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Abstract

:

The Tibetan Plateau is among the region’s most sensitive areas to global climate change. The observation data from 113 meteorological stations on the Tibetan Plateau and surrounding regions in China for 1971–2017 were used to analyze the periodic oscillations and trends in precipitation and extreme precipitation on multiple time scales to ensemble empirical mode decomposition. The relationship between extreme precipitation and sea-surface temperature (SST) anomalies was also explored. The results were as follows. (1) The timing of extreme-precipitation events in the highlands is consistent, with increased total precipitation and increased frequency, intensity, and extreme values of extreme precipitation. (2) Changes in temperature and precipitation are not completely synchronized. The total extreme precipitation, number of extreme-precipitation days, maximum single-day precipitation, and extreme single-day precipitation intensity all showed increases with fluctuations; the quasi-3-year oscillation contributes the most to the extreme precipitation. PRCPTOT is most strongly correlated with R10 and R95p. (3) The spatiotemporal patterns of the first and second empirical orthogonal function modes of the indices differed significantly and were not spatiotemporally uniform, but exhibited local clustering. (4) The Indian Ocean Warm Pool Strength and Western Pacific Warm Pool Strength indices were most highly correlated with each extreme-precipitation index, and the timings of the extreme-precipitation events lagged behind those of the SST anomalies. This study improves our understanding of extreme precipitation events in the context of climate warming and provides a basic analysis for the further assessment and prediction of extreme precipitation on the Tibetan Plateau and the surrounding ecologically fragile areas.






Keywords:


extreme-precipitation indices; multi-time-scale periodic oscillations; ensemble empirical mode decomposition (EEMD) method; Tibetan Plateau












1. Introduction


The Earth’s surface temperature is increasing [1]. However, the warming is not spatially uniform, and certain regions are warming faster than others [2]; differences in warming rates were observed at different elevations. [3,4,5]. This warming has strongly affected the environment; in particular, it has resulted in the frequent occurrence of extreme weather and extreme climate events [6]. Moreover, changes in the intensity or frequency of extreme climate events can seriously affect humans and the environment [7]. Changes in precipitation and extreme-precipitation-event patterns caused by global warming have been studied [8,9,10]. Changes in average annual precipitation have been observed in various regions worldwide. It has been found that there are more areas of increasing precipitation than of decreasing precipitation [11], with increasing tendencies in the tropics and sub-tropical regions of the Southern Hemisphere and northern mid–high latitudes, and decreases in the tropics and sub-tropics of the Northern Hemisphere [12,13,14]. These changes include increases in heavy precipitation and decreases in light and moderate rain [15,16,17], and increases in both the frequency and intensity of daily extreme precipitation have been reported [18,19,20]. However, the variability of extreme precipitation worldwide is not spatially uniform. Extreme precipitation is increasing in North America [21] and decreasing in central and western Africa [22]. In China, the total precipitation shows no clear trend nationwide; however, extreme precipitation is becoming more intense [23,24], and more areas are experiencing extreme precipitation [25,26,27,28,29].



The warming rate is higher in mountainous areas than at lower elevations [3,30,31,32,33,34], and mountains may be more responsive to global climate change than other land surfaces at the same latitudes [30,35]. Warming increases evapotranspiration and, thus, intensifies the hydrological cycle [36,37], which, in turn, increases the probability of precipitation and extreme precipitation in mountainous areas or at high elevations. As the highest and largest plateau in the world, the Tibetan Plateau (TP) plays a key role in shaping Asia’s climate. In addition, as one of the most sensitive plateaus to climate change, the TP is considered to be a starting zone of weather and climate change [38]. Many reports have focused on global warming’s effects on the TP [39,40,41,42] and the elevation dependence of temperature changes [33,40,41,42,43,44,45,46]. The rate of warming on the TP has accelerated significantly in recent decades [47,48,49]. The changes in precipitation and extreme precipitation on the TP are also a focus of research on global warming. Previous studies found significant regional variations in precipitation on the TP, with increases in most regions, especially the eastern and central regions [50], whereas the southeastern region showed a decreasing trend [51]. Furthermore, the recurrence period of extreme precipitation is decreasing from southeast to northwest on the TP. At the same time the El Niño/Southern Oscillation (ENSO) and sea-surface temperature (SST) of the Indian Ocean have a strong effect on the extreme precipitation on the TP [52,53]. Moreover, the intensity of extreme precipitation increases with increasing temperature at approximately the Clausius–Clapeyron rate [54].



Although the spatial and temporal patterns of precipitation in local regions of the TP have been studied, questions remain. A few studies on extreme precipitation in the TP have considered changes in linearity or fluctuations on multiple time scales. The objectives of the present study are as follows. (1) Using linear regression and ensemble empirical mode decomposition (EEMD) analysis, we analyzed the multi-time-scale variation in the precipitation and extreme precipitation on the TP and surrounding areas (TPS). (2) We explored the spatial characteristics of extreme precipitation and extreme precipitation patterns on the TPS. (3) We measured the correlation between SST anomalies and extreme precipitation using Spearman’s correlation and cross-wavelet transform (XWT) analysis. This study improves our understanding of extreme precipitation events in the context of climate warming and, thus, provides a fundamental analysis for further assessment and prediction of extreme precipitation across the TP and surrounding ecologically fragile areas. In addition, it provides a theoretical basis for ecological protection, disaster prevention, and mitigation in the region.




2. Materials and Methods


The Tibet Plateau (TP) and its surrounding areas (TPS) were selected as the study area (Figure 1). Most of the 113 selected meteorological stations are located in the southeastern part of the TPS. The daily meteorological data from 113 weather stations were provided by the China Meteorological Agency (CMA). After strict quality control of the acquired data, comparison of the lengths of the recording periods, and consideration of missing data, while ensuring a sufficient number of observatories and considering the integrity of the data, we chose the period from 1971 to 2017 as the study period. R ClimDex software [55] was used for quality control of the original datasets and for the calculation of the extreme-precipitation indices. Data-quality control and calculation were performed in strict accordance with the study requirements. Eight indices related to SST anomalies in the Indian and Pacific oceans were also provided by the CMA: the Tropic Indian Ocean Dipole (TIOP), South Indian Ocean Dipole (SIOD), Indian Ocean Basin-Wide (IOBW), Indian Ocean Warm Pool Strength (IOWPS), Pacific Decadal Oscillation (PDO), Southern Oscillation (SO), Western Pacific Warm Pool Strength (WPWPS), and ENSO Modoki (ENSOM) indices.



