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Abstract

:

Much of the Southeastern United States (SeUS) has experienced an increasing number of extreme precipitation events in recent decades. Characterizing these extreme precipitation events is critical for assessing risk from future hydroclimatic extremes and potential flash flooding. A threshold of one inch per hour (1IPH) was used to indicate an extreme precipitation event. Non-parametric tests were run to identify trends in 1IPH event frequency and locate time series change points. In the last 20 years, 1IPH events increased by 53 percent in the SeUS, and 21/61 stations recorded significant increasing trends. A change point is identified in 15/61 stations. June, July, and August are generally the peak time for 1IPH events, but Florida, Louisiana, and Mississippi recorded longer peak seasons. For the time between events, 17/61 stations recorded significant decreasing trends, implying that 1IPH events are increasing in frequency. Four teleconnection indices were positively correlated with 1IPH events. The SeUS experiences considerable tropical cyclone-induced extreme precipitation, yet only seven percent of 1IPH events overlapped with tropical cyclones. Therefore, the increasing frequency of 1IPH events is likely the result of a combination of baroclinic frontal zones or regional and mesoscale convective features. Causes for the increasing frequency of 1IPH events require further research.
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1. Introduction


Extreme precipitation events are becoming more intense and more frequent due to climate change [1,2,3]. Variability and changes in heavy precipitation bring unwanted hydrological extremes [4]. Around 700 million people live in places where the annual maximum one-day extreme precipitation has increased globally since 1950 [5]. In the last four decades, average annual extreme weather events have doubled in the United States (hereafter, US) [6]. The southeastern part of the US (SeUS) is especially vulnerable to extreme hydrological events [7]. In particular, one-inch per hour (1IPH) rainfall events (defined here as being ≥1” per hour [8]) are a major societal problem due to often short forecast lead times and uncertainty in predictive capabilities [9]. Furthermore, extreme precipitation is particularly hazardous in urban areas with impervious surfaces and less drainage density, which can easily lead to flash flooding events. In addition to large societal and environmental impacts, these extreme hydrological events’ frequency, intensity, magnitude, and extent are changing spatiotemporally. Thus, the necessity of understanding the nature of these events is increasingly important [10,11].



Understanding 1IPH rainfall change is particularly important because of its contribution to shaping extreme hydrological events. Due to the damage caused by high-impact events, heavy precipitation frequency, magnitude, and intensity have been researched extensively in the United States, and findings reported changes in the status of trends for different regions. Precipitation day indices show downward trends in the SeUS, and most Northeastern and Midwestern states show upward trends in extreme precipitation day indices [12]. The top 1% of precipitation events for the Northeast United States indicate that these precipitation events have increased both in frequency (count) and in magnitude for the study area from 1979 to 2014 for 58 sites [11]. More specifically, daily rainfall events ≥150 mm have increased from an average of six events per year for the period of 1979–1996 to an average of 25 events per year in the period of 1997–2014.



Previous studies conducted in the SeUS primarily focused on the changing behavior of precipitation days and total indices. In the SeUS, the intensity, magnitude, and frequency of heavy precipitation days and events have increased [13], except in some parts of South Carolina [2]. Another study noted that 36 percent of the stations showed statistically significant increasing trends, while none of the stations recorded significant decreasing trends in the last 57 years using 90th percentile hourly precipitation data in the SeUS [14]. From 1960 to 2017, hourly intensity and average hourly accumulation increased in more than 40 percent of the sites, while the average duration of the precipitation events decreased in 82 percent of the sites [15]. It is evident that there has been an increase in heavy precipitation events in the SeUS.



Since the Atlantic Ocean and the Gulf of Mexico surround the SeUS, seasonal, annual, and decadal precipitation is impacted by the behavior of the Atlantic Multidecadal Oscillation (AMO), El Niño Southern Oscillation (ENSO), and Pacific Decadal Oscillation (PDO) among other teleconnections and climatic influences. Extreme precipitation events in the US were mainly influenced by the AMO and PDO with natural interdecadal variability. Also, the phase reversals of the AMO and PDO in the late 1990s were favorable to an increase in extreme precipitation events across the northern Gulf coast and portions of the SeUS [16]. However, no significant seasonal differences observed in extreme precipitation in five SeUS states were due to phase changes of ENSO in two 30-year periods (1955–1984 and 1985–2014) [17]. Studies also suggested that extreme precipitation events of the SeUS are more influenced by the Bermuda High (BH) than ENSO [18,19]. In a changing climate with the fluctuation of large-scale atmospheric circulations and seasonal shifts in the BH, natural interdecadal variability contributes to variations and changes in heavy precipitation frequency, magnitude, and distribution in the SeUS [2,16,20,21].



