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This study provides a comprehensive evaluation of streamflow and water quality simulated by a hydrological model using three different Satellite Precipitation Products (SPPs) with respect to observations from a dense rain gauge network over the Occoquan Watershed, located in Northern Virginia, suburbs to Washington, D.C., U.S. Eight extreme hydrometeorological events within a 5-year period between 2008 and 2012 are evaluated using SPPs, TMPA 3B42-V7, CMORPH V1. 0, and PERSIANN-CCS, which are based on different retrieval algorithms with varying native spatial and temporal resolutions. A Hydrologic Simulation Program FORTRAN (HSPF) hydrology and water quality model was forced with the three SPPs to simulate output of streamflow (Q), stream temperature (TW), and concentrations of total suspended solids (TSS), orthophosphate phosphorus (OP), total phosphorus (TP), ammonium-nitrate (NH4-N), nitrate-nitrogen (NO3-N), dissolved oxygen (DO), and biochemical oxygen demand (BOD) at six evaluation points within the watershed. Results indicate fairly good agreement between gauge- and SPP-simulated Q for TMPA and CMORPH, however, PERSIANN-simulated Q is lowest among SPPs, due to its inability to accurately measure stratiform precipitation between intense periods of precipitation during an extreme event. Correlations of water quality indicators vary considerably, however, TW has the strongest positive linear relationship compared to other indicators evaluated in this study. SPP-simulated TSS, a flow-dependent variable, has the weakest relationship to gauge-simulated TSS among all water quality indicators, with CMORPH performing slightly better than TMPA and PERSIANN. This study demonstrated that the spatiotemporal variability of SPPs, along with their algorithms to estimate precipitation, have an influence on water quality simulations during extreme hydrometeorological events.

Keywords: extreme precipitation, remote sensing, satellite-based precipitation, water quality, streamflow, TMPA 3B42V7, PERSIANN-CCS, CMORPH


INTRODUCTION

Understanding the spatiotemporal behavior of hydrometeorological events is of critical importance for water resource management including flood mitigation and response, ecosystem restoration, river and water supply reservoir recharge, and water quality impacts. Evaluating how hydrometeorological extremes have historically behaved, including variations in intensity, duration, and frequency is of upmost importance not only for current water resource management, but also to understand long-term climate impacts and provide accurate predictions of future behavior (Alexander et al., 2019; Maggioni and Massari, 2019; Mahbod et al., 2019; Tongal, 2019).

While there is no widely used definition for a hydrometeorological extreme, which is regionally specific, indices based on daily precipitation data are typically used, such as annual maxima or arbitrary thresholds (e.g., 95th, 99th, and 99.9th percentiles). Extreme events are often also classified by localized intensity-duration-frequency curves of representative return periods (e.g., 100-year event) or as a named storm event (e.g., hurricanes, tropical storms, etc.). More recent research, especially with long-term and climate change studies, have shifted to the use of standardized indices to allow for consistency between studies. These indices include the Expert Team on Climate Change Detection and Indices (ETCCDI), the Standardized Precipitation Index (SPI), the Standardized Precipitation, and Evapotranspiration Index (SPEI), and the Palmer Drought Severity Index (PDSI) which measure aspects of frequency (e.g., days above fixed thresholds), intensity (e.g., wettest day, average daily intensity), and duration (e.g., consecutive wet and dry days) based on daily precipitation measurements from in situ, satellite, and/or reanalysis datasets (Alexander et al., 2019; Qin et al., 2019).

Spatiotemporal variations of hydrometeorological extremes and the subsequent influence on land surface hydrology and streamflow have been extensively investigated using precipitation measurements from ground-based systems (i.e., rain gauges and radars). While the most accurate precipitation measurements are obtained from ground-based observations, they typically lack the spatial representativeness often needed in large-scale studies. Thus, the use of satellite-based precipitation products (SPPs) in hydrologic modeling is a good alternative due to their continuous geographic coverage with high spatial and temporal resolution. A number of past studies have evaluated the uncertainty of SPPs specific to extreme precipitation events both regionally and globally. Previous studies have shown precipitation measurement uncertainty of SPPs is associated with intensity, duration, and scale, with a decrease in uncertainty during higher rainfall rates, larger domains, and longer time integration (Maggioni and Massari, 2018).

Large scale studies by Bharti et al. (2016), Katiraie-Boroujerdy et al. (2017), Chen et al. (2020), Demirdjian et al. (2018), Li et al. (2013), Lockhoff et al. (2014), Mehran and AghaKouchak (2014), Meng et al. (2014), Nastos et al. (2013), and Pombo and de Oliveira (2015) all found that SPPs tend to underestimate extreme precipitation in comparison to gauge-based observations. AghaKouchak et al. (2011) evaluated SPP precipitation rate retrieval during extreme events for three products across the central U.S. and concluded that the skill of all three products is reduced with higher intensity events. Habib et al. (2009) evaluated six extreme hydrometeorological events in Louisiana, U.S., and found that TMPA products tend to underestimate high intensity and overestimate low intensity observations. Derin et al. (2019) investigated the ability of six SPPs to estimate extreme precipitation at nine mountainous locations with dense gauge networks, globally. This study showed a constant underestimation of extreme precipitation values consistent with other studies (Kwon et al., 2008, and Derin et al., 2016; Maggioni et al., 2017, Kubota et al., 2009). Derin et al. (2019) attributed the underestimation of extreme precipitation to the warm rain process resulting in the occurrence of shallow, but high accumulation precipitation. Mehran and AghaKouchak (2014) investigated the capability of SPPs in detecting intense precipitation rates over different temporal resolutions (3–24 h) and found that the detection and skill of the SPPs evaluated improve with increasing temporal resolution further suggesting that integrating finer (e.g., 3 h) temporal resolution data into hydrological models may lead to significantly biased results.