The extreme-precipitation indices were used to identify and analyze the variability of precipitation and extreme precipitation in the study area. To calculate the indices, we used the methodology of the World Climate Research Program operated by the US Climate Variability and Predictability climate change detection expert group [56]. These indices describe different aspects of precipitation processes; they were defined and used to analyze extremes and detect changes in precipitation (Table 1). The selected indices can be broadly classified into four categories [57,58].



The linear-regression method was adopted to calculate the trends of extreme precipitation (or the extreme precipitation indices), and the statistical significance of the rate of change was evaluated using the t-test. We also analyzed the periodic oscillations and trends of precipitation and extreme precipitation on multiple time scales using EEMD, a modified form of the EMD-based method. Specifically, the intrinsic mode function (IMF) was extracted using the instantaneous characteristics of the time series, and the analyzed signals of each IMF component were obtained using Hilbert–Huang transform. In contrast to EMD-based methods, the EEMD method clearly identifies changes in long-term trends and large-scale periodic oscillations because long-term trends and oscillations at different time scales are separated from the original time series. EEMD can thus better reflect the intrinsic degree of variation in the data over the entire time axis in a self-adapted way. The time series X(t) can be decomposed into a finite and often small number of IMFs based on the EEMD method:


  X ( t ) =   ∑  i = 1  n     C  i   ( t )  + R ( t )  



(1)




where Ci (t) represents the component IMF, n is the total number of the IMFs, and R(t) is the residual. More details about EMD and EEMD are reported in Huang [59], Wu et al. [60], and Duan et al. [61].




3. Results


3.1. Spatiotemporal Changes in Temperature and Precipitation


The annual average temperature in the study area exhibits spatial heterogeneity (Figure 2a). It decreases gradually from south to north and from the edges of the plateau to the interior. The spatial distribution of long-term (1970–2017) annual average temperature is shown in Figure 2b. Most of the stations showed a significant upward trend, except for three, which showed a downward trend. Note that the increase was slower in warmer areas and more rapid in cooler areas. The spatial distribution of long-term (1970–2017) precipitation (PRCPTOT) is shown in Figure 2c. Most of the stations showed significant increasing trends, although some stations in the southeast and on the edge of the plateau showed decreasing trends. The long-term precipitation exhibited spatial heterogeneity in the study area (Figure 2d), with a gradual decrease from southeast to northwest.



Figure 3 shows the multi-time-scale variation in the annual average temperature and annual total precipitation. The average temperature exhibited fluctuations and increased linearly from 1970 to 2017 (Figure 3a) at a rate of 0.33 °C/decade (slope: 0.033; R: 0.77). The annual total precipitation also showed fluctuations, with an overall increase (RR ≥ 1 mm) at a rate of 6.7 mm/decade (slope: 0.67; R: 0.3) (Figure 3g). However, the EEMD analysis revealed that all of the IMF components showed multiple fluctuations and clearly oscillated on different time scales.



The amplitudes of the IMF1 components of both the temperature and the PRCPTOT in 1970–1985 were smaller than those in 1986–2017, with variation periods of about 3.3 and 2.8 years, respectively (Figure 3b,h, respectively). The IMF2 component of the temperature had a significantly smaller amplitude in 1990–2010 than in the other periods, over a period of approximately 8.7 years (Figure 3c), whereas the IMF2 component of the PRCPTOT had a significantly smaller amplitude in 1990–2010 than in the other periods, over a period of approximately 6.4 years (Figure 3i). By contrast, the IMF3 component of temperature showed a significant increase in amplitude from the mid-to-late 1990s and then decreased in amplitude in the mid—to-late 2000s, over a period of approximately 13.7 years (Figure 3d). The IMF3 component of the PRCPTOT exhibited greater fluctuation and stronger periodicity than the IMF3 component of temperature, with a significant increase in amplitude starting in the 1990s (Figure 3j); the period was also 13.7 years. The IMF4 component of the temperature changed from the negative to the positive phase in 1994 and had an oscillation period of 48 years (Figure 3e). That of the PRCPTOT was generally in the negative phase from 1983 onward and became significantly smaller in amplitude from the 1990s onward; the oscillation period was 19.2 years (Figure 3k). The temperature and PRCPTOT trends may have reflected periodic oscillations on longer time scales, but they were not decomposed because of limitations in the length of the data. However, the temperature and PRCPTOT tended to increase with time (Figure 3f,l).



To compare the IMF components of the temperature and PRCPTOT and to reveal the essential oscillations of the original series, the variance contributions of the IMF were calculated (Table 2). The IMF1 component of the temperature accounted for 29.7% of the variance, which was the largest contribution, followed by the IMF2 (22.4%). That is, the interannual signal was the main component of the annual temperature variability in our study area. In addition, IMF3 and IMF4 showed periods of 13.7 and 48 years, respectively, on the interdecadal and multidecadal scales; together, they contribute 11.3% of the temperature variation. In addition, the overall trend accounted for 43.8% of the variation. The IMF1 component of the PRCPTOT accounted for 51.9% of the variance, followed by IMF4 (19.2%), IMF3 (15.8%), and IMF2 (9.6%). The interannual signal was also the main contributor to the PRCPTOT variability in our study area. By contrast, on the interdecadal and multidecadal scales, IMF3 and IMF4, with 13.7- and 19.2-year periods, respectively, contributed 19.1% of the PRCPTOT variability. However, the overall trend accounted for only 19.4% of the variance.