Hydrological extremes like flash floods have increased both in intensity and frequency [22], and many studies also illustrated significant increasing trends in different extreme precipitation indices [2]. However, in the existing literature, some crucial aspects of hydrological extremes such as 1IPH rainfall, with flash flooding potential, have received less emphasis. In this study, 1IPH is defined as a rainfall rate that is equal to or greater than 1” per hour. Most of the 1IPH events span more than one hour. The emphasis of 1IPH set for this study is to identify extreme events that might lead to flash flooding. Therefore, to fill the void in existing literature, this research plans to evaluate the potential changing regime of 1IPH rainfall frequency in the SeUS and explore reasons that might explain recorded trends.



This research has a few major questions. The first theme of the questions is about possible changes in 1IPH rainfall event numbers over time. Are there trends in the number of 1IPH rainfall events over time (increasing or decreasing)? Are possible trends constant, or are there any abrupt changes in trends? The next theme of questions is about event characteristics and climatology. Are 1IPH events becoming clustered closer together temporally? What climatic influences may at least partially explain some of the results?




2. Methods


2.1. Study Area


The definition of the SeUS changes slightly for published articles on climatology. For example, the SeUS is defined as 11 adjacent states, including Oklahoma and Texas and the nine states selected for our research [2,14]. On the other hand, another study selected a smaller subset of Alabama, Florida, Georgia, North Carolina and South Carolina as SeUS [17]. The nine adjacent states were selected for this study based on the more homogeneous climatology of heavy precipitation events in those states (southern Florida being an exception) compared to drier states farther west and cooler mid-latitude states farther north (Figure 1).




2.2. Definition of 1IPH and Data Collection


There is no universal definition of extreme precipitation. Precipitation can vary abruptly based on elevation and topography, proximity to the moisture source, meteorological conditions, and other climatological factors. The most common approach so far is either percentile-based (for example, 95th or 99th percentile) or threshold-based (where the researcher picks a threshold suited for that study area). This research only considers precipitation that is greater than 1 inch per hour (25.4 mm). The rationale behind this threshold is that 1 inch per hour of precipitation is generally heavy enough to cause a flash flood event in an urban area [8]. It is also a standard often seen in tropical cyclone precipitation, which is considered a high rainfall rate [8]. According to The National Weather Service (NWS), flash floods can happen within six hours of heavy precipitation and often within three hours of heavy precipitation.



A flowchart depicting the analysis process is featured here at the start of the research procedures (Figure 2). An hourly precipitation dataset of automated surface observation stations was collected from The National Climate Data Center (NCDC) for the SeUS stations that have temporal coverage of at least 38 years or more and less than five percent missing data (Table 1). A total of 61 stations were identified that fulfilled these criteria having a data record starting before 1985 and continuing until 2021. A total of 39/61 stations began in 1948–1950. For this research, we set the threshold as precipitation accumulation of ≥1 inch/h as one 1IPH event. In this research, an isolated hour that was equal to or greater than 1 inch was counted as an event. Decisions about the starting and ending point of events became more complicated when there were many consecutive hours greater than 1 inch. This is discussed in the next paragraph.



An open access Python package called ‘pyextremes’ was used to successfully count 1IPH events for every year and produce a time series that made the 1IPH acquisition possible for this study. This package utilizes the Peaks-Over-Threshold (POT) method to count values that are above a user-defined threshold. One of the benefits of using this method is that it considers the minimum time interval between two POT values. For this study, the minimum time interval was set to five hours. Setting a time interval allowed only one event to be counted as 1IPH every five hours, even if there were multiple hours when the precipitation rate was more than 1” per hour. If multiple consecutive hours crossed the 1-inch threshold, it was treated as a single event to avoid obtaining an excessive number of hourly precipitation observations from a few extreme precipitation events, such as tropical cyclones. Extreme precipitation from tropical cyclones has been increasing significantly in the SeUS by approximately 5–10 percent per decade [23,24,25]. The emphasis of this research is on 1IPH events that are caused by a variety of meteorological or climatological sources.