Well-developed, physically-based distributed hydrological models are vital tools for simulating hydrological processes, in particular for forecasting and monitoring flood hydrographs. These models can characterize hydrological processes in watersheds by using spatialized variables and parameters (Su et al., 2017). However, the accuracy of input precipitation data including its spatial and temporal distribution, intensity, and duration significantly impact hydrologic models (Sorooshian et al., 2011; Zeng et al., 2018; Hazra et al., 2019). Maggioni and Massari (2018) suggest that a significant error shift may present in runoff prediction due to non-linearity of the hydrological processes. This error may rise since SPPs tend to better detect higher intensity and miss lower intensity observations which in turn may lead to a higher probability of underestimating or overestimating streamflow magnitude. This could be especially true since most hydrological models are calibrated on a continuous period of data rather than event-based calibration. Event-based modeling evaluates discrete rainfall-runoff events in isolation, as opposed to continuous modeling, which contains integrated responses by synthesizing hydrologic processes over a long period of hydroclimatic conditions. For instance, Xie et al. (2019a) showed that model performance decreased as precipitation intensity increased in event-based modeling, when compared to continuous modeling of streamflow, which they attributed to the fact that hydrologic models are often calibrated on continuous flow and one set of parameters that may not be appropriate for event-based modeling.

There has been a number of studies that evaluate the performance of SPPs and their streamflow response during hydrometeorological extreme events (Gourley et al., 2011; Huang et al., 2013; Maggioni et al., 2013; Nikolopoulos et al., 2013, 2015; Chintalapudi et al., 2014; Mehran and AghaKouchak, 2014; Seyyedi et al., 2015; Zhang et al., 2015; Mei et al., 2016; Shah and Mishra, 2016; Sun et al., 2016; Zhu et al., 2016, 2017, 2019; Jiang et al., 2017, 2018; Su et al., 2017; Yang et al., 2017). Su et al. (2017) concluded that while four different SPPs generally captured the spatial distribution of precipitation over the Upper Yellow River Basins in China, mixed results were found when simulating high peak discharges and flow events. Mei et al. (2016) investigated the performance of eight SPPs in simulating 128 flood events in the Eastern Italian Alps and found that though timing of the precipitation event dispersion exhibited good agreement with the reference data, the resulting hydrograph had a dampening effect of both systematic and random error relative to the SPP hyetograph. Jiang et al. (2018) evaluated six SPPs in capturing 13 extreme precipitation events and simulating resulting streamflow over the Xixian Basin in China. They concluded that gauge-adjusted SPPs perform better than their real time counterparts in simulating daily streamflow extremes, although all six SPPs exhibited a deviation of peak magnitude and timing inconsistency when compared to observed data.

Several studies have evaluated hydrometeorological extremes and resulting event-based streamflow and water quality, though the majority of studies utilize ground-based observations (Ahn and Kim, 2016; Jeznach et al., 2017; Rue et al., 2017; Qiu et al., 2018; de Oliveira et al., 2019; Xie et al., 2019b). Jeznach et al. (2017) investigated methods to quantify potential impacts of extreme precipitation on water quality and found that extreme events are a major driver for the export of terrigenous organic-bound nutrients directly linked to erosion and sediment transport during large events. Rue et al. (2017) investigated the relationship between water quality and streamflow during an extreme hydrometeorological event and found a consistent increase/decrease in solutes during flood/flood recession, yet noted a disproportionate decrease in concentrations due to a seasonal flushing of streams. Ma et al. (2019) assessed the performance of two SPPs in simulating streamflow and suspended sediment at the monthly timestep in the Lancang River Basin in southwest China. They found both SPPs show good capability of estimating monthly sediment loads. Stern et al. (2016) found streamflow and sediment supply predictions using a hydrologic model of the Sacramento River Basin, California improved with better spatial representation of watershed precipitation. To date there are only a few studies that have evaluated the simulation and forecasting of water quality based on spatial and temporal differences of SPPs (Ma et al., 2019; Solakian et al., 2019). Moreover, while there has been much research assessing the impact of hydrogeological extremes captured by SPPs (at different resolutions) to simulated streamflow response, there is a notable gap in literature associated with simulating and forecasting water quality during extreme events using SPPs.

This study provides a comprehensive evaluation of three different SPPs, of varying native spatial and temporal resolutions, during eight extreme hydrometeorological events with respect to observations from a dense rain gauge network over the Occoquan Watershed, located in Northern Virginia, US. The three SPPs evaluated are then used as forcing input into a hydrologic and water quality model to simulate streamflow and multiple water quality indicators at six locations within the watershed. The skill of the SPP-based model simulations is then compared to gauge-based simulations for the eight extreme hydrogeological events occurring within a 5-year study period (2008–2012). The materials and methods used in this study including a description of the study area, the data sets, and the hydrologic model are presented in section Material and Methods. Interpretation and discussion of the results are presented in section Results and Discussion, and conclusory remarks are offered in section Conclusions.



MATERIALS AND METHODS


Study Area

The study area is the Occoquan Watershed, a 1,550 sq. km urbanized watershed located in the northern portion of Virginia, suburbs to Washington, D.C. (Figure 1). The watershed discharges to the Potomac River which ultimately contributes to the Chesapeake Bay, a waterbody that has been the focus of immense restoration efforts over the several decades to improve the water quality in the contributing watershed. For over 40 years the Occoquan Watershed has also been a major focus of regulatory oversight, due to significant growth of the metropolitan area with a mix of suburban and urban land use. This growth resulted in the substantial increase in reclaimed domestic wastewater discharged into the receiving waters of the Occoquan Watershed in conjunction with the watershed contributing, in part, to the current drinking water supply of ~2 million residents. The watershed has been monitored through data acquisition from a dense network of rain gauges, meteorological stations, and stream monitoring stations operated by the Virginia Tech Occoquan Watershed Monitoring Laboratory since 1973. Precipitation is measured continuously throughout the watershed using automated rain gauges, whereas streamflow and several indicators of water quality are measured using stream monitoring stations, shown in Figure 1 as black triangles and gray squares, respectively.
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FIGURE 1. Study area showing the Occoquan Watershed boundary, 7 catchments, topography, major streams, major waterbodies, locations of rain gauges, and stream monitoring stations, and the locations of model evaluation points (S47, S86, and S79 coincide with stream monitoring stations).