Figure 4 shows the oscillation period superimposed on the nonlinear variation. The temperature anomaly (Figure 4a) entered the positive phase in the mid-1990s. For the oscillation period of 8.7 years, below-average temperatures were recorded in 1970–1995, with three cooler and two warmer periods, and above-average temperatures were recorded after 1996, with three warmer periods and two cooler periods. Compared with that of the 8.7-year period, the oscillation amplitude of the 13.7- and 48-year periods was small. In addition, the overall trend of the PRCPTOT changed from negative to positive in the mid-1980s (Figure 4b). Over a period of 19.2 years, the PRCPTOT was below average from 1970 to 1997, and above average from 1998 onward; the oscillations were small in both cases. However, for the 13.7-year period, the PRCPTOT was also below average from 1970 to 1997, with two dry and wet periods. After 1998, the wet and dry periods clearly alternated, with a wet period from 1998 to 2004 and a dry period from 2005 to 2014. For the 6.4-year period, the PRCPTOT was below average overall from 1970 to 1997, but there were three wetter and three drier periods of variability. Thereafter, after a wet period in 1997–2004, there was a shift to a dry period in 2005–2012, with the PRCPTOT increasing again after 2012. In general, although both the temperature and precipitation showed an increasing trend, their oscillation periods differed significantly, indicating that the changes in temperature and precipitation were not completely synchronized.



The annual precipitation in our study area (PRCPTOT) was 505 mm. The average monthly precipitation as a percentage of the annual precipitation is shown in Figure 5. It can be seen that the monthly precipitation was unevenly distributed throughout the year.




3.2. Variation in Precipitation Extremes


Figure 6 shows the annual precipitation extreme indices from 1970 to 2017. The numbers of consecutive dry days (CDD) and consecutive wet days (CWD) exhibited different trends from 1970 to 2017 (Figure 6a,b, respectively). The maximum and minimum values of CDD were 144.4 and 74.3 days, respectively. The average CDD was 91.4 days, with a decreasing trend of −1.4 days/10a. The maximum and minimum values of the CWD were 8.1 and 6.7 days, respectively. The average CWD was 7.5 days, and no clear trend appeared; the rate of increase was only 0.0029 days/10a. The CDD and CWD trends showed decreasing drought intensity and wetter conditions in the study area. The R95P, SDII, R10, and Rx1-day all showed increasing trends, with fluctuation from 1970 to 2017 (Figure 6c–f). The maximum and minimum R95p values were 134.7 and 74.2 mm, respectively. The average R95p was 105.7 days, with a rate of decrease of 4.34 mm/10a. The maximum and minimum SDII values were 7.0 and 5.9 mm/day, respectively. The average SDII was 6.5 days, with a rate of decrease of 0.08 mm/day/10a. The maximum and minimum Rx1-day values were 37.1 and 29.5 days, respectively. The average Rx1-day was 33.5 days, with a rate of decrease of 0.54 mm/10a. The maximum and minimum R10 values were 18.5 and 12.6 days, respectively. The average R10 was 15.0 days, with a rate of decrease of 0.24 day/10a.



To further analyze the nonlinear and periodic variation in the extreme-precipitation indices, an EEMD analysis was performed. The IMF components and oscillation periods of each index are shown in Table 3. The variance contribution of each IMF component was calculated and is also presented in Table 3. All the indices showed quasi-3-year and quasi-6-year interannual variability. The interannual variability was also a major component of each index (IMF1 and IMF2), accounting for 73.9% (CDD), 65.1% (CWD), 68.4% (R95p), 65% (SDII), 70.8% (R10), and 68.2% (Rx1day) of the variance. The quasi-3-year oscillation explains 40%–60% of the variance of each index. These results indicate that the extreme precipitation in the study area was dominated by interannual variability. On a multi-decade time scale, each index exhibited different characteristics. The CDD and R95p exhibited periodic oscillations of 13.7 and 24 years, and periodic oscillations of 13.7 and 19.2 years were found in the R10. The Rx1-day showed oscillations of 16 and 24 years on the interdecadal and multidecadal scales, respectively. The interdecadal periods of the CWD are 12 and 48 years, respectively, whereas the SDII exhibited interdecadal variations with periods of 19.2 and 48 years. Overall, the indices contributed 13.6% (CDD), 7% (CWD), 20.7% (R95p), 21.1% (SDII), 12.5% (R10), and 23% (Rx1-day) of the variance. Note that the 48-year period of the IMF4 components of the CWD and SDII may have been affected by the maximum length of the time series we used, as noted in the literature [62,63].



Figure 7 shows the oscillation period of each extreme-precipitation index superimposed on its nonlinear trend. The CDD anomaly (Figure 7a) entered the negative phase in the mid-to-late 1980s. For the oscillation period of 13.7 years, above-average CDD occurred in 1970–1987, with a dryer period and a wetter period, and below-average CDD occurred after 1987, with two dryer periods and two wetter periods. On the 6-year scale, the oscillation cycle was more volatile, whereas on the 24-year scale, it did not change significantly. The overall decreasing trend indicates a gradual decrease in consecutive dry days. By contrast, the fluctuations on these three scales (Figure 7b) show that the CWD was anomalously negative overall in the 1970s and anomalously positive from 1980 to the mid-1990s. It subsequently became negative and decreased gradually until the end of the 2000s, after which it showed a gradual upward trend. Overall, the trend was upward, indicating that the CWD increased. The changes in the CDD and CWD indicate that the climate in the study area is becoming wetter. The R95p and R10 showed very similar fluctuations on these three scales (Figure 7c,e, respectively); they were anomalously negative overall from 1970 to the mid-1990s, after which they become positive. From 2000 to 2010, they decreased gradually and became negative, after which they showed an upward trend and become positive. Overall, they showed a gradual increase; that is, the amount of extreme precipitation and the number of extreme-precipitation days increased, and the precipitation extremes were greater in the study area. However, the SDII was anomalously negative on these three scales from 1970 to the mid-1990s (Figure 7d), especially on the 7.4- and 19.2-year scales, with a dryer period (below zero) and a wetter period, and was anomalously positive overall thereafter. A dry period and wet period (above zero) occurred on the 19.2-year scale. Similarly, on these three scales, the Rx1-day was anomalously negative overall from 1970 to the late 1990s (Figure 7f), with two partially dry and partially wet periods (below zero) on the same 16-year scale; it was anomalously positive overall thereafter. Overall, the SDII and Rx1-day exhibited an upward trend, indicating that the maximum monthly single-day precipitation and the intensity of the single-day precipitation both increased. Overall, the climate in the study area gradually became warmer and wetter from 1970 to 2000, and the climate fluctuations became more pronounced after 2000, with precipitation and extreme precipitation experiencing a slowing increase.