2.3. Statistical Analysis


2.3.1. Trends in 1IPH Rainfall Events


In this research, the Mann–Kendall (MK) test was used to evaluate trends in 1IPH rainfall events. MK was used due to the uneven distribution of annual count data for 1IPH events that did not conform to a normal distribution. The MK test (proposed by [26,27]) is quite frequently used in detecting long-term monotonic change in time series datasets. An MK test was used to identify trends in precipitation days in the SeUS [12] and to detect trends in extreme rainfall frequency for the Midwest of the US [28]. One of the benefits of using the MK test is that it does not assume any distribution of a time series. Another benefit of using this test is that it is not affected by the length of the time series. However, it is well established that shorter datasets are more likely to give negative trend values, whereas longer datasets tend to give more effective estimation of existing trends in datasets. MK test results can be influenced by seasonality in data, and measurement bias can be the cause of false estimation of trends.




2.3.2. Detection of Potential Change Points


The second research question focused on the potential existence of change points within the data at each station. Abrupt changes in a time series can influence the result of monotonic trend detection. An abrupt change in a time series can be caused by either natural climatic variability, instrumentation bias or error, changes in instrumentation location, or unknown influences. This research focuses on detecting whether there are significant change points present in the time series at each station. Many studies [28,29] used a Pettitt test [30] to detect the presence of abrupt change points in a time series. Likewise, in this research, Pettit tests are also used to evaluate potential change points.



The Pettitt test is a non-parametric test, less influenced by outliers and skewed distributions. This test is based on Mann–Whitney U statistics, which allows a user to detect whether two samples come from the same population. The reason behind selecting this test is that an abrupt change point can influence trend detection and can result in a false assumption of a recorded trend since monotonic trends are greatly influenced by the presence of a significant change point in a time series. For this research, it is assumed that there is only one change point that can be present in the time series. If no significant change point (at the 0.05 level) is found, the results of monotonic trend detection for the whole time series are used. If an abrupt change is present, then monotonic trend detection was performed before and after the change point of that specific time series.




2.3.3. Time between Events


The time between 1IPH events was determined to analyze potential changes in time between events. The time between events was calculated on a daily scale. It was calculated as the number of calendar days between 1IPH rainfall events as previously defined.




2.3.4. Climatic Attribution


Climatic attribution attempts to determine what climatic factors are related to or can partially explain the 1IPH rainfall event results found in the previous subsections. Many studies have already found that recorded changes in extreme precipitation are partially related to changes in large-scale atmospheric teleconnections [2,16,17,31]. The teleconnections considered in our research were the Atlantic Multidecadal Oscillation (AMO), North Atlantic Oscillation (NAO), Pacific Decadal Oscillation (PDO), and Southern Oscillation Index (SOI), one indicator of ENSO. The reason behind choosing SOI instead of a multivariate index is that a trial run did not find a strong correlation with other multivariate indices like Nino 3 or 3.4. Pearson correlations between 1IPH events and monthly teleconnection data were used to identify stations that have significant relationships. Data were collected from National Oceanic and Atmospheric Administration (NOAA) websites such as Physical Sciences Laboratory (https://psl.noaa.gov/data/correlation/amon.us.data) (accessed on 12 July 2023) or National Centers for Environmental Information (https://www.ncei.noaa.gov/ (accessed on 12 July 2023). Only stations that had significant correlations at the 0.05 level were considered significant in this research. Other than teleconnections, tropical cyclones also contribute to extreme precipitation events in the SeUS.



Any 1IPH events that overlapped with the starting and ending time of tropical cyclones that made landfall in the US were counted as tropical cyclone-induced 1IPH events to account for extreme events resulting from tropical cyclones. The Inner Join Function (Python) is effective for detecting overlap between two variables or among multiple variables. Here, the starting and ending time of a specific cyclone was considered as a variable, and the date column of 1IPH events was considered as another variable. Inner Join was able to isolate the 1IPH events that overlapped with cyclone starting and ending times to associate 1IPH events with specific tropical cyclones. This association may not indicate that a tropical cyclone caused the 1IPH during this time period. It merely means that any 1IPH event that occurred during this time period could have been caused by a tropical cyclone. Cyclone start and end times were collected from the National Hurricane Center.



