
 1 

Drivers of Flash Flood Frequency and Intensity in the United States: A 1 

Quantitative Analysis of Hydrometeorological Interactions 2 

Ying Hu1,2, Huan Wu2,3,4*, Yiwen Mei5, Zhijun Huang2,3, Aihui Wang6, Chaoqun Li2,3, Bing Sui7 3 

1 Hubei Meteorological Service Center, Wuhan, China 4 
2 Southern Marine Science and Engineering Laboratory (Zhuhai), and School of Atmospheric Sciences, Sun Yat-sen University, 5 
Guangdong, China 6 
3 Guangdong Province Key Laboratory for Climate Change and Natural Disaster Studies, Sun Yat-sen University, Guangdong, 7 
China 8 
4 State Key Laboratory of Climate System Prediction and Risk Management, Nanjing University of Information Science and 9 
Technology, Nanjing, China 10 
5 Carbon-Water Observation and Research Station in Karst Regions of Northern Guangdong, School of Geography and Planning, 11 
Sun Yat-sen University, Guangzhou, China 12 
6 Nansen-Zhu International Research Centre, Institute of Atmospheric Physics, Chinese Academy of Sciences, Beijing, China 13 
7 Hunan Research Institute of Meteorological Sciences, Hunan Meteorological Bureau, Changsha, China 14 

Correspondence to: Huan Wu (wuhuan3@mail.sysu.edu.cn) 15 

Abstract. Inconsistent changes in precipitation and flooding have spurred investigations into the underlying mechanisms, yet the 16 

quantitative understanding of interactions between precipitation, temperature, and land cover in streamflow dynamics remains 17 

limited. We investigate streamflow changes in 294 small and medium-sized catchments across the contiguous United States 18 

(CONUS), using over 30 years of hourly data from the USGS river-watching network. We find that 17.3% of catchments exhibit 19 

significant increases in flash flood frequency (p<0.05), and 6.5% show significant increases in flashiness, while the majority 20 

experience no substantial changes. Despite a 67% increase in sub-daily heavy precipitation frequency, only 23% show flood 21 

frequency increases, indicating complex catchment-specific hydrometeorological interactions. To quantify the contributions of 22 

precipitation, temperature, and land cover changes, we employ a novel time-space varying distributed unit-hydrograph (TS-DUH) 23 

model integrated with the DRIVE hydrological model and random forest regression. The results reveal that land cover changes 24 

across these predominantly upstream, forested catchments have remained stable over the past four decades, with 90.8% of 25 

catchments showing minimal flow change (within ±3%) from 1985 to 2015. Precipitation emerges as the primary driver of 26 

streamflow changes, but rising temperature and evapotranspiration mitigate the expected increases in flood frequency and 27 

intensity associated with heavier precipitation. Model sensitivity experiments show a 3.6% reduction in flood frequency and an 28 
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 2 

8.0% reduction in flood intensity since the 1980s. Additionally, in rapidly urbanizing catchments, a 10% increase in impervious 35 

surfaces could lead to a 20% peak flow increase, highlighting the importance of urbanization in flood risk. These findings enhance 36 

the understanding of spatial-temporal variation in flash flooding. They also provide crucial insights for better flood hazard 37 

mitigation strategies. 38 
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1. Introduction 49 

Global warming and human-induced land cover changes are widely acknowledged for their effects on enhancing the hydrological 50 

cycles (Milly et al. 2008; Winkler et al. 2021). Observational data consistently show increasing frequency and intensity of heavy 51 

precipitation events, thereby amplifying flood risks (Alexander et al. 2006; Allan and Soden 2008; Westra et al. 2013). Flash 52 

floods, which are particularly hazardous due to their rapid onset and intensity, pose significant threats to human safety and socio-53 

economic stability (Ahmadalipour and Moradkhani 2019; Khajehei et al. 2020). These growing concerns underline the need for 54 

a better understanding of flash flood causes and characteristics to develop effective disaster management strategies. 55 

 56 

While significant progresses have been made in analyzing historical flood changes through long-term discharge records 57 

(Archfield et al. 2016; Liu et al. 2022; Merz et al. 2021; Slater and Villarini 2016), the study of flash flood trends is hindered by 58 

the lack of high-quality, long-term sub-daily observational data, particularly for small catchments (Gaume and Borga 2008; 59 

Gourley et al. 2013). This data gap, coupled with short time spans, limited spatial coverage, and infrequent observations, 60 

complicates the attribution of changes in flash flood behavior. Flash flood dynamics are influenced by the interaction of multiple 61 

drivers within the hydrometeorological system (Borga et al. 2014; Hapuarachchi et al. 2011). The mechanisms of precipitation-62 

runoff processes across various landscapes are complex, and the current understanding remains limited (De Niel and Willems 63 

2019; Merz et al. 2012). Furthermore, in the context of land surface environmental changes and climate warming driven by human 64 

activities, the mechanisms behind flood occurrence have become increasingly complex. Therefore, a comprehensive investigation 65 

into the trends and causes of flash flood changes not only enhances our understanding of flash flood behavior but also provides a 66 

scientific foundation for future risk management and policy development related especially to flash floods. 67 

 68 

In the study of attributing changes in flood characteristics, the roles of climate change and land use/land cover (LULC) changes 69 

have been increasingly focused (Wagener et al. 2010). In order to comprehensively evaluate these effects, researchers have widely 70 

employed methods such as hydrological models (Frans et al. 2013), statistical analysis (Blum et al. 2020), Budyko theory (Wang 71 

and Hejazi 2011) and machine learning techniques (Jiang et al. 2022; Kemter et al. 2023). Climate-related changes, such as 72 

increased precipitation frequency and intensity, are widely recognized as the primary drivers of runoff ratio (Wang et al. 2022) 73 

and streamflow change (Slater et al. 2021). It is widely acknowledged that increasing impervious surfaces can intensify the 74 

hydrological response to precipitation events (De Niel and Willems 2019); however, the extent of this impact remains uncertain 75 

