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Flooding of downstream agricultural fields and cities is normally caused by consecutive days of extreme precipitation in upstream areas. As climate change is widely projected to accelerate the hydrological cycle, concerns about the increase in frequency and intensity of extreme precipitation arise. The present study used Pattern Scaling coupled with Generalized Extreme Value (GEV) distribution to calculate changes in multi-day extreme precipitation in the North Central Vietnam in 2050, 2070, and 2090 under three AR5’s Representative Concentration Pathways RCP2.6, RCP6.0 and RCP8.5. Twenty long-term historical observation stations in the study area with daily data mostly date back to more than 50 years were employed and 5-day maximum total precipitation was analyzed. The results reveal an agreement among the employed GCMs on an increase in the intensity and a shortening of the return periods of extreme precipitation, with the most reinforced trend occurring under RCP8.5, followed by RCP6.0 and then RCP2.6. This indicates that the risk of associated floods is likely to increase, especially under higher RCPs. Therefore, planning and decision making of durable infrastructure along with flood mitigation strategies to cope with such events are recommended.
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INTRODUCTION
Extreme precipitation (EP) is the major cause of floods, erosion and landslides, which result in severe damages to agriculture and infrastructures. It has been reported that during the past century, there has been a significant increase in extreme precipitation events; and more notably, in many regions, especially mid-latitude regions, increases in annual heavy precipitation events were disproportionate compared to changes in mean values (IPCC, 2013). For instance, in the United States, the frequency of extreme precipitation events since the 1920s/1930s was found to sizably increase (Kunkel, 2003). In Germany, an analysis of precipitation observed during 1901–2000 shows that climate was getting more extreme in the winter during this period (Tromel and Schonwiese, 2007). A similar finding was reported by Zolina et al. (2008), and that a positive linear trend in heavy precipitation was found not only for winter but also for spring and autumn since 1950. Significant increases in Evapotranspiration (ET) were also observed in different regions of China in the second half of the 20th century, including its western part, the middle and lower Yangtze River basin, and its southeast coastal part (Zhao et al., 2014).
Although observations have shown significant increases in extreme precipitation and it is widely acknowledged that extreme climate events in general and ET in particular potentially produce greater impacts on the society and environment than a shift in average values (IPCC, 2007), less attention has been paid to their future changes, especially at regional and local scales. This may be due to the lack of an effective method. To date, General Circulation Model (GCM) is still the most common tool for the simulation and prediction of climate change in large scales. However, because the spatial resolution of GCMs is generally low so that it is not appropriate to directly use their output for local scale, especially for extreme precipitation because extreme precipitation is a much localized phenomenon (Ye and Li, 2011). In order to overcome the shortcoming of coarse spatial resolution of GCMs, the downscaling approaches, including dynamical downscaling and statistical downscaling have been introduced and have become widely used in research (IPCC, 2001). The dynamic method refers to the use of Regional Climate Models which utilize large scale and lateral boundary conditions of GCMs to generate finer spatial resolution outputs; while in the statistical method, a statistical relationship between the observations of large scale variables and that of a local variable is used for the calculation of the local variable in the future from the GCM output (Trzaska and Schnarr, 2014). The use of downscaling in climate research became widespread in the early 1990s (Wilby and Wigley, 1997). In Europe during the 1990s, the Dutch Meteorological institute (KNMI) and the Danish Meteorological institute (DMI) built the Regional Atmospheric Climate Model (RACMO) based on the High Resolution Limited Area Model (HIRLAM). Another related regional climate model called HIRHAM established in 1992 (Christensen et al., 1996), which was based on a subset of the regional HIRLAM and global ECHAM models (Roeckner et al., 2003), combining the dynamics of the former with the parameterization schemes of the latter. Other regional models include Weather Research and Forecasting (WRF) and the HadRCM3 at the United Kingdom. Hadley Centre, and RCA from the Swedish Rossby Centre. In North America, the North American Regional Climate Change Assessment Program (NARCCAP) was established with the efforts to produce high-resolution climate change simulations for the North American region, and in 2004, it launched experiment 0.0 and 0.1 to compare (among other things) temperature and precipitation from the models with observations. In Asia, the Regional Climate Model Intercomparison Project (RMIP) (Fu et al., 2005) was established to examine and compare different climatological drivers to those of its American and European counterparts. The drivers in question included the Asian monsoon and the effect of the Tibetan Plateau on the large-scale flows crossing the Eurasian continent. In recent years, numerous studies applied downscaling was conducted (such as Rummukainen, 2010; Maraun et al., 2010; Gutiérrez et al., 2013; Trzaska and Schnarr, 2014). For extremes, most of the past work on extremes and their dependency on climate change has involved RCMs or empirical-statistical downscaling (ESD), using some index representing extremes (e.g., STARDEX). ESD-based approaches can involve a number of different methods and may be set up to estimate parameters of the probability distribution function describing the local climate. However, some methods may not be well suited for downscaling extremes because they are unable to prescribe values outside the historical sample on which it is trained. According to Deser et al. (2012), from an analytics perspective, it will become possible to derive better information about extreme events, especially if ensembles of GCMs increase in size, their resolution is improved, the range of natural variability is better represented, and improved tools use the latest statistical methods, and hence attribute probabilities. In short, although downscaling methods are able to provide outputs which can be used for a local scale, they require either extensive computational power or a huge number of observations.
