.2. Cloud-Precipitation Relationships and Their Climate Feedback Mechanisms


The cloud water path in China has decreased year by year over the last two decades, and the cloud-water period in the dry regions has been significantly reduced. To investigate the influence of cloud-water changes on precipitation under global warming, the correspondence relationship between cloud-water characteristics and precipitation in the different climate zones is further evaluated here. As shown in Figure 5a, the precipitation rate is divided into 30 equal (1 mm/day) intervals to reveal the relative changes in the cloud water path and precipitation intensity. With increasing precipitation intensity, the cloud water path in all three regions exhibits a single-peaked structure that first increases and then decreases. Single-peak structure of corresponding changes in precipitation intensity and cloud water path reflects that the precipitation intensity increases rapidly with the gradual increase in cloud water path and then starts to decrease after reaching a certain extreme value. That is, it does not necessarily follow that more cloud water in the atmosphere will produce more intense precipitation. The cloud water path first peaks in the dry region with increasing precipitation rate, corresponding to a CWP value of only 0.5 kg/m2. In the central region, the cloud water path peaks when the precipitation rate increases to 16 mm/day. When the precipitation rate increases to 25 mm/day, the cloud water path reaches a peak value of 0.8 kg/m2 in the wet region. Although the peak cloud water path and the corresponding precipitation intensity are the lowest in the dry zone, when the cloud water path is small (CWP < 0.5), the corresponding precipitation intensity follows the order of dry region > central region > wet region. When the precipitation intensity is the same (e.g., 5, 10, and 20 mm/day), the cloud water path follows the order of wet region > central region > dry region. This indicates that although the dry zone contains fewer cloud water resources, it more effectively converts its limited cloud water resources into precipitation. The wet region requires a higher cloud water path than that of the dry region for the same precipitation intensity to occur. However, the wet region often contains sufficient guaranteed cloud water resources, and the wet zone produces a higher precipitation than that produced in the central region when the cloud water path is large.



The relationship between the cloud-water period and precipitation intensity is also shown in Figure 5b. The relationship is roughly inverse, with the cloud-water period first rapidly decreasing with increasing precipitation rate and then slowly decreasing. Logarithmic coordinates are used for the horizontal and vertical axes to compare the evolution patterns of the different regions more clearly. The cloud-water period decreases almost linearly with increasing precipitation intensity (a nonlinear variation is indicated in logarithmic coordinates). Although the evolution curves in the three regions are very similar, the cloud-water period varies the most notably with the precipitation rate in the dry region, especially in the high-precipitation (PR > 7 mm/day) zone, where it is the most sensitive to the precipitation rate. In the wet region, the cloud-water period varies the least notably with the precipitation rate, especially in the low-precipitation (PR < 7 mm/day) zone.



There are certain differences in the cloud water path and precipitation efficiency evolution between the arid and wet regions in China under global warming. We further analyzed the factors influencing the cloud-water period and the mechanisms that produce these differences in the relative changes between clouds and precipitation in the various regions. Precipitation is directly determined by cloud microphysical processes, but the occurrence of precipitation is influenced by dynamic and thermal processes in the atmosphere [5,41]. The dynamic effect is mainly caused by the change of vertical velocity, but it does not directly express its contribution by the change of vertical velocity. The increase of the upward velocity does not necessarily mean that precipitation intensity increases [42], and its contribution has to be weighed by the convective mass flux [43]. Regarding the main influencing factors of the cloud-water period, the upward moisture flux (UMF) and lower tropospheric stability (LTS) are selected here to represent the dynamic and thermal contributions, respectively. The UMF is the actual moisture transported vertically upward, which represents the dynamic contribution of vertical transport. The LTS is the difference in potential temperature between two heights, which significantly affects the boundary layer height and radiative cooling at the cloud top and is the main thermal factor determining the cloud water path [44,45].



The variation in the cloud-water period with the UMF in the different regions is shown in Figure 6a, with the upward flux uniformly divided into 40 intervals. The overall cloud-water period is negatively correlated with the UMF, and the cloud-water period rapidly decreases in all three regions with increasing upward flux. This occurs because the stronger the upward vertical transport process, the more likely precipitation is formed. However, a high vertical velocity or intense convective activity does not necessarily indicate high precipitation [42,43]. The cloud-water period does not decrease linearly with increasing upward flux, and the cloud-water period hardly further decreases when the UMF increases to a certain level. In the dry region, the cloud-water period stops decreasing when the UMF is higher than 100 g/m2/h and even starts increasing rapidly when the UMF is higher than 150 g/m2/h. In fact, when UMF greater than 200 g/m2/h, the cloud-water period in all regions increased with UMF. The increase of the dry curve is simply earlier than in other regions, corresponding to the minimum peak precipitation intensity in the dry region in Figure 5. This further indicates that the UMF is not the only factor that determines the cloud-water period.