3.3. Spatial Distribution and Trends of Extreme Precipitation


Figure 8 shows the spatial distribution of the extreme precipitation indices in our study region. The spatial distribution of the CDD (Figure 8a) indicates that the CDD was generally higher in the northern part of the plateau than in the southern part. The lowest CDD was found in the central plateau, and the highest CDD was near Qaidam Basin. The spatial pattern of the CWD showed the opposite distribution, as shown in Figure 8b; the CWD was generally higher in the southern part of the plateau than in the northern part. The lowest CWD appeared near Qaidam Basin. The spatial distribution of the R95p (Figure 8c) showed a gradual increase from north to south on the plateau. The lowest value appeared in the Qaidam Basin, and the highest value appeared on the Yunnan–Guizhou Plateau. The spatial distributions of SDII, R10, and Rx1-day (Figure 8d–f, respectively) were similar to that of R95p. The highest value appeared on the Yunnan–Guizhou Plateau, and the lowest value appeared in the Qaidam Basin. Therefore, Figure 8a–f suggests that precipitation is extremely low in the northern part of the plateau, whereas the southern part of the plateau, especially the Yunnan–Guizhou area, is relatively wet.



The spatial trend of each extreme precipitation index is shown in Figure 9. The CDD exhibited clear spatial heterogeneity (Figure 9a). Overall, most of the stations showed clear changes from 1970 to 2017. The trend was mainly downward on the Qinghai–TP and mainly upward on the Yunnan–Guizhou Plateau. By contrast, the CWD showed the opposite trend in spatial distribution (Figure 9b): primarily upward and downward trends on the TP and Yunnan–Guizhou Plateau, respectively. The overall trend for the R95p (Figure 9c) was upward, although some stations, mainly in the southeastern part of the plateau, showed decreases. Most of the stations showed increases in SDII; only 28 stations scattered across the TP showed overall decreases (Figure 9d). The R10 decreased significantly on the Yunnan–Guizhou Plateau, and most of the stations on the TP showed significant increases (Figure 9e). The Rx1-day increased significantly in much of the study area (Figure 9f), although some of the stations across the study area showed decreases. Overall, most of the stations showed significant changes in the extreme-precipitation indices, with clear differences in spatial distribution. These results also indicate spatial heterogeneity and diversity in extreme precipitation in mountainous areas (plateaus).




3.4. Spatiotemporal Pattern of Extreme Precipitation


The empirical orthogonal function (EOF) was used to analyze the spatial and temporal patterns of extreme precipitation. North’s method [64] was used to test the number of significant orthogonal functions. Figure 10 shows the cumulative variance of the first five EOF eigenvectors of the extreme-precipitation indices. The first five EOFs account for 38.4–66.9% of the total variance. The variance of some of these indices does not make a large contribution to the total, indicating that the extreme-precipitation pattern in the study area is complex. The first two EOFs of each index were selected for analysis. These EOFs and their corresponding principal components therefore also reflect the spatial and temporal structure of the extreme precipitation to some degree.



The spatial patterns of modes 1 and 2 of the PRCPTOT accounted for 24.4% and 13.3% of the total variance, respectively; moreover, these two spatial modes passed the North test [64] (Figure 11). EOF mode 1 clearly showed an anti-phase distribution pattern, with higher PRCPTOT in the southern and northern parts of the plateau and lower PRCPTOT in the central part (Figure 11a). The time coefficient of EOF mode 1 exhibited fluctuations characterized by interannual and intergenerational variation. In addition, it showed a weak upward trend before 2000 and a clear downward trend after 2000 (Figure 11c). This result indicates that EOF mode 1 of the PRCPTOT decreased after 2000. However, EOF mode 2 clearly showed an anti-phase-distribution pattern, with higher and lower PRCPTOT east and west of longitude 100°E, respectively (Figure 11b). The time coefficient of EOF mode 2 also showed interannual and intergenerational variation; it fluctuated before 2000, decreased from 2000 to 2010, and increased significantly after 2010 (Figure 11d). These results indicates that EOF mode 2 of the PRCPTOT began to strengthen in 2000.



The spatial patterns of EOF modes 1 and 2 of the CDD accounted for 14.4% and 7.8% of the total variance, respectively, and passed the North test. They showed a consistent pattern, in which mode 1 exhibited the opposite behavior to mode 2, and they showed negative and positive values overall (Figure 12a,b). The time coefficients of EOF modes 1 and 2 indicate that they were characterized by interannual and intergenerational variation (Figure 13a,b). However, EOF modes 1 and 2 of the CWD accounted for 47.8% and 6.3% of the total spatial variance, respectively, and passed the North test. EOF mode 1 of CWD showed alternating positive and negative values, with no clear regional differences (Figure 12c). The time coefficient of EOF mode 1 showed a clear downward trend after the mid-1990s (Figure 13c). This result indicates that EOF mode 1 of the CWD decreased after the mid-1990s. However, EOF mode 2 showed an anti-phase distribution pattern; it was positive and negative north and south of approximately 32°N, respectively (Figure 12d). The time coefficient of EOF mode 2 of the CWD increased significantly after 2000 (Figure 13d), indicating that this mode began to strengthen in 2000.