The present study predicts changes in future multi-day extreme precipitation using both the result of climate models through the application of Simple Climate Model so-called pattern scaling method and the trend of historical extreme precipitation using Generalized Extreme Value (GEV) distribution. Pattern scaling method was first introduced by Santer et al. (1990) with the assumption that the local response of a climate variable is linearly related to the global mean temperature change, with the geographical pattern of change independent of the forcing. Spatial features of the externally forced change, standardized by global average temperature warming, were estimated on the basis of 2xCO2 equilibrium simulations by mixed-layer ocean GCMs. These patterns were assumed to remain stable also during a transient simulation where the main external forcing is an increase in well-mixed greenhouse gases. These common features explain a large portion of the variability of the externally forced changes in temperature and precipitation over time and across scenarios within a given model. Pattern scaling has been widely used, its application therefore has a rich literature. Ruosteenoja et al. (2007), Watterson (2008), Giorgi (2008), Harris et al. (2010), Cabre et al. (2010), and Watterson and Whetton (2011) used pattern scaling to produce regional climate change projections, and Dessai et al. (2005) and Fowler et al. (2007) used pattern scaling for impact studies. Although limitations of this method have been found, such as it was less accurate for strongly mitigated stabilization scenarios (May, 2012) or it needs to be modified if future scenarios include significant changes over time in the strength of regional sources of pollution (May, 2008), many model experiments have shown that precipitation patterns scale linearly with global average temperature to a good degree of accuracy (Neelin et al., 2006; Shiogama et al., 2010), and that pattern scaling method is accurately applicable for climate change projection in general and precipitation projection in particular. Meanwhile, GEV distribution is a continuous probability distribution evolved within extreme value theory and is used as an approximation to model the maxima of long or finite sequences of random variables. The use of GEV distribution in extreme precipitation analysis and prediction is well documented. For instance, Rahmani et al. (2014) used GEV (Weibull type) distribution to calculate the extreme precipitation frequency in Kansas and the adjacent states in the United States. Xia et al. (2012) and Du et al. (2014) used (GEV) and Generalized Pareto distribution (GPD) to study the historical extreme precipitation frequency and its spatio-temporal variations in Haihe and Huaihe river basins of China. Benyahya et al. (2014) compared GEV with other four probability distributions (Generalized Logistic, Weibull, Gamma, and Lognormal) to identify the appropriate methods providing the most accurate seasonal maximum precipitation in southern Quebec of Canada. Rahman et al. (2013) investigated the suitability of GEV and other different probability distributions based on large Australian annual maximum flood datasets. In the Netherlands, most previous studies applied the GEV model to climatological statistics to describe the monthly and annual distribution of precipitation maxima (such as Buishand et al., 2009; https://www.sciencedirect.com/science/article/pii/S2212094716300433, Hanel and Buishand, 2010; Overeem and Buishand, 2012). It was found that the monthly variation generated by the GEV distribution model contains information about return levels (Rust et al., 2009). Previous studies have shown that GEV distribution is appropriate for extreme precipitation prediction, especially for the greatest values. According to Kharin et al. (2007) because it is impossible to collect observations for future climate conditions, using the GEV is a step to verify if a particular climate model can be used to assess potential effects of climate change on future extreme weather events.