Hydrologic Model

The Occoquan Watershed is modeled using the U.S. Environmental Protection Agency's (EPA) Hydrologic Simulation Program FORTRAN (HSPF). HSPF is a lumped-parameter continuous hydrologic and water quality model used to simulate the hydrology, streamflow and water quality of the watershed from there (3) components of a watershed: (1) pervious land areas, (2) impervious land aeras, and (3) well-mixed streams and reservoirs. The Occoquan Watershed HSPF model simulates various hydrological processes and associated water quality components in the watershed (Xu, 2005; Xu et al., 2007) in 5-year increments using precipitation observations, in-situ meteorological data and land use/cover. The Occoquan Watershed model is used to simulate streamflow (Q) and water quality indicators including stream temperature (TW), concentrations of total suspended solids (TSS), orthophosphate phosphorus (OP), total phosphorus (TP), ammonium-nitrate (NH4-N), nitrate-nitrogen (NO3-N), dissolved oxygen (DO), and biochemical oxygen demand (BOD) at six evaluation points (Figure 1) within the three catchments.

Q is simulated in HSPF using a built-in algorithm computing runoff, interflow, and groundwater. Runoff is estimated using the SCS Curve Number Method which computes surface runoff from contributing land areas. The runoff algorithm accounts for the fluxes and storages of water movement from rain, snow conditions, soil moisture, evapotranspiration, and infiltration capacity, simulated from land segments based on land cover, imperviousness, soil type, and topography while interflow is estimated assuming a liner relationship to storage. Q is simulated using a built-in hydraulic model function to simulate the hydraulic behavior in streams using storage-volume relationships, precipitation, and evaporation (Xu et al., 2007). TSS is a measurement of all suspended solids, both organic and inorganic, in a liquid, defined as solids larger than 0.7 mm whereas anything smaller is considered a dissolved solid. TSS is a visible and quantifiable indicator of overall water quality and a good representation of the sedimentation rate of a watershed. Concentrations of TSS is simulated in the HSPF model based on the production and removal of sediment from a contributing land segment. The algorithms representing land surface erosion in the HSPF model are derived from several older models based on the Modified Universal Soil Loss Equation from individual precipitation events. In-stream transport capacity of TSS is modeled using a built-in algorithm based on the modified form of the Stream Power Equation (Xu, 2005). Stream temperature is computed from the heat content of land surface runoff using the hear budget method to estimate the net heat exchange at the water surface from six heat components: shortwave solar radiation, longwave radiation, conduction-convection, evaporate heat loss, heat content of precipitation, and bed conditions (Xu, 2005). HSPF assumes that streams are unidirectional and well-mixed, thus thermal stratification is not considered in the model. DO and BOD are important indicators determining the overall health and quality of a waterbody to support life. DO is a measurement of gaseous oxygen dissolved in an aqueous solution, whereas BOD is a measurement of the amount of DO needed by aerobic organisms to break down organic matter. The in-stream DO concentration is estimated from surface runoff, computed as a direct function of water temperature, and from DO concentrations in interflow and active groundwater flows based on the processes of reaeration, decay of organic matter and benthal oxygen, and to a lesser degree, the estimated nitrification and photosynthesis rates applied to open water in HSPF (Xu, 2005). Potential BOD is estimated in HSPF using a built-in equation based on the conversion of biomass to BOD. Nitrogen-based nutrients, NH4-N, and NO3-N, are good indicators of water quality and, like their phosphorous-based counterpart, play a role in eutrophication, oxygen depletion, and biomass production. NH4-N, or ammonium-nitrogen, is found in runoff from lawn care fertilizer or as a result of industrial and wastewater discharge. NO3-N, or nitrate-nitrogen, is the concentration of nitrogen due to nitrates in waterbody. Phosphorus in aquatic systems is found in both soluble and insoluble forms. Insoluble phosphorous concentrations are related to the total sediment yield while the soluble nutrients account for the contribution from rainfall, land use, and anthropogenic impacts. TP is a measurement of all forms of phosphorus including OP, soluble phosphate-phosphorus, and organic phosphorus. Phosphorous is a limiting nutrient in the Occoquan watershed, which can play a role in the eutrophication, oxygen depletion, and biomass production if concentrations exceed need. In the Occoquan Watershed HSPF model, empirical relationships are built in between TP and sediment loads to simulate P concentrations in reaches, however, the spatial and temporal distribution of P is a limitation, as with most water quality models. To overcome this limitation, the Occoquan Watershed model is modeled with 87 unique segments to represent the temporal and spatial conditions of the watershed. HSPF uses a parent routine to simulate constituents involved in biological transformations, including total organic nitrogen (comprising of NH4-N and NO3-N), TP and OP. Equations are based on the components dependent on velocity of water in streams, the average depth of water, a set scouring factor, biomass concentrations, BOD concentrations, and a conversion rate from biomass to the respective constituent.

The model is composed of seven separate HSPF models, representing seven distinct catchments, linked together to create the overall watershed model. Three of the catchments (Upper Bull Run, Upper Broad Run, and Cedar Run), represented in Figure 1 in green, are the focus of this study. These three catchments are chosen since they represent the headwaters of the watershed prior to entering a major waterbody and are each monitored by a steam monitoring station near the confluence of the catchment.

The model is comprised of 87 land segments delineated within the seven catchments. The watershed delineation and segmentation process was originally performed in 2005 (Xu, 2005) using EPA's Better Assessment Science Integrating Point and Non-point sources (BASINS) software. Modeled segment delineations have undergone under several iterations to date and are comprised of discrete land areas based on geographic and physical characteristics of the watershed including topography, geography, land use, soil properties, and site features. Input into the model is at the segment level in hourly increments, which includes land use information and in-situ meteorological data. Land use is classified into 14 land use categories based on impervious coverage and soil properties. Meteorological data include precipitation, air temperature, cloud cover, dew point temperature, wind speed, solar radiation, and potential evapotranspiration. All meteorological data aside from precipitation are measured at one weather station operated by National Oceanic and Atmospheric Administration (NOAA) at the Washington Dulles International Airport, ~27 km from the centroid of the Occoquan Watershed. Data retrieved from the weather station are applied to the model as one uniform input to the entire watershed for those parameters in hourly increments. Precipitation is measured and inputted for each segment using a network of rain gauges within or proximate to the watershed. For this study, land use data and all meteorological data (i.e., air temperature, cloud cover, dew point temperature, wind speed, solar radiation, and potential evapotranspiration), aside from precipitation, are unaltered during model simulations. The only modification between model simulations is the precipitation input from four sources: rain gauge network (reference) and three SPPs (further discussed in section Data Sets).