The spatial patterns of EOF modes 1 and 2 of the R95p accounted for 11.6% and 8.6% of the total variance, respectively, and passed the North test. EOF mode 1 showed an anti-phase distribution pattern, where it was negative and positive in the southwestern and northeastern parts of the plateau, respectively (Figure 12e). However, EOF mode 2 of the R95p showed alternating positive and negative values, with no clear regional differences (Figure 12f). The time coefficients of modes 1 and 2 were characterized by interannual and intergenerational variation (Figure 13e,f), indicating periodic changes.



The spatial patterns of modes 1 and 2 of SDII accounted for 18.1% and 9.5% of the total variance, respectively, and passed the North test. For mode 1, the negative values were mainly concentrated in the southern part of the TP, and positive values appeared in the central part (Figure 12g). However, for mode 2, the negative values were mainly concentrated in the southeastern part of the study area (Figure 12h). The time coefficient of EOF modes 1 and 2 fluctuated with an upward trend after 2000 (Figure 13g,h), indicating that they began to strengthen after 2000.



The spatial patterns of EOF modes 1 and 2 of the R10 accounted for 17.4% and 10.2% of the total variance, respectively, and passed the North test. For mode 1, the negative and positive values were mainly concentrated south and north of approximately 32°N, respectively (Figure 12i). However, for mode 2, the negative values were mainly concentrated in the southeastern and northeastern parts of the study area (Figure 12j). The time coefficients of EOF modes 1 and 2 of the R10 are shown in Figure 12i and Figure 12j, respectively. That of mode 1 showed a clear downward trend from 1970 to 2000 and increased significantly after 2000 (Figure 13i), indicating that this mode was weak from 1970 to 2000 and became stronger thereafter. However, the time coefficient of mode 2 showed fluctuations with an upward trend (Figure 13j), indicating volatility with overall strengthening after the 1970s.



The spatial patterns of EOF modes 1 and 2 of the Rx1-day accounted for 9.6% and 8.3% of the total variance, respectively, and passed the North test. For EOF mode 1, the negative and positive values were mainly concentrated in the southeastern and northwestern parts of the plateau, respectively (Figure 12k). By contrast, for mode 2, the negative values are concentrated mainly in the southwestern part of the study area, and the positive values are concentrated mainly in the northeastern and southwestern parts of the plateau (Figure 12l). The time coefficient of EOF mode 1 of the Rx1-day showed fluctuations with an upward trend, indicating overall strengthening, and that of EOF mode 2 showed fluctuations with a downward trend, indicating overall weakening (Figure 13k,l). Overall, the spatiotemporal patterns of EOF modes 1 and 2 of each extreme-precipitation index showed significant differences and were not uniform, suggesting that the extreme precipitation in the study area exhibited complex spatiotemporal patterns.




3.5. Correlation between Extreme Precipitation Indices and Their Association with Ocean-Oscillation Factors


Most precipitation indices are related to annual precipitation (PRCPTOT), which is strongly correlated with extreme precipitation [65,66]. To further analyze whether the extreme-precipitation indices selected in our study reflected the annual precipitation and to explore the correlation between the extreme-precipitation indices, the Spearman’s correlation coefficient was calculated.



Table 4 shows the correlations between the extreme-precipitation indices and the PRCPTOT. The Spearman correlation coefficients between the PRCPTOT and R10 exceeded 0.9, and those between the PRCPTOT and R95p, SDII, and Rx1-day exceeded 0.6 (p < 0.01). However, although the PRCPTOT was positively correlated with CWD, with a correlation coefficient of 0.2, and negatively correlated with CDD, with a correlation coefficient of −0.2, neither result was statistically significant.



Therefore, the indices selected in our study (R95p, SDII, R10, and Rx1day) reflect the variation in annual precipitation. The Spearman correlation coefficients between the PRCPTOT (and other indicators), CDD, and CWD were not high. These results indicate that the factors affecting the CDD and CWD were complex in the highland and mountainous areas. In addition, Table 4 shows that there was a statistically significant correlation between the precipitation indices. Overall, the timing of the extreme-precipitation events in the highlands was consistent, with increased total precipitation and increased frequency, intensity, and values of extreme precipitation; the PRCPTOT was most strongly correlated with the R10 and R95p.



To examine the relationship between the extreme-precipitation events and the SST indices, the correlation coefficients between the extreme precipitation in the study area and the various SST indices for the Pacific and Indian oceans during 1970–2017 were calculated, as shown in Table 5. The TIOD was negatively correlated with the PRCPTOT, R95p, SDII, R10, and Rx1-day, but the correlation was significant (p < 0.05) only for the PRCPTOT, with a correlation coefficient of −0.29. It was positively correlated with the CDD and CWD, but the correlations were not statistically significant. The IOBW and CDD were negatively correlated, with a correlation coefficient of −0.34 (p < 0.05), but they were positively correlated with other extreme-precipitation indices; specifically, the relationships with the R95p, SDII, and Rx1day were statistically significant (p < 0.01 or p < 0.05), with correlation coefficients of 0.31, 0.42, and 0.29, respectively. In addition to the negative correlation between the IOWPS and CDD, the IOWPS was positively correlated with other extreme-precipitation indices; significant correlations were found with the CDD (correlation coefficient: −0.36), R95p (0.34), SDII (0.43), and Rx1day (0.32). The PDO and CDD were negatively correlated, with a correlation coefficient of 0.31 (p < 0.05); they were positively correlated with other extreme-precipitation indices, but the correlations were not statistically significant. By contrast, strong positive correlations appeared between the WPWPS and PRCPTOT, R95p, SDII, R10, and Rx1day, with correlation coefficients of 0.40, 0.48, 0.57, 0.38, and 0.48, respectively; all of these correlations were statistically significant. However, the ENSOM was negatively correlated with all the precipitation indices, although the correlation was significant (p < 0.01 or p < 0.05) only for the R95p and Rx1day, with correlation coefficients of −0.29 and −0.4, respectively. By contrast, the SO was positively correlated with all the extreme-precipitation indices, but the correlation was significant only for the CDD and Rx1day (p < 0.05), with correlation coefficients of 0.35 and 0.33, respectively. Note that the correlation coefficients between the SIOD and each extreme-precipitation index were small, and none were statistically significant. These findings suggest that the IOWPS and WPWPS were the most important SST indices affecting the study area. These results also show that the SST anomalies in the Pacific and Indian oceans affected the precipitation and extreme precipitation in the study area.