In Vietnam, extreme precipitation is a serious concern due to its direct and indirect effects (through flooding, erosion and landslides) on agriculture, socio-economic activities and human life. Efforts have been made in analysis and prediction of extreme precipitation locally and nationally. Ho et al. (2011) studied extreme climatic events, including hot days, cold nights and heavy rainfall days in seven climatic sub-regions in Vietnam, based on historical observed data (1961–2007) and climate projections of the International Center for Theoretical Physics regional climate model version 3 (RegCM3). Extremes of each sub-region detected from the simulation of RegCM3 for the baseline period 1980–1999 were applied to the projection in the years 2001–2050, based on the IPCC SRES A1B and A2 scenarios, to reveal the changing trend of extremes in the future. The RegCM3 projections indicate that, the rainy season heavy rainfall events tend to decrease for allsub-regions except for two, in northwest and south-central Vietnam. Strong opposite projected changes in precipitation extremes over the southern half of Vietnam seem to be linked to changes in southwesterly air flow from the Bay of Bengal and the number of strong tropical cyclones coming from the South China Sea and the NW Pacific. Raghavan et al. (2017) applied a systematic ensemble high resolution climate modeling to study extreme precipitation over Vietnam using the PRECIS model developed by the Hadley Center in United Kingdom. The PRECIS model simulations were conducted at a horizontal resolution of 25 km for the baseline period 1961–1990 and a future climate period 2061–2090 under scenario A1B. The annual cycles and seasonal averages of precipitation over different sub-regions of Vietnam show the ability of the model in reproducing the observed peak and magnitude of monthly rainfall. The climate extremes of precipitation were also fairly well captured. Projections of future climate show both increases and decreases in the mean climate over different regions of Vietnam. The analyses of future extreme rainfall using the STARDEX precipitation indices show an increase in 90th percentile precipitation (P90p) over the northern provinces (15–25%) and central highland (5–10%) and over southern Vietnam (up to 5%). The total number of wet days (Prcp) indicates a decrease of about 5–10% all over Vietnam. Consequently, an increase in the wet day rainfall intensity (SDII), is likely inferring that the projected rainfall would be much more severe and intense which have the potential to cause flooding in some regions. Risks due to extreme drought also exist in other regions where the number of wet days decreases. In addition, the maximum 5 days consecutive rainfall (R5d) increases by 20–25% over northern Vietnam but decreases in a similar range over the central and southern Vietnam. Nam et al. (2015) assessed the near future (2,026–2,035) changes in extreme rainfall over Vietnam using projections by four high resolution multi-model belonging to the Coupled Model Intercomparison Project phase five, as compared to the baseline period (1979–2003). Results (ensemble mean) show that the highest precipitation amount in 3-day period and total precipitation on very wet days will greatly increase in the near future climate with larger increases in the northwest and southwest. Meanwhile, the highest precipitation amounts in one-and consecutive 5-day tend to be slightly increasing.
The application of GEV distribution and pattern scaling method in the present study for the North Central Region of Vietnam is a new method applied in Vietnam, and its result is expected to present another outlook of the future precipitation extreme in the studied region.
MATERIALS AND METHODS
The Study Area and Data
The area selected for this study is the Lower Ca River Basin (LCRB) (17o50'N-20o50'N, 103o14'E-106o10'E), which is one of the largest river basins in Vietnam. The LCRB is situated in the North Central Region with a basin area of 17,730 km2, covering the entire Provinces of Nghe An and Ha Tinh and a part of Nhu Xuan District of Thanh Hoa Province. The North Central Region in general and the LCRB in particular is well-known as a hotspot of flooding in Vietnam due to high frequency and severity of floods in the region. Geographic location of the LCRB is shown in Figure 1.
[image: Figure 1]FIGURE 1 | Geographic location of the LCRB and meteorological stations in the basin.