In this research, the focus was on examining the extent to which 1IPH events overlapped with tropical cyclones. While it is acknowledged that not all precipitation events in the study area may have been influenced by a specific tropical cyclone, the intention was to identify any instances where such temporal overlap occurred. The aim was to determine the maximum extent of overlap between 1IPH events and tropical cyclones. This method of overlap exaggerates the potential contribution of tropical cyclones in our research. Conversely, having only one 1IPH event every five hours diminishes the contribution of tropical cyclones. These effects are discussed more in the results. It is important to recognize that extreme precipitation events can have various causes, including local mechanisms like convective weather patterns. Additionally, this study did not take a tropical cyclone path into consideration to find spatial overlap with stations.






3. Results and Discussion


3.1. Trends in 1IPH Rainfall Counts


For the sake of understanding the potential changing trends of 1IPH, this research split the 1IPH time series into two 20-year periods, following [17]. The first portion ranged from 1982 to 2001, and the second portion from 2002 to 2021. The splitting of the 1IPH time series into these periods was done to understand how much 1IPH frequency has changed between the two 20-year periods. Before 2002, 2936 1IPH events were recorded, whereas, after 2001, 4480 1IPH events were recorded. This is a 53 percent increase in 1IPH events in the last 20 years in the SeUS.



A total of 21 stations out of 61 stations selected from the SeUS recorded a significant increasing trend in 1IPH rainfall events (p < 0.05) (Figure 3). No station showed a significant decreasing trend. In attempting to discuss the results, spatial patterns of geographic locations are used in this section to best group significant findings. The Gulf Coast states of Louisiana and Mississippi have the largest spatial concentration of stations with significant increases. The majority of stations on the northern Gulf Coast recorded significant increases. The Atlantic coastal states of Florida, Georgia, North Carolina, and South Carolina have only a few stations with significant increases, with three locations in Florida, two in coastal North Carolina, and inland stations in Georgia and South Carolina. The northernmost stations in the study region generally showed no significant increasing trends, and this was especially true in Tennessee. Spatial patterns revealed from this study also aligned with [2], except in southern latitudes. The recorded variability could potentially be attributed to variations in the definitions used for categorizing extreme precipitation events. Alternatively, it is plausible that the data from the most recent seven years exerted a strong influence on the overall analysis, potentially deviating from the patterns recorded in the earlier studies.



Authors in [14] studied 1, 3, 6, 12, and 18 h period accumulation changes in 90th percentile precipitation. Findings indicate that five stations from Alabama, Florida, Georgia, and Tennessee recorded a statistically significant increasing trend (p < 0.05), and no station recorded a statistically significant decreasing trend, which is generally in agreement with our research. Another finding of [14] is that 18 out of 50 stations recorded a statistically significant trend in annual hourly 90th percentile precipitation, while no station was statistically significant in Arkansas, Louisiana, and Mississippi. However, Louisiana and Mississippi are the states where statistically significant stations were geographically clustered in our research.



The findings of [13] and our research illustrate similar temporal characteristics of extreme precipitation in the SeUS. Ref. [13] found a significant increasing trend in IPE (defined as 99th percentile precipitation events) frequency for the SeUS, which also holds true for this research.



Attempts to fit Poisson regression and linear regression for different stations were considered in this study. Although residuals were normally distributed in both instances, the variance of residuals was not constant. Therefore, a ten-year exponential moving average line was used to show trends at nine stations (Figure 4). Stations were randomly selected from the pool of statistically significant increasing trends in Mann–Kendall tests. Additionally, compared to 1982–2001, from 2002 to 2021, the 1IPH average increased from two events to three events annually in the study area.