(Anderson et al. 2022; Blum et al. 2020; Debbage and Shepherd 2018).  76 
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 77 

Numerous studies utilizing historical observational data have revealed a lack of systematic increase in flood intensity, despite 78 

observed increases in extreme precipitation (Archfield et al. 2016; Bloeschl et al. 2017; Do et al. 2017; Liu et al. 2022; Sharma 79 

et al. 2018). The low signal-to-noise ratio in hydrological data, coupled with the inherent complexity of rainfall-runoff processes, 80 

hinders the derivation of a unified conclusion to explain this inconsistency (Hall et al. 2014; Wasko and Nathan 2019). Current 81 

research indicates that the inconsistency between changes in precipitation and flooding can be attributed to several factors: rising 82 

temperature and decreased soil moisture (Ivancic and Shaw 2015; Sharma et al. 2018; Wasko and Sharma 2017; Wasko and 83 

Nathan 2019), although the accelerating global transition toward flash droughts may paradoxically amplify flood response 84 

through altered soil hydrological properties when intense precipitation follows prolonged dry periods (Barendrecht et al. 2024; 85 

Yuan et al. 2023); the complexity arising from diverse flood generation mechanisms, leading to signal mixing (Zhang et al. 2022); 86 

and the varying hydrological responses to precipitation events of differing magnitudes (Brunner et al. 2021). While the impact of 87 

rising temperatures on flooding is increasingly recognized, quantitative assessments of flood intensity and frequency remain 88 

limited, and the comprehensive effects of LULC require further investigation (Ivancic and Shaw 2015; Sharma et al. 2018). No 89 

consensus has been reached regarding the dominant influence of climate change and land cover change. The majority of research 90 

on flood changes utilizes daily data because of the availability of relatively longer time series; however, only a few studies have 91 

conducted trend attribution analyses of annual maximum flow using sub-daily data (Hodgkins et al. 2019; Kemter et al. 2023). 92 

Understanding abrupt flash floods depends on further study of sub-daily event intensity, frequency, and duration in small and 93 

medium watersheds (Carmen Llasat et al. 2016). This necessitates a quantitative analysis of changes in sub-daily flash flood 94 

characteristics, and the interactive effects of climate and land cover change on streamflow and flash floods. 95 

 96 

In this study, we investigate the trends in flash flood intensity and frequency over the past 30 years (1990-2020) across the 97 

contiguous United States (CONUS), utilizing extensive observational instantaneous streamflow data from the United States 98 

Geological Survey (USGS) in small and medium-sized catchments (drainage area < 3000 km2). Subsequently, the random forest 99 

regression method is used to quantify the impact of climate variables and land cover changes, as well as their interactions, on 100 

flash floods. Furthermore, we employ the Dominant River Tracing-Routing Integrated with VIC Environment (DRIVE) model 101 

(Wu et al. 2011; Wu et al. 2012a; Wu et al. 2014), alongside a newly developed Time-Space varying Distributed Unit Hydrograph 102 

(TS-DUH) model (Hu et al. 2024), driven by DRIVE, to quantitatively assess the impacts of temperature and land cover changes 103 

on flash floods. We aim to enhance understanding of flash flood trends and their driving factors, providing valuable insights for 104 
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improving flood risk management and policy formulation across the CONUS. 105 

 106 

This paper is organized as follows: Section 2 describes the methodology used for analysis. Section 3 introduces the study 107 

catchments and datasets. Section 4 presents the results and analysis, including trends in the magnitude and frequency of heavy 108 

precipitation, flash floods, and other variables, as well as their impact on flash floods. Finally, Section 5 provides discussion and 109 

conclusions based on the study results. 110 

 111 

2. Methodology 112 

This section outlines the methods used to detect trends in flash flood characteristics and assess their relationship with 113 

hydrometeorological variables. Initially, time series datasets for hydroclimatic variables—including streamflow records, 114 

precipitation, air temperature, potential evapotranspiration, and soil moisture were compiled and subsequently analyzed for trends. 115 

To quantify the relative contributions of climatic factors (precipitation, temperature), land cover change, and their interactions to 116 

annual maximum streamflow, the Random Forest regression model was employed. Additionally, to explore the link between 117 

streamflow and temperature, we use both scaling curves and the DRIVE hydrological model for observed and simulated analyses. 118 

The DRIVE model, coupled with the TS-DUH model, was used to quantitatively assess the impact of land cover change on the 119 

streamflow response. This multi-method approach aims to provide a mechanistic understanding of the key drivers behind changes 120 

in flash flood frequency and intensity. 121 

 122 

2.1. Extraction of hydrological and climatic characteristics based on observations 123 

In this study, flash floods are operationally identified as rapid, high-intensity runoff responses of short duration, characterized 124 

solely from instantaneous streamflow hydrographs without imposing a rainfall duration criterion(Hapuarachchi et al. 2011).  125 

This study focuses on small-to-medium catchments (drainage area<3000 km2). Flash flood streamflow characteristics were 126 

extracted using two approaches: the Annual Maximum Flow (AMF) method and the Peaks Over Threshold (POT) method (Lang 127 

et al. 1999). The AMF method refers to the practice of identifying the highest peak flow for each year from a given record of 128 

streamflow data. Throughout this study, flood intensity denotes peak flow magnitude (m3 s-1), as quantified by AMF and Peaks-129 

over-threshold magnitude (POTM). For the POT method, the discharge threshold was iteratively determined for each station to 130 

achieve an average of two flood events per year, yielding time series data for both the number of flash flood events and peak 131 

flows. To ensure inter-event independence and appropriately handle multi-peak hydrographs, events were included in the POT 132 删除了: Inclusion of events133 
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time series only if they satisfied both of the following criteria: 134 