Located in a tropical monsoon region, climate of the LCRB is characterized by two distinct seasons: rainy season (May to October) and dry season (November to April of the next year). The rainy season is hot and humid with temperature up to more than 42°C and humidity up to 95% around June and July, while the dry season is cold and dry with the lowest temperature dropping to 0oC around January. Precipitation in the LCRB is abundant, but is seasonally and spatially uneven distributed (Giang et al., 2014; OECD, 2020). According to data of 20 gauges recorded from the 1960s to date, annual precipitation in the basin was mostly more than 1,000 mm, and exceeded 4,000 mm in some wet years. Mean annual precipitation for the observation period (mostly 1960–2018) varies from 1,200 mm to 2,800 mm depending on the weather station, with an average of approximately 2,000 mm. Precipitation was found to have an increasing trend from north-west to south-east direction, with all of 10 gauges in the North of Vinh (S11) having mean annual precipitation below 2,000 mm and eight of nine gauges in the South of Vinh having mean annual precipitation above 2,000 mm (Except for S14, which has mean annual precipitation of 1,974 mm) (Table 1). During the observation period, there were some very wet years, of which historic extreme precipitations and historic floods were recorded; they are 1978, 1988, 1989, 1991, and 2010. The highest annual precipitation in the basin was 4,391 mm (in 1988 at S16) and the highest daily precipitation was 788.4 mm, recorded on September 27, 1978 at S9. Although the basin receives a high amount of precipitation annually, more than 80% of precipitation is in the wet season, and 80% of this amount fall in the flood months which typically lasts from August to October. This seasonal uneven distribution of precipitation is the main factor causing annual floods and droughts in the basin.
TABLE 1 | List of meteorological stations used in this study.
[image: Table 1]An analysis of historical rainfall and flood data shows that in the study area, on average, the number of days from it starts raining till floods reach the peak level is 5 days. The present study therefore calculated the change of the maximum consecutive 5-days precipitation, which is defined as five-day extreme precipitation in this study.
In this study, twenty long-term historical observation stations in the LCRB with daily data mostly date back to more than 50 years were employed. The observed daily station data was firstly aggregated for every five consecutive days to construct a five days total precipitation time series and five-days maximum total precipitation was analyzed. The volume resolution of 24-h precipitation is 0.1 mm and there is missing data at three stations: S10 (missing June- December, 1981), S12 (missing 1967) and S19 (missing 1967 and 1968).
Methods
The present study applied Generalized Extreme Value (GEV) distribution for extreme precipitation analysis. GEV distribution is a continuous probability distribution evolved within extreme value theory and is used as an approximation to model the maxima of long or finite sequences of random variables. It is parameterized with the three parameters: Shape parameter (γ), location parameter (μ) and scale parameter (σ), and is presented by the following functions:
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and
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where μ ∈ R and σ > 0. The shape parameter γ determines the type of GEV distribution. There are three types of distribution called Fréchet, Gumbel, and Weibull corresponding to γ < 0, γ = 0, and γ > 0, respectively.
The three parameters of GEV distribution (i.e. σ, μ, and γ) can be estimated by different approaches depending on the object investigated. In hydrology and climatology, an approach known as Probability Weighted Moments (PWM) (Greenwood et al., 1979; Landwehr et al., 1979; Hosking et al., 1985) is widely used. Thus, in this study, GEV function parameters for the GCM baseline and future periods were estimated using the PWM method for each GCM grid (x,y). The change of extreme precipitation in a future period compared to the baseline period corresponding to a specific return period (the estimated time interval between precipitation events of a similar intensity) T is determined as:
[image: image]
Where PT(xy) is baseline extreme precipitation value for the grid (xy) attainted from applying GEV function to GCM simulation for the baseline period. In IPCC AR5, the baseline period is 1986–2005, centered by 1995 (Collins et al., 2013). PTFR(xy) is projected precipitation value for the future year F under Representative Concentration Pathway R for the same grid. The future year F is the central year of a projected period (20 years in principle).
As global warming is driven by increased radiative forcing, the Pattern Scaling method applied in this study can be described as: for a given PT, its anomaly ΔP*T in future year (F) under Representative Concentration Pathway R for grid (x,y) can be derived as:
[image: image]
where ΔCF is the difference between annual global mean temperature in future year F and that of the baseline period derived from applying the Model for the Assessment of Greenhouse-gas Induced Climate Change (MAGICC) (Wigley, 2008); and ΔP'T(xy) is the change rate of PT at grid (x,y) in response to that change of annual global mean temperature.
