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Abstract 

	

Arid and semi-arid regions cover 40% of the Earth’s surface and inhabit 40% of the global 

population. Within these regions there is a need to improve our understanding of the interactions 

between hydrologic processes and the atmosphere. This dissertation examines these processes in 

the southwest US.  

 

Channel infiltration impacts the hydrologic response in semi-arid regions, diminishing 

streamflow and providing a source for groundwater recharge and evapotranspiration from 

riparian zones. We implemented a conceptual channel infiltration function in the WRF-Hydro 

hydrologic model. After calibration, the updated model has reduced streamflow bias within the 

Walnut Gulch Experimental Watershed and the Babocomari River in southeast Arizona. 

Accounting for channel infiltration and calibrating the model also reduces evapotranspiration 

errors. Calibration increased high soil moisture bias, which is an underlying limitation of the 

WRF-Hydro structure and calibration methodology. We also analyzed the impact of channel 

infiltration and calibration within 49 basins around the western US. This work showed that 

calibration in many of these basins results in excess baseflow compared to surface flow, which is 

partly due to limits of the optimization statistic and deep groundwater recharge that is not 

accounted for. 

 

We also consider land-atmosphere interactions in the western US. The WRF atmospheric model 

is coupled to the WRF-Hydro hydrologic model. Both the uncoupled WRF and otherwise 

identical WRF-Hydro model were executed for the 2017 and 2018 NAM seasons in. Results 

showed that surface and subsurface flow from WRF-Hydro increases soil moisture and latent 

heat. This increases the amount of instability and moisture available for deep convection, and 

enhances growth of NAM convection. These results indicate the role of the land surface and of 

lateral moisture redistribution on the lower atmosphere and for convection. 
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Chapter 1: Introduction 

1.1 Hydrometeorology in Semi-Arid Environments 

Flooding events have cost the US an average of $7.95 Billion per year and resulted in an 

average of 85 fatalities per year during the 30-year period from 1984-2013 (National Weather 

Service, 2014). The physical processes that affect this immediate danger to life and property 

carry a high degree of epistemic uncertainty, particularly for flooding associated with localized 

convective precipitation. Furthermore, the hydrologic response in semi-arid regions is highly 

dependent upon heterogeneous land and soil characteristics and topography, as well as the 

variable distribution and intensity of precipitation.  

In this region, much of the streamflow that occurs in ephemeral channels is due to surface 

runoff associated with convective rainfall occurring during the North American Monsoon season 

(NAM) (e.g. Maddox et al. 1995; McCollum et al. 1995; Adams and Comrie 1997). During the 

NAM, a semi-permanent ridge of high pressure forms over the southwest CONUS, resulting in 

easterly flow aloft that is conducive to horizontal moisture flux from the Gulf of Mexico and 

Gulf of California (e.g. Douglas et al. 1993; Adams and Comrie 1997). In this convective 

environment, diurnal convection is normally phase-locked to the terrain. In the presence of 

synoptic-scale ascent or vertical wind shear, such as in the case of a transient inverted trough or 

other disturbance (i.e. Lahmers et al. 2016), this convection can organize to form squall lines and 

Mesoscale Convective Systems (MCSs) that propagate into the lower desert regions. Extreme, 

often localized, precipitation can result during both of these situations (e.g., Pytlak et al. 2005; 

Bieda et al. 2009; Finch and Johnson 2010; Newman and Johnson 2012; Seastrand et al. 2014; 

Lahmers et al. 2016; Luong et al. 2017). 

Within these dry lands, these seasonal highly variable rainfall events trigger the 

formation of ephemeral streams flowing through wide floodplains, with dry ambient subsurface 

conditions decreasing discharge downstream. Throughout southeastern Arizona, the groundwater 

levels tend to be deep, so that the surface runoff that flows through the channel network 

infiltrates into the soil, where it becomes a source for groundwater recharge or 

evapotranspiration (e.g. Blasch et al. 2004). These ephemeral channel losses are not yet 
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accounted for in the Weather Research and Forecasting Hydrologic model (WRF-Hydro) 

(Gochis et al. 2015) NWM architecture.  

Another challenge for atmospheric modeling in semi-arid regions is the influence of 

surface-atmosphere feedback, that may often be affected by the local hydrology, such as in cases 

of local precipitation recycling (e.g. Dominguez et al. 2016). Evidence of feedbacks between the 

lower atmosphere and the land surface, particularly in arid and semi-arid environments, has been 

shown from analysis of near-surface fluxes and planetary boundary layer (PBL) characteristics 

(e.g. Santanello et al. 2013; Dominguez et al. 2016). Coupled mesoscale atmospheric and 

distributed hydrologic modeling systems (e.g. Maxwell et al. 2011; Gochis et al. 2015) have 

permitted us to analyze the role of surface and subsurface hydrologic processes on surface-

atmospheric coupling (e.g. Maxwell et al. 2011; Arnault et al. 2016). These authors showed that 

surface and subsurface flow might impact latent and sensible heat exchange with the atmosphere. 

Meanwhile, climate change has resulted in an increased frequency of extreme precipitation in 

central Arizona, (Luong et al. 2017) and is expected to reduce runoff in the upper Colorado 

basin, despite increases to snowpack at high elevations (e.g. Rasmussen et al. 2014). 

This dissertation addresses these forecasting and modeling challenges by 1) 

implementing a conceptual channel infiltration function in the WRF-Hydro model, configured as 

the NOAA NWM, 2) calibrating the NWM with channel infiltration in different regions of the 

western CONUS and evaluating its performance, and 3) testing the effects of WRF-Hydro 

coupled to the WRF-ARW (Skamarock et al. 2008) atmospheric model for convective 

organization in central Arizona during the North American Monsoon season. 

 

1.2 Channel Infiltration and the NOAA National Water Model 

 Flash floods occur when atmospheric conditions are favorable for the occurrence of 

sustained (often convective) heavy precipitation, where sufficient ascent and moisture are both 

present (e.g. Doswell et al. 1996). Flash flood events are difficult to predict in semi-arid 

environments, such as the southwestern US, due to the difficulty of having good estimates of 

antecedent soil moisture, and due to the relatively short durations and highly localized character 

of extreme precipitation events. Initial land surface soil moisture conditions can be highly 

uncertain due to limited soil moisture observations, while elevated terrain hampers accurate 
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estimation of precipitation using weather radar (e.g. Zamora et al. 2014). Therefore, flash flood 

prediction in these semi-arid domains is particularly challenging and is further complicated by 

the dry antecedent conditions of ephemeral channels beds, resulting in large transmission losses 

(Goodrich et al., 1997). Previous efforts to improve the physical process representation in 

hydrologic forecasts within these environments have focused on the implementation of spatially-

distributed hydrologic models, making use of gridded high-resolution precipitation data (e.g. 

Blöschl et al. 2008; Looper 2012; Broxton et al. 2014; Hardy et al. 2015; Reed et al. 2015; 

Gourley et al. 2017).  

To ameliorate the uncertainties associated with hydrologic forecasts, and to provide 

longer forecast lead times for flash flood events, the National Weather Service (NWS) Office of 

Water Prediction (OWP), of the National Oceanic and Atmospheric Administration (NOAA), 

recently implemented the operational National Water Model (NWM), based on architecture of 

the Weather Research and Forecasting (WRF) WRF-Hydro hydrologic model (Gochis et al. 

2015). The NWM is a continental-scale distributed hydrologic model that produces streamflow 

forecasts for 2.7 million stream reaches across the Contiguous US (CONUS) based on observed 

and forecasted precipitation. For the semi-arid southwestern US, the model is subject to 

significant errors (Dugger et al. 2017).  

In the southwest US, much of the streamflow that occurs in ephemeral channels is due to 

surface runoff associated with convective rainfall occurring during the North American Monsoon 

season (NAM) (e.g. Maddox et al. 1995; McCollum et al. 1995; Adams and Comrie 1997). 

During the NAM, precipitation can either be phase-locked to the high terrain or propagate into 

the low deserts as squall lines or mesoscale convective systems (MCSs) (e.g., Pytlak et al. 2005; 

Bieda et al. 2009; Finch and Johnson 2010; Newman and Johnson 2012; Seastrand et al. 2014; 

Lahmers et al. 2016; Luong et al. 2017), resulting in significant amounts of precipitation and 

surface runoff.  

Goodrich et al. (2004) note that the depth to groundwater in the United States Department 

of Agriculture (USDA) Agricultural Research Service (USDA-ARS) Walnut Gulch 

Experimental Watershed (WGEW) (Moran et al. 2008), a tributary to the San Pedro River in 

southeast Arizona with no perennial channels, ranges from approximately 50m to 145m in the 

lower and middle basin, respectively. However, local recharge from channel infiltration can 

make up a significant portion of the local water balance, as recharge estimates (based on 
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groundwater modeling, surface water balance measurements, and evaluation of deep 

groundwater storage using microgravity measurements) suggest that channel infiltration 

accounted for 15-40% of groundwater recharge in the San Pedro basin during wetter than 

average monsoon seasons (Goodrich et al. 2003; Goodrich et al. 2004). Virtually all of the runoff 

generated in the WGEW is the result of monsoon convective precipitation (Goodrich et al. 1997; 

Stone et al. 2008). 

As currently implemented, WRF-Hydro does not permit water to exit the channel 

network once it enters a channel from the terrain routing grid (Gochis et al. 2015). Consequently, 

the operational version of the NWM does not account for channel infiltration losses. Previous 

work has attempted to quantify and estimate the nature and magnitude of channel infiltration at 

various scales. Lane (1983) used an ordinary differential equation to approximate the rate of 

change in runoff volume with channel flow distance; observed inflow-outflow discharge from 

ephemeral reaches were then used to compute equation coefficients via regression analysis. 

Noorduijn et al. (2014) modeled infiltration from an artificial channel using Philip’s equation, 

accounting for both the gravity and pressure terms in the sorption equation, while Callegary et al. 

(2007) quantified the recharge potential of ephemeral channel reaches in the southwest CONUS 

using field data. Redistribution of water across the land surface caused by infiltration may also 

affect the local water balance; Zampieri et al. (2012) showed, using a modified version of the 

Community Land Model (CLM), that parameterization of the redistribution of water through 

infiltration out of the channel network was needed for the model to reproduce Oklahoma 

Mesonet soil moisture observations. 

 

1.3 Regional Calibration of Distributed Hydrologic Models 

 As noted in the last section, recent hydrologic model developments for forecasting and 

research utilize spatially-distributed hydrologic models coupled with gridded high-resolution 

precipitation data (e.g. Blöschl et al. 2008; Looper 2012; Broxton et al. 2014; Hardy et al. 2015; 

Reed et al. 2015; Gourley et al. 2017). Due to the high parameter dimensionality of WRF-Hydro 

(relative to available data/information about land surface properties), the model calibration 

problem can be poorly constrained (e.g. Smith and Gupta 2012). This requires spatial 

regularization (e.g. Pokhrel et al. 2012; Kumar et al. 2013) to reduce the dimensionality of the 
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optimization problem during calibration. This process involves associating the parameters of the 

distributed hydrologic model with available land surface data via non-linear functions to reduce 

parameter dimensionality. Early examples of the systematic testing of distributed hydrologic 

models were the Model Parameter Estimation Experiments (MOPEX), which evaluated the skill 

of calibrated distributed hydrologic models in 12 basins across the eastern CONUS, including 

regionalization of spatially varying parameters (Duan et al. 2006).  

Pokhrel et al. (2012) used spatial regularization and a carefully chosen set of selected 

diagnostically relevant criteria (Gupta et al 2008; 2009) to calibrate a version of the NWS 

Hydrology Laboratory Research Distributed Hydrological Model (HL-RDHM) so as to ensure 

consistency with hydrologic signatures. Calibration of distributed hydrologic models has been 

shown to improve model estimates of streamflow over the same models with a priori variables in 

Phase 2 of the Distributed Model Intercomparison Project (DMIP 2) (Smith et al. 2012). For 

some of the DMIP 2 experiments, these improvements were only slight; however, Duan et al. 

(2006), showed that calibration improved distributed model performance, for simulating 

streamflow, over the same models with a priori parameters. The DMIP 2 experiments also 

showed that distributed models add value over previous lumped models because of their ability 

to resolve inner-basin processes, even when calibrated to basin outlet measured streamflow. 