𝐷 > 5 + log(0.386𝐴)								(1) 135 

𝑄!"# <
3
4min(𝑄$, 𝑄%)								(2) 136 

Here, Eq. (1) prescribes a minimum inter-event separation (𝐷, in days) that scales with catchment area (𝐴, in km2). Eq. 2 requires 137 

the minimum inter-peak discharge (𝑄!"#) to fall below 75 % of the lesser adjacent peak (𝑄$ and 𝑄%); when this condition is 138 

violated, the peaks are treated as a single event and only the maximum is retained. Unlike the AMF method that ensure at least 139 

one event per year, the POT method extracts only flood events that exceed a predetermined threshold. This means in dry years, 140 

the maximum flow recorded by AMF may not be identified as a flood event. 141 

 142 

Catchment boundaries for each basin were delineated using the hierarchical dominant river tracing (DRT) algorithm (Wu et al. 143 

2011; Wu et al. 2012b), employing 90 m resolution Flow Direction Raster (FDR) data. Basin-averaged temperature (°C), 144 

precipitation, and potential evapotranspiration (PET, mm d-1) were subsequently calculated. The hydrometeorological variables 145 

used for trend detection are listed in Table 1. A threshold of 95th percentile precipitation was employed to define heavy 146 

precipitation events (Mallakpour and Villarini 2015). To capture differences in sub-daily (1-h, 6-h, 12-h) and daily (24-h) 147 

precipitation patterns, we analyzed the annual frequency of heavy precipitation (AFHP) at multiple timescales. These time 148 

windows were selected to span the plausible range of catchment concentration times across our study domain. Annual maximum 149 

1-day precipitation (RX1D) was calculated by summing hourly precipitation for each calendar day. Additionally, the annual 150 

maximum cumulative N-day precipitation (AMP-N) was analyzed, where n=log(0.386A), A is defined in Equation (1) (Slater 151 

and Villarini 2016). This formulation adapts the accumulation window to each catchment’s response time. The mean duration of 152 

flood occurrence (MDF) was calculated as the average time span of each POT event above the threshold. The Peaks-over-153 

threshold flashiness (POTFL) is calculated as the difference between the peak discharge and action stage discharge normalized 154 

by the flooding rise time and basin area (Saharia et al. 2017). In addition to streamflow and precipitation metrics, we analyzed 155 

annual daily maximum air temperature (AMT, °C), annual total potential evapotranspiration (APET, mm d-1), and annual total 156 

soil moisture (ASM, kg m-2) to characterize the thermal and moisture conditions influencing flood generation. 157 

Table 1. Summary of hydrological and climatic variables used for flood trends analysis. 158 

Name Unit Abbreviation 

Annual maximum flow m3 s-1 AMF 

Peaks-over-threshold magnitude m3 s-1 POTM 
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Mean duration of flood occurrence hours MDF 

Peaks-over-threshold frequency (events per year) - POTF 

Peaks-over-threshold flashiness - POTFL 

Annual frequency of 1h/6h/12h/24h heavy precipitation days AFHP1h/6h/12h/24h 

Annual maximum cumulative precipitation occurring in an N-day 

window 
mm AMP-N 

Annual maximum 1-day precipitation mm RX1D 

Annual maximum 6-hourly precipitation mm RX6H 

Annual total precipitation mm AP 

Annual total potential evapotranspiration mm d-1 APET 

Annual total soil moisture kg m-2 ASM 

Annual daily maximum air temperature °C AMT 

 170 

2.2 Trend detection 171 

Trend detection in hydroclimatic time series was performed using the non-parametric Mann-Kendall (MK) test (Kendall 1948; 172 

Mann 1945). The MK test's robustness to non-normality and versatility across diverse datasets make it suitable for analyzing 173 

streamflow, precipitation, temperature, and potential evapotranspiration time series at individual stations . Additionally, trends in 174 

event occurrence data, including zero-event counts, were further assessed using Poisson regression, a method well-suited to 175 

analyzing discrete variables such as flood or heavy rainfall frequency (Mallakpour and Villarini 2015; Slater and Villarini 2016). 176 

Statistical significance was evaluated at the 5% level. 177 

 178 

2.3 The DRIVE and TS-DUH models 179 

The DRIVE model is a distributed hydrological model developed by coupling the Variable Infiltration Capacity (VIC) land surface 180 

model (Liang et al. 1996) and the Dominant River Tracing based Routing (DRTR) model (Wu et al. 2012a; Wu et al. 2012b; Wu 181 

et al. 2014). The Global Flood Monitoring System (GFMS) has consistently monitored and forecasted flood occurrences and 182 

developments for over a decade, utilizing the DRIVE model informed by satellite precipitation data (Hou et al. 2014; Kirschbaum 183 

et al. 2017). Within the DRIVE model, the runoff generation process is derived based on a variable infiltration curve that considers 184 

the subgrid heterogeneity of infiltration capacity and multiple soil infiltration layers (Cherkauer et al. 2003; Liang et al. 1996). 185 
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River discharge, surface water storage, water level, and other streamflow variables are derived for each time step by solving the 189 

kinematic wave equations for each river path within the hierarchically organized river network defined by DRT algorithm (Wu 190 

et al. 2014). The DRIVE model has undergone extensive justification and validation worldwide and has demonstrated reliable 191 

performance (Huang et al. 2021; Huang et al. 2023; Nanding et al. 2021; Wu et al. 2017; Wu et al. 2014; Wu et al. 2019; Yan et 192 

al. 2020). In this study, the DRIVE model is run at a 0.125° spatial resolution with a 3-hourly time step. The hydrography dataset 193 