Three of the six model evaluation points (S47, S79, and S86) are equipped with stream monitoring stations that are used in the calibration and validation of the hydrologic and water quality components of the model. These six model evaluation points vary in size and capture runoff from a number of segments, multiple rain gauges, and are represented by diverse land use and topographic conditions (Table 1).


Table 1. Occoquan Watershed characteristics used in the HSPF model.
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The HSPF model is calibrated (2008–2009) and validated (2010–2012) within a five-year period from January 1, 2008 to December 31, 2012 between rain gauge-simulated results and observed data obtained from eight stream monitoring stations located throughout the watershed. Each HSPF catchment model is calibrated prior to linking to the adjoining downstream HSPF catchment model. Calibration is performed on both daily and monthly streamflow and monthly loads of several water quality indicators. While model input is at the hourly scale, model output is at the daily scale to minimize timing errors commonly found using lower increment scales especially associated with over/under-predicting peaks and timing of event starts/stops. For detailed information regarding model setup, calibration, and performance, we refer the reader to Xu et al. (2007) and Solakian et al. (2019).

HSPF has been a long-standing, widely adopted hydrologic, and water quality model for its ability to simulate complex watersheds with various fate and transport processes within numerous land cover and climatic conditions (Albek et al., 2004; Mishra et al., 2007; Duda et al., 2012; Li et al., 2015; and others). While numerous past studies show satisfactory performance of simulated streamflow and water quality processes when evaluated on a continuous basis, the accuracy of HSPF-modeled concentration transport predictions shows to be (1) influenced by storm magnitude and frequency, (2) limited by the inability of ground-based meteorological stations to adequately cover the spatial extents and density necessary to represent watershed precipitation, and (3) seasonally dependent (Hayashi et al., 2004; Huo et al., 2015; Li et al., 2015; Stern et al., 2016). A few studies (Young et al., 2000; Wu et al., 2006; Diaz-Ramirez et al., 2013; and others) evaluated the propagation of errors in an HSPF model from input to output sugging that streamflow uncertainty is significantly impacted by precipitation patterns and magnitude, but may also be impacted by several other parameters and variables (e.g., land use classification, slope, infiltration capacity, soil moisture, groundwater recharge, and interflow recession) (Diaz-Ramirez et al., 2013). Additionally, Young et al. (2000) noted that the uncertainty associated with sediment transport loads and water quality constituents are greatly impacted by the quality of precipitation input. Within the Occoquan Watershed Model, the propagation of error from input precipitation to Q, TW, TSS, and DO simulated on a continuous basis over the 5-year study period show mixed performance. Overall, there appears to be dampening effect on SPP-simulated Q, TW and DO systematic error, however, error is amplified with SPP-simulated TSS. As mentioned, the Occoquan Watershed model is calibrated and validated on a continuous basis over a 5-year period which synthesizes the hydrologic process over a long period of hydroclimatic conditions, rather than event-based calibration which evaluates discrete rainfall-runoff events in isolation. It is acknowledged that continuous-based model calibration may have an impact on the accuracy of event-based simulation evaluations; however, since precipitation input is the only input parameter being altered in this analysis, a negligible impact on model performance is expected based on previous studies evaluating continuous versus event-based modeling (Ahn and Kim, 2016; Qiu et al., 2018; Xie et al., 2019a,b).



Data Sets

Four sets of precipitation data are evaluated in this study, namely the Occoquan Watershed rain gauge network and three SPPs: (1) the National Aeronautics and Space Administration (NASA) Tropical Rainfall Measuring Mission (TRMM) Multi-satellite Precipitation Analysis (TMPA) (Huffman et al., 2010); (2) the U.S. National Oceanic Atmospheric Administration (NOAA) Climate Prediction Center's (CPC) morphing technique (CMORPH) (Joyce et al., 2004); and (3) the Precipitation Estimation from Remotely Sensed Information using Artificial Neural Networks (PERSIANN)-Cloud Classification System (CCS) (Hsu et al., 2010). Precipitation data used as reference observations are obtained from a network of 15 tipping bucket rain gauges located within or proximate to the Occoquan Watershed, depicted in Figure 1 as black triangles. Gauges measure precipitation in increments of 0.254 mm (0.01 in.) by recording the time of occurrence of successive tips in hourly intervals throughout the span of this 5-year study (2008–2012). The recorded hourly precipitation is used as input for each segment in the Occoquan Watershed model from the nearest-neighbor rain gauge. Any missing precipitation data are interpolated for discrete hourly values using the infilling strategy outlined by Xu (2005).

The three quasi-global SPPs used in this study estimate precipitation using different algorithm and have different spatial and temporal resolutions, as outlined in Table 2. TMPA uses a combination of microwave and infrared sensors between 50°N and 50°S. This study uses the latent-calibrated, bias-adjusted TMPA 3B42-V7 product with a spatial resolution of 0.25° and a temporal resolution of 3 h (Huffman et al., 2007, 2010). The CMORPH product estimates precipitation derived from low orbit satellite passive microwave measurements transported via spatial propagation information obtained from geostationary satellites. CMORPH V1.0, used in this study, is bias corrected by matching raw data with the CPC daily gauge analysis over land and is available at a spatial and temporal resolution of 0.07° at equator and 0.5 h, respectively, between 60°N and 60°S (Joyce et al., 2004). PERSIANN-CCS, hereafter referred to as PERSIANN, is an infrared brightness temperature-based algorithm that extracts cloud features from geostationary satellites (Hsu et al., 1997, 2010; Sorooshian et al., 2000). The PERSIANN product uses gauge-corrected radar hourly data to calibrate cloud-top brightness temperature (Hong et al., 2007). PERSIANN is available at a spatial resolution of 0.04° and a temporal resolution of 0.5 h. Missing meteorological data for TMPA, CMORPH, and PERSIANN are estimated by temporally and spatially interpolating missing records. Each of the three SPPs are bias corrected based on weather radars and ground gauges, which may potentially include the Occoquan Watershed rain gauge network, making the reference not completely independent. Nevertheless, the intent of this study is to assess the relative performance of SPPs in simulating the hydrologic response of a watershed. Thus, the implication of having a few gauges used for bias correcting those products is considered minimal.