More advanced regionalization techniques are also able to take advantage of high-resolution 

spatial data that is finer than the model grid. For example, the Multiscale Parameter 

Regionalization (MPR) technique (Samaniego et al., 2008, 2010; Kumar et al. 2013) can account 

for sub-grid scale variations through spatial transfer functions that relate high resolution land and 

soil data to tunable model parameters, which can improve model performance across spatial 

scales. These techniques are also advantageous because they can produce spatially consistent 

calibration variables across large domains, as demonstrated in both Europe and the Contiguous 

US . 

In addition to model structure and parameter uncertainty, flood forecasting in the western 

CONUS is challenged by the difficulties to forecast and measure extreme precipitation during 

the warm season due to its localized character.  During the warm season (i.e. the North American 

Monsoon (NAM)), precipitation is often phase locked to the local terrain due to increased 

heating, but favorable vertical shear and synoptic scale motion can lead to the formation of large 

(~500 km scale) Mesoscale Convective Systems (MCSs) that reach the low deserts (e.g., Pytlak 
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et al. 2005; Bieda et al. 2009; Finch and Johnson 2010; Newman and Johnson 2012; Seastrand et 

al. 2014; Lahmers et al. 2016; Luong et al. 2017).  This also holds for orographic snowfall during 

the cold season, which is highly dependent upon both large-scale forcing and mesoscale 

processes associated with the local topography (e.g. Rasmussen et al. 2011). Accurate 

measurement of precipitation in the western CONUS is furthermore a challenge as the 

operational rain gauge network is sparse and weather radar measurements are impacted by 

(partial) beam blockage from the elevated terrain (e.g. Zamora et al. 2014) and by the tendency 

of radar to underestimate snowfall (e.g. Smalley et al. 2014). 

The NWM employs spatial regionalization, to transfer parameters from calibrated basins 

to other basins within the same EPA Level III Eco-Region (Ormernik et al. 1987). This transfer 

of calibrated parameters as a function of Eco-Region was developed by the National Center for 

Atmospheric Research (NCAR) to calibrate parameters for the NOAA NWM. 

 

1.4 Surface-Atmosphere Interactions in Semi-Arid Environments 

 Evidence of coupling between the lower atmosphere and the land surface, particularly in 

arid and semi-arid environments, has been shown from analysis of near-surface fluxes and 

planetary boundary layer (PBL) characteristics in both modeling and observation studies (e.g. 

Findell et al. 1997; Koster et al. 2002; Dirmeyer et al. 2009; Zeng et al. 2010; Santanello et al. 

2013). The recent development of coupled mesoscale atmospheric and high-dimensionality 

distributed hydrologic modeling systems (e.g. Maxwell et al. 2011; Gochis et al. 2015) now 

permits us to analyze the role of surface and sub-surface hydrologic processes on surface and 

atmospheric coupling (e.g. Maxwell et al. 2011; Senatore et al. 2015; Arnault et al. 2016; Xiang 

et al. 2018).  

 Findell et al. (1997) considered the role of surface and atmospheric feedback when they 

showed that summer precipitation across the state of Illinois was correlated with prior soil 

moisture conditions; however, this analysis was insufficient to isolate the role of atmospheric 

coupling compared to natural variability. Koster et al. (2002) demonstrated possible evidence of 

surface coupling with the atmosphere by considering an ensemble of 16 GCMs executed for one 

month with different model structures and SSTs, to locate areas where correlations between 

ensemble precipitation existed. This showed that certain parts of the globe, including the semi-
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arid central CONUS might be subject to surface-atmosphere coupling. Dirmeyer et al. (2009) 

evaluated surface atmosphere coupling from reanalysis soil moisture datasets. They used soil 

moisture memory based on the time for lag autocorrelation of estimated soil moisture to decrease 

to below the 99% confidence interval and a precipitation recycling fraction based on back 

trajectories of moisture during precipitation events. From this analysis, they showed that soil 

moisture anomalies could persist in time, leading to ET anomalies that ultimately affect 

precipitation. Zeng et al. (2010) developed a metric based on the covariance of monthly ET and 

precipitation anomalies normalized by the variance of precipitation anomalies. Zeng et al. (2010) 

found their coupling proxy variable to be high over the Western US, our present study area; 

however, they caution that this analysis is insufficient to prove the causality of land surface 

processes on precipitation. 

 More recently, Santanello et al. (2013) used a convection permitting resolution (CPM) 

regional model over the central plains, combined with sounding and remote sensing based 

observations, to examine surface-atmosphere coupling. They demonstrated several metrics for 

coupling, based on surface-atmosphere fluxes and PBL evolution. Their work showed that 

surface coupling becomes important over this region during dry conditions. Tawfik and 

Dirmeyer (2014) also evaluated the potential for atmospheric convection based on the computed 

buoyant condensation level, a proxy variable for a well mixed PBL where a parcel lifted from the 

surface is able to reach saturation from a prescribed temperature perturbation. Tawfik and 

Dirmeyer (2014) use this variable to show regions of the CONUS where convective initiation 

may be related to surface coupling, including the high plains during the warm season. Gerken et 

al. (2018) demonstrates using a simple model of the mixed layer that soil moisture, and 

consequently the partitioning of surface energy into latent and sensible heating, impacts potential 

for convective initiation of the Montana high plains. Here, increased soil moisture from irrigation 

reduces the likelihood of local convective initiation due to reduced sensible heating. Soil 

moisture is also related to the position of dry lines, which can influence convective initiation, 

over the high plains, with wetter (drier) conditions associated with a more western (eastern) dry 

lines (Johnson and Hitchens et al. 2018). 

 Given the importance of soil moisture coupling for atmospheric processes, it is relevant 

to consider the effects of horizontal redistribution of water in the surface and sub-surface for 

atmospheric processes. Maxwell et al. (2011), using WRF-ARW coupled to the ParFlow 
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groundwater model, suggests that movement of water across the landscape (outside of the 

channel network) impacts the spatial distribution of soil moisture and is thus important for the 

local water balance. Anyah et al. (2008) coupled a groundwater model (Miguez-Macho et al. 

2007) to a 50-km RAMS regional atmospheric model (Walko and Tremack 2000) and showed 

that shallow groundwater can enhance precipitation recycling, and subsequent convective 

initiation, in the semi-arid southwest CONUS. With the recent development of the Weather 

Research and Forecasting (WRF) WRF-Hydro hydrologic model architecture (Gochis et al. 

2015), the WRF-ARW atmospheric model can be coupled to a hydrologic model, allowing for 

the effects of horizontal redistribution of water to be realized in a mesoscale atmospheric model. 

Senatore et al. (2015) executed the WRF-ARW model with and without coupling to 

WRF-Hydro for a mid-latitude cyclone case over Italy. They demonstrated that coupling a 

calibrated WRF-Hydro simulation to WRF-ARW during the cyclone case increased model soil 

moisture to increase latent heating. In some cases, this reduced the magnitude of precipitation 

over-estimates by the control WRF model; however, the overall changes to the precipitation field 

were relatively small. More recently, Verri et al. (2017) demonstrated that WRF-Hydro (offline) 

forced with WRF-ARW derived precipitation that was modified with gauge data using a least 

squares approach was able to reproduce the hydrograph for two high impact precipitation events 

in the same region as Senatore et al. (2015).  

Arnault et al. (2016) coupled WRF-ARW to WRF-Hydro using a 2-km grid resolution 

Noah-MP LSM grid and a 500-m resolution routing grid, and showed that overland flow from 

WRF-Hydro, and resultant spatial changes to ET, effected precipitation within a ~100-km2 

catchment in West Africa. They showed that the effects of coupling WRF to WRF-Hydro were 

greatest early in the African monsoon season, when soil moisture differences often result in 

convective initiation. Convection in the NAM regime can also be triggered this way (e.g. 

Dominguez et al. 2016), making it an appropriate study area to test a coupled WRF-Hydro 

simulation. Kerandi et al. (2018) used a 5-km grid resolution coupled and uncoupled WRF-

Hydro configuration over the 3279 km2 Tana River basin in Kenya. The WRF-Hydro routing 

grid had 500-m grid resolution. Their results showed that coupling WRF-Hydro to WRF had the 

effect of increasing surface runoff by exfiltration in some (mainly high elevation) areas of the 

model domain, while decreasing runoff by increasing infiltration in other areas. The net effect of 

the coupling nominally decreased precipitation, while it increased surface runoff. Local 
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precipitation recycling (from the same domain area) was relatively small, as most precipitation 

was due to advection.  

Arnault et al. (2018) and Rummler et al. (2019) both compared WRF-Hydro to WRF with 

otherwise identical configurations. Both of their studies used ensembles, derived with varying 

boundary layer schemes and surface parameters (Arnault et al. 2018) and using time-lagged 

initial conditions (Rummler et al. 2019) with domains in central Europe. As in Arnault et al. 

(2016), they concluded that adding surface routing to WRF, through WRF-Hydro, increased soil 

moisture and ET. The influence of soil moisture for precipitation and ET was greater in 

situations with weak synoptic scale forcing (Rummler et al. 2019). This suggests that the impacts 

of WRF-Hydro my thus be important in the NAM region, where synoptic scale forcing is 

typically weak (e.g. Bieda et al. 2009). Despite the influence of WRF-Hydro, Arnault et al. 

(2018) also showed that changing the model PBL scheme of the model had a greater role than 

adding surface routing on model precipitation.  

Xiang et al. (2018) evaluated the sensitivity of a coupled WRF-Hydro simulation to soil 

moisture and vegetation fraction anomalies over the Río Sonora basin in Northwest Mexico. For 

the 2004 and 2013 NAM Seasons, coupled WRF-Hydro was able to produce consistent surface 

ET and soil moisture compared to an offline WRF-Hydro simulation forced with NLDAS-2 data; 

despite WRF-Hydro producing its precipitation as fewer heavier events, consistent with actual 

NAM precipitation (e.g. Luong et al. 2017). Increasing soil moisture and vegetation greenness in 

the coupled modeling system tended to increase precipitation during four NAM convective 

events (Xiang et al. 2018). 

 

1.5 Purpose 

 The importance of surface hydrologic processes for both atmospheric modeling (e.g. 

Arnault et al. 2016) and hydrologic modeling (e.g. Dugger et al. 2017) are motivation for this 

study. The scientific objective of this investigation is to evaluate 1) the benefits of channel 

infiltration for hydrologic modeling in semi-arid environments, 2) the skill and uncertainties of 

hydrologic model calibration over the Western US, and 3) the impacts of horizontal surface 

routing on the lower atmosphere and convective environment during the NAM season. 
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 In that context, this dissertation consists of three studies. In the first study, we identify 

demonstrate the added value of a conceptual channel infiltration function in the NOAA NWM 

(Appendix A). In the second study, we evaluate the limitations of calibrating the NOAA NWM 

in 49 basins around the western US (Appendix B). In the third study, the WRF-Hydro model is 

coupled to the WRF-ARW atmospheric model to evaluate the impact of hydrologic routing on 

surface fluxes, the local convective environment, and convective organization during the NAM 

(Appendix C).  
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Chapter 2: Present study 

 

 The methods, results, and conclusions of this investigation are presented in three 

manuscripts formatted for submission and appended in this dissertation. The first of which has 

been accepted to the Journal of Hydrometeorology. The following is a summary of the most 

relevant findings from each manuscript and a discussion on their implications for the 

hydrometeorology discipline. 

 

2.1 Appendix A: Enhancing the Structure of the WRF-Hydro Hydrologic Model for Semi-

Arid Environments 

 The first study examines the impact of including a conceptual channel infiltration 

function in the WRF-Hydro Hydrologic Model, configured as NWM v1.1, in two semi-arid 

catchments in southeast Arizona. The theoretical basis for this work is that semi-arid 

environments like southeast Arizona have a high depth to groundwater (e.g. Blasch et al. 2004), 

such that channel transmission losses to groundwater recharge have been documented and 

measured (e.g. Goodrich et al. 2004). The channel infiltration function used in this work is 

equivalent to that of the KINEROS2 semi-distributed hydrologic model (e.g. Goodrich et al. 

2012), which is widely used in the southwest US for operational forecasting. In order to 

compensate for the high depth to groundwater, we also disabled the baseflow bucket model of 

the NWM, as it assumes that baseflow draining out of Noah-MP into the bucket is returned 

directly to the local channels. For this study, we calibrated WRF-Hydro, configured as NWM 

v.1.1 with and without channel infiltration in the Walnut Gulch Experimental Watershed 

(WGEW) and the Babocomari River basin, both tributaries to the San Pedro River. Both basins 

were calibrated with both NLDAS-2 and NCEP Stage-IV precipitation, as well as gauge forcing 

in WGEW. The ET and soil moisture in both basins were also evaluated compared to 

observations.  