(e.g., FDR, Strahler order, flow accumulation) is derived using the DRT algorithm. To incorporate land cover information into 194 

DRIVE, the high resolution land cover data (details in Section 3) were reclassified to match the land cover classification scheme 195 

used in DRIVE by aggregating the original fine categories into broader land cover types via a cross-walking table, and 196 

subsequently processed to determine the fractional area of each land cover type within each 0.125° model grid cell. These 197 

fractional areas were then used to derive grid-averaged vegetation parameters within DRIVE, such as leaf area index, albedo, and 198 

roughness length, from the VIC parameter library, reflecting the composite land cover characteristics of each grid cell. 199 

 200 

Our newly developed TS-DUH model, integrated with and driven by runoff outputs from the DRIVE model, was employed to 201 

refine flood peak estimation under different LUCC scenarios and to contribute to the separation of precipitation and LUCC 202 

impacts on streamflow. The TS-DUH model is designed for efficient flash flood analysis by estimating flow velocity and travel 203 

time based on topographic and hydroclimatic characteristics, emphasizing the dynamic contributions of runoff linked to variations 204 

in rainfall and soil moisture (Hu et al. 2024). The TS-DUH model operates at a significantly finer spatial resolution of 90 m. It 205 

leverages high-resolution DEM data for detailed flow path delineation and topographic analysis.In TS-DUH, Manning’s 206 

roughness coefficients (n) for each grid cell are derived as the area-weighted average of n values assigned to the underlying 30 207 

m land cover pixels. These n values determine spatially distributed flow velocities, thereby capturing the influence of land surface 208 

characteristics on flood wave propagation at a finer scale. 209 

 210 

2.4 Analysis of potential driving factors 211 

A random forest regression model (Breiman 2001) was developed using AP, AFHP6h, AFHP12h, RX1D, RX6H, AMP-N, APET, 212 

AMT, ASM and TS-DUH simulated peak flows under varying land cover conditions (with values linearly interpolated for 213 

intervening years to represent land cover change) for each catchment to identify the relative importance of different drivers of 214 

AMF changes. Random Forest is an ensemble method that improves prediction accuracy and robustness by aggregating multiple 215 

decision trees, effectively modeling complex non-linear relationships. For each catchment, hyperparameters were independently 216 
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optimized using the Tree-structured Parzen Estimator (TPE) algorithm (Bergstra et al. 2011), with the data split into 80% training 224 

and 20% validation sets and the R2 on the validation set maximized over 100 evaluations. The optimized hyperparameters include 225 

n_estimators (50-500), max_depth (None or 10-40 in steps of 10), min_samples_split (2-20), and min_samples_leaf (1-10). 226 

Finally, the mean decrease in impurity (MDI) scores were then used to rank variable contributions. For each catchment, a 227 

cumulative importance curve was constructed from the ranked MDI values, and its inflection point, defined as the rank of 228 

maximum absolute second-order difference, was identified to mark the transition from dominant to marginal contributors. 229 

Variables below this inflection point were considered marginal. These primary drivers were further categorized into three types: 230 

precipitation (including AP, AFHP6h, AFHP12h, AMP-N, RX1D and RX6H), land cover (TS-DUH peak flows), and temperature 231 

(AT, ASM and APET). 232 

 233 

In order to investigate the drivers of observed trends, this study focuses on precipitation, temperature, and land cover change. 234 

Firstly, streamflow (Q) and precipitation (P) scaling curves with temperature (T)-Q~T and P~T-were developed to characterize 235 

the relationships between these variables (Wasko and Sharma 2017; Yin et al. 2018; Zhang et al. 2022). For each catchment, daily 236 

maximum air temperatures were averaged, and standardized peak flows (at catchment outlets) and maximum 3-hourly 237 

accumulated precipitation (for each POT event) were grouped into equally spaced temperature bins. The 99th percentile of 238 

streamflow and precipitation within each bin was calculated, and these conditional quantiles were connected to form the scaling 239 

curves. The scaling curves are generated using 2°C temperature bins with a 1°C overlap to reduce the sensitivity to bin boundary 240 

selection (Lenderink and van Meijgaard 2010). Furthermore, events with temperatures below 5°C were excluded to minimize 241 

snowmelt effects (Wasko and Sharma 2017). Secondly, we use the DRIVE hydrological model to simulate the impact of 242 

temperature changes on streamflow (Wu et al. 2011; Wu et al. 2012a; Wu et al. 2014). The DRIVE model was run separately with 243 

dynamic temperature data (1981–2020) (referred to as DRIVE-DT) and static temperature data (repeating only the 1981 3-hourly 244 

air temperature for each simulation year, while all other meteorological forcing fields remain dynamic) (referred to as DRIVE-245 

ST) at 3-hourly temporal resolution and a 0.125° spatial resolution. Both simulations shared initial conditions; differences in 246 

multi-year average streamflow and POTF/POTM were then compared. 247 

 248 

Land cover data from 1985 and 2015, reclassified using the International Geosphere-Biosphere Programme (IGBP) classification 249 