To further explore the relationship between the SST indices and the precipitation and extreme precipitation in the study area, an EEMD analysis was performed. The IMF components of the SST indices are presented in Table 6. The IMF1 component for each SST index oscillated over a 3-year period; the IMF2 component showed periodic oscillation over a period of 6–10 years, and the IMF3 component shows periodic oscillation over a period of 13–19 years. On the basis of Table 4 and Table 5, we selected the extreme-precipitation index, R95p and the SST indices, IOWP and WPWPS, to further analyze the association between extreme precipitation and SST.



The relationship between the SST indices (IOWP and WPWPS) and extreme precipitation events (R95p) in terms of duration and frequency was determined using continuous wavelet transform (CWT), and the relationships of the IOWP and WPWPS with R95p were investigated using the XWT. Next, the wavelet-transform coherence (WTC) between the two CWTs was used to determine the statistical coherence and confidence in the noise control. The results are shown in Figure 14. The XWT correlation between the IOWP and R95p revealed three significant power bands: a 3–4-year period from 1970 to 1980 (band (1)), a 6–7-year period from 1980 to 1990 (band (2)), and another from approximately 1990 to 2020 (band (3)) at low frequencies. The arrows indicating bands 1 and 2 are very similar and indicate that the two time series were in a positive phase, with a phase difference of 135°. However, the arrow for the third band indicates that the two time series were in a negative phase, with a phase difference of approximately 270° (Figure 14a). The WTC between the IOWP and R95p showed a 2–3-year period around 1990–2000 (Figure 14b), during which the two time series were in a positive phase, with a phase difference of approximately 90°.





4. Discussion


The TPS may be one of the most sensitive regions to current global climate change. There is evidence that climate warming began earlier (early 1950s) in this region than in the Northern Hemisphere (mid-1970s). In addition, extreme precipitation on the TP has reportedly increased in recent years [66,67,68,69,70,71].



These increases have shown large regional differences; annual precipitation fluctuations are slowly increasing in the large central and western regions. The eastern part of the plateau varies from north to south between areas of rapidly intensifying and rapidly weakening precipitation. The intensity and frequency of extreme-precipitation events show similar variation patterns [69]. We found that the temperature on the TPS showed an upward trend, which was more pronounced in the regions with low temperatures than in the regions with high temperatures. In addition, the precipitation and extreme precipitation showed an upward trend. The total extreme precipitation, number of extreme precipitation days, maximum single-day precipitation, and extreme single-day precipitation intensity all showed increasing trends, and each extreme-precipitation index oscillated at different time scales. The extreme-precipitation indices generally showed periods of 3 years, 5–7 years, 2–15 years, 19–24 years, and longer. The quasi-3-year periodic oscillation made the largest contribution to the extreme precipitation, and the extreme-precipitation indices were closely related to each other. These results were similar to those of Feng et al. [72]. Cao et al. [71] noted that summer extreme precipitation in the east–central part of the plateau is generally increasing, except for a decreasing trend in eastern Tibet. In addition, Zhao et al. [68] showed that the amount and frequency of intense summer precipitation on the eastern TP decreased from southeast to northwest, whereas the precipitation intensity increased gradually from south to north. The annual precipitation has increased over most of the TP, as has instability. By contrast, our study found that the PRCPTOT decreased gradually from southeast to northwest; in the northern part of the plateau, rainfall is extremely scarce, and the southern part, especially the Yunnan–Guizhou area, is relatively wet. The spatial distributions of the R95p, SDII, R10, and Rx1-day showed gradual increases from north to south on the plateau. The extreme-precipitation indices at most of the stations showed clear trends, but the spatial distributions clearly varied because of the notable surface heterogeneity of highlands and mountains. Moreover, the EOF analysis showed certain regularities in the spatial patterns of the precipitation and extreme precipitation in the study area, and EOF modes 1 and 2 of each extreme-precipitation index exhibited clear differences, indicating that extreme precipitation is characterized by local clustering. This discrepancy may be attributed to the fact that Zhao et al.’s [68] study focuses on the variability of summer extreme precipitation, whereas our study considers annual-scale precipitation and extreme precipitation. In addition, there are significant seasonal differences in precipitation in the study area, and thus extreme precipitation is not spatially uniform. By contrast, precipitation exhibits complex spatial behavior owing to differences in surface topography [73,74] and the topographic enhancement of precipitation [75]. Precipitation and precipitation variability on the TP are correlated with elevation [76,77], and precipitation and extreme precipitation on the TP vary with elevation [77,78]. These variations produce the complex spatial distribution of extreme precipitation.



The effects of atmospheric circulation on precipitation and extreme precipitation on the TP have been reported [52,72,79]. Increased Indian Ocean SST will increase the Eurasian temperature meridional gradient and thus strengthen the Middle East Jet [80], which can significantly affect the climate in southern Asia and strengthen the trough in the southern TP, further enhancing water-vapor transport from western Asia and the Bay of Bengal to China [81]. The IOD is significantly correlated with flood precipitation on the TP [82]. The Pacific SST anomaly also affects extreme precipitation on the TP [52]. To analyze the effects of SST anomalies on precipitation and extreme precipitation on the TP, four indices (TIOD, IOBW, SIOD, and IOWPS) indicating SST anomalies in the Indian Ocean and four indices (PDO, WPWPS, ENSOM, and SOI) indicating SST anomalies in the Pacific Ocean were selected for analysis. Differences in the Pearson correlation coefficients between the eight SST indices and each extreme-precipitation index in the study area were found. Among them, the IOWPS and WPWPS were the most strongly correlated with each extreme-precipitation index. Further analysis of each SST index by the EEMD method revealed oscillation periods on different scales (3, 6–10, and 13–19 years). These oscillation periods were similar to those of the extreme-precipitation indices in the study area (3, 5–7, 12–15, and 19–24 years). Moreover, the CWT analysis of the relationships of the IOWPS and WPWPS with the R95p confirmed this result, although the periods were not completely synchronized. The timings of the extreme-precipitation events generally lagged behind those of the SST anomalies. These results indicate that ocean-anomaly signals can be transmitted or stored by complex ocean dynamics and thermal processes, as well as tropical SST anomalies influencing regional climate changes through atmospheric bridging effects [81,83,84,85]. Further in-depth studies are needed on the mechanism of the effect of SST anomalies in the Pacific and Indian oceans on extreme precipitation in the study area.