One way to better understand the possible mechanisms controlling the pattern of significance is to explore the seasonality of 1IPH events. Stations were grouped by state here to facilitate explanation. Most of the 1IPH events happened in June, July, and August (JJA). From the density plots, for most of the states, 1IPH events become more frequent in the months of April and May and reach a JJA peak (Figure 5). Louisiana and Mississippi do not have a sharp peak in JJA, and events were distributed more evenly throughout April to August. That distinction might be a clue toward an explanation for why these two states have the highest number of stations with significant increasing trends. Early starts of JJA or summer weather precipitation and late ends might be one explanation for wider peaks recorded in Louisiana and Mississippi. It could also be the result of convective features like mesoscale convective systems in spring or tropical systems in August and September.



Authors in [32] studied increased fall precipitation for the SeUS and reported that fall precipitation increased by 40 percent in this region. Their study also noted that 87 percent of fall precipitation increase was mostly influenced by frontal activity and not tropical cyclones, although early fall is the most active part of the Atlantic hurricane season. Three states (Florida, Louisiana, and Mississippi) have many stations that recorded statistically significant increasing trends. Another interesting finding of [32] is that enhanced moisture transport resulted in contributing more to the highest-intensity precipitation days than lower-intensity precipitation days.



Although the recorded peaks in 1IPH are mostly in JJA, the existing literature shows that fall is more significant. Ref. [33] noted that July–August and September recorded at least 50 percent more extreme precipitation events than other months, which overlaps with the peak months of our research.




3.2. Change Points in Trends


Recorded monotonic trends in a time series can sometimes obscure a change point in the time series. For example, Ref. [34] reported that starting in 1996, extreme precipitation events have increased significantly in the northeastern US. To overcome this potential bias in trend detection, Pettit tests were used to find existing significant change points assuming only one change point could exist in a time series. Only significant p values (p < 0.05) were considered as the presence of an abrupt change point in a time series. A total of 15/61 stations recorded the presence of a significant change point in the time series (Figure 6). Eleven of the fifteen stations have a significant increasing trend in 1IPH events. The location of these stations follows a similar pattern to the stations that recorded a statistically significant increasing trend in Section 3.1. Fourteen stations were clustered near the Gulf of Mexico coast in Louisiana, Mississippi, or Florida. Four of the fifteen stations recorded a non-significant trend in 1IPH events but still have a significant change point in the time series. Four stations had a significant change point but no significant trend. These are in Florida (2), Louisiana (1), and Tennessee (1). Out of these four stations, only one station, Memphis, was more than 500 km inland, and less influenced by the Gulf of Mexico.



For the SeUS, the detection of significant change points in a time series is still scarce in the literature. Ref. [31] utilized segmented regression to detect the presence of significant change points in heavy rainfall frequency time series for the Central United States, which includes Alabama, Mississippi, Louisiana, Arkansas, and Tennessee, in our research. Ref. [31] found many stations that had significant change points present for Louisiana, Mississippi, Alabama, and Tennessee. However, the Midwest region of the United States reported very few stations observing a significant change point in heavy rainfall time series [28].



Taking only the 15 stations that recorded a significant change point, time periods of trends were partitioned and analyzed separately for those stations before and after the change point. The time periods were separated to better identify possible mechanisms explaining change points in time.



Most of the stations with significant change point trends are located on the northern Gulf Coast. Only Fort Smith, Arkansas, has a significant increasing trend after the change point, which is located inland from the Gulf of Mexico. Only one station recorded a significant increasing trend before the change point (Boothville, LA, USA). Three stations located close to the Gulf of Mexico coast recorded a significant decreasing trend before the change point (Figure 7).




3.3. Time between Events


Most stations with increasing trends in 1IPH rainfall events also have a decreasing time interval between when those events occur (Figure 8). This is logical since more total events should decrease the time between events. However, this simple extrapolation might not be true for every station, and there could be considerable variation. The temporal interval between recorded 1IPH events is also one of the important ways to explore changing patterns of extreme precipitation events. Just as before, to identify trends in 1IPH rainfall events, this section utilized MK trend tests to identify any possible changes in the temporal intervals between events.



A total of 17 stations out of 61 stations showed a significant decreasing trend for time between events. No station recorded an increasing trend. Most of the 17 significant decreasing trend stations are once again in Louisiana and Mississippi. The states of Alabama, Georgia, and South Carolina have no significant decreasing stations.