(Schaperow et al. 2021), were used to drive the DRIVE model, assessing the impact of land use/land cover change (LUCC) on 250 

runoff and multi-year average streamflow. The sensitivity of the DRIVE model parameters to land cover has been validated (Jiang 251 
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et al. 2020). Subsequently, the TS-DUH was applied to further analyze the influence of LUCC on flood peaks during the routing 259 

process. Furthermore, the TS-DUH was used to simulate POT events to separate the impacts of precipitation and LUCC on 260 

streamflow. The TS-DUH captures the hydrological response of the catchment by accounting for subsurface characteristics, as 261 

well as the spatial and temporal dynamics of precipitation and soil moisture distribution (Hu et al. 2024). 262 

 263 

3. Study area and data 264 

All instantaneous streamflow data used in this study were resampled to a uniform hourly interval to provide a consistent basis for 265 

sub-daily analysis. The selection of gauging stations for this study followed a multi-stage filtering protocol to construct a robust 266 

dataset suitable for sub-daily flash flood analysis. An initial screening identified 2492 stations matching the DRT river network 267 

(Wu et al. 2014) from the total of 21,344 USGS gauges with an area of less than 3,000 km2 (Hu et al. 2024). This pool was then 268 

subjected to a stringent data completeness assessment. Recognizing the challenges in obtaining complete year-round hourly 269 

instantaneous streamflow records, this assessment focused on the May to September period, which typically exhibits high flash 270 

flood activity in many parts of CONUS. A seasonal year was deemed complete only if no gap exceeding six consecutive hours 271 

of missing streamflow occurred during the entire May-September window. Stations with fewer than 20 complete seasonal years 272 

were subsequently excluded. This criterion balances station density with record quality. Once a station met this selection criterion, 273 

all available data across its entire period of record were utilized for the trend analysis to maximize the length of the time series. 274 

Furthermore, stations identified as experiencing long-term drought conditions or those with an entire year of unobserved data 275 

within the potential analysis period were excluded. This rigorous screening process finally resulted in 294 stations, covering both 276 

eastern and western regions of CONUS. No interpolation or gap-filling procedures were applied to the retained records. Notably, 277 

no pre-screening was conducted to exclude regulated catchments. The focus on small to medium-sized headwater catchments 278 

inherently minimizes the influence of major reservoir operations, though minor regulation effects at some stations cannot be 279 

entirely ruled out. The drainage areas of these 294 catchments range from 78.8 km² to 2985.8 km², with a median of 885.6 km² 280 

and a mean of 1024.2 km2. Most of the resulting data spanned 1990-2020, with the analysis periods aligned with the available 281 

streamflow data. 282 

 283 

This study utilized the phase 2 of the North American Land Data Assimilation System (NLDAS-2) precipitation product (Xia et 284 

al. 2012) for precipitation trends analysis and to force the DRIVE model, at a 0.125o resolution. Soil moisture data in 0-100 cm 285 

were also obtained from NLDAS-2. Atmospheric forcing data (air temperature and wind speed) for the DRIVE model and air 286 
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temperature trend analysis came from NASA's Modern-Era Retrospective Analysis for Research and Applications version 2 305 

(MERRA-2) (Gelaro et al. 2017), at a 0.5º×0.625º resolution. The Global Land-Cover product with Fine Classification system 306 

at 30m (GLC_FC30) (Zhang et al. 2021) provided 30 m resolution land cover data for 1985 and 2015. Potential evapotranspiration 307 

data were obtained from the Global Land Evaporation Amsterdam Model (GLEAM, version4.1a) at a 0.25o resolution. Finally, 308 

catchment characteristics, including the Digital Elevation Model (DEM) and FDR data consistent with Hu et al. (2024), were 309 

used to extract the TS-DUH. 310 

 311 

4. Results 312 

4.1 Trends and spatial patterns of heavy precipitation characteristics 313 

Heavy precipitation frequency trends vary across different time scales (Fig. 1). Significant upward trends in 1-hour (AFHP1h) 314 

and 6-hour (AFHP6h) heavy precipitation frequency are observed at approximately 67% of the stations. However, this proportion 315 

decreases to 30% for 24-hour accumulations (AFHP24h). This discrepancy may be attributed to the inherently localized and 316 

intense nature of short-duration heavy precipitation events, which can mask consistent trends at longer timescales. Regional 317 

analysis reveals increasing trends in heavy precipitation frequency across the eastern CONUS, suggesting a heightened risk of 318 

flash flooding, while western regions show decreasing trends. 319 

 320 

Figure 1. Trends in annual frequency of heavy precipitation (AFHP) for AFHP1h (a), AFHP6h (b), AFHP12h (c), and AFHP24h 321 
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(d), representing 1-hour, 6-hour, 12-hour, and 24-hour accumulation periods, respectively. Red represents upward trends, while 322 

blue indicates downward trends. Areas outlined in black represent trends that are significant at the 5% level (both increases and 323 

decreases), with slopes estimated using the Theil-Sen estimator. 324 

 325 

Regarding intensity, significant increasing trends are observed in RX1D at 12.6% of stations and in RX6H at 33.7% (Fig. 2). 326 

Spatially, the distribution of these intensity trends is largely consistent with the observed changes in heavy precipitation frequency. 327 

Specifically, the increase in RX1D and RX6H near the Gulf of Mexico is considerably greater than that of AMP-N, likely due to 328 

increased hurricane influences (Balaguru et al. 2023; Emanuel 2005). 329 

 330 

Figure 2. Trends in annual total precipitation (AP, a), annual maximum cumulative N-day precipitation (AMP-N, b), annual 331 

maximum 1-day precipitation (RX-1D, c), and annual maximum 6-hourly precipitation (RX6H, d). The color bar descriptions 332 

are consistent with those in Fig. 1. 333 

 334 

4.2 Trends and spatial patterns of soil moisture and PET characteristics 335 

Soil moisture (ASM) trends exhibit varied patterns across the studied catchments (Fig. 3a). Approximately 10.9% of catchments 336 

show a significant downward trend in ASM, while 3.7% exhibit a significant upward trend. Overall, a decreasing trend in ASM 337 

is observed in approximately 65.3% of catchments, with the remaining 34.7% showing an increasing trend, irrespective of 338 
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statistical significance. This widespread drying trend in antecedent soil moisture may significantly impact runoff generation. 343 