 From this work, we found that calibration can reduce positive streamflow biases in both 

the WGEW and the Babocomari basin, irrespective of precipitation forcing. However, calibration 

results in higher skill scores in the WGEW when channel infiltration is included, and channel 
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infiltration is necessary for calibration to produce a realistic hydrologic response in the 

Babocomari basin, which has a larger drainage area and channel network than the WGEW. 

These results also showed that calibrating the NWM with channel loss reduced ET negative bias 

in the WGEW with gauge forcing, which was largely unbiased. However, calibration also tended 

to increase soil moisture bias errors in both the WGEW and the Babocomari basin. These soil 

moisture errors may have been partially due to imposing no flow from the Noah-MP LSM to 

disable baseflow. These results thus suggest that while channel infiltration can likely improve the 

hydrologic response in WRF-Hydro, errors in the calibration settings, hard-coded parameters, 

and model structure errors may limit the ability of the NWM to reproduce soil moisture. 

 	

2.2 Appendix B: Evaluation of NOAA National Water Model Parameter Calibration in 

Semi-Arid Environments with Channel Infiltration 

In the next study, we extend the work of the first by calibrating WRF-Hydro configured 

as NWM v1.2 around the western US with the same channel infiltration function. The goal of 

this work is to consider the performance of the NWM (including channel infiltration) parameter 

calibration scheme throughout the semi-arid Western US. As the NWM employs spatial 

regionalization, to transfer parameters from calibrated basins to other basins within the same 

EPA Level III Eco-Region (Ormernik et al. 1987), we also test this by swapping parameters 

across basins in the same Eco-Region. More specifically, the performance of the NWM is 

assessed within the 49 catchments from 22 different EPA Level-III Eco-Regions. This transfer of 

calibrated parameters as a function of Eco-Region is consistent with the regionalization practices 

by the National Center for Atmospheric Research (NCAR) to calibrate parameters for the NOAA 

NWM, so this parameter swapping is a simple way to test NWM regionalization methods.     

From adding channel infiltration and performing a detailed calibration, the performance 

of the model is clearly improved, and there is less tendency for the NWM to produce large pulses 

of surface runoff, a documented characteristic of Noah-MP (e.g. Cuntz et al. 2016). However, 

this work also demonstrates that the current calibration procedure has several deficiencies, and 

there are likely errors with the forcing precipitation data, consistent with the first study (i.e. 

Appendix A). These results showed that the NWM failed to reach a parameter set that yielded a 

realistic hydrologic response in several basins, with a WY2013-2017 calibration period, 



22 
 
 

including the aforementioned Babocomari basin. However, the model was able to reach a 

realistic parameter set when the calibration was changed to WY2008-2012, suggesting errors lie 

in the forcing precipitation. For half of the calibrated basins, the NWM calibration scheme 

converged to a parameter set that partitioned nearly all of the streamflow into the WRF-Hydro 

baseflow bucket model. This resulted in an unrealistically smooth hydrograph and high bias in 

recession curves; however, this problem was partially ameliorated in two basins that were 

recalibrated with a modified Kling-Gupta Efficiency (KGE) objective function. This modified 

KGE used an added term, accounting for water balance using a low-pass filter. Additionally, the 

transfer of parameters across basins often failed to improve hydrologic response in the new 

basin. This was particularly true when the basin sizes were substantially different or when the 

bias or standard deviation bias characteristics of the basins with control parameters were 

substantially different. 

 

2.3 Appendix C: Effects of Horizontal Redistribution of Surface Fluxes for a Coupled 

Atmospheric and Hydrologic Model 

 For the final study, we consider the impacts of coupling the WRF-Hydro model to the 

WRF-ARW model in a Regional Climate Model (RCM) configuration during the NAM season. 

This study is intended to evaluate the impact of horizontal surface and sub-surface routing on the 

lower atmosphere and convection in semi-arid environments. Evidence of feedbacks between the 

lower atmosphere and the land surface, particularly in arid and semi-arid environments, has been 

shown from analysis of near-surface fluxes and planetary boundary layer (PBL) characteristics 

(e.g. Santanello et al. 2013; Dominguez et al. 2016). Coupled mesoscale atmospheric and 

distributed hydrologic modeling systems (e.g. Maxwell et al. 2011; Gochis et al. 2015) have 

permitted us to analyze the role of surface and subsurface hydrologic processes on surface-

atmospheric coupling (e.g. Maxwell et al. 2011; Arnault et al. 2016). These authors showed that 

surface and subsurface flow may impact latent and sensible heat exchange with the atmosphere.  

To assess the importance of these near-surface flow processes within a semi-arid domain, 

the WRF-ARW atmospheric model was used (Skamarock et al. 2008), run in both a control 

mode and coupled to the uncalibrated WRF-Hydro hydrologic model (Gochis et al. 2015), in 

Arizona. WRF-ARW with convection permitting resolution can resolve propagating convection 
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associated with the North American Monsoon (NAM) (e.g. Luong et al. 2017). Both simulations 

were evaluated compared with precipitation, soil moisture, and surface station observations. For 

the 2017-2018 NAM seasons (June 15 – September 15), these simulations show that including 

surface and sub-surface routing (from WRF-Hydro), increases soil moisture and latent heat in the 

coupled simulations on days with a high antecedent precipitation. This increased soil moisture 

and latent heat in the coupled simulations subsequently increases the atmospheric instability 

across central Arizona, making it more favorable for organized convection. This is significant 

because it shows that surface hydrology may impact convection in semi-arid climates.  

 

2.4 Discussion of Applications for The Hydrometeorology Community 

 The introduction of high dimensionality distributed hydrologic models, including WRF-

Hydro (Gochis et al. 2015), combined with convection permitting atmospheric models (e.g. Prein 

et al. 2015), has permitted the hydrometeorology community to simulate surface hydrologic 

processes such as surface runoff and subsurface flow at the hillslope scale and atmospheric 

processes at the scales that can resolve convective initiation and organization. Liu et al. (2017) 

and Maxwell and Kollet (2015) have performed hydrologic and atmospheric simulations for the 

full CONUS at these scales, respectively. There have also been regional scale studies that have 

considered the impacts of resolving hydrologic processes in regional atmospheric simulations, in 

fully coupled modeling frameworks (e.g. Arnault et al. 2016). 

This modeling approach can help the research community to better understand surface-

atmosphere interactions, as recent studies show the importance of L-A coupling for weather and 

climate prediction. Santanello et al. (2013) examined this issue using NU-WRF over the 

Southern Great Plains, combined with sounding and remote sensing based observations. Using 

integrative process-level metrics (‘LoCo’; as summarized in Santanello et al. 2018), they 

concluded the strength and signal of L-A coupling over this region depends on the regime (wet 

vs. dry). While these results were focused to 1-D (vertical) L-A interactions, they do not account 

for the potential impact of distributed (horizontal) hydrologic processes and flows. Movement of 

water across the landscape alters the spatial distribution of soil moisture and bears on the local 

water balance, as demonstrated by use of WRF coupled to the ParFlow groundwater model 

(Maxwell et al. 2011). Horizontal routing and parameter adjustment could also modulate 
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convective initiation, as demonstrated by Arnault et al. (2016), using the coupled WRF-Hydro 

model. Better assessment of L-A coupling can be achieved by accounting for the sensitivity of 

LSMs to both surface routing and parameter values, now possible using remote sensing and in 

situ datasets combined with WRF-Hydro.  

High resolution hydrologic models have also been used for operational forecasting, as the 

NOAA Office of Water Prediction (NOAA/OWP) is using the WRF-Hydro model architecture 

(Gochis et al. 2015) as the National Water Model (NWM) (see details in Appendices A and B). 

Despite limitations in the calibration process and from uncertain forcing precipitation, as shown 

in Appendix B, the NOAA NWM is of value for flood forecasters and decision makers because it 

can resolve streamflow at the reach scale, making it a useful tool for catchment scale flash flood 

forecasting and for local stakeholders, including emergency managers, during flash flood events. 

Thus, high resolution simulations of hydrologic and atmospheric processes may address 

the gaps between terrestrial hydrology and atmospheric science interfaces, as was discussed in 

Dirmeyer et al. (2014) to: 1) “convey new process knowledge into evolving multi-scale Earth 

System Models” through evaluation of hydrologic processes and atmospheric coupling, and 2) 

may potentially “reinvent the research-to-operations (R2O) process” through the transfer of 

physical process knowledge that may be learned in the research community to operational 

efforts, including the NOAA NWM. 

Despite the potential benefits of these new modeling approaches, they are not without 

limitations and technical challenges. As was shown in Appendices A and B, the baseflow bucket 

model of the NOAA NWM cannot capture the physical processes that govern subsurface flow in 

the western US (e.g. Blasch et al. 2004; Goodrich et al. 2004). In Appendix A, our calibration 

approach attempted to compensate for this by assuming zero flow at the bottom of the Noah-MP 

LSM in WRF-Hydro (setting the SLOPE parameter to zero), to disable the baseflow bucket 

model. While this permitted the NWM to produce a realistic hydrologic response after 

calibration, the model simulated soil moisture was higher than observations, partially due to the 

elimination of bottom drainage from the LSM. In Appendix B, the baseflow bucket model 

remained active, in order to stay consistent with the NWM calibration methodological approach. 

This, combined with other limitations of the calibration approach, resulted in the model 

converging to parameter sets that yielded excessive baseflow and limited surface runoff. While 

the baseflow bucket model was only part of this problem, its poor behavior during these 
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simulations is further evidence that changes to the physical process representation of the NWM 

are needed, possibly including modifying the baseflow bucket model to include additional sink 

terms for deep groundwater recharge or replacing the bucket model with a distributed 

groundwater model (e.g. ParFlow; Maxwell and Kollet 2015); however, such a system could not 

easily be calibrated due to its high dimensionality, and consequently high computation time. 

Another limitation of the NWM was its tendency to generate excessive surface runoff as 

flashy peaks, especially prior to calibration (shown in both Appendices A and B). This limitation 

lies in the structure and hard coded parameters of Noah-MP (Cuntz et al. 2016), and this is in 

addition to the assumption of a uniform 2m deep soil columns. This latter issue is particularly 

problematic in the western US, as here there are shallow impermeable layers due to the low 

depth to bedrock (e.g. Pelletier et al. 2016). The low depth to bedrock is demonstrated in Zamora 

et al. (2011), as many of the NOAA HMT soil moisture measurements in the Babocomari basin 

go to 50 cm (or less) due to caliche near the surface. Both of these fundamental problems with 

the NWM could be addressed with changes to the Noah-MP structure. Expansion of possible 

tunable parameters for Noah-MP through the recoding of WRF-Hydro is now underway, and a 

Noah-MP configuration with a variable depth will be included in the next release of WRF-

Hydro, permitting these structural limitations of the NWM to be addressed in the near future 

(David Gochis, NCAR-RAL, Personal Communication 2019). 

Appendix B of this document also demonstrated that the eco-region based approach used 

for this study, where scaling constants to a priori parameters were transferred across basins by 

EPA eco-region often produced inconsistent model performance that tended to vary between 

large and small basins. For a national model, such a regionalization scheme would yield a 

patchwork of parameters, producing inconsistent hydrologic responses between basins at the 

National scale. The MPR technique (Samaniego et al., 2008, 2010; Kumar et al. 2013) can utilize 

high resolution spatial information to add information from high resolution spatial data, such as 

soil characteristics, across scales to yield more robust and spatially consistent model parameters. 

This work has showed improved hydrologic response in European (Kumar et al. 2013) and North 

American catchments (Mizukami et al. 2017). The ability of the MPR technique to produce 

parameter sets across scales (e.g. Kumar et al. 2013) may have applications for coarser resolution 

modeling efforts. For example, a simplified version of the NOAA NWM is now in development 

by NCAR-RAL for seasonal forecasting efforts by NOAA  (Andy Wood, NCAR-RAL, Personal 
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Communication 2019), and MPR could be used to derive parameters that can be computed 

across scales between the NWM and its coarser variant that is now in development. 