Pattern scaling method assumes that, for a given GCM, ΔP'T(xy) can be obtained from any simulation run of that GCM. Practically, however, such a homogeneous result seldom happens for given available GCM data. This may be due to the GCM simulation period of 20 years is not long enough to obtain ΔP'T(xy) with sufficient statistical significance. Another possible reason would be that the change rate of precipitation PT does not have a linear relationship with the annual global temperature change in nature. In fact, in order to obtain more accurate predictions of future climate, deeper studies of the relationships between the change rate of climate variables and the global mean temperature changes are in need. However, such further studies require extensive experiments with purposely designed input and outputs of GCM simulation, which cannot be obtained by current technologies. Nevertheless, according to Ruosteenoja et al. (2007), error of pattern-scaling method in constructing regional climate projections for extreme events seems to be not very large. Thus, if pattern scaling method is applied for calculating ΔP'T(xy) for a given GCM, in order to reduce the effects of the GCM internal variability from different RCPs and time periods when calculating ΔP'T(xy), it is desirable to take into the calculation all available GCM outputs. Mitchell (2003) and Ruosteenoja et al. (2007) recommended a least squares regression method as follows:
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where m is the number of simulation periods from a GCM and n is the number of Representative Concentration Pathway. For a given baseline extreme precipitation value PT, a spatial ΔP'T was calculated by applying Eq. 5 to each GCM grid (x,y). After that, ΔP*T can be determined from Eq. 4 with a given ΔCF, and the future extreme precipitation value for grid (xy) can be determined by the following equation:
[image: image]
where POT(xy) is the observed extreme value with return period T.
To establish the GEV function for a future year F, ΔPT(xy) was calculated for seven different return period (i.e., 2, 5, 10, 20, 50, and 100 years) based on Eq. 6. Then, the Levenberg-Marquardt algorithm developed by Press et al. (1997) was applied to fit the seven extreme values to GEV function in order to calculate the GEV function parameters. It should be noted that although the same GEV function parameters were applied to all selected GCMs, the change pattern of extreme precipitation for the same region (or more precisely for the same GCM grid) may vary among GCM simulations due to inter-model uncertainty. To quantify the widest possible range of uncertainties, large ensembles of GCM predictions are needed. The quantified uncertainty range is helpful information for proposing proper countermeasure for tackling future climate change impact.
In the present study, fourteen GCMs from the Coupled Model Intercomparison Project phase five (CMIP5) archive (which is also the data source for IPCC AR5 climate change projections) were employed. The selection of GCMs was principally based on the spatial resolution of the GCMs. In each GCM family, only one GCM with highest resolution was selected. In the case there were two or more GCMs with the same resolution, the latest GCM was selected. A list of GCMs employed is presented in Table 2.
TABLE 2 | List of GCMs used in this study.
[image: Table 2]RESULTS AND DISCUSSION
Change in the Intensity of Extreme Precipitation Events
To investigate the spatial variation of change of extreme precipitation, ensemble median of all fourteen GCMs listed in Table 1 was carried out for all twenty local stations in the studied basin. Employing multiple ensemble members helps to reduce bias prediction of each single member GCM. Results reveal increases in precipitation extremes in the future time periods (2050, 2070, and 2090) relative to the baseline scenario (1986–2005) under all the three RCP pathways, but with a divergent pattern depending on the RCP and the return period (Figure 2). Among the three scenarios, extreme precipitation increases the most under RCP8.5, followed by RCP6.0 and increases the least under RCP2.6 for all return periods. Both RCP6.0 and RCP8.5 show an upward trend throughout the projection period but the increment is steadier under the higher RCP. The low RCP2.6 pathway shows a downward trend in the increase of the extreme precipitation from 2050 forward. The trend is steady from 2050 to 2070 but becoming almost balance at around 1.0% from 2070 to 2090. Overall, it can be seen that the predictions of the three RCP pathways diverge with time, with smaller differences in 2050 and largest differences in 2090. The projections discussed above correspond with the characteristics of the RCP pathways, which show similar levels of greenhouse gas emission in early 21st century, and then the emission becomes to diverge: RCP8.5 drives a sharp increase overtime, RCP6.0 drives a moderate increase till the end of the 21st century while RCP2.6 drives a moderate increase till halfway through the century, peaks around 2050 and declines thereafter. The correspondence between predicted future mean monthly/annual temperature and precipitation to emission scenarios has been reported by a number of studies applying Special Report on Emissions Scenarios (SRES) scenarios (IPCC, 2000) for different regions in the world such as United States (Liu et al., 2012), Spain (Ribalaygua et al., 2013), and Southeast Asia (Giang et al., 2014). For RCP pathways, because these scenarios were very recently adopted by the IPCC (Collins et al., 2013), little research applying them for extreme climates in general and extreme precipitation in particular has been published. However, the characteristic of extreme precipitation change under RCP scenarios may vary. Ahn et al. (2016) found that future extreme precipitation over South Korea, neither the mean value nor frequency had a significant trend such as temperature response to radiative forcing under RCP4.5 and RCP8.5. In contrast, findings of Saeed et al. (2013) show that future extreme precipitation over the greater Congo region in Africa could change prominently, led by RCP8.5, then RCP4.5 and then RCP2.6. Similar behavior was found by Janssen (2013) for precipitation in the United States under RCP4.5 and RCP8.5: the higher the RCP, the more prominent change is expected for both intensity and frequency. These findings point to the fact that a region may differ from another in the sensitivity to the radiative forcing which varies in the RCPs, as indicated in Shindell et al. (2012). To our knowledge, however, no research has been published for multi-day extreme precipitation, which is focused in the present study.