Additionally, as shown in Figure 6b, in regard to the variation in the cloud-water period with the LTS in the different regions, the LTS is uniformly divided into 40 intervals. In contrast to the UMF, the variation in the cloud-water period with the LTS is very different in the three regions. The first peak of the cloud-water period occurs near an LTS value of 6 K, and the cloud-water period first gradually decreases with increasing LTS and then increases rapidly. The second peak is reached near LTS = 10 K, after which the cloud-water period in the three regions exhibits different trends. At high LTS values (>12 K), the response of the cloud-water period to the LTS is completely the opposite between the dry and wet regions. If we ignore the LTS fluctuation between 8 and 10, the cloud-water period increases and then decreases with the LTS in the dry region, while it decreases and then increases in the wet region. This opposite response inevitably causes different evolution patterns of cloud precipitation in the dry and wet regions. However, this does not indicate that the difference in cloud-water evolution between these two regions is entirely a function of the thermal contribution. He [46] suggested a positive relationship with surface moisture flux for low LTS and a negative relationship for high LTS, which is mainly related to near-surface wind speed and evaporation. We conjecture that in dry region with low moisture flux, increased LTS promotes moisture flux exchange, while in wet region with high moisture flux, increased LTS inhibits moisture flux exchange.



To investigate the combined contribution of the thermal and dynamic effects, the joint probability density distribution of the cloud-water period with the UMF and LTS in the three regions is shown in Figure 7. The cloud-water period decreases with the dry, central to wet region, and the cloud-water period decreases rapidly with increasing UMF in all zones, which is also consistent with the results shown in Figure 6. The variation in the cloud-water period with the LTS must be assessed in segments. At UMF < 100, the cloud-water period first increases and then decreases with the LTS. At UMF > 100, the cloud-water period first decreases and then increases with the LTS. This phenomenon is especially clear in the central and wet regions at UMF > 150. As the overall UMF is low in the dry region, namely, the UMF is mostly below 100, the response of the cloud-water period to the LTS in the dry region mainly occurs in the form of it first increasing and then decreasing. In contrast, the overall UMF in the wet region is mostly above 100 or even 150, so the response of the cloud-water period on the LTS in the wet region is mainly in the form of it first decreasing and then increasing. In other words, the different UMF configurations in the dry and wet regions lead to different response forms of the cloud-water period to the LTS, as shown in Figure 6b. The response of the cloud-water period on the dynamics is consistent, and this opposite response mechanism on the LTS between the dry and wet regions due to thermal differences may also be the main reason for the differences in the cloud water resources and cloud precipitation efficiency between these two regions under global warming.



To verify that the joint configuration of the UMF and LTS indeed causes the differences in clouds and precipitation evolution between the different regions, the multiyear average and MK trend distributions of the UMF and LTS in China from 2001 to 2019 are shown in Figure 8. The annual UMF distribution is similar to that of precipitation, with a decreasing gradient from southeast to northwest. The overall UMF in the arid northwest region is below 50 g/m2/day, corresponding to the section of the cloud-water period that first increases and then decreases with the LTS, as shown in Figure 7. In contrast, the overall UMF in the southeast wet region is above 100 g/m2/day, which corresponds to the part of Figure 7 where the cloud-water period first decreases and then increases with the LTS.



The UMF, as shown in Figure 8c, experiences a significant decreasing trend mainly in the northwestern Tibetan Plateau and North China, and there are no significant changes in either the dry or wet region. The multiyear average distribution of the LTS is also high in the southeast and low in the northwest. The LTS in the northwest arid zone is small on average at approximately 11 K, and the LTS in northern Xinjiang and Northeast China continuously decreases, as shown in Figure 8d. Corresponding to the dry region, as shown in Figure 7, when the LTS decreases from 11 K, the cloud-water period accordingly decreases, which is also consistent with the actual trend indicating that the cloud-water period in the dry region continues to decrease (Figure 4b). The average LTS in the southeast wet region is large, at approximately 17 K, and there is a low increasing trend throughout the wet region. Corresponding to the wet region, as shown in Figure 7, when the LTS increases from 17 K, the cloud-water period increases. However, the cloud-water period in the wet region is small in magnitude, and the increasing trend does not pass the significance test. Through the above comparative verification, it is determined that the different configurations of the UMF and LTS play an important role in the evolution difference of cloud precipitation between the arid and wet regions. In a subsequent study, we will also apply the WRF model at small and medium scales to further verify any relevant results and explore the detailed processes of the UMF and LTS affecting cloud precipitation.





4. Discussion


There are obvious differences in cloud water path evolution and precipitation efficiency between the arid and wet regions in China over the last 20 years. Here, with precipitation and temperature datasets based on observations and MODIS satellite cloud water products, we assessed the regional cloud water resources and their response mechanisms of cloud precipitation in China over the last two decades. The trend estimation and testing of cloud water path changes using the Mann–Kendall trend test and Theil–Sen trend estimation. The trends in cloud water path were relatively small over last 20 years, but all passed the significance test. We also compared the trend results in other studies and found a regional average trend of ~5 g/m2 decade−1 [14], which is consistent with our work. The precipitation from 2001–2019 were retrieved from the site-based monthly ground precipitation 0.5° × 0.5° grid dataset V2.0 of China provided by the China Meteorological Administration (CMA) (http://data.cma.cn, accessed on 1 September 2020). The 0.5° × 0.5° grid products were obtained via spline interpolation based on the observation of 2472 stations across China. Previous studies have also indicated that these grid datasets of the precipitation are highly reliable and suitably represent the distribution evolution of the precipitation, respectively, which may be employed to study extreme precipitation events [20,29,30,31].