Another limitation to both hydrologic model calibration in Appendices A and B, as well 

as atmospheric model verification in the western US (Appendix C) is the lack of spatially 

consistent reliable precipitation data. While the NCEP Stage-IV dataset yielded better results for 

model calibration in the WGEW and Babocomari River catchments in Appendix A, it was also 

associated with degraded model performance outside of the calibration period in the WGEW, 

compared to results with gauge-based precipitation. Errors from forcing precipitation also 

decreased streamflow correlation coefficients, a term of the KGE objective function, that likely 

caused the calibration scheme to converge to a parameter calibration with excessive baseflow 

(and a smoother hydrograph) for several basins calibrated in Appendix B. Uncertainties with the 

Stage-IV precipitation dataset also made validation of the coupled WRF-ARW and WRF-Hydro 

model simulations more difficult in Appendix C. Current precipitation products are based on 

available radar and gauge products in the western US, which are subject to radar beam blockage 

(e.g. Zamora et al. 2014) and tend to systematically underestimate snowfall (e.g. Smalley et al. 

2004). These limitations will need to be addressed in the hydrometeorology community in the 

coming years and decades, as gaps and uncertainties with precipitation data are a challenge for 

the modeling community. Another possibility for hydrologic model calibration is convection 

permitting regional models. While an RCM type simulation should not be expected to resolve the 

timing of individual events (e.g. Castro et al. 2005), they can resolve the overall precipitation 

climatology, as shown in Luong et al. (2017). This would mean that new evaluation statistics, 

that rely less on correlation coefficient that is dependent upon rain-fall runoff timing, would need 

to be developed, as we suggested in Appendix B. Vischel et al. (2019) used an RCM as 

calibration forcing for hydrologic model simulations in West Africa (for climate change impacts 

assessment), thus showing some potential application for this method. 

While the current limitations of high resolution distributed hydrologic models and 

convection permitting atmospheric models (as well as fully coupled hydrometeorological 

simulations) must be addressed to improve model quality and forecast accuracy, the potential 

scientific and operational uses of these systems still shows much promise for the 

hydrometeorology community. Improvements to regional calibration of distributed hydrologic 

models, like WRF-Hydro configured as the NWM could be valuable for improving the surface 
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states of convection permitting models and can also be integrated with remote sensing datasets 

through data assimilation. Furthermore, the ability of the hydrometeorology research and 

operational communities to fully utilize remote sensing products, including NASA’s SMAP 

mission (Das et al. 2017) and the upcoming 2021 SWOT mission, is limited by the disconnect 

between land surface models (LSMs) and traditional hydrologic models. LSMs are typically used 

as surface boundary conditions in atmospheric models. Distributed hydrologic models are 

employed to simulate surface flow and 3D subsurface flow, but often have simplified vertical 

exchanges. To address this disconnect in models and communities, there are also ongoing efforts 

to couple NASA’s Land Information System (LIS; Kumar et al., 2006; Peters-Lidard et al., 2007) 

with the WRF-Hydro hydrologic model (Gochis et al. 2015). LIS/WRF-Hydro will be an 

integrated hydrologic system with the capabilities of assimilation, calibration, and distributed 

modeling.  

Improvements to LSMs, through the addition of hydrologic processes and calibration 

with regionalization (e.g. LIS/WRF-Hydro) could be used to improve initial conditions or in 

fully coupled regional atmospheric models for purposes ranging from short term NWP-type 

simulations for climate change impacts assessment (e.g. Luong et al. 2017) or weather 

forecasting or in convection permitting RCM or reanalysis simulations (e.g. Liu et al. 2017). 

They could also be used in sensitivity studies to evaluate the specific impacts of hydrologic 

routing and parameter calibration on the atmosphere (e.g. Arnault et al. 2016). It may be noted 

that addressing the parameter regionalization challenges shown in Appendix B (likely through a 

spatially continuous approach like MPR; Samaniego et al. 2010) will result in a more realistic 

LSM state for such simulations. Thus, addressing the structural and calibration deficiencies of 

high resolution distributed hydrologic models will make them a more powerful forecast tool for 

fully coupled modeling systems. 

Meanwhile, as climate change has resulted in an increased frequency of extreme 

precipitation in central Arizona (Luong et al., 2017) and is expected to reduce runoff in the upper 

Colorado basin, despite increases to snowpack at high elevations (e.g. Rasmussen et al., 2014), 

fully coupled RCMs with hydrologic routing and convection permitting resolution could be a 

powerful tool for climate change impacts assessment. Evaluation of climate change projections 

using a coupled a coupled modeling framework (e.g. WRF-Hydro) could show the impact of 

climate change on the potential for extreme precipitation and flooding, as well as the availability 
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of water resources in the western US. The evaluation of hydrometeorological processes (e.g. 

streamflow, ET, and saturated subsurface flow) from such a modeling framework could thus 

ameliorate some of the challenges faced by agencies like the US Bureau of Reclamation, who are 

tasked with managing finite water resources across the western US.  

Thus, despite the aforementioned challenges with distributed hydrologic models and 

convection permitting atmospheric simulations, their potential for the research and operational 

communities, including for climate change impacts assessment, remains promising for future 

research in the hydrometeorology community. 
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Abstract 

 In August 2016, the National Weather Service Office of Water Prediction (NWS/OWP) 

of the National Oceanic and Atmospheric Administration (NOAA) implemented the operational 

National Water Model (NWM) to simulate and forecast streamflow, soil moisture, and other 

model states throughout the Contiguous US. Based on the architecture of the WRF-Hydro 

hydrologic model, the NWM does not currently resolve channel infiltration, an important 

component of the water balance of the semi-arid western US. Here, we demonstrate the benefit 

of implementing a conceptual channel infiltration function (from the KINEROS2 semi-

distributed hydrologic model) into the WRF-Hydro model architecture, configured as NWM 

v1.1. After calibration, the updated WRF-Hydro model exhibits reduced streamflow errors for 

the Walnut Gulch Experimental Watershed (WGEW) and the Babocomari River in southeast 

Arizona. 

 

Model calibration was performed using NLDAS-2 atmospheric forcing, available from the 

NOAA National Centers for Environmental Prediction (NCEP), paired with precipitation forcing 

from NLDAS-2, NCEP Stage-IV, or local gauges.  Including channel infiltration within WRF-

Hydro results in physically realistic hydrologic responses at the WGEW, when the model is 

forced with high-resolution gauge-based precipitation in lieu of a national product. The value of 

accounting for channel loss is also demonstrated in the Babocomari Basin, where the drainage 

area is greater and the cumulative effect of channel infiltration is more important. Accounting for 

channel infiltration loss thus improves the streamflow behavior simulated by the calibrated 

model and reduces evapotranspiration bias when gauge precipitation is used as forcing. 
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However, calibration also results in increased high soil moisture bias, which is likely due to 

underlying limitations of the NWM structure and calibration methodology. 
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1. Introduction 

 From 1985 to 2014, flood events in the United States cost the nation $7.96 Billion per 

year and resulted in an average of 82 fatalities per year (National Weather Service, 2015), 

making flooding one of the deadliest and costliest hazards for the US. Flash floods occur when 

atmospheric conditions are favorable for the occurrence of sustained (often convective) heavy 

precipitation, where sufficient ascent and moisture are both present (e.g. Doswell et al. 1996). 

Flash flood events are difficult to predict in semi-arid environments, such as the southwestern 

US, due to the difficulty of having good estimates of antecedent soil moisture, and due to the 

relatively short durations and highly localized character of extreme precipitation events. Initial 

land surface soil moisture conditions can be highly uncertain due to limited soil moisture 

observations, while elevated terrain hampers accurate estimation of precipitation using weather 

radar (e.g. Zamora et al. 2014). Therefore, flash flood prediction in these semi-arid domains is 

particularly challenging and is further complicated by the dry antecedent conditions of ephemeral 

channels beds, resulting in large transmission losses (Goodrich et al., 1997). Previous efforts to 

improve the physical process representation in hydrologic forecasts within these environments 

have focused on the implementation of spatially-distributed hydrologic models, making use of 

gridded high-resolution precipitation data (e.g. Blöschl et al. 2008; Looper 2012; Broxton et al. 

2014; Hardy et al. 2015; Reed et al. 2015; Gourley et al. 2017). In the present study, the added 

value of accounting for channel infiltration in a spatially distributed hydrologic model is 

evaluated for two basins in the southwest US. 

To ameliorate the uncertainties associated with hydrologic forecasts, and to provide 

longer forecast lead times for flash flood events, the National Weather Service (NWS) Office of 

Water Prediction (OWP), of the National Oceanic and Atmospheric Administration (NOAA), 
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recently implemented the operational National Water Model (NWM), based on architecture of 

the Weather Research and Forecasting (WRF) WRF-Hydro hydrologic model (Gochis et al. 

2015). The NWM is a continental-scale distributed hydrologic model that produces streamflow 

forecasts for 2.7 million stream reaches across the Contiguous US (CONUS) based on observed 

and forecasted precipitation. For the semi-arid southwestern US, the model is subject to 

significant errors (Dugger et al. 2017) and, accordingly, the present study focuses on improving 

the performance of the WRF-Hydro model (configured as NWM v1.1) for this region.  

In the southwest US, much of the streamflow that occurs in ephemeral channels is due to 

surface runoff associated with convective rainfall occurring during the North American Monsoon 

season (NAM) (e.g. Maddox et al. 1995; McCollum et al. 1995; Adams and Comrie 1997). 

During the NAM, precipitation can either be phase-locked to the high terrain or propagate into 

the low deserts as squall lines or mesoscale convective systems (MCSs) (e.g., Pytlak et al. 2005; 

Bieda et al. 2009; Finch and Johnson 2010; Newman and Johnson 2012; Seastrand et al. 2014; 

Lahmers et al. 2016; Luong et al. 2017), resulting in significant amounts of precipitation and 

surface runoff.  

Throughout southeastern Arizona, the groundwater levels tend to be deep, so that the 

surface runoff that flows through the channel network infiltrates into the soil, where it becomes a 

source for groundwater recharge (e.g. Blasch et al. 2004). Goodrich et al. (2004) note that the 

depth to groundwater in the United States Department of Agriculture (USDA) Agricultural 

Research Service (USDA-ARS) Walnut Gulch Experimental Watershed (WGEW) (Moran et al. 

2008), a tributary to the San Pedro River in southeast Arizona with no perennial channels, ranges 

from approximately 50m to 145m in the lower and middle basin, respectively. However, local 

recharge from channel infiltration can make up a significant portion of the local water balance, as 



42 
 
 

recharge estimates (based on groundwater modeling, surface water balance measurements, and 

evaluation of deep groundwater storage using microgravity measurements) suggest that channel 

infiltration accounted for 15-40% of groundwater recharge in the San Pedro basin during wetter 

than average monsoon seasons (Goodrich et al. 2003; Goodrich et al. 2004). Virtually all of the 

runoff generated in the WGEW is the result of monsoon convective precipitation (Goodrich et al. 

1997; Stone et al. 2008). 

As currently implemented, WRF-Hydro does not permit water to exit the channel 

network once it enters a channel from the terrain routing grid (Gochis et al. 2015). Consequently, 

the operational version of the NWM does not account for channel infiltration losses. Because of 

the importance of channel infiltration processes in semi-arid regions like the southwest, we 

modified the WRF-Hydro structure to include channel infiltration (e.g. Goodrich et al. 2004). 

Specifically, we used a scheme similar to the one implemented in the KINEROS2 distributed 

watershed model (Goodrich et al. 2012), which was originally developed for the southwestern 

US and has been widely used for hydrologic forecasting in semi-arid domains. KINEROS2 has 

been tested and used extensively (e.g. Goodrich et al. 2012; Yatheendradas et al. 2008) in 

WGEW and other basins in southern Arizona.  

Previous work has attempted to quantify and estimate the nature and magnitude of 

channel infiltration at various scales. Lane (1983) used an ordinary differential equation to 

approximate the rate of change in runoff volume with channel flow distance; observed inflow-

outflow discharge from ephemeral reaches were then used to compute equation coefficients via 

regression analysis. Noorduijn et al. (2014) modeled infiltration from an artificial channel using 

Philip’s equation, accounting for both the gravity and pressure terms in the sorption equation, 

while Callegary et al. (2007) quantified the recharge potential of ephemeral channel reaches in 
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the southwest CONUS using field data. Redistribution of water across the land surface caused by 

infiltration may also affect the local water balance; Zampieri et al. (2012) showed, using a 

modified version of the Community Land Model (CLM), that parameterization of the 

redistribution of water through infiltration out of the channel network was needed for the model 

to reproduce Oklahoma Mesonet soil moisture observations. 