5. Conclusions


To study the trends, patterns, and relationship with the oceanic oscillation factors of extreme precipitation on the Tibetan Plateau and its surrounding areas, the observation data of 113 meteorological stations from 1971 to 2017 were used. The main findings were as follows:



(1) Precipitation and extreme precipitation do not exhibit simple linear increases with increasing temperature. The total extreme precipitation, number of extreme-precipitation days, maximum single-day precipitation, and extreme single-day precipitation intensity all showed fluctuations with an overall increase. The quasi-3-year oscillation made the largest contribution to the extreme precipitation, the climate gradually became warmer and wetter from 1970 to 2000, and the climate fluctuations became more pronounced after 2000, with precipitation and extreme precipitation exhibiting a decelerating increase.



(2) The R95p, SDII, R10, and Rx1day increased gradually from north to south on the plateau. Most of the stations experienced significant variation in the extreme precipitation indices, and the spatial distributions showed clear differences. The extreme precipitation in the mountainous areas showed spatial heterogeneity and diversity.



(3) The spatiotemporal patterns of EOF modes 1 and 2 of each extreme-precipitation index showed significant differences and were not spatiotemporally uniform, but showed local clustering.



(4) The SST-index oscillation periods are similar to those of the extreme precipitation indices in the study area (3, 5–7, 12–15, and 19–24 years). The IOWPS and WPWPS were most strongly correlated with the extreme-precipitation indices, and the timings of the extreme-precipitation events lagged behind those of the SST anomalies.
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Figure 1. Spatial distribution of meteorological observation stations. 
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Figure 2. Spatial changes in temperature and precipitation (PRCPTOT) ((a) annual average temperature; (b) trend in average temperature; (c) annual average PRCPTOT; (d) trend in PRCPTOT). 
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Figure 3. The series of the temperature (a) and PRCPTOT (g), the EEMD-base IMFs (temperature: (b–e); PRCPTOT: (h–k)), and the extracted trend (temperature: (f); PRCPTOT: (l)). 
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Figure 4. The trends of annual temperature and annual PRCPTOT multi-scale periodic oscillations ((a): temperature and; (b): PRCPTOT). 






Figure 4. The trends of annual temperature and annual PRCPTOT multi-scale periodic oscillations ((a): temperature and; (b): PRCPTOT).



[image: Water 14 02509 g004]







[image: Water 14 02509 g005 550] 





Figure 5. Distribution of annual average precipitation. 
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Figure 6. The variation in the trends in precipitation extremes from 1970 to 2017 ((a) CDD; (b) CWD; (c) R95p; (d) SDII; (e) R10; (f) RX1-day). 
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Figure 7. The trends of annual temperature and annual PRCPTOT multi-scale periodic oscillations ((a) CDD; (b) CWD; (c) R95p; (d) SDII; (e) R10; (f) RX1-day). 
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Figure 8. The spatial distribution of extreme-precipitation indices ((a) CDD; (b) CWD; (c) R95p; (d) SDII; (e) R10; (f) RX1-day). 
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Figure 9. The spatial change trends of each extreme-precipitation indices ((a) CDD; (b) CWD; (c) R95p; (d) SDII; (e) R10; (f) RX1-day). 
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Figure 10. The cumulative contribution of first five EOF modes to extreme-precipitation indices. 
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Figure 11. Spatio-temporal patterns of EOF 1 and 2 in PRCPTOT from 1970 to 2017. (a) EOF mode 1 of the PRCPTOT; (b) EOF mode 2 of the PRCPTOT; (c) The time coefficient of EOF mode 1 of PRCPTOT; (d) The time coefficient of EOF mode 2 of PRCPTOT. 
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Figure 12. Spatial patterns of EOF 1 and 2 in extreme precipitation indices from 1970 to 2017. 






Figure 12. Spatial patterns of EOF 1 and 2 in extreme precipitation indices from 1970 to 2017.



[image: Water 14 02509 g012]







[image: Water 14 02509 g013 550] 





Figure 13. Time coefficients of EOF 1 and 2 in extreme-precipitation indices from 1970 to 2017. 
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Figure 14. Cross wavelet spectra for the STT and R95p (The thick black contours depict the 5% confidence level of local power relative to orange noise, and the black line is the cone of influence. The arrow indicates the difference in phase between the two series. If the arrows are pointing to the right, it indicates that the two time series were in phase, while arrows pointing toward the left mean the time-series are in anti-phase. The up and down arrows indicate that the phases of the two time series differ by 90° (advance or delay, or a 1/4 phase)). 
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Table 1. Definitions of the precipitation indices.
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ID

	
Indicator Name

	
Definitions

	
Units






	
Duration indices




	
CDD

	
Consecutive dry days

	
Maximum number of consecutive days with RR < 1 mm

	
day




	
CWD

	
Consecutive wet days

	
Maximum number of consecutive days with RR ≥ 1 mm

	
day




	
Absolute indices




	
RX1 day

	
Max 1-day precipitation amount

	
Monthly maximum 1-day precipitation

	
mm




	
SDII

	
Simple daily intensity index

	
Annual total precipitation divided by the number of wet days (defined as PRCP ≥ 0 mm) in the year

	
mm/day




	
PRCPTOT

	
Annual total wet-day precipitation

	
Annual total PRCP in wet days (RR ≥ 1 mm)

	
mm




	
Threshold indices




	
R10

	
Number of heavy Precipitation days

	
Annual count of days when PRCP ≥ 10 mm

	
day




	
Percentile-based threshold indices




	
R95p

	
Very wet days

	
Annual total PRCP when RR > 95th percentile

	
mm
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Table 2. Periods and their variance contributions to various time-scale components of annual temperature and precipitation (PRCPTOT).
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IMF1