[image: Figure 2]FIGURE 2 | Spatial variability of change in future 5-day extreme precipitation under the ensemble scenario corresponding to different return periods: T = 2 years (A), T = 5 years (B), T = 10 years (C), T = 20 years (D), T = 50 years (E), and T = 100 years (F). Figure presents data of 20 stations.
It is noticeable that spatial variability of extreme precipitation also consistent with the temporal change: The variability increases with time under RCP8.5 and RCP6.0 but decreases with time under RCP2.6, although the variability under RCP2.6 is very small. In addition, the higher the RCP, the greater the spatial variability it produces. For instance, the increase of the total 5-days precipitation with T = 2 ranges between 11.96 and 17.35% (standard deviation Std = 1.72%) in 2050, 18.21–26.47% (Std = 2.65%) in 2070, and 24.32–35.55% (Std = 3.59%) in 2090 under RCP8.5. Under RCP6.0 it ranges between 5.82 and 8.46% (Std = 0.84%) in 2050, 7.99–11.59% (Std = 1.15%) in 2070, and 10.25–14.87 (Std = 1.47%) in 2090, meanwhile under RCP2.6 it ranges between 2.49–3.63% (Std = 0.36%), 1.02–1.49% (Std = 0.15%), and 0.92–1.34% (Std = 0.15) in 2050, 2070, and 2090, respectively.
Interestingly, comparison among the return periods, it is clear that spatial variability of smaller extremes (closer to the lower tail) and greater extremes (closer to the upper tail) is greater than medium extremes. More specifically, the variability starts highest for T = 2, but then reduces for T = 5, and reduces more for T = 10. However, after T = 10 it starts to rise for T = 20, rise more for T = 50, and then more so for T = 100. This characteristic occurs under all the three pathways, although under RCP2.6, the difference among the return periods is very small. This characteristic can be explained by the characteristic of GEV distribution. When fitting data to GEV distribution, the uncertainty is often largest at its tails, in other words, medium extremes are usually most fitted to the distribution while small extremes and large extremes are often lie farther from the GEV curve. This leads to variability in GEV values among local datasets.
Most noticeable in Figure 2 is that extreme precipitation in the LCRB with a return period of two years has large spatial variability, especially in the end of the 21st century under the highest RCP pathway (range between 24.32 and 35.55%); despite the moderate basin size. Review from literature shows that large spatial variability in the change of precipitation at local scale driven by a warmer climate was also abundantly reported. For instance, research by Mahmood et al. (2015) for the Jhelum river basin of Pakistan and India, which has similar basin size as the LCRB in the present study, reveals that precipitation change in the studied basin spatially varies from a decrease of 12% to an increase of 12% in the 2050s, and from a decrease of 11% to an increase of 16% in the 2080s under SRES scenario A2. Research by Keuser (2012) for Milwaukee County of the United State (3,082 km2) and 24 km buffer around it shows that spatial variation of precipitation increases relative to the current climate is likely to be large, ranging from 15.8 to 39.6% in 2050s and from 21.3 to 46% in 2080s, also under SRES scenario A2. Note that both studies used downscaled GCMs output together with trends in observed precipitation for the predictions, which is similar to the method used in the present study. According to Ye and Li (2011) and Li et al. (2011), precipitation in general and extreme precipitation in particular is a much localized phenomenon and not always strongly influenced by large-scale dynamics. This means that although a large-scale GCM gives homogenous prediction for future precipitation change for the region within its particular grid, more detailed approach such as downscaling or pattern scaling may result in large spatial variability of the precipitation change. Spatial distribution of 5-days extreme precipitations for different return periods and their increase in 2070 under the highest RCP (RCP8.5) compared to the baseline period is shown in Figure 3.