In addition to incorporating a representation of channel infiltration, the present study 

investigates the model calibration problem; this is important due to the inherent uncertainty in 

the model parameter estimates and their impact on the simulated hydrologic response (e.g. 

Yatheendradas et al. 2008). For spatially-distributed hydrologic models (potentially having 

tunable parameters at each grid point), calibration is complicated by the high dimensionality of 

the model (e.g. Smith and Gupta 2012). This problem can be ameliorated using spatial 

regularization (Gupta et al. 2008, 2009; Samaniego et al. 2010), wherein model parameters are 

associated with a priori non-linear functions of observed surface data. Doing so results in a 

smaller number of hyper-parameters (i.e. parameters controlling degree of modification to the 

actual model parameters through transfer functions) that must be calibrated to ensure that the 

original model parameters are physically consistent with catchment properties (e.g. Gupta et al. 

2008; 2009). For example, Pokhrel et al. (2012) used a spatial regularization approach to 

calibrate the NWS Hydrology Laboratory Research Distributed Hydrological Model (HL-

RDHM), and Vergara et al. (2016) used spatial climate and land data to derive a priori estimates 

of routing parameters for the kinematic wave routing model across the CONUS to be used for 

flash flood forecasts. Advanced spatial regularization techniques that have been proposed include 

the Multi Parameter Regionalization (MPR) method, which uses spatial transfer functions to 
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compute model parameters based on high resolution spatial data that account for spatial 

heterogeneity across grid cells (e.g. Samaniego et al. 2010).  

In this study, we followed the approach presented by Pokhrel et al. (2012) and calibrated 

a select set of WRF-Hydro parameters (determined by sensitivity analysis). This methodology is 

consistent with the calibration methodology developed for the NWM v1.1 by National Center for 

Atmospheric Research (NCAR). 

 We evaluate the combined impacts of accounting for channel infiltration and parameter 

calibration on the simulated hydrologic response of WRF-Hydro for the WGEW and the 

Babocomari River basin, which are both tributaries to the San Pedro River. This work was 

focused primarily on the WGEW (149 km2), where relatively accurate precipitation forcing data 

are available from a network of 88 weighing rain gauges. The same calibration approach was 

extended to the larger Babocomari River basin, where the impacts of channel infiltration are 

greater due to its large area, despite precipitation forcing uncertainties. The NWM model 

structure and datasets used are described in section 2 of this paper, and the calibration approach 

is outlined in section 3. Calibration results are presented in section 4. Results from the model 

calibration and evaluation and possible future changes to the NWM are further discussed in 

section 5, and conclusions are included in section 6. 

2. WRF-Hydro Model and User Modifications 

a. NWM WRF-Hydro Model Structure and Configuration 

 WRF-Hydro (Gochis et al. 2015) is a parallelized distributed hydrologic model that can 

either be forced offline using prescribed atmospheric forcing variables, or coupled to the 

Weather Research and Forecasting (WRF) Advanced Research WRF (WRF-ARW) atmospheric 

model (Skamarock et al. 2008). A simplified schematic of WRF-Hydro is shown in Figure 1. 
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Atmospheric forcing data needed to execute WRF-Hydro offline include incoming shortwave 

radiation, incoming longwave radiation, specific humidity, air temperature, surface pressure, and 

near surface wind (both u and v components). The NWM is a particular configuration of WRF-

Hydro, which uses the Noah-MP land surface model (LSM) (Niu et al. 2011) to resolve vertical 

fluxes within the soil column and exchanges with the atmosphere. Noah-MP is configured using 

gridded NWM soil parameters, which govern the drainage of water through the soil column, with 

1-km grid resolution. NWM WRF-Hydro resolves horizontal surface and subsurface fluxes on a 

250-m grid resolution routing grid (with 10-second and 60-minute time-steps, respectively). 

Since the routing grid cells are four times smaller than the Noah-MP grid cells, spatially varying 

quantities on the 250m routing grid are aggregated back to the 1-km grid during model time steps 

when Noah-MP is called (every 60 minutes) and disaggregated back to the 250m routing grid. 

 The subsurface flow module on the WRF-Hydro grid computes changes to the water 

table in the 250-m soil column (which is assumed to be 2m deep everywhere), using Dupuit-

Forcheimer assumptions. This assumes that the hydraulic gradient is based on differences in the 

groundwater table depth along the steepest gradient in eight possible directions around a routing 

grid point (Gochis et al 2015). If sub-surface flow causes a model grid point to become saturated, 

exfiltration is computed and this resultant water ponding is combined with infiltration excess and 

routed as surface runoff. Surface flow is computed using diffusive wave routing based on the 

steepest gradient around each grid point (Julien et al. 1995; Ogden et al. 1997). Details of the 

surface and subsurface routing schemes of WRF-Hydro are discussed in detail in Gochis et al. 

(2015).  

 When surface flow reaches a grid cell that is designated as a channel, it is mapped to the 

vector channel network and routed downstream (with a 5-minute time-step). The NWM channel 
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network is based on the National Hydrography Dataset (NHD) Plus Version 2 (NHDPlusV2) 

(McKay et al. 2012). In the present study, we added a channel infiltration parameter that is 

physically representative of the channel bed conductivity (m s-1) (ChannK; Table 1). Flow in the 

channels is computed using an iterative Muskingum-Cunge function for each reach. This vector 

routing scheme is more computationally efficient than other WRF-Hydro channel routing 

configurations (e.g. 1D diffusive wave routing) and has the capability to be mapped to specific 

rivers and reaches that may be of interest to emergency managers and stakeholders; however, it 

cannot resolve backwater flow (Gochis et al. 2015). 

 Deep baseflow (below the soil column) in WRF-Hydro is computed using a conceptual 

exponential bucket model. All water that drains out of the Noah-MP LSM 2-m soil column is 

mapped to a groundwater catchment, which corresponds to the NHDPlusV2 channel 

reach/catchment topology. There are a few relatively small reaches in the NWM domain that are 

not mapped directly to an NHD bucket. Water from this conceptual groundwater bucket is 

gradually returned to the channel reach that directly corresponds to its underlying catchment, 

where the rate of discharge is controlled by three tuning parameters in an exponential equation.  

WRF-Hydro has parameters that may be specified through input tables and grids, and 

these parameters may be adjusted or calibrated depending on the study region and hydrologic 

behavior of interest. Priority Noah-MP and WRF-Hydro parameters, that were selected by the 

NCAR to regionally calibrate NWM version 1.1 (Dugger et al. 2017), are shown in Table 1. For 

all modeling described herein, model code and a-priori parameters are based on NWM v1.1, 

except where modifications are noted. A-priori Noah-MP soil parameter values in WRF-Hydro 

are based on Rawls et al. (1982), from STATSGO2 soil texture dataset (Available at: 

http://websoilsurvey.nrcs.usda.gov/). Channel parameters, which correspond to individual 
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reaches based on stream order and other channel characteristics (with the exception of the 

channel infiltration parameter; see next section) and that were evaluated after the first round of 

calibration in WGEW (see section 3.a.) are shown in Table 1.  

b. Model Domains 

In the present study, the effects of modeled channel infiltration are evaluated for the 

WGEW and the Babocomari River basin. Figure 2 shows the elevation grid for the 250-m NWM 

routing grid for the entire San Pedro basin; however, the simulations performed in this study use 

cut-out grids for the Babocomari Basin and WGEW.  

For all calibration simulations, atmospheric forcing is derived from NLDAS-2 

atmospheric variables that are regridded to the model domains; however, the model is calibrated 

with both regridded 1/8 degree NLDAS-2 precipitation and National Center for Environmental 

Prediction (NCEP) 4-km Stage-IV precipitation, which is based on WSR-88D radar and gauge 

precipitation (Lin and Mitchell, 2005). To reduce the influence of possible forcing uncertainty 

and bias, WRF-Hydro in WGEW was forced with gauge-based precipitation (88 gauges in the 

149 km2 watershed area) interpolated to the WGEW-domain model grid. WGEW is useful for 

analyzing the performance of WRF-Hydro because it includes 20 soil moisture measurement 

sites, two AmeriFlux (Department of Energy 2018) flux towers, and sub-watersheds with 

supercritical flumes for measuring runoff (Figure 3).   

Figure 4 demonstrates the profound role of channel infiltration in the lowermost reach of 

the WGEW, where streamflow during two runoff events from the two upstream flumes that 

come together to form a single channel (runoff gauges 2 and 7), is highly attenuated by the time 

it reaches runoff flume 1, situated 7-km downstream, defining the basin outlet. Model 

topography and two initial soil parameters in WGEW, which are a function of soil type, are 
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shown in Figure 3. This figure shows that soil saturated hydraulic conductivity based on NWM 

v1.1 grids in WGEW is relatively homogeneous, as it is derived from STATSGO2 soil texture 

class which is homogenous in this domain. Higher-resolution SSURGO soil texture data 

(Available at: https://websoilsurvey.nrcs.usda.gov/) in WGEW shows considerably more 

variability, which is considered in our discussion (section 5); however, this study uses the NWM 

STATSGO2 grids to stay consistent with the NWM v1.1 configuration. DKSAT, according to the 

NWM a priori parameters, is constant at 3.37*10-6 m s-1 everywhere in WGEW, except in the 

extreme upper basin. Vegetation across WGEW includes primarily desert shrubs and grasslands; 

however, the town of Tombstone, AZ is partially urbanized. WGEW has oak forests in its 

extreme upper reaches.  

The Babocomari River basin characteristics are shown in Figure 5. This basin has a larger 

drainage area, and much of the headwaters are at high elevations. Like WGEW, NWM 

STATSGO soil characteristics likely underestimate the variability of the soils, per the SSURGO 

dataset. The Babocomari basin has a flux tower and three soil moisture observation sites with 

reliable data through the calibration period (Figure 5), so model states at these sites are also 

evaluated.  

c. Baseflow Bucket Parameter Modifications 

The current WRF-Hydro conceptual bucket model, which assumes one-way direct 

connection between attenuated baseflow from a groundwater basin and the overlaying channel, 

provides a poor representation of baseflow in event-driven, ephemeral channels in semi-arid 

environments. Depth to groundwater is often substantial in the southwest CONUS and surface 

water-groundwater processes can become de-coupled. In addition, water from channels often 
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infiltrates to recharge the local aquifer (e.g. Blasch et al. 2004), and this source of recharge is 

currently not represented in the NWM. 

To prevent unrealistic simulations of baseflow in the channel network, we disabled the 

baseflow bucket model everywhere in the model domain by setting the Noah-MP bottom 

drainage scaling (SLOPE) parameter to zero, imposing a no-flow condition at the bottom of the 

Noah-MP LSM in both the WGEW (Figure 3b) and the Babocomari basin (Figure 5b). This 

assumption is consistent with NWM calibrated parameters for this region, where a small SLOPE 

parameter effectively eliminates deep baseflow to the channel. Neither WGEW nor the 

Babocomari basins contain perennial channels fed from deep groundwater, and there are no 

perennial channels shown in either basin per the NHDPlusV2 dataset attributes, so they are not 

good candidates for applying the conceptual baseflow bucket module in its current form.  

d. Channel Infiltration Loss Function 

The WRF-Hydro channel routing scheme assumes a trapezoidal channel geometry, and 

the length and slope of specific reaches is specified in the NHDPlusV2 dataset. A cross-section 

of a WRF-Hydro channel is shown in Figure 1. If the volume of water in a reach is known, the 

height of the water h (m) and the wetted perimeter p (m) can be calculated by the following 

argument. First, the cross-sectional area (a, m2) of the water may be computed by dividing the 

channel volume by the length of the reach, assuming a constant height along the entire length of 

the reach. Based on the trapezoidal shape assumption, cross-sectional area is equivalent to: 

          (1) 

We can compute ws (m) as a function of the riverbank slope s (h/ws in Figure 1) and water 

height. Note that s is equivalent to the WRF-Hydro ChSlp parameter. This may be written as: 

a = h w+ws( )
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       (2) 

Since area can be derived for a channel volume, for a given bottom width w and bank slope s, 

equation (2) can be solved for h. It is possible to derive the wetted perimeter p from h using: 

 .      (3) 

Due to the effects of uneven channel bed topography, wetted perimeter will be reduced during 

periods of low flow, as water will only flow within the lowest portions of an irregular channel. 

To account for this tendency in trapezoidal channels, p is reduced during periods of low flow 

using a conceptual model similar to what is used in KINEROS2 (Woolhiser et al. 1990). 