	
IMF2

	
IMF3

	
IMF4

	
Trend






	
Temperature

	
Period/year

	
3.3

	
8.7

	
13.7

	
48

	




	
contribution/%

	
29.7

	
15.2

	
2.4

	
8.9

	
43.8




	
PRCPTOT

	
Period/year

	
2.8

	
6.4

	
13.7

	
19.2

	




	
contribution/%

	
51.9

	
9.6

	
15.8

	
3.3

	
19.4
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Table 3. Periods and their variance contributions to various time-scale components of the extreme-precipitation indices.
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IMF1

	
IMF2

	
IMF3

	
IMF4

	
Trend






	
CDD

	
Period/year

	
2.9

	
6

	
13.7

	
24

	




	
contribution/%

	
60.7

	
13.2

	
10.7

	
1.8

	
13.6




	
CWD

	
Period/year

	
2.6

	
5.6

	
12

	
48

	




	
contribution/%

	
46.8

	
18.3

	
11.5

	
16.4

	
7




	
R95p

	
Period/year

	
2.7

	
6.5

	
13.7

	
24

	




	
contribution/%

	
46.7

	
21.7

	
9.7

	
1.2

	
20.7




	
SDII

	
Period/year

	
3.4

	
7.4

	
19.2

	
48

	




	
contribution/%

	
43.6

	
21.4

	
12.4

	
1.5

	
21.1




	
R10

	
Period/year

	
3

	
5.4

	
13.7

	
19.2

	




	
contribution/%

	
54.7

	
16.1

	
14.7

	
1.9

	
12.5




	
RX1day

	
Period/year

	
3

	
6.4

	
16

	
24

	




	
contribution/%

	
55.2

	
13

	
7

	
1.8

	
23
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Table 4. Correlation coefficients of precipitation indices in study.
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	PRCPTOT
	CDD
	CWD
	R95p
	SDII
	R10
	RX1day





	PRCPTOT
	1.00
	−0.20
	0.20
	0.87 **
	0.70 **
	0.97 **
	0.72 **



	CDD
	−0.20
	1.00
	−0.11
	−0.12
	−0.03
	−0.17
	−0.10



	CWD
	0.20
	−0.11
	1.00
	0.24
	0.14
	0.24
	0.25



	R95p
	0.87 **
	−0.12
	0.24
	1.00
	0.86 **
	0.83 **
	0.84 **



	SDII
	0.70 **
	−0.03
	0.14
	0.86 **
	1.00
	0.71 **
	0.71 **



	R10
	0.97 **
	−0.17
	0.24
	0.83 **
	0.71 **
	1.00
	0.66 **



	RX1day
	0.72 **
	−0.10
	0.25
	0.84 **
	0.71 **
	0.66 **
	1.00







** Significant at the 0.01 level.
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Table 5. The Spearman’s correlation coefficient values between precipitation extremes and SST indices.
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	T I O D
	I OBW
	SIOD
	IOWPS
	PDO
	WPWPS
	ENSOM
	SOI





	PRCPTOT
	−0.29 *
	0.23
	0.03
	0.27
	0.01
	0.40 *
	−0.25
	0.24



	CDD
	0.23
	−0.34 *
	0.07
	−0.36 *
	−0.31 *
	−0.13
	−0.18
	0.35 *



	CWD
	0.01
	0.05
	−0.04
	0.06
	0.13
	0.01
	−0.25
	0.12



	R95p
	−0.26
	0.31 *
	−0.12
	0.34 *
	0.08
	0.48 *
	−0.29 *
	0.17



	SDII
	−0.20
	0.42 **
	−0.22
	0.43 **
	0.05
	0.57 **
	−0.21
	0.14



	R10
	−0.26
	0.20
	0.02
	0.24
	0.03
	0.38 *
	−0.20
	0.23



	RX1DAY
	−0.22
	0.29 *
	−0.04
	0.32 *
	−0.08
	0.48 **
	−0.40 **
	0.33 *







* Significant at the 0.05 level; ** Significant at the 0.01 level.
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Table 6. Periods and their variance contributions to various time-scale components of ocean oscillations factors.
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IMF1

	
IMF2

	
IMF3

	
IMF4

	
Trend






	
TIOD

	
Period/year

	
3.3

	
6

	
16

	
48

	




	
contribution/%

	
80.6

	
12.3

	
2.1

	
0.6

	
4.5




	
SIOD

	
Period/year

	
3.2

	
6.4

	
10.7

	
48

	




	
contribution/%

	
53.3

	
36.3

	
5.8

	
1.6

	
3




	
IOBW

	
Period/year

	
3.3

	
6.9

	
16

	
24

	




	
contribution/%

	
28.4

	
8.7

	
2.7

	
0.6

	
59.5




	
IOWPS

	
Period/year

	
3.7

	
7.4

	
16

	
48

	




	
contribution/%

	
32.8

	
7.6

	
3.6

	
1.8

	
54.2




	
PDO

	
Period/year

	
3.7

	
9.6

	
19.2

	
32

	




	
contribution/%

	
31.2

	
26.8

	
8.1

	
19.7

	
13.7




	
WPWPS

	
Period/year

	
3

	
9.6

	
16

	
48

	




	
contribution/%

	
10.6

	
2.3

	
3.9

	
0.9

	
82.3




	
ENSO-M

	
Period/year

	
3

	
10.7

	
13.7

	
32

	




	
contribution/%

	
40

	
51

	
5.4

	
1

	
5.6




	
SOI

	
Period/year

	
3

	
8.7

	
12.4

	
48

	




	
contribution/%

	
60.5

	
21.5

	
4.6

	
6.3

	
7
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