Consequently, a decreasing trend in ASM may act as a dampening effect on flood magnitudes and frequencies. Concurrently, a 344 

significant increase in APET was observed in over half of the catchments (58.2%), which is typically associated with rising 345 

temperatures and a heightened demand for atmospheric water vapor (Dai et al. 2004). While increased precipitation may have an 346 

indirect effect on APET, analysis reveals a mean correlation of -0.35 between AP and APET across all catchments, and -0.39 in 347 

the eastern region (east of 100°W), suggesting a weak inverse relationship. Increased precipitation generally leads to higher 348 

humidity and lower vapor pressure deficit (VPD), reducing atmospheric demand for water. Nevertheless, the overall effect also 349 

depends on local conditions, including air temperature, wind speed, and radiation (Li et al. 2022). The combined effect of 350 

increasing APET and overall decreasing soil moisture highlights a shifting hydrological regime that could influence flood 351 

processes. 352 

 353 

Figure 3. Trends in annual total soil moisture (ASM, a), and annual total potential evapotranspiration (APET, b). The color bar 354 

descriptions are consistent with those in Fig. 1. 355 

 356 

4.3 Trends and spatial patterns of flash flood characteristics 357 

Analysis of flash flood frequency and intensity trends reveals considerable spatial variability among catchments (Fig. 4). 17.3% 358 

of catchments exhibit a significant upward trend in POTF, increasing by an average of 0.5 events per decade; conversely, 5.1% 359 

show a significant downward trend, with an average decline of 0.4 events per decade. AMF displays limited statistically 360 

significant changes in most catchments, only 7.1% exhibit a significant increase (average 2.5 m3 s-1 decade-1), and 1.4% show a 361 

significant decrease (average 3.3 m3 s-1 decade-1). Additionally, 3.7% of catchments exhibit a significant increase in POTM, 3.1% 362 

show a significant decrease. Approximately 6.5% of catchments show a significant upward trend in POTFL, with 3.4% exhibiting 363 

a significant downward trend. Moreover, MDF shows a significant increase in 4.1% of catchments (average 1.5 hours/decade), 364 

while showing a significant decrease in only 0.3% (average 0.12 hours/decade). The observed MDF is generally on the order of 365 
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tens of hours (median 21 hours). While Section 4.1 revealed that approximately 67% of stations experienced significant upward 372 

trends in AFHP6h, only 23% of catchments exhibited a corresponding significant increase in POTF, suggesting complex 373 

catchment-scale interactions among precipitation, temperature, and land cover. Furthermore, statistical trends for catchments with 374 

drainage areas less than 1000 km² (169 stations) showed only minor numerical differences compared to the overall trends. 375 

 376 

Regionally, the spatial distribution of POTF trends mirrors the distribution of heavy precipitation frequency, consistent with our 377 

previous global-scale study (Yan et al. 2020) demonstrating a stronger correlation between flood frequency and daily precipitation 378 

frequency, especially at mid- to high-range daily frequencies. While heavy precipitation frequency significantly increased across 379 

much of the eastern CONUS (Fig. 1), significant POTF increases were concentrated near the Great Lakes and in the Appalachian 380 

Mountains (Fig. 4). Conversely, a limited number of catchments exhibit a significant decrease in POTF in the western CONUS, 381 

consistent with the reduced heavy precipitation trends observed in Section 4.1. The changes in flash flood intensity (AMF and 382 

POTM) exhibit a more mixed pattern, with POTM showing a higher number of declining catchments compared to AMF. The 383 

upward trend in MDF is most pronounced in the Great Lakes and northwestern CONUS. This is likely linked to warmer 384 

temperatures accelerating snowmelt, leading to more frequent and prolonged spring floods. The combination of increased 385 

precipitation, winter snowpack, and spring snowmelt in the Great Lakes region extends flood duration. Similarly, in the 386 

mountainous Northwest, combined snow and rain prolong spring flood events. 387 
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 388 
Figure 4. Trends in Peaks-over-threshold magnitude (POTM, a), Peaks-over-threshold frequency (POTF, b), mean duration of 389 

flood occurrence (MDF, c), annual maximum flow (AMF, d) and Peaks-over-threshold flashiness (POTFL, e). The color bar 390 

descriptions are consistent with those in Fig. 1. 391 

 392 

4.4 Identifying major drivers of AMF trends using random forest regression 393 

Examination of the cumulative MDI curves across all catchments reveals a median inflection point at approximately 22% of 394 

cumulative importance. A conservative threshold of 15% was therefore adopted to retain only the strongest contributors. Random 395 

Forest regression analysis indicates that precipitation is the dominant driver of AMF trends across the studied catchments. 396 