[image: Figure 3]FIGURE 3 | Spatial variability of baseline 5-days extreme precipitation (A) and its change in 2070 according to RCP8.5 scenario (B).
Comparison among the predictions of the employed GCMs for 2050, 2070, and 2090 under the three pathways is presented in Figure 4 wherein data for Vinh (S11), which is considered as the most central station in the LCRB, is shown. Prediction of the selected GCMs is very divergent, but can be divided into two groups:
[image: Figure 4]FIGURE 4 | Change in 5-day extreme precipitation under 14GCMs and their ensemble at Vinh Station corresponding to RCP2.6 (A), RCP6.0 (B), and RCP8.5 (C).
- Five GCMs including ACCESS1-3, CanESM2, CMCC-CM, GFDL-ESM2G, and MPI-ESM-MR predict greater increases to smaller extremes and smaller increases to greater extremes. This is represented by downward lines in Figure 4 with CanESM2 being the steepest, representing the most typical for this tendency. For example, this model predicts that under RCP8.5 in 2070 5-days extreme precipitation increases 50.60% for T = 2, 30.27% for T = 5, 20.87% for T = 10, 13.48% for T = 20, 5.51% for T = 50, and 0.39% for T = 100 compared to the baseline period. This rate then decreases from 62.18% (T = 2) to 0.37% (T = 100) in 2090. More noticeably among this group is that the downward line of MPI-ESM-MR passes through the X-axis after the return period T = 20, meaning that the change of extreme precipitation relative to the baseline period turns from an increase for T = 2, 5, 10, and 20 to a decrease for T = 50 and T = 100. In general, prediction of this model shows that by the end of 21st century 5-days extreme precipitation is expected to change from +2.89 to −1.40% under RCP2.6, from +10.04 to −6.26% under RCP6.0, and from +50.09 to −13.24% under RCP8.5.
- The other nine GCMs including CESM1-BGC, CNRM-CM5, CSIRO-Mk-three to six, HadGEM2-ES, INMCM4, IPSL-CM5A-MR, MIROC5, MRI-CGCM3, and NorESM1-M predict smaller increases to smaller extremes and greater increases to greater extremes. This is represented by the upward lines in Figure 4. Among these models, INMCM4 shows the most dramatically upward trend toward more extreme precipitation, except for a short down from T = 2 to T = 5 for all three future time periods under RCP2.6 and RCP6.0 and for 2050 under RCP8.5. The largest range of 5-days extreme precipitation change relative to the baseline period according to this model is in 2090 under RCP8.5 when it rises from a decrease of 5.93% for T = 2 to an increase of 106.28% for T = 100.
Prediction of the ensemble median of the 14 selected GCMs is in line with the later group: smaller increases for smaller extremes and greater increases for greater extremes. Under this ensemble scenario, in mid-21st century, 5-days extreme precipitation at S11 with return period ranging from T = 2 years to T = 100 years is expected to rise between 3.19% (T = 2 years) and 4.81% (T = 100 years) under RCP2.6, between 7.43 and 11.28% under RCP6.0, and between 15.19 and 23.28% under RCP8.5. Meanwhile, by the end of the 21st century, it would rise between 1.17 and 1.78%, 13.03–19.93%, and 30.90–47.90% under RCP2.6, RCP6.0 and RCP8.5 respectively.
Considering the prediction of each individual GCM relative to the three RCPs, it is obvious that the magnitude of change produced by each individual GCM under RCP2.6 is smaller than RCP6.0, and smaller still than RCP8.5. The change under RCP2.6 becomes smaller while the change under RCP6.0 and RCP8.5 becomes greater toward the end of this century. These behaviors of prediction are consistent with the characteristics of RCP pathways as discussed earlier in this paper. An overview of the predictions of the employed GCMs for 20 monitoring stations in the study area under the three pathways is presented in Figure 5.