5. Conclusions


The cloud water path over China was assessed using MOD08_M3 data, and the national average annual liquid water path and ice water path were 157.47 ± 11.2 and 240 ± 17.6 g/m2, respectively, and the overall decreasing trend of the LWP and IWP over the last 20 years reached −3.3 and −4.89 g/m2 decade−1 (95% significance). The cloud water path has decreased year by year, with the greatest contribution originating from the wet region with a high precipitation and the most obvious decreasing trend. The lowest decrease in the cloud water path is observed in the semiarid region with a precipitation ranging from 500–800 mm.



The cloud-water period (the inverse of the cloud precipitation efficiency) is calculated to examine the response of cloud precipitation to global warming. The annual mean cloud-water period in China is approximately 12.4 h. The seasonal variation in the cloud-water period is obvious, with very large differences between winter and summer. Over the last 20 years, there has been a significant decrease in the cloud-water period in the dry region (−0.49 h/year in winter and −0.15 h/year in summer) and no significant change in the wet region. Compared to the wet region, the cloud water path in the dry region decreases more slowly, and water circulation gradually increases.



Finally, the upward moisture flux (UMF) and the lower tropospheric stability (LTS) were selected to examine the response mechanisms of the cloud-water period in terms of the dynamical and thermal contributions, respectively. Due to the overall low UMF in the dry region, the response of the cloud-water period to the LTS is mainly in the form of it first increasing and then decreasing. The response is the opposite in the wet region. The configuration of the UMF in Northwest and Southeast China remains unchanged, and the increase in cloud-precipitation efficiency in the dry region of Northwest China is accompanied by a continuous decrease in LTS. The different configurations of the UMF and LTS play an important role in cloud-precipitation evolution, which can be used as a diagnostic basis to predict changes in the precipitation intensity to a certain extent. The result is conducive to a better understanding of the response of the water cycle under future climate change and the rational development and utilization of cloud water resources.
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Figure 1. Spatial distribution of the annual accumulated precipitation (in mm) from 2001 to 2019 in China (a) and the frequency distribution histogram of the multiyear average annual accumulated precipitation (in mm) (b). Three subregion divisions according to the annual precipitation (c). 
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Figure 2. Spatial distribution of the annual liquid water path (LWP) and ice water path (IWP) (in mm) from 2001 to 2019 in China (a,b) and its Mann–Kendall (MK) trend distribution (c,d). The blue contour color indicates a negative value, and red indicates a positive value. The grid line shading in the figure indicates the area that passed the 95% significance trend test. The national average evolution of LWP and IWP (e,f); the values in the top right corner indicate the linear fitting slopes. 
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Figure 3. Annual evolution of the LWP and IWP (in g/m2) from 2001 to 2019 in the three subregions (a) and the variation in the cloud water path MK trend according to the annual precipitation (b). The gray dotted line is the linear fitting line. The brown line indicates the dry region, the gray line indicates the central region, and the green line indicates the wet region. 
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Figure 4. Spatial distribution of the annual cloud-water period (in hours) and its MK trend from 2001 to 2019 in China (a) and its MK trend distribution (b). The blue contour color indicates a negative value, and red indicates a positive value. The grid line shading in the figure indicates the area that passed the 95% significance trend test. Seasonal evolution of the cloud-water period in the three subregions (c). Box chart of the cloud-water period trend in the three regions in winter and summer (d). 
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Figure 5. Correspondence of the precipitation rate (divided into 30 equal intervals) with the cloud water path (a) and cloud-water period (b) in the three subregions. The brown line indicates the dry region, the gray line indicates the central region, and the green line indicates the wet region. 
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Figure 6. Variation in the cloud-water period corresponding to the upward moisture flux (UMF) (a) and lower tropospheric stability (LTS) (b) in the different regions. The brown line indicates the dry region, the gray line indicates the central region, and the green line indicates the wet region. 
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Figure 7. Joint probability density distribution of the cloud-water period with the UMF and LTS in the dry (a), central (b), and wet regions (c). The color shaded area denotes the cloud-water period (in hours) averaged over each cell. 
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Figure 8. Spatial distribution of the annual UMF and LTS from 2001 to 2019 in China (a,b) and its MK trend distribution (c,d). The blue contour color indicates a negative value, and red indicates a positive value. The grid line shading in the figure indicates the area that passed the 95% significance trend test. 
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Table 1. Description of the datasets and variables used.
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	Datasets
	Variables
	Time Scale
	Resolution





	CMA
	Precipitation
	1961–2019

(monthly)
	0.5° × 0.5°



	MODIS
	Liquid water path

Ice water path
	2001–2019

(monthly)
	1° × 1°



	ERA5
	Upward moisture flux

Temperature at 700 hPa
	1979–present

(monthly)
	0.25° × 0.25°
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