KINEROS2 computes a corrected wetted perimeter (pe) for a channel using the function: 

         (4),  

where b (-) is set to a constant value of 0.15. Channel infiltration I (m3 s-1) may then be derived 

as:  

I = klpe.         (5). 

In this function, k (ms-1) is the saturated conductivity of the channel bed (the ChannK 

parameter), and l (m) is the length of a channel reach. Channel infiltration is accounted for in the 

Muskingum-Cunge routing scheme of WRF-Hydro, as an added sink in the iterative calculation, 

by deriving the effective flow height and wetted perimeter for a channel reach volume and 

assigning a saturated conductivity for the channel bed below. We assume b to be constant, while 

the saturated conductivity of the channel bed (ChannK) is initially set equivalent to the saturated 

soil conductivity of Noah-MP (DKSAT). Water that infiltrates out of the channels is assumed to 

contribute to deep groundwater recharge and is therefore removed from the model. During 
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calibration, initial ChannK is adjusted by a scalar multiplier, a simple form of spatial 

regularization (e.g. Pokhrel et al. 2012).   

3. WRF-Hydro Calibration Intervals 

 We calibrated the NWM with three different configurations of increasing complexity to 

evaluate: 1) The importance of channel parameters following the addition of the channel 

infiltration function; 2) The added value of the channel infiltration function in an ephemeral 

catchment with a relatively simple hydrologic response (i.e. WGEW); and 3) The calibrated 

model performance with two nationally available forcing products (Table 2). 

Optimization of daily streamflow was performed using the Dynamically Dimensioned 

Search (DDS) algorithm (Tolson and Shoemaker 2007), which is capable of converging to near 

optimal parameter sets with fewer (approximately 100-500) iterations (e.g. Lespinas et al. 2017) 

than the widely used Shuffled Complex Evolution function (e.g. Duan et al. 1992) that can 

require ~10,000 iterations to converge to an optimal solution. This makes DDS better suited for 

calibration of computationally expensive, distributed, physically-based, models like the WRF-

Hydro model. For all calibration exercises, except the first (section 3.a), we use 500 iterations of 

DDS with the updated NWM v1.1 utilizing channel infiltration. Lespinas et al. (2017) show that 

improvements to model skill are greatest between 100 and 500 DDS iterations and that less value 

is added beyond 500. As the first exercise (section 3.a.) is simply intended to bring the NWM 

parameters to an acceptable state so that channel parameters can be evaluated, we only 

performed 250 iterations for this step. For all calibration simulations, NWM v1.1 with channel 

infiltration is calibrated to daily streamflow to stay consistent with NWM v1.1 calibration 

methods, and we consider hourly streamflow when evaluating the NWM in WGEW since most 

streamflow events occur at the hourly timescale. 
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All of the calibrations reported here are based on optimization of the Kling-Gupta 

Efficiency (KGE) performance metric (Gupta et al. 2009), which equally weights correlation, 

water balance, and variance errors. Like the Nash-Sutcliffe Efficiency (NSE), KGE is optimal 

when equal to 1, and negative values of KGE are considered to have low skill. KGE is optimal 

when the Euclidian distance from an ideal point for the ratio of modeled to observed standard 

deviation (α), ratio of modeled to observed mean (β), and correlation coefficient (r) are 

minimized (Gupta et al 2009):  

2 2 21 ( 1) ( 1) ( 1)KGE r α β= − − + − + −        (6).  

For all basins, initial model states were derived by executing WRF-Hydro with default 

parameters with their calibration precipitation forcing (WGEW-gauge, Stage-IV, or NLDAS-2) 

for an 8-year spin up period during water years (WY) 2007-2015. The model state at the end of 

this period was used as the initial “warm” state for calibration, consistent with the practices of 

the NCAR WRF-Hydro NWM development team. This ensures a long-term model spin-up of 

multiple years to allow state variables to reach equilibrium. Then for each calibration iteration, 

model parameters were given one year of additional spin-up to equilibrate before the calibration  

and evaluation periods (described in detail below).  

a. Stage 1: Channel Parameter Sensitivity 

 To evaluate the sensitivity of the channel routing parameters, WRF-Hydro was first 

calibrated to eliminate water balance errors using WGEW gauge precipitation forcing. This step 

was only performed for the WGEW basin. As bias is a component of KGE, this objective 

function permitted us to reduce water balance errors and simulate an otherwise realistic 

hydrologic response (since correlation and variance errors are also accounted for). In order to 

select parameters for this calibration, sensitivity analysis on daily KGE was first performed on 



53 
 
 

the updated NWM, using linear adjustments applied to default prior estimates (e.g., DKSAT 

shown in Figure 3c) of the model parameters (Table 1). Selected calibration parameters included 

ChannK (channel conductivity), DKSAT (soil conductivity), REFKDT (infiltration scaling), and 

SMCMAX (soil porosity). These parameters were chosen because sensitivity analysis revealed 

that they had the greatest impact on model KGE. ChannK, SMCMAX, and DKSAT were 

computed by multiplying initial NWM parameters by a constant, and REFKDT was assumed 

constant in the whole model domain. DKSAT was adjusted by an addition constant (before being 

adjusted by a multiplicative constant). 

For this first step of calibration, the Noah-MP time step was reduced from 60 minutes 

(the standard for the operational NWM) to 15 minutes, so that the model produced outputs, 

including streamflow, at 15-minute temporal resolution. This permitted us to critically analyze 

the sensitivity of the channel infiltration function at fine resolution (not shown). This calibration 

improved WGEW model KGE (with daily temporal resolution) from -1.57 to 0.80 for WY2009-

2011 (the calibration period; spin-up period, WY2008) by reducing water balance errors that 

caused excessive runoff and low ET biases (not shown).  

 Following initial calibration, a simple one-at-a-time parameter sensitivity analysis was 

performed on the WRF-Hydro channel parameters, including BtmWdth (channel width), ChSlp 

(outer channel slope), and N (Manning’s N), (see Table 1). For each parameter, initial parameter 

values in the WGEW domain were adjusted by either addition or multiplication to the initial 

parameter with a constant. A-priori parameter values were assigned by the NCAR NWM WRF-

Hydro development team. This exercise permitted evaluation of the model hydrologic response 

to perturbations of the channel routing parameters. The main evaluation metric of interest for this 

analysis was the hourly correlation coefficient because its accuracy is a proxy for errors in the 
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timing of streamflow events (e.g. Gupta et al. 2009). This analysis showed that ChSlp and N, 

which affect the transit time of streamflow, impact the model correlation coefficient (Table 3), 

with correlation coefficients increasing when these parameters were multiplied by 2.5 and 1.5, 

respectively. However, in further analyses, we chose to only vary ChSlp, while keeping 

Manning’s channel roughness N constant. We could have also varied this latter parameter, as 

both parameters (ChSlp and N) affect the model correlation coefficient (Table 3). However, as 

both parameters have a similar impact (though, not necessarily identical) on NWM streamflow 

transit time, it was decided that including an additional parameter to calibrate would have been 

somewhat redundant.  

b. Stage 2: Evaluation of Channel Infiltration in WGEW 

 To demonstrate the added value of channel infiltration, NWM WRF-Hydro was re-

calibrated for WGEW with the same parameters used for Stage 1 of calibration (see last section), 

but with the addition of the ChSlp parameter, for WY2011-2013 (WY2010 for spin-up) with 

channel infiltration either active or disabled. The change to the calibration period from Stage 1 

was intended to include both wet and dry years in the calibration. The ChannK parameter 

multiplication constant was constrained between 0.0 and 1.0, based on the assumption that 

saturated conductivity (DKSAT) sets an upper limit for channel infiltration. This implicitly 

assumes that the channel bed properties for a region will tend to be consistent with local soil 

characteristics, with soil conductivity being maximized when saturated. The Noah-MP time step 

for this calibration was set to 60 minutes, consistent with the operational NWM v1.1.  

All adjustment constants for selected parameters and their ranges are shown in Table 2. 

For parameters where a-priori values are adjusted by multiplication or addition constants (e.g. 

DKSAT), the ranges of the adjustment constants are shown. Note that these adjustment factors 
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are not the parameters themselves. For example, if SMCMAX has an adjustment factor of 0.8, 

the a priori values of SMCMAX will be multiplied by 0.8 everywhere to compute the new 

parameters, thus preserving the spatial patterns of the parameters as they are calibrated. REFKDT 

is left constant throughout the model domain, so the possible ranges of the actual values for this 

parameter are shown in Table 2. The final parameter adjustment factors and calibration 

configuration for these simulations are shown in Table 4. As noted above, 500 iterations of DDS 

were used and daily streamflow KGE was the objective function. To evaluate whether the 

calibration of the NWM improved the entire physical model state and not just simulated 

streamflow, soil moisture and evapotranspiration (ET) fluxes within WGEW were evaluated 

after calibration, with and without channel infiltration. 

c. Stage 3: Calibration with Stage-IV and NLDAS-2 Precipitation 

  To demonstrate the potential application of the aforementioned channel infiltration 

function and calibration methods in the operational NWM, WRF-Hydro was also calibrated 

using NLDAS-2 and NCEP Stage-IV precipitation as forcing instead. Calibration periods were 

three years long, with one extra prior year for spin-up (i.e. WY2011-13 with spin-up WY2010 

and WY2009-11 with spin-up WY2008 for the WGEW and Babocomari basin, respectively) and 

selected to include both wet and dry years for each basin (Table 2). To demonstrate the effects of 

channel infiltration, the model was calibrated with and without channel loss.  

4. Results 

 Following calibration, WRF-Hydro, configured as NWM v1.1 with channel loss, was run 

with both default uncalibrated parameters (as a benchmark), calibrated parameters without 

channel infiltration, and calibrated parameters with channel infiltration for WY2009-2016. 
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WY2008 was used as spin-up, and 3 years of this 8-year period were calibration years. The 

results from this evaluation are presented herein. 

a. Calibrated Model Performance and Added Value Of Channel Infiltration in WGEW 

 In WGEW, using rain gauge observations, calibration eliminated water balance errors, 

largely by eliminating spurious flashy peaks in the uncalibrated simulation, and performed better 

when channel infiltration was included, yielding slightly higher correlation coefficients (Figure 

6). The resulting cumulative simulated streamflow for WY2009-2016 is less biased, 

demonstrating the added value of calibration with channel loss for reducing water balance errors. 

Adding channel loss reduced the negative percent bias of the modeled vs. observed coefficient of 

variation (labeled as “cvdiff” in Figure 6), suggesting that the model with channel loss had less 

tendency to underestimate the variance of the streamflow. To quantify the amount of channel 

infiltration in the calibrated model, we executed the NWM with the same parameters as the 

calibrated solution with channel infiltration, but with channel infiltration disabled. Adding 

channel infiltration reduces the output at the outlet of WGEW by 21.73% over the model with 

channel infiltration disabled (see figure in supplemental material), indicating the fraction of 

water that becomes channel infiltration. Table 5 shows that when WRF-Hydro is calibrated with 

channel infiltration, the model KGE is 0.9431, and the correlation coefficient is 0.9442 for daily 

streamflow during the calibration period. KGE was reduced to 0.8679 when the model was 

calibrated without channel loss. These values show slightly less skill when zero-values of 

modeled and observed streamflow are omitted from the analysis (see supplemental material). As 

would be expected, model skill decreases in the evaluation period (WY2009-2010 and WY2014-

2016), with a notably lower KGE (0.4794 vs. 0.6596) and higher bias (40.85% vs. 7.69%) when 

the model was calibrated without channel loss (Table 5). For hourly resolutions, the calibrated 
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model results with channel loss had a KGE of 0.83 (0.55) and a correlation coefficient of 0.83 

(0.80) for the calibration (evaluation) periods (not shown here). For two sample hydrographs, the 

bottom panels of Figure 6 show that calibration improves modeled hydrograph shape even 

though the model struggles to represent specific hourly events. The calibrated model without 

channel loss produces slightly more intense spurious runoff events than the model with loss.  

b. Soil Moisture and Flux Tower ET Evaluation in WGEW 

To go beyond runoff only and consider the physical process representation of WRF-

Hydro, model soil moisture and ET were evaluated against observations in WGEW starting in 

WY2009 and ending in April 2015. WGEW 5-cm soil moisture observations were compared to 

the area average of Noah-MP 0-10 cm soil moisture, based on 20 soil moisture sites in WGEW 

including the two AmeriFlux flux tower sites (i.e. Kendall Grassland and Lucky Hills). At these 

flux tower sites, observed hourly soil moisture is compared to model soil moisture averages from 

the Noah-MP grid point closest to the site and the two points surrounding it in all directions (25 

points total), to minimize the impact of spurious model simulations for a single grid point. 