Table 2. Summary of the characteristics of precipitation data used in this study.
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While precipitation data retrieved from rain gauges are inputted from a single source (the nearest-neighbor gauge), SPPs are areal-weighted and segment-aggregated (AWSA) spatially and temporally for each individual segment. Since each SPP is provided in a different temporal resolution, all data are matched to the hourly temporal scale. SPPs are also processed by spatially averaging precipitation estimates from pixels falling within the boundaries of each segment. For a detailed explanation of the precipitation infilling strategy and data processing employed in this study we refer the reader to Solakian et al. (2019). Hourly AWSA precipitation data are used as input in the HSPF model.



Event Selection

Eight extreme hydrometeorological events are evaluated in this study. These events are chosen according to the 95th percentile (R95p) of daily precipitation recorded by rain gauges over the 5-year study period. Precipitation events recorded at rain gauges in hourly increments were compiled into daily values and evaluated based on daily precipitation intensity (mm/d). Precipitation days with the highest intensity values were examined to confirm a representative storm across the watershed and then the R95p events were selected based on intensity values from one representative rain gauge (EVGR). To determine R95p events, an empirical cumulative density function (CDF) of maximum daily intensity (mm/d) derived from rain gauge observations is evaluated over the 5-year study period (Figure 2). Precipitation events are then grouped according to the maximum daily intensity 95th percentile, as discussed in section Results and Discussion. Event durations span from 24 to 120 h. Seven of the eight events in this study occur in spring (March–May) and fall (September–November), the other event, Event 8, is characterized as a convective storm during a period of unseasonably warm weather in December.
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FIGURE 2. Cumulative density plot of daily precipitation and the number of precipitation events at representative rain gauge EVGR over the 5-year study period.


Table 3 presents the characteristics of selected hydrometeorological events. The total average accumulation is the average amount of rainfall accumulated (mm) at all six gauges over the duration of the event. Maximum daily intensity (mm/d) is the greatest daily rainfall amount accumulated over 1 day during the event. Events 4, 7, and 8 have a maximum daily intensity (mm/d) greater than the average accumulation over the duration of the event. Events 7 and 8 have a duration of 24 h, therefore the maximum daily intensity represents the event duration. For Event 4, a 96-h event, the maximum daily intensity is higher than the average event accumulation due to the disproportional spatial distribution of rainfall over the rain gauge network, where one gauge measured a higher value during a 1-day period, comparatively. Maximum hourly intensity (mm/h) is the largest rain rate over a 1-h period during the event recorded at a gauge.


Table 3. Characteristics of selected hydrometeorological events.
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Statistical Metrics

First, to analyze the performance of SPPs in comparison to gauge precipitation observations during extreme events, each SPP pixel overlaying a representative rain gauge location (e.g., pixel-to-point) is compared. Precipitation performance is evaluated based on average event accumulation (mm), mean precipitation (mm), and maximum hourly intensity (mm/h) for each of the eight extreme hydrometeorological events, as discussed in section Extreme Hydrometeorological Events. The average accumulation is the amount of total rainfall accumulated (mm) over the duration of the event. This amount represents the average accumulation over the six rain gauge locations, with σ being the standard deviation of measurements from the six locations. Mean precipitation is defined as the total accumulation divided by the duration in time of the event (mm/duration). Maximum hourly intensity (mm/h) is the greatest rainfall experienced at a rain gauge during the event over a 1-h period.

Second, the HSPF model is forced with the three SPPs to simulate output of streamflow and water quality indicators using processed AWSA precipitation input. Model output are evaluated at six evaluation points by comparing the three SPP-forced simulations to that forced with rain gauge-based records for each of the eight hydrometeorological events. The mean relative error of peak streamflow (Ep) is evaluated between SPP- and gauge-simulated streamflow (Equation 2) for each of the eight events. Ep is defined by Equation 1 as:

[image: image]

where Qg is the peak gauge-simulated and Qs is the peak SPP-simulated streamflow value (m3/s) over the duration of the event.

The performance of simulated model output including streamflow and water quality indicators are then comparatively evaluated using the following verification metrics: correlation coefficient (CC), relative bias (rB), and relative root mean-square error (rRMSE). CC is a measure of the linear argument between gauge-simulated and SPP-simulated output over the reference period with a perfect value of 1. rB is defined by Equation 2 as the difference between the gauge-simulated and SPP-simulated output, normalized by the gauge-simulated value (in %). Positive (negative) values indicate SPP-simulated output overestimation (underestimation), with a perfect value of 0%.
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where Qgi is the ith gauge-simulated and Qsi is the ith SPP-simulated streamflow/water quality indicator value. n is the total number of corresponding measurements.

rRMSE is a measure of random error, quantifying the error between the SPP-simulated output and the gauge-simulated output with a perfect value of 0%. rRMSE is defined by Equation 3 as follows:

[image: image]