As before, a Pettit test was used to detect significant change points in the temporal time series. The existence of a significant change point in a time series could impact a trend test result that could lead to a false assumption of a trend. A total of 15 stations out of 61 stations showed the existence of significant change points in the time series. These results were identical to those seen in Figure 6.



Before and after change points in a time series separate the time series into two parts for analysis. Before CP represents 1IPH earlier than 2002 since most of the significant change points occurred before 1995. Since the time between events exhibits a similar pattern as 1IPH events, it is safe to assume that the year of the significant change point also followed the 1IPH time series. One station (Apalachicola, FL) out of 15 stations recorded a significant increasing trend before the change point (CP) (Figure 9).



A statistically significant decreasing trend for nine stations out of fifteen stations was recorded after the presence of a significant CP in the time between events time series (Figure 9). Many studies have concluded that extreme precipitation in the US recorded a significant change after 2000 [2,14,28], which holds true for our research. All the nine stations that recorded significant decreasing trends were coastal or in Florida.




3.4. Climatic Attribution


Large-scale atmospheric circulations play a crucial role in changes and variability of extreme precipitation in the US [16]. Four large-scale atmospheric teleconnection indices were used to find correlations with 1IPH counts. Out of these four indices, the Atlantic Multidecadal Oscillation (AMO) was significant at 26 stations. The positive phase of the AMO is associated with greater tropical cyclone numbers. The AMO switched to positive in 1995; thus, it would logically be correlated with at least some of the increase in 1IPH rainfall events, especially for coastal stations; however, a substantial portion of inland stations are also significantly correlated with the AMO (Figure 10).



The Pacific Decadal Oscillation (PDO) is another important teleconnection that influences precipitation in the SeUS and other regions of the United States. Nine stations that are more inland by average latitude have recorded significant positive correlations with 1IPH frequency. The spatial pattern of these stations is random, but there is some overlap with the AMO results (Figure 11).



The North Atlantic Oscillation (NAO) is a strong mode of winter climate variability in the SeUS but has less influence on the SeUS during summer [32,35,36]. As the map illustrates for the SeUS, NAO has a minor influence on 1IPH events (Figure 12). Only seven stations out of 61 stations recorded a significant correlation with NAO, and six stations overlapped with either AMO or PDO.



The Southern Oscillation Index (SOI) also plays a crucial role in changes and variability of precipitation and temperature around the globe. For the 1IPH of the SeUS, only four stations recorded a significant correlation with SOI. SOI is the least influential of the four teleconnections (Figure 13). This is surprising considering the established relationship of more and often heavy winter rainfall events associated with El Nino in the SeUS [32]. However, the peak of JJA 1IPH events does not correspond with the most active SOI tele-connective season of winter and early spring in the SeUS.



The SeUS experiences frequent tropical cyclones, and some of these produce major flooding events with 1IPH rainfall rates. Considering this, it is important to quantify the role of tropical cyclones in recorded trends in 1IPH frequency. Seventy tropical cyclones made landfall in the study area from 1980 to 2021. From 1980 to 2021, 7668 1IPH events were recorded, and out of this total, only 567 1IPH (7 percent) overlapped with the 70 tropical cyclones (Figure 14). Increasing tropical cyclone activity is less of a reason for the increasing trends of 1IPH events than was originally thought before this research began. Admittedly, the methodology of counting five consecutive hours as one event helps to normalize the effect of tropical cyclones. Even if the 567 overlapping 1IPH events were multiplied by five, which would artificially exaggerate the contribution of tropical cyclones, the percentage is still only 37 percent.



In recent decades, some of the tropical cyclones that made landfall in the US have a higher number of 1IPH overlaps than previous decades. For example, Hurricanes Gustav (2008), Harvey (2017), and Michael (2018) contributed more 1IPH events than other recorded tropical cyclones. This might be because these storms tracked across more stations within the study area, or some storms were slow-moving with longer duration of precipitation (Figure 15). Regardless of tracks, it does not appear that tropical cyclones are the dominant mechanism responsible for the increasing trends in 1IPH events. Other studies also claimed that 60 percent of fall precipitation was frontal while only 11 percent was tropical, and the rest (29 percent) was neither tropical nor frontal precipitation [32,37].