Approximately 63.9% of the catchments show that AMF trends are primarily driven by precipitation. However, land cover change 397 

and potential evapotranspiration/temperature can also play a significant role in certain catchments, with about 26.2% of 398 

catchments influenced by both precipitation and temperature (P&T). A complete breakdown of all driver categories is provided 399 

in Table S1. Spatially, P&T-dominated catchments tend to be more prevalent in the western CONUS, whereas P-dominated 400 

catchments are proportionally more concentrated in the humid eastern CONUS. To further distinguish these two groups, we 401 
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compare their baseline climate and land cover characteristics. Compared to the 188 P-dominated catchments, the 77 P&T-414 

dominated catchments receive approximately 17% less mean annual precipitation (median of 982 mm versus 1184 mm) and are 415 

cooler on average (14.5°C versus 15.9°C). Despite comparable warming rates (0.269 and 0.291 °C decade⁻¹), similar rates of soil 416 

moisture decline, and little difference in land cover composition between the two groups, the lower precipitation in P&T-417 

dominated catchments means that temperature-driven increases in evaporative demand consume a proportionally larger share of 418 

the water budget, amplifying the sensitivity of runoff generation to warming. Rising air temperature elevates the atmospheric 419 

vapor pressure deficit, enhancing evapotranspiration and depleting soil moisture more rapidly during inter-storm periods. The 420 

drier antecedent conditions, consistent with the widespread decline in ASM documented in Section 4.3, increase available soil 421 

storage at storm onset so that a larger fraction of rainfall infiltrates rather than generating direct runoff, thereby attenuating flood 422 

peaks. 423 

 424 

Figure 5. Spatial distribution of the drivers influencing annual maximum flow (AMF) trends. Colors indicate the dominant drivers 425 

of AMF trends: precipitation (P, as a green circle), land cover (as an orange square), temperature (T, as a pink triangle), and their 426 

combinations. Gray points indicate areas where no significant driver has been identified (N/A). 427 

 428 

4.5 The impact of air temperature changes on streamflow 429 

Fig. 6 illustrates the relationship between streamflow (Q), precipitation (P), and temperature (T). The scaling curves for moderate- 430 

and high-intensity flash floods, defined by the 90th percentile threshold, are presented for three regions: the entire CONUS, the 431 

non-arid regions of CONUS, and the arid regions of CONUS (Beck et al. 2018). Limitations in sample size preclude a detailed 432 

analysis across hydroclimatic zones, and events with temperature exceeding 30°C are excluded. P generally increases between 433 

5°C and 30°C during both moderate- and high-intensity flood events, except in arid regions. For moderate events (below the 90th 434 

percentile), while P and Q increase with T, Q declines between approximately 25°C and 30°C across the CONUS, despite minimal 435 
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precipitation change. This decline accounts for approximately 11.6% of the total flood events (12852) across the CONUS. This 436 

reduction might stem from enhanced evapotranspiration and increased soil water retention. Conversely, for high-intensity events 437 

(above the 90th percentile), Q and P generally increase with T. Between 25°C and 30°C, high peak flows persist despite stable or 438 

slightly reduced precipitation, likely due to concentrated extreme rainfall and efficient runoff. 439 

 440 

In order to further quantify the impact of temperature changes, we compare multi-year average streamflows (1985-2015) from 441 

dynamic (DRIVE-DT) and static (DRIVE-ST) temperature scenarios (Fig. 7). Under this experimental design where only 442 

temperature varies while precipitation remains identical, this comparison reveals that 67.0% of catchments experience a flow 443 

change between -6% and 0%, while 16.7% experience a decrease exceeding -8% (Fig. 7b). DRIVE model simulations indicate 444 

that from 1981 to 2015-2020, rising temperatures lead to a 3.6% reduction in catchments with significantly increased POTF and 445 

an 8.0% reduction in those with significantly increased POTM in annual averages. 446 

 447 
Figure 6. Scaling curves of standardized peak flow (Q) and precipitation (P) with temperature for Peaks-over-threshold (POT) 448 

events below (a1, b1, c1) and above (a2, b2, c2) the 90th percentile across CONUS, the non-arid regions of CONUS, and the arid 449 

regions of CONUS. Circular markers highlight the 99th percentile, and solid lines depict the moving average. 450 
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 452 
Figure 7. (a) Spatial distribution of the percentage difference in multi-year average streamflow (1985-2015) between dynamic 453 

(DRIVE-DT; using observed temperature from 1981-2020) and static temperature (DRIVE-ST; recycling the complete 1981 3-454 

hourly air temperature series for each simulation year) scenarios (calculated as ((DRIVE-DT - DRIVE-ST) / DRIVE-ST) * 100%); 455 

(b) histogram showing the frequency distribution of the percentage differences in multi-year average flow. 456 

 457 

4.6 Impact of land cover changes on streamflow between 1985 and 2015 458 

Analysis of land cover change between 1985 and 2015 reveals that urban areas comprised an average of 3.6% across all study 459 

stations by 2015. Forest cover is significantly greater than urban areas, averaging 64.4%. Most study areas are mountainous 460 

upstream catchments with minimal urban land and predominantly forest cover. Overall land cover change was minimal, with the 461 

total area undergoing any class transition averaging only 3.3%. The primary net shifts were urban expansion (from 2.8% to 3.6%) 462 

and a slight decline in forest cover (from 65.2% to 64.4%), while all other classes changed by less than 0.3%. DRIVE model 463 

simulations of land cover change between 1985 and 2015 (Fig. 8a, b) show that the multi-year average flow changes at 90.8% of 464 

observation points fall within ±3%, indicating minimal impact compared to temperature variations (Section 4.5). Similarly, 82.7% 465 

of gauges show TS-DUH peak changes between ±5% (Fig. 8c, d), suggesting relatively stable variation. However, some gauges 466 

that show increases exceeding 9% are influenced by various factors such as snowmelt or urban expansion. Overall, the model 467 

suggests that temperature changes have a greater impact than land cover changes. 468 
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 469 

Figure 8. (a) Spatial distribution of percentage differences in multi-year average flow between 1985 and 2015 land cover 470 

scenarios, modelled by the DRIVE model; (b) Frequency distribution of percentage differences in multi-year average flow; (c) 471 