RESULTS AND DISCUSSION


Extreme Hydrometeorological Events

TMPA, CMORPH, and PERSIANN products are evaluated against gauge-based records for the eight extreme hydrometeorological events described in Table 3. These eight events range in duration from 24 to 120 h. Figure 3A shows the average event accumulation (mm), Figure 3B shows the mean precipitation (mm/duration), and Figure 3C shows the maximum hourly intensity (mm/h) measured from rain gauges, TMPA, CMORPH, and PERSIANN for the eight events. In general, longer events (i.e., Events 1 and 3) present a higher accumulation than shorter events (Events 7 and 8) although there are a few clear exceptions. For instance, the total accumulation of Event 6 (60 h) measured by the gauges, TMPA, and CMORPH is greater than Event 2 (120 h). Additionally, the total accumulation measured by the gauges for Events 4 and 5 is greater than Event 2. The variation around the mean accumulation (σ) at the six locations varies not only by product, but also by event. Gauge-based measurements have the greatest σ amongst all of the products, which is attributed to the nature (point) of the measurement. Interestingly, both TMPA and CMORPH tend to overestimate event-based rainfall accumulation for Event 1 and Event 3 (CMORPH only) and underestimate accumulation during shorter-duration events (Events 5, 7, and 8), whereas PERSIANN consistently underestimates total event accumulation for all events. Mean precipitation is inversely proportional to the event duration (Figure 3B). This is due to the fact that longer duration events (Events 1–3) are characterized by a mix of intermittent heavy and stratiform precipitation, whereas shorter events are typically of higher intensity. The same trend is noted for event accumulation, with PERSIANN grossly underestimating values (which is expected since mean precipitation is based on event accumulation). These results may be attributed to the fact that PERSIANN is based on a thermal infrared (IR) algorithm which has a tendency of missing light stratiform precipitation (Hong et al., 2007; Maggioni and Massari, 2018). Ebert et al. (2007) reported that in temperate climates IR-based SPPs generally are better able to detect heavy precipitation during warm season convective storms and decline in accuracy with stratiform precipitation. On the other hand, low orbiting passive microwave (PMW) satellite-based algorithms, such as TMPA and CMORPH, are known to underestimate heavy precipitation events associated with convective storms which is attributed to (1) the lack of fine temporal and spatial resolutions, which may make it difficult to track changes in short-term extreme events; (2) PMW sensor signal attenuation and non-uniform beam filling effects; and (3) bias corrections using gauge values undergoing interpolation that are known to smooth the extreme values (Qin et al., 2014; Oliveira et al., 2015) To support these claims, probability density functions (PDFs) of each precipitation product as a function of precipitation intensity (mm/hr) is provided in Figure 4 for one representative location (gauge EVGR). Hourly intensity is classified based on hourly intensity categories from the American Metrological Society. The PDFs reveal that all three SPPs have a tendency to detect more light precipitation (<2.5 mm) than recorded by the gauge. Furthermore, both TMPA and CMORPH generally tend to detect a larger number of moderate (2.5–7.5 mm) and heavy (>7.5 mm) intensity periods than PERSIANN (Events 1, 2, 3, 6, and 7) even though PERSIANN generally detects a higher hourly intensity (mm/h). These results show that while PERSIANN is better able to measure high intensity, the lower number of moderate and heavy intensity events recorded by PERSIANN actually reduces the total accumulation when compared to TMPA and CMORPH.
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FIGURE 3. (A) Average event accumulation (mm), (B) mean precipitation (mm/duration), and (C) maximum hourly intensity (mm/h) for rain gauges, TMPA, CMORPH, and PERSIANN for eight extreme hydrometeorological events. The standard deviation of measurements across the study area is shown with gray error bars.
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FIGURE 4. Probability Density Functions of events as a function of hourly intensity (mm/h) recorded at rain gauge EVGR, and by TMPA, CMORPH, and PERSIANN at gauge location EVGR during the eight hydrometeorological extreme events.


Maximum hourly intensity illustrates the dissimilarity of each product in the ability to measure heavy precipitation. Aside from one event (Event 6), gauge measurements far exceed all SPPs. However, PERSIANN, with a few exceptions, tends to better detect heavy precipitation in comparison to TMPA and CMORPH. The standard deviations of maximum hourly intensity, especially for Events 3 and 4, are significantly higher than other products indicating the variability of rainfall detected at different gauge locations. To highlight the variability of precipitation measurement throughout the watershed, Figure 5 presents the spatial characteristics of recorded maximum hourly intensity by the gauges (colored dots) and three SPPs (colored pixels) for Event 4, which has the highest standard deviation of precipitation recorded by the representative rain gauges.


[image: Figure 5]
FIGURE 5. Spatial maps of maximum hourly intensity (mm/h) across the watershed as recorded by rain gauges, TMPA, CMORPH, and PERSIANN for Event 4.




Extreme-Event Simulated Streamflow

The capability of SPPs to simulate streamflow during extreme hydrometeorological events is evaluated by investigating the time series of hourly precipitation intensity (Figure 6) and hyetographs- hydrograph plots for each event (Figure 7). Overall, in terms of observed precipitation and gauge-simulated streamflow, TMPA and CMORPH simulations tend to well-capture the magnitude and timing of the peak events, however, there are a few exceptions. For Event 1, both TMPA and CMORPH grossly overestimate peak streamflow but are able to appropriately predict the timing of the peak. PERSIANN completely misses the streamflow peak in magnitude and timing resulting from its inability to accurately capture the accumulation of rainfall from intermittent stratiform precipitation between heavy intensity measurements during Event 1 which is seen in the hourly precipitation intensity. For Event 2, TMPA and CMORPH capture both the timing and peak magnitude of streamflow, though gauge-based streamflow presented a second but smaller peak that is largely undetected by both TMPA and CMORPH. Based on hourly precipitation intensity estimates during Event 2, TMPA and CMORPH captured rainfall intensity at the beginning of the event, however, did not well-capture rainfall during the second precipitation occurrence, thus leading to an underestimation of the second peak. Similar results are found with Events 3, 5, and 6 where TMPA and CMORPH are able to capture the peak magnitude of streamflow, though timing is delayed for Events 3 and 5.


[image: Figure 6]
FIGURE 6. Precipitation time series plots of hourly intensity (mm/h) recorded at rain gauge EVGR, and by TMPA, CMORPH, and PERSIANN at gauge location EVGR during the eight hydrometeorological extreme events.



[image: Figure 7]
FIGURE 7. Hyetograph of the eight hydrological extreme events based on observations of daily precipitation intensity (mm/day) at gauge EVGR and corresponding hydrographs of modeled streamflow (m3/s) for gauge-, TMPA-, CMORPH-, and PERSIANN-simulated data at evaluation point S79.


PERSIANN exhibited the best performance for Event 4, able to capture the peak magnitude and timing of streamflow. During Event 4, PERSIANN captures the intermittent intense precipitation over the duration of the event, whereas TMPA, and to a lesser degree CMORPH, cannot match hourly intensities observed from gauges early on in the event, and overestimate precipitation in later stages of the event's duration which is evident from the hourly precipitation intensity time series (Figure 6). All three SPPs are unable to capture precipitation intensity during Event 7 and thus significantly underpredict peak streamflow. Though Event 7 and Event 8 are classified as 24-h events, and the average event accumulation (mm) and daily intensity (mm/d) are higher for Event 7, the peak streamflow simulated for Event 8 is greater. This is mostly likely due to the seasonal performance built into the HSPF model. Event 8 occurs in December whereas Event 7 occurs in September. HSPF inherently generates greater runoff from the watershed from reduced infiltration rates during cooler months (December–March), thus produces higher simulated streamflow than in warmer seasons.