Calibration increased the positive bias of near-surface soil moisture, averaged throughout the 

basin; however, including channel infiltration in the calibration didn’t increase the soil moisture 

bias by as much (Table 6). Calibrating without channel loss nominally increased correlation 

coefficients for the basin average and two sites, and adding channel infiltration had little effect 

on the correlation coefficients after calibration. Soil moisture from WY2014, which had a wetter 

than average NAM season, is shown in Figure 7. This figure also indicates that the modeled soil 

moisture solutions have a greater bias after calibration. We computed KGE for model soil 

moisture, which also reflects the increased bias after calibration more than the nominal gains in 

correlation coefficient. These results show that the calibrated WRF-Hydro model (with and 
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without channel infiltration) increases the total amount of water inside the upper soil layer by 

4.8% (computed basin average soil moisture in control v. calibration with infiltration, with 

WGEW gauge forcing). This increase in soil moisture in desert catchments is not observed in the 

observation datasets. All modeled solutions have a positive bias and slow dry-down during dry 

periods, which might be from limiting the bottom drainage scaling factor to eliminate deep 

groundwater baseflow. Increased values of REFKDT from calibration in all the basins likely also 

increased soil moisture, by increasing infiltration. Analysis of 15-cm soil moisture data (not 

shown) at Kendall Grassland and Lucky Hills reveals that soil moisture is less biased compared 

to observations, which may suggest that the Noah-MP 0-10 cm layer might be better 

representative of deeper soils. We acknowledge that representativeness errors in the soil moisture 

observation sites may also be possible.  

Benefits of calibration for the water balance can be identified when considering observed 

daily ET fluxes from the Kendall Grassland and Lucky Hills AmeriFlux flux tower sites from 

WY2009 to December 2015 (Table 6), compared to averages of corresponding model grid points 

(same as for soil moisture). WRF-Hydro, without calibration has a negative ET bias at Lucky 

Hills and Kendall Grassland. This negative ET bias is consistent with the uncalibrated model’s 

tendency to over-estimate streamflow, indicating that too little precipitation infiltrates at the land 

surface (due too low REFKDT and DKSAT values), forcing too much water to flow into the 

channel network as overland flow. Calibration of WRF-Hydro with channel infiltration, which 

eliminates the positive streamflow bias, further reduces the magnitude of the ET bias at both 

Kendall Grassland and Lucky Hills (compared to the calibrated simulation without channel loss). 

This implies that when WRF-Hydro is executed with accurate forcing precipitation, calibration 

can improve the accuracy of the simulated streamflow and reduce the ET bias, despite increasing 
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soil moisture bias, to improve the water balance. Figure 7 shows that the high soil moisture bias 

might be associated with too much ET during the dry season, while ET is less during the wet 

season. This tendency may be related to the soil moisture bias discussed above. 

c. Extension of Calibration Methods with NLDAS-2 and Stage-IV Precipitation 

WRF-Hydro was calibrated with NLDAS-2 and Stage-IV precipitation in WGEW, and 

streamflow bias errors were consistently reduced with calibration. However, correlation 

coefficients demonstrate little improvement outside the calibration period regardless of whether 

channel loss is added (Figure 8, Table 5). This is true with both Stage-IV and NLDAS-2 forcing. 

NLDAS-2 forced results are shown in supplemental material. Bias also increases outside of the 

calibration period. Adding channel infiltration does reduce coefficient of variation errors and 

produces a realistic hydrograph, despite timing errors. The fact that correlation coefficients and 

bias for the same study area are degraded when Stage-IV or NLDAS-2 precipitation is used 

suggests that precipitation forcing may be a source of uncertainty for hydrologic models in this 

region. Table 7 implies that soil moisture bias errors persist regardless of precipitation forcing, 

but correlation coefficients remain high regardless of calibration. As with the gauge forcing, 

KGE values seem to reflect bias errors. Model ET (at Kendall Grassland and Lucky Hills) has a 

positive bias, which increases with calibration with both datasets (Table 7), implying that 

calibration might be compensating for precipitation biases and the distribution of Stage-IV 

precipitation events (see discussion). Given the low runoff/rainfall ratios common in the semiarid 

Southwest, small errors in rainfall forcing typically result in large errors in runoff predictions 

(Goodrich et al., 2012). 

 Calibrating WRF-Hydro without channel loss did improve the KGE and bias metrics in 

the Babocomari basin (regardless of forcing), but it did not yield a realistic hydrologic response 
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(see Figure 9 for Stage-IV results and supplemental material for NLDAS-2 results). The same 

figure shows that calibrating with channel loss did produce a realistic hydrologic response. 

Correlation coefficients were low during the evaluation period (WY2012-2016), outside the 

calibration period (WY2009-2011), consistent with WGEW. Cumulative streamflow in Figure 9 

shows that the later years (WY2014 -2016) were wetter and had higher bias, suggesting that the 

hydrologic response may not be stationary (i.e. having constant statistical properties over time, 

Wilks, 2006) over the calibration and evaluation periods. The poor hydrologic response in these 

later years may also be due to errors in the Stage-IV precipitation. Despite the limitations of the 

NLDAS-2 and Stage-IV precipitation products in the Babocomari basin, the added value of 

channel infiltration is clear, as calibrating the model without channel loss cannot completely 

eliminate the positive bias (Figure 9, Table 5). The calibrated model without channel loss 

produces excess flow during dry periods, as the flashy runoff peaks are reduced by increasing 

infiltration into the soil column, leading to excessive baseflow entering the stream network, 

which may be associated with a low coefficient of variation bias (possibly implying more 

frequent flow with less variance).  

Calibrating WRF-Hydro with Stage-IV forcing with channel infiltration increases Noah-

MP level 1 soil moisture bias at three soil moisture sites operated by the NOAA 

Hydrometeorology Testbed (HMT) (Table 8), and has little effect on model soil moisture 

correlation coefficient (Figure 10, Table 8). When channel infiltration is disabled, calibration 

improves soil moisture bias, but this is clearly at the expense of hydrologic response (see above).  

Observed ET at the Audubon Research Ranch AmeriFlux Site from WY2009 to December 2011 

is also compared to model ET, which generally reflects the positive ET bias, also shown in 

WGEW with Stage-IV precipitation (Figure 10; Table 8). For deeper soil levels (20cm and 
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50cm), the model underestimates soil moisture variability and has a consistent high bias (see 

Figure 11 and supplemental material) at all three HMT sites. This high bias decreases the soil 

moisture KGE. This is consistent with the soil moisture bias in the upper layers, and it suggests 

that too much water is entering the soil moisture column, to compensate for the runoff biases in 

the NWM. The filling of the soil columns is also likely due to the imposing of no-flow 

conditions at the base of Noah-MP to shut off the baseflow bucket model or due to other limits of 

Noah-MP parameters.   

5. Discussion 

a. Calibration and Precipitation Forcing Errors 

Calibration with channel loss improves streamflow skill in the Babocomari Basin with 

NCEP Stage-IV and NLDAS-2 precipitation forcing, while calibrating the NWM without 

channel loss cannot produce a realistic hydrologic response in the same basin, unlike in WGEW. 

To compensate for the lack of channel infiltration, the optimal value for the REFKDT parameter 

increased in the Babocomari basin, to enable increased soil infiltration before the water reached 

the channels (Table 4). This relationship was less consistent in WGEW. Despite this 

compensating effect, the model without channel loss still had higher bias (Table 5), particularly 

in the evaluation period.  Thus, it appears that parameter compensation can partially mask out the 

biases from channel infiltration in WGEW; however, this is not possible in a larger basin with 

more drainage area (and more area for water to enter the channels that must eventually infiltrate) 

like the Babocomari basin.  

 In the San Pedro basin, where streamflow in excess of small baseflows is primarily 

driven by warm season convection, the calibrated model with NCEP Stage-IV and NLDAS-2 

forcing is associated with lower correlation coefficients, particularly during the evaluation 
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period. As Stage-IV remains the more reliable product (in the present study), this discussion 

centers on assessing the errors associated with only Stage-IV precipitation. Figure 12 

demonstrates the likely cause of the poor streamflow correlation, as observed precipitation from 

a NOAA HMT gauge at Elgin, AZ sometimes poorly matches Stage-IV precipitation, despite the 

climatology of the two datasets being similar. Figure 12 shows that the evaluation period was 

wetter than the calibration period, which may partly explain the high model bias after 2013 in the 

WGEW and the Babocomari basins. Similar results from two other Babocomari basin rain 

gauges are shown in supplemental material.  

One possible reason for this correlation error is that precipitation estimation by radar in 

the southwest US is affected by elevated terrain (causing beam blockage and thus leading to the 

need for high measurement elevations) (e.g. Zamora et al. 2014). Radar and available gauge 

observations are used to derive NCEP Stage-IV precipitation (Lin and Mitchell 2005). 

Limitations in the quality of Stage-IV data may cause the reduced streamflow correlation 

coefficients in the Babocomari River and WGEW. A detailed analysis of differences in WGEW 

gauge and WSR-88D rainfall data can be found in Morin et al. (2003; 2005).  

Regridded 4-km Stage-IV and 1/8 degree NLDAS2 forcing may also spatially spread 

precipitation over a larger area, therefore buffering precipitation over the landscape and reducing 

localized high-intensity events. As surface runoff only occurs when there is sufficient 

precipitation intensity to exceed the infiltration capacity of the soil, spreading of precipitation 

could reduce surface runoff that might otherwise occur over a small area associated with locally 

heavier precipitation intensity. This might explain why Stage-IV forcing produces more 

precipitation and less streamflow over the WGEW domain (Figure 12). Spatial spreading of 
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precipitation, and subsequent reduction of surface runoff, may also be part of the cause of the 

high soil moisture and ET bias. 

b. Suggestions for Future Work 

The addition of channel infiltration and subsequent calibration of WRF-Hydro enables it 

to produce a more realistic hydrologic response with reduced water balance errors in two basins 

in the southwest US. Calibration of WRF-Hydro in WGEW with gauge precipitation produces 

hourly streamflow with KGEs of 0.83. While this calibration does increase the positive bias of 

near surface soil moisture in WGEW, it does maintain the soil moisture correlation coefficients 

and reduces ET bias. Stage-IV or NLDAS-2 forcing, which is derived by WSR-88D radar data 

and gauge precipitation or model and satellite remote sensing products, respectively, is subject to 

greater error and uncertainty than gauge precipitation, which reduces the skill of the model, 

irrespective of the channel infiltration function. Given the limitations of the NWM with channel 

infiltration and its calibration routines described in this work, we make several suggestions for 

future development of the NWM and other distributed hydrologic models used for forecasting.  

Short-term solutions that may ameliorate the calibration challenges for the NWM 

presented in our results include: 

• New Precipitation Forcing Datasets: NOAA is now developing the high resolution 

(~1-km) Analysis of Record for Calibration (AORC) precipitation and 

temperature dataset. While testing is still ongoing, this dataset may add some 

value over the NLDAS-2 and NCEP Stage-IV forcing products, and partially 

ameliorate some soil moisture and ET bias, described above. 

• Additional Calibration Parameters and Metrics: The increased soil moisture bias, 

despite reduction in streamflow errors from calibration, may indicate potential 
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deficiencies in the Noah-MP structure, including some hard-coding of parameters 

(e.g., Mendoza et al 2015). Cuntz et al. (2016) showed that the water partitioning 

of Noah-MP was dependent upon several hard-coded parameters. Efforts are now 

ongoing to update the Noah-MP code to allow for more multi-component 

calibration and adjustment of these hard-coded parameters, to improve its 

physical process representation.  

The limitations of the NWM and its calibration approach may also be further addressed 

with more permanent based solutions in the long-term, including: 

• Multi-Variable Calibration: Addressing the soil moisture biases may additionally 

require calibrating the model to quantities other than streamflow, including soil 

moisture. Basins around the US with soil moisture observations, including those 

maintained by NOAA HMT in Arizona and California (Zamora et al. 2011), 

would be good candidates for this. Calibrating WRF-Hydro to soil moisture may 

permit researchers to reduce soil moisture errors, thus making the model’s 

representation of streamflow and ET more physically consistent.  