It should be noted that here we have undertaken an examination of trends in observed data that cannot necessarily be extrapolated to the future. Additionally, while correlations between 1IPH events and modes of natural variability and tropical cyclones have given some insight into possible mechanisms behind trends in 1IPH events, further investigation is required to better understand the physical drivers leading to the observed trends in events.





4. Conclusions


This study used 61 weather stations with a record of at least 38 years of precipitation data from the SeUS (Alabama, Arkansas, Florida, Georgia, Louisiana, Mississippi, North Carolina, South Carolina, and Tennessee). Specific objectives were to determine if there were possible trends in 1IPH events, if there were any change points, if 1IPH events were becoming clustered closer together temporally, and what climatic influences may at least partially explain some of the recorded results.



The major findings of this research can be summarized as follows:




	
In the last 20 years, 1IPH events increased by roughly 53 percent in the SeUS. Mann–Kendall trend tests revealed that 21/61 stations recorded a statistically significant increasing trend. Mississippi and Louisiana were the states that had the most stations with significant increasing trends in 1IPH.



	
While most of the states recorded a peak of 1IPH events in JJA, Florida, Louisiana, and Mississippi recorded peaks that are wider and continued beyond JJA. JJA is the peak time for 1IPH events, but 1IPH events are not only limited to JJA, which is very true for the Gulf of Mexico bordering states.



	
Pettit tests were used to detect the presence of significant change points in the 1IPH time series. Results demonstrated that 15/61 stations recorded a significant change point in their 1IPH time series. Most of the stations had a change point before the 1990′s. Three stations out of 15 stations recorded significant decreasing trends, while one station recorded a significant increasing trend before the change point. After the change point, six stations recorded a significant increasing trend, most of which are located close to the Gulf of Mexico coast.



	
For the time between events, 17/61 stations recorded a significant decreasing trend, which implies that 1IPH events are happening more often and closer together in time. A total of 15/61 stations recorded the presence of a significant change point in time between events. One station out of 15 stations recorded a significant increasing trend before the change point time, while nine stations out of 15 stations recorded a significant decreasing trend after the change point. These stations are either coastal or in Florida.



	
Four teleconnection indices (AMO, PDO, NAO, SOI) used in this research had positive relationships with 1 IPH events. Of these, AMO played the most significant role in changes and variability of 1IPH events in the SeUS.



	
Tropical cyclone activity was thought to be an influential factor in changes and variability of SeUS precipitation. Seven percent of the 1IPH events overlapped with tropical cyclones.



	
Although teleconnections are positively correlated with 1IPH at some stations, these climatic influences and natural climatic variability cannot account for the statistically significant increases in extreme precipitation found in our research and in numerous published articles in the SeUS and other regions. Climate change is the most plausible explanation. The phases of certain teleconnections that favor increased extreme precipitation can be exacerbated by climate change to enhance the odds of seeing more frequent extreme precipitation events.
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Figure 1. Study area with 61 automated surface observation stations in the SeUS. 
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Figure 2. Flowchart showing methodology used in this research. 
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Figure 3. Map showing significant and non-significant Mann–Kendall trend test values for the SeUS. Black dots represent non-significant (p > 0.05) and upward red arrows represent a significant increasing trend in 1IPH events (p < 0.05). 
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Figure 4. 1IPH events per year for different stations in the SeUS. The blue curvy line represents 1IPH counts and the yellow line represents exponential 10 year moving averages. 
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Figure 5. Density plots of the stations based on month of 1IPH events. Lines represent different stations in that specific state. 
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Figure 6. Pettit test of 1IPH precipitation events. The black dots represent stations with no significant change point present and black-red mixed dots represent the presence of a change point with significant increasing trend. Black-white mixed dots represent the presence of change points with insignificant trends. 
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Figure 7. Trend for 1IPH events before and after change points. The up arrow represents statistically significant increasing trends, and the down arrow represents significant decreasing trends. Dots represent no significant trends (The locations of individual stations were placed side-by-side to show both before and after CP in one map). 
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Figure 8. Map showing trends in 1IPH time between events. The red down arrow represents statistically significant decreasing trends while the black dots represent no statistically significant trend. 
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Figure 9. Trends in before and after CP in time between events. Dot represents no significant trend, the up arrow represents a significant increasing trend, and down arrow represents significant decreasing trends (The locations of individual stations were placed side-by-side to show both before and after CP in one map). 
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Figure 10. Pearson correlation between 1IPH frequency and AMO for different stations. Black dots represent statistically significant correlations with AMO, and unfilled black circles represent non-significant correlations with AMO. 
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Figure 11. As in Figure 10 but for PDO. 
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Figure 12. As in Figure 10 but for NAO. 
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Figure 13. As in Figure 10 but for SOI. 
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Figure 14. Bar plot showing number of 1IPH events overlapped with different tropical cyclones in descending chronological order from left to right. 
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Figure 15. Number of 1IPH overlapped with tropical cyclones at different stations. Colors represent different states. 
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Table 1. List of stations with start date of historical rainfall data record with highest hourly rainfall recorded in inches and presence of change point and change point year.
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	Station
	State
	Start Year
	Highest Hourly Rainfall
	Presence of CP
	Station
	State
	Start Year
	Highest Hourly Rainfall
	Presence of CP