To quantify the error associated with the peak magnitude of streamflow for each event, Ep is determined and averaged among all six evaluation points. Figure 8 displays the mean error of peak SPP-simulated streamflow in comparison to gauge-simulated streamflow. The most significant error in peak is associated with Event 1 where both TMPA and CMORPH significantly overestimate the peak magnitude at several evaluation points. The overestimation of the peak magnitude streamflow results from TMPA and CMORPH both estimating a higher precipitation accumulation during Event 1 than observed at the rain gauges. Except for Event 4, PERSIANN tends to underestimate peak magnitude of streamflow for all events. Aside from Event 6, results from TMPA and CMORPH are fairly consistent which is expected since they are based on similar input satellite retrievals to estimate precipitation. The inconsistency in peak magnitude of streamflow between TMPA and CMORPH for Event 6 is attributed to the temporal resolution of the two products, 3 and 0.5 h, respectively. In the 3-h window of TMPA, the duration of precipitation intensity is overestimated for TMPA when compared to CMORPH which then resulted in a higher simulated peak magnitude streamflow.


[image: Figure 8]
FIGURE 8. Mean peak streamflow error of TMPA, CMORPH, and PERSIANN with respect to gauge-simulated streamflow.




Streamflow and Water Quality Error Analysis

To assess model performance in simulating streamflow and water quality indicators between gauge-simulated output and SPP-simulated output, three error metrics are used: CC, rB, and rRMSE. Error is measured at the daily timestep and evaluated at six evaluation points over the duration of the defined event for Q, TW, and concentrations of TSS, DO, BOD, and nutrients OP, TP, NH4-N, NO3-N. Results indicate fairly good agreement (Figure 9) between gauge- and SPP-simulated Q for TMPA and CMORPH (CCs between 0.8 and 1.0 with a mean CC of 0.81 and 0.86 representative of all events, respectively) aside from Event 4, which is missed by all SPPs. The CC of PERSIANN-simulated Q is generally lowest among SPPs (mean CC of 0.64), due to its inability to accurately measure stratiform precipitation between intense periods of precipitation during an event. rB (Figure 10) varies significantly for Q indicating SPPs either under- (negative) or over- (positive) predict Q. Highest rB errors for TMPA and CMORPH are 225 and 150%, respectively, and −100% for PERSIANN which all occur with Event 1. Events 2 and 5 have good agreement between gauge- and SPP-simulated Q. rRMSEs are somewhat consistent between SPPs for each event (Figure 11), however, high rRMSEs for TMPA and CMORPH are noted for Event 1, whereas the rRMSE of PERSIANN is fairly consistent between events. The high rRMSE values associated with Event 1 for TMPA and CMORPH are likely due the SPP's ability, as a gridded product with larger spatial resolution, to pick up localized precipitation, where some rain gauges did not record the same precipitation intensity during the event.


[image: Figure 9]
FIGURE 9. Correlation coefficients of streamflow and water quality indicators between gauge-simulated and SPP-simulated output for TMPA, CMORPH, and PERSIANN for six evaluation points. The mean indicator value across all eight events is represented by a dashed line corresponding to TMPA, CMORPH, and PERSIANN in green, blue, and red, respectively.
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FIGURE 10. rBs of streamflow and water quality indicators between gauge-simulated and SPP-simulated output for TMPA, CMORPH, and PERSIANN for six evaluation points. The mean indicator value across all eight events is represented by a dashed line corresponding to TMPA, CMORPH, and PERSIANN in green, blue, and red, respectively.
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FIGURE 11. rRMSEs of streamflow and water quality indicators between gauge-simulated and SPP-simulated output for TMPA, CMORPH, and PERSIANN for six evaluation points. The mean indicator value across all eight events is represented by a dashed line corresponding to TMPA, CMORPH, and PERSIANN in green, blue, and red, respectively.


Correlations (Figure 9) of water quality indicators vary considerably, however, TW has the strongest positive linear relationship compared to other indicators evaluated in this study. Strong correlations are attributed to in-stream temperature being naturally dependent on ambient air temperature conditions with precipitation, and thus streamflow, having a lesser impact of TW. Correlations fall between 0.8 to 1.0 for TMPA and CMORPH for all events except for Event 4. PERSIANN-simulated TW shows weaker correlations, especially for Events 5, 6, and 7. Mean CC values representative of all events for TMPA, CMORPH, and PERSIANN are 0.88, 0.90, and 0.69, respectively. rB (Figure 10) and rRMSE (Figure 11) for TW are also lowest (better agreement) among all simulated output indicating that TW is more impacted by ambient air temperature than precipitation.

SPP-simulated TSS, a flow-dependent variable, has the weakest relationship to gauge-simulated TSS (Figure 9) for all water quality indicators, with CMORPH (mean CC of 0.55) performing slightly better than TMPA and considerably better than PERSIANN (mean CC of 0.50 and 0.30, respectively). PERSIANN presents negative correlations during Events 1, 4, and 6 and generally performs worse than both TMPA and CMORPH, aside from two events (Events 5 and 7). Event 5 is characterized by a multi-day duration and lower-intensity precipitation than other events evaluated in this study. While PERSIANN misses the magnitude of peak TSS, CMORPH and TMPA both overpredict it. Event 8 presents a high correlation, and low rB (Figure 10) and rRMSE (Figure 11) for SPP-simulated TSS indicating that all three SPPs well capture TSS concentrations, likely due to the short duration of the event (24 h) and the high skill of SPP-simulated Q, which directly influences TSS, especially during early stages of a storm event. In a study across the same watershed, Solakian et al. (2019) found a direct relationship between simulated streamflow and TSS concentrations, with peaks well-represented in both TMPA and CMORPH simulations; however, TSS concentrations tend to be low throughout warmer months aside from a few instances where intense precipitation is captured and translated into peak streamflow.