[image: Figure 5]FIGURE 5 | Variation of projected 5-day extreme precipitation under 14GCMs and their ensemble in 2070 corresponding to different return periods: T = 2 years (A), T = 5 years (B), T = 10 years (C), T = 20 years (D), T = 50 years (E), and T = 100 years (F). Figure presents data of 20 monitoring stations
Change in the Frequency of Extreme Precipitation Events
Frequency of extreme precipitation, represented by its return period provides important information for assessing its impact to the environment and society as well as for decision making. For instance, a return period of T-years represents an extreme precipitation event that has a 1/T probability of occurring in any given year. Stationary climate assumes that the frequency of extreme climates does not change over time (Klein et al., 2009). However, according to IPCC (2007), the frequency of extreme climates in general and extreme precipitations in particular has been changing and more so in the future. In this study, we examined the changes in the frequency of future extreme precipitations which presently have return periods of 2, 5, 10, 20, 50 and 100 years.
Figure 6 presents the change for five-days extreme precipitation at Vinh (S11) in 2050, 2070, 2090 relative to the baseline period. It can be seen that for all return levels, extreme precipitation is likely to be more frequent (as their return periods shorten) in the future, except for a few cases wherein it remains unchanged or becomes less frequent. In general, the uncertainty in the frequency is smallest for present return levels with T = 2 years and largest for present return levels with T = 100 years in all three RCPs. The uncertainty also increases consistently with the order of the RCPs (RCP8.5 > RCP6.0 > RCP2.6) and increases with time.
[image: Figure 6]FIGURE 6 | Change in frequency of extreme precipitation according to RCP 2.6 (A), RCP 6.0 (B), and RCP 8.5 (C). Number in each block presents the future return period of current return level.
Specifically, under RCP2.6 extreme precipitation is projected to remain unchanged in frequency in many cases for T = 2 years, but only in 7 cases for T = 5 years (in 2090 under CMCC-CM, and in 2070 and 2090 under HadGEM2-ES and MIROC5), and in no cases for the other greater return periods. The frequency is also projected to decrease but only in six cases (for return level with current return period T = 50 and T = 100 years in 2050, 2070, and 2090. All are under MPI-ESM-MR). The other majority of cases show an increase in frequency. However, it should be noted that all of the increases or decreases in frequency under RCP2.6 are within twice less frequent to twice more frequent.
Under RCP6.0, only one case exhibits an unchanged frequency, meanwhile many cases exhibit double frequency (twice more frequent) or beyond and a few cases exhibit quadruple frequency or beyond. In comparison with RCP2.6, the decrease in frequency was also projected for larger extremes (with current return period T = 50 and T = 100 years), but for eight cases under CanESM2 and MPI-ESM-MR in which one case show a double decrease in frequency (return level with current return period T = 100 in 2090 under MPI-ESM-MR).
Under RCP8.5, many cases show a double (or more) increase in frequency, even for lower return levels, meanwhile the number of cases with a quadruple (or more) increase has become more dominant in larger return levels. The number of cases which show a balance frequency and a decreased frequency remains the same compared with RCP6.0 although they are not exactly the same cases. Most noticeable among the cases with decreased frequency is that three of these cases are likely not to happen in the future as their predicted frequency is infinitive. These cases include the return levels with current return period T = 50 in 2090 and T = 100 in 2070 and 2090, all are under MPI-ESM-MR.
CONCLUSION AND RECOMMENDATION
This study investigated the variability in the intensity and frequency of future multi-day extreme precipitation using pattern scaling method coupled with Generalized Extreme Value Analysis with the case study of the LCRB in the Northcentral Vietnam of Vietnam. The results exhibit different uncertainties following the characteristics of RCP scenarios and depending on each GCM employed. In general, the uncertainty in both intensity and frequency is in line with the order of the RCP scenarios and increase with time. In the future, multi-day precipitation is likely to become more extreme and more frequent in most cases. The increase in extreme precipitation found in this study was in line with findings of previous studies on climate change in Vietnam including the Northcentral region, however, the pattern of change was different due to the difference in methodologies and the GCMs used. It is also valuable to note that the present study provided more details of the pattern of changes in both intensity and frequency of extreme precipitation. The shortening of return periods for extreme precipitation events and greater intensity of such events has potential consequences for the increase in flood magnitude and frequency, which could ultimately produce large impacts on the environment and society. Therefore, planning and decision making of durable infrastructure along with flood mitigation strategies to cope with such events are recommended.
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