Spatial distribution of TS-DUH peak change percentage between 1985 and 2015; (d) Frequency distribution of TS-DUH peak 472 

change percentage. 473 

 474 

5. Discussion and conclusions 475 

This study analyzed long-term (30 years) USGS hourly streamflow data from small to medium-sized catchments (≤3000 km²) to 476 

assess historical trends in flash flood intensity and frequency across the CONUS. It investigated the influences of precipitation, 477 

temperature, and land cover change on streamflow by employing multiple methodologies, including the DRIVE, TS-DUH, and 478 

random forest regression models, to quantitatively attribute their main drivers and impacts on flash floods. Specifically, we 479 

quantitatively assessed the modulatory effects of climate warming on flash flood occurrences and the possible impacts of land 480 

cover changes, providing a mechanistic understanding of the primary drivers behind changes in flash flood frequency and intensity. 481 

The main conclusions are as follows: 482 

(1) Observations reveal an increase in heavy precipitation events, but this change does not uniformly translate to increase in flood 483 

frequency and intensity; 17.3% of catchments show significant increase in flash flood frequency (p<0.05), and 6.5% (3.7%) show 484 
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significant increase in POTFL (POTM). Specifically, while approximately 67% of catchments exhibit a significant upward trend 485 

in AFHP6h, only about 23% of these same catchments show a corresponding significant increase in POTF. 486 

(2) In our model experiments isolating temperature effects, rising temperature tends to decrease both the magnitude and frequency 487 

for general floods. DRIVE model simulations demonstrate that since the 1980s, there is a 3.6% reduction in catchments with 488 

significantly increased POTF and an 8.0% reduction in those with significantly increased POTM. 489 

(3) Land cover changes across the CONUS (1985-2015) are modest overall. DRIVE model simulations indicate that the multi-490 

year average flow changes are within ±3% at 90.8% of the catchments. 491 

 492 

The limited translation of widespread precipitation intensification into proportional flood increases likely reflects the combined 493 

buffering effects of declining antecedent soil moisture, warming-enhanced evapotranspiration, and catchment storage capacity. 494 

In order to examine whether larger catchments show stronger associations with longer-duration precipitation, we computed 495 

Spearman rank correlations between each precipitation index and flood metrics, stratified into four drainage-area classes (<500, 496 

500-1000, 1000-2000, and >2000 km2). Median correlations remain stable across size classes for all three flood metrics, with 497 

ranges across groups typically below 0.05 and no systematic strengthening of longer duration indices in larger catchments (Fig. 498 

S1). Sensitivity analysis across alternative thresholds (p<0.01, 0.05, 0.10) further confirms that the asymmetry between increasing 499 

and decreasing trends is consistent regardless of the threshold adopted (Table S2). 500 

 501 

Several caveats related to statistical robustness merit discussion. Applying trend tests across 294 catchments and multiple 502 

variables introduces the potential for false positives; approximately 15 spurious rejections per variable would be expected at p = 503 

0.05 under the null hypothesis. The Benjamini-Hochberg FDR correction was therefore applied (Table S3). The heavy 504 

precipitation frequency trends prove highly robust, with 190 of 195 significant AFHP6h upward trends surviving correction at q 505 

= 0.05, and 22 of 51 POTF upward trends remaining significant. Regarding process-level limitations, a long-term decline in ASM 506 

indicates a shift toward drier antecedent conditions prior to flood-producing events. However, ASM cannot fully capture the role 507 

of antecedent soil moisture in runoff generation. Event-scale attribution linking antecedent moisture windows to individual flood 508 

responses therefore warrants further investigation. Furthermore, the study did not consider the evolution of river channels. 509 

 510 

The influence of land cover change on flood intensity varies markedly with the degree of urbanization. Since most catchments 511 

are located in the less urbanized upstream mountainous areas, the impact of land cover change on flood intensity tends to be low. 512 
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However, in the rapidly urbanizing catchments, the impact can be substantial. For example, in the Peachtree Creek catchment in 528 

Atlanta (Debbage and Shepherd 2018), the impervious surface fraction increased from 45.2% in 1985 to 54.8% in 2015, leading 529 

to a 20% rise (from 57.8 m3 s-1 to 69.2 m3 s-1) in TS-DUH peak flow. This highlights that land cover changes can significantly 530 

influence flood intensity in certain areas. 531 

 532 

Finally, several data and modeling uncertainties should be acknowledged. Data quality, record length, and completeness influence 533 

the reliability of trend analyses. Although the May-to-September window was used solely to screen data completeness at the 534 

station level, this criterion may favour catchments whose records are most complete during the warm season. Consequently, it 535 

may underrepresent basins where rain-on-snow or autumn extratropical storms contribute appreciably to flash flood activity. In 536 

the RF attribution, inter-correlated predictors share MDI scores, which dilutes individual variable importance. Aggregating 537 

importances into three broad driver categories before catchment classification renders within-category redistribution 538 

inconsequential. Cross-category redistribution cannot be excluded but is expected to be minor given the distinct physical nature 539 

of the three driver groups. Furthermore, the 0.125° resolution of NLDAS-2 provides limited grid coverage for the smallest 540 

catchments, potentially smoothing localized convective peaks and introducing uncertainty in extreme precipitation frequency 541 

estimates. This constraint is less consequential for the controlled DRIVE experiments, where identical precipitation forcing is 542 

applied across scenarios and only the relative response to temperature or land cover perturbations is compared. Finally, we 543 

acknowledge that the inherent limitations of the hydrological models and the uncertainties arising from different data sources 544 

warrant further parameter calibration. 545 
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