	BHM
	AL
	1950
	3.16
	No
	ESF
	LA
	1973
	2.69
	No



	DHN
	AL
	1949
	3.28
	No
	LCH
	LA
	1962
	3.41
	1987



	HSV
	AL
	1958
	2.33
	No
	LFT
	LA
	1947
	3.35
	1966



	MGM
	AL
	1949
	4.84
	No
	MLU
	LA
	1947
	3.34
	No



	MOB
	AL
	1950
	4
	No
	MSY
	LA
	1954
	4.02
	1973



	FSM
	AR
	1948
	2.37
	1992
	SHV
	LA
	1948
	4.46
	No



	LIT
	AR
	1948
	2.87
	No
	BIX
	MS
	1942
	24
	1949



	TXK
	AR
	1948
	2.67
	No
	GWO
	MS
	1949
	1.84
	No



	AAF
	FL
	1972
	3.77
	1980
	HKS
	MS
	1942
	4.16
	No



	CEW
	FL
	1948
	3.07
	1959
	JAN
	MS
	1948
	2.78
	No



	DAB
	FL
	1948
	3.72
	No
	MEI
	MS
	1948
	3.4
	1971



	EYW
	FL
	1952
	4.5
	No
	TUP
	MS
	1973
	3.4
	No



	FMY
	FL
	1976
	4.48
	No
	AVL
	NC
	1964
	2.35
	No



	MIA
	FL
	1950
	4.51
	1984
	CLT
	NC
	1948
	2.83
	No



	MLB
	FL
	1974
	3
	1988
	ECG
	NC
	1949
	3.14
	No



	ORL
	FL
	1984
	2.65
	No
	GSO
	NC
	1948
	2.57
	No



	TLH
	FL
	1958
	4.83
	No
	HSE
	NC
	1957
	3.13
	1985



	TPA
	FL
	1948
	3.01
	1992
	ILM
	NC
	1950
	3.43
	No



	PBI
	FL
	1948
	3.31
	No
	POB
	NC
	1948
	24
	No



	VPS
	FL
	1947
	2.66
	No
	RDU
	NC
	1948
	2.64
	No



	AHN
	GA
	1958
	3.08
	No
	CHS
	SC
	1949
	3.89
	No



	ATL
	GA
	1948
	3.58
	No
	FLO
	SC
	1949
	2.1
	No



	AGS
	GA
	1948
	3.14
	No
	GMU
	SC
	1948
	3.46
	No



	CSG
	GA
	1948
	4.51
	No
	GSP
	SC
	1962
	3
	No



	MCN
	GA
	1958
	3.59
	No
	BNA
	TN
	1948
	2.9
	No



	SAV
	GA
	1948
	3.71
	No
	CHA
	TN
	1948
	2.47
	No



	SSI
	GA
	1948
	6.07
	No
	TRI
	TN
	1948
	2.83
	No



	SVN
	GA
	1948
	3.01
	No
	TYS
	TN
	1948
	2.78
	No



	AEX
	LA
	1959
	3.1
	No
	MEM
	TN
	1948
	2.6
	1975



	BE
	LA
	1965
	4.3
	1987
	MRC
	TN
	1948
	3.35
	No



	BTR
	LA
	1948
	3.58
	1977
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