Correlations of DO between SPP- and gauge-simulations during a 5-year continuous period are 0.81–0.85 (Solakian et al., 2019) indicating good agreement on a continuous basis. Correlations of event-based simulations (Figure 9) of DO suggest that model skill varies by event with majority of correlations above 0.8 and a mean CC of 0.74 for both TMPA and CMORPH, with a few exceptions. PERSIANN exhibits overall inferior performance for simulated DO concentrations (mean CC of 0.56) aside from Event 4. Both TMPA and CMORPH missed the peak Q for Event 4 whereas PERSIANN was able to able to well-capture the timing and peak magnitude of Q, thus translating into a higher correlation of DO for Event 4 when compared to the other SPPs. Both rB (Figure 10) and rRMSE (Figure 10) for DO are much lower compared to other water quality indicators, with the exception of TW. The relatively small change in DO concentrations are probably not associated with precipitation. Rather DO is more temperature-dependent which is evident from seasonal fluctuations of DO concentrations. Correlations of BOD appear to mimic TSS, though rB and rRMSE of SPP-simulated BOD vary considerably. Mean CCs for TMPA, CMORPH, and PERSIANN, representative for all events, are 0.66, 0.77, and 0.40, respectively. CMORPH outperforms TMPA, and both CMORPH and TMPA significantly outperform PERSIANN aside from Event 5, where PERSIANN outperforms other SPPs. From a seasonal perspective, simulated BOD concentrations increase in warmer periods and drop during cooler periods following patterns associated with TW, yet this indicator also appears to be influenced by TSS concentrations during peak events.

Two phosphorus-based compartments of phosphorous are investigated in this study: TP and OP. The Occoquan Watershed model, built with precipitation input at 87 individual segments, is able to well-capture changes of simulated nutrient loads due to changes in precipitation input from the four data sources: rain gauges, TMPA, CMORPH, and PERSIANN. The behavior of TP and OP concentrations follow similar agreement between SPP- and gauge-simulations as with TSS, and have similar correlations (Figure 9). The mean CCs for TMPA, CMORPH, and PERSIANN for TP and OP are 0.60, 0.67, 0.23 and 0.61, 0.65, 0.38, respectively. rB of TP and OP are inversely proportional to TSS which may be due to the influence of both insoluble (sediment-dependent) and soluble (precipitation-dependent) forms of phosphorous included in the model (Figure 10). Overall, all three SPP-simulated TP and OP outputs are fairly consistent with no clear indication of one outperforming another. The one exception to consistence in performance is PERSIANN-simulated TP and OP (rB = +140% and +160%, respectively) for Event 1. These results suggest that, while TP and OP may be sediment-dependent indicators most likely tied to land use conditions in the watershed and the spatial and temporal differences in precipitation have a lesser impact on simulated TP and OP concentrations.

Nitrogen-based nutrients, NH4-N, and NO3-N, are investigated based on a comparison of SPP-simulated to gauge-simulated concentrations. SPP-simulated NH4-N and NO3-N present similar correlations to TSS with mean CCs of 0.57, 0.64, 0.20 and 0.68, 0.70, 0.45, respectively (Figure 9). Additionally, rB (Figure 10) and rRMSE (Figure 11) present consistent values, aside for rB values for NH4-N for Event 1 which present an inverse relationship. SPP-simulated NO3-N correlations, rBs, and rRMSEs present similar results among the three SPPs indicating that the spatial and temporal differences of SPPs have little impact on simulation skill.




CONCLUSIONS

Eight extreme events within the study period are identified according to the 95th percentile of daily precipitation recorded by rain gauges during the study period. Event durations span from 24 to 120 h. Event-based error is measured at the daily timestep and evaluated at six evaluation points for Q, TW, and concentrations of TSS, DO, BOD, and nutrients OP, TP, NH4-N, NO3-N. Results indicate fairly good agreement between gauge- and SPP-simulated Q for TMPA, whereas PERSIANN-simulated Q is generally lowest among SPPs, due to its inability to accurately measure stratiform precipitation between intense periods of precipitation during an event. The skill of SPP- to gauge-simulated water quality indicators vary considerably. However, TW has the strongest agreement compared to other indicators evaluated in this study. SPP-simulated TSS, a flow-dependent variable, has the weakest relationship to gauge-simulated TSS among all water quality indicators, with CMORPH performing slightly better than TMPA and PERSIANN. Strong agreement of TW simulations is attributed to in-stream temperature being naturally dependent on ambient air temperature conditions with precipitation, and thus streamflow, having a lesser impact. For both DO and BOD, event-based simulations suggest that model skill varies by event though SPP-simulated output shows overall good agreement to gauge-simulated output, with a few exceptions. PERSIANN exhibits overall inferior performance for simulated DO and BOD concentrations. For phosphorus-based nutrient simulations of TP and OP, all three SPP-simulated TP and OP outputs are fairly consistent with no clear indication of one outperforming another suggesting that while TP and OP may be sediment-dependent indicators most likely tied to land use conditions in the watershed and the spatial and temporal differences in precipitation have a low impact on simulated TP and OP concentrations. Nitrogen-based nutrients, NH4-N, and NO3-N, present similar results among the three SPPs indicating that the spatial and temporal differences of SPPs have less of an impact on simulation skill that other water quality indicators.

Overall, this study demonstrates that the spatiotemporal variability of SPPs, along with their different algorithms, are capable of predicting the characteristics of streamflow and water quality simulations with varying degrees of performance during hydrometeorological extreme events. However, there are limitations to this study. Foremost, the study area, suburban Washington, D.C., is situated in a region characterized by a temperate climate and mild topographic variation with moderate precipitation intensity. Both climate and topography may have a significant impact on SPP performance. Secondly, this analysis was conducted in a single location utilizing only one hydrology/water quality model, i.e., HSPF. While this model is well-calibrated and has been validated to observation results, another model may respond in a different way to changes in streamflow and water quality indicators resulting from forcing precipitation inputs especially during extreme hydrometeorological events. Additionally, the model was calibrated on a continuous basis over the study period whereas calibration based on only discrete events may produce different results. Thirdly, the model was calibrated based on rain gauge data, which may not reflect the actual distribution, extents, or magnitude of precipitation in the watershed. Lastly, while this study provides a comprehensive evaluation of three of the most widely used SPPs, TMPA, CMORPH, and PERSIANN, it does not consider an exhaustive list of precipitation sources such as other SPPs, blended and reanalysis products, or radar data which would likely present different results. Nonetheless, this work represents a novel approach to utilizing SPPs data for water quality modeling during extreme hydrometeorological events, which could be of beneficial in locations lacking ground-based instruments to measure precipitation. Future research should evaluate the applicability of SPPs for simulating water quality in different regions, climates and other hydrometeorological extremes such as droughts and long-term hydroclimatic changes. Additionally, different hydrology/water quality models may be used to simulate results as well as using other precipitation products such as re-analysis and blended products.
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