• Land and Soil Datasets: More detailed soil datasets (e.g. SSURGO) could also be 

used to better constrain soil parameters, as Figures 3 and 5 indicate that a-priori 

NWM parameters likely underestimate soil heterogeneity compared to the 

SSURGO data shown in the same figures. SSURGO data, which are based on 

local soil surveys, were used to analyze output from the Noah LSM in Zamora et 

al. (2014). Use of a SSURGO dataset may also reduce the soil moisture errors and 

biases shown earlier in this study. 
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• Alternatives to the Baseflow Bucket Model: Soil moisture errors in the 

Babocomari basin in deeper layers may also have been caused by modifying the 

free drainage scaling parameter to essentially a no-flow boundary on the bottom 

of the Noah-MP LSM. The current baseflow bucket model’s use of NHD 

catchments keeps baseflow relatively local by returning it to the same channel. 

This is not realistic in basins with groundwater decoupled from surface water, so 

it was disabled for this work. A WRF-Hydro configuration that is coupled to a 

physically based groundwater model, such as ParFlow (e.g. Maxwell and Kollet 

2015) could be a possible solution to this.  

• Further Enhancements to Channel Infiltration: Another area for future analysis is 

to make the channel infiltration function more representative of physical 

processes, like suction from dry soil (Smith and Goodrich, 2000; Smith et al. 

2002). The infiltration scheme implemented in the NWM for the present study 

only accounts for the impact of gravity. Soil suction results in an increase of 

infiltration into the dry soil at the start of a runoff event (Smith and Parlange, 

1978; Parlange et al., 1982); however, its impact has not yet been considered. 

Accounting for this process in a future version of the model, may yield further 

improvements to WRF-Hydro channel infiltration. Another potential 

improvement would be if the channel infiltration function were coupled back into 

the Noah-MP LSM, permitting the model to resolve the effects of channel 

infiltration on the surface fluxes in riparian areas, even when water is not flowing. 

A saturated soil column could also limit channel infiltration during wetter periods. 
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6. Conclusions 

 The operational NWM is subject to systematic errors in the southwest CONUS, in part 

due to lack of a representation of ephemeral channel infiltration. These errors reduce the skill of 

the NWM as an operational tool in the southwest CONUS by the NWS. Addition of a channel 

infiltration function and subsequent calibration permits the model to produce a more realistic 

hydrologic response in low elevation regions that are fed by convective rainfall. To fully realize 

the benefits of this infiltration scheme, future work is needed to eliminate the soil moisture biases 

of the Noah-MP LSM in WRF-Hydro. This might be accomplished through direct calibration to 

soil moisture, but may also require changes to the Noah-MP structure, and modification or 

elimination of the WRF-Hydro baseflow bucket scheme to permit deep groundwater recharge in 

arid regions. Spatial spreading of precipitation by the Stage-IV precipitation product likely also 

contributes soil moisture and ET biases.  

 Analysis of modeled streamflow and associated forcing precipitation data suggests that 

uncertainties associated with national precipitation datasets will need to be considered in future 

model calibration efforts. A logical step for evaluating model forcing uncertainty is to use the 

NOAA AORC forcing dataset for calibration of the NWM. Heterogeneity of the soil column 

depth is also not yet resolved in WRF-Hydro. These limitations of WRF-Hydro could be 

addressed in subsequent releases of the operational NWM. The observed improvements to 

modeled ET fluxes, when WRF-Hydro was forced with gauge data and calibrated, suggests that 

the model could potentially resolve surface fluxes in a realistic manner. Calibration in the larger 

Babocomari basin, clearly demonstrates the added value of channel infiltration, as calibration 

without it yields an unrealistic hydrologic response.  
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Tables 

 
Table 1: NWM parameters considered for calibration by the National Center for 
Atmospheric Research (Dugger et al. 2017) and channel parameters considered as part of 
the present study. Parameters are organized based on areas of the WRF-Hydro model 
structure. 
Name Description Units 

Soil Parameters 

BEXP Pore size distribution index dimensionless 

SMCMAX Saturation soil moisture content (i.e., porosity) 
volumetric 
fraction 

DKSAT Saturated hydraulic conductivity m/s 

Runoff Parameters 

REFKDT 

Surface runoff parameter; REFKDT is a tunable parameter that significantly 
impacts surface infiltration and hence the partitioning of total runoff into surface 
and subsurface runoff. Increasing REFKDT decreases surface runoff unitless 

SLOPE Linear scaling of "openness" of bottom drainage boundary 0-1 

RETDEPRTFAC Multiplier on retention depth limit unit less 

LKSATFAC 
Multiplier on lateral hydraulic conductivity (controls anisotropy between vertical 
and lateral conductivity) unitless 

Groundwater Parameters 

Zmax Maximum groundwater bucket depth mm 

Expon Exponent controlling rate of bucket drainage as a function of depth dimensionless 

Vegetation Parameters 

CWPVT Canopy wind parameter for canopy wind profile formulation 1/m 

VCMX25 Maximum carboxylation at 25C umol/m2/s 

MP Slope of Ball-Berry conductance relationship unitless 

HVT Canopy top height m 

Snow Parameters 

MFSNO 
Melt factor for snow depletion curve; larger value yields a smaller snow cover 
fraction for the same snow height dimensionless 

Channel Parameters 

ChannK Channel bed conductivity (for channel infiltration function) m/s 

BtmWdth Bottom Width of Channel m 

ChSlp Channel Side Slope unitless 

N Manning’s N s/m1/3 
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Table 2: NWM WRF-Hydro parameter calibration configurations and parameter ranges. 
For each calibration, 500 iterations were used in both basins. All parameters marked with 
an (m) were adjusted spatially by a scalar multiplier, and all parameters marked with an 
(a) were adjusted spatially by a scalar addition constant. 

Basin/Gauge Forcing  
 
Iterations 

Calib. 
Period 

SMCMAX 
(m) 

DKSAT 
(a) 

DKSAT 
(m) 

REFKDT 
(const.) 

ChannK 
(m) 

ChSlp 
(m) 

Stage-1: Channel Parameter Sensitivity; NWM used 15-minute (instead of 60-minute) Noah-MP time step. 

Walnut Gulch 
WGEW-
gauge 250 

WY2009-
2011 0.8 - 1.2 

-1*106 - 
1*106   0.5 – 2.0 0.1-4.0 0.001 - 1.0 0.1 – 1.5 

Stage-2: Evaluation of channel infiltration in WGEW; *Model calibrated both with and without channel loss 

Walnut Gulch 
WGEW-
gauge 500 

WY2011-
2013 0.8 - 1.2 

-1*106 - 
1*106   0.5 – 2.0 0.1-4.0 

0.001 - 
1.0* 0.1 – 1.5 

Stage-3: Calibration with Stage-IV and NLDAS-2 Precipitation; *Model calibrated both with and without channel 
loss 

Walnut Gulch Stage-IV 500 
WY2011-
2013 0.8 - 1.2 

-1*106 - 
1*106   0.5 – 2.0 0.1-4.0 

0.001 - 
1.0* 0.1 – 1.5 

Babocomari 
River Stage-IV 500 

WY2009-
2011 0.8 - 1.2 

-1*106 - 
1*106   0.5 – 2.0 0.1-4.0 

0.001 - 
1.0* 0.1 – 1.5 

Walnut Gulch NLDAS2 500 
WY2011-
2013 0.8 - 1.2 

-1*106 - 
1*106   0.5 – 2.0 0.1-4.0 

0.001 - 
1.0* 0.1 – 1.5 

Babocomari 
River NLDAS2 500 

WY2009-
2011 0.8 - 1.2 

-1*106 - 
1*106   0.5 – 2.0 0.1-4.0 

0.001 - 
1.0* 0.1 – 1.5 
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Table 3: Model hourly correlation coefficient with varying values of ChSlp (labeled as s, 
top), N (middle), and BtmWdth (labeled as w, bottom) . Model parameters are adjusted by 
either dividing or multiplying a priori N, ChSlp, or BtmWdth parameters by a constant. 

ChSlp (s) s = s/5 s = s/2.5 ctrl. s = s*2.5 s = s*5 
  0.1966 0.3838 0.6349 0.6463 0.5867 
Manning's N (n) n = n/2 n = n/1/5 ctrl. n = n*1.5 n = n*2 
 0.2242 0.4175 0.6349 0.6784 0.5146 
BtmWdth (w) w = w-4 w = w-2 ctrl. w = w+2 w = w+4 
  0.5830 0.6241 0.6349 0.6826 0.6974 
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Table 4: Final parameter adjustment constants for each WRF-Hydro NWM calibration. 
Note that REFKDT is constant throughout the model domain, so the values for this 
parameter in the table are directly equivalent to the NWM parameter. As in Table 2, (m) 
and (a) indicate multiplication or addition adjustment constants, respectively. 

Basin/Gauge Forcing  
SMCMAX 
(m) 

DKSAT 
(a) 

DKSAT 
(m) 

REFKDT 
(const.) 

ChannK 
(m) 

ChSlp 
(m) 

Walnut Gulch 
WGEW-
gauge 1.006 -2.30E-07 1.031 3.692 0.387 1.499 

Walnut Gulch  
(w/o loss) 

WGEW-
gauge 1.109 5.30E-07 1.014 2.785 - 1.419 

Walnut Gulch Stage-IV 0.940 4.49E-07 1.643 1.198 0.621 0.695 
Walnut Gulch  
(w/o loss) Stage-IV 1.075 4.09E-07 1.539 1.551 - 1.154 

Babocomari River Stage-IV 1.004 -6.19E-07 0.940 1.491 0.998 0.252 
Babocomari River 
(w/o loss) Stage-IV 0.877 9.09E-07 0.707 3.998 - 0.984 

Walnut Gulch NLDAS-2 1.028 1.33E-07 0.526 1.994 0.988 1.488 
Walnut Gulch  
(w/o loss) NLDAS-2 1.045 2.15E-07 0.965 1.196 - 1.499 

Babocomari River NLDAS-2 0.842 8.28E-07 0.501 1.067 0.348 0.138 
Babocomari River 
(w/o loss) NLDAS-2 0.800 -1.95E-07 0.697 2.277 - 0.593 
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Table 5: NWM WRF-Hydro daily streamflow skill scores after calibration, including: 
Correlation Coefficient (COR), Coefficient of Variation (CV) % Bias, % Bias, and KGE. 
Skill scores with an asterisk symbol (*) indicate where calibration reduced the model skill. 
The evaluation period encompasses all years in the WY2009-2016 period outside of the 
specified calibration period. 

Basin/Gauge Forcing Precip. 
Calibration 
Years COR CV %Bias %Bias KGE 

Calibration Period 
Walnut Gulch WGEW-gauge 2011-2013 0.9442 -0.9797 -0.0994 0.9431 
Walnut Gulch NL WGEW-gauge 2011-2013 0.9420 -15.0190 9.8052 0.8679 
Walnut Gulch Stage-IV 2011-2013 0.9436 2.0405 -0.0043 0.9400 
Walnut Gulch NL Stage-IV 2011-2013 0.9392 -6.8931 3.1255 0.9209 
Babocomari River Stage-IV 2009-2011 0.7661 -3.6493 2.6121 0.7643 
Babocomari River NL Stage-IV 2009-2011 0.6527* -45.8413* 67.6339 0.2342 
Walnut Gulch NLDAS-2 2011-2013 0.6081 -4.9914 0.3365 0.6053 
Walnut Gulch NL NLDAS-2 2011-2013 0.6012 -25.8172* 11.7025 0.5504 
Babocomari River NLDAS-2 2009-2011 0.4239 -11.0953 7.3702 0.4174 
Babocomari River NL NLDAS-2 2009-2011 0.4221 -38.0215* 18.2809 0.3377 
Evaluation Period 
Walnut Gulch WGEW-gauge 2011-2013 0.8626 -35.1647 7.6912 0.6596 
Walnut Gulch NL WGEW-gauge 2011-2013 0.8385 -48.8372* 40.8510 0.4794 
Walnut Gulch Stage-IV 2011-2013 0.5248 -38.2333 18.7505 0.4238 
Walnut Gulch NL Stage-IV 2011-2013 0.4864 -50.8070* 22.4752 0.3128 
Babocomari River Stage-IV 2009-2011 0.2918* 16.6644* 88.2720 -0.6469 
Babocomari River NL Stage-IV 2009-2011 0.2787* -48.4689* 265.3276 -1.8878 
Walnut Gulch NLDAS-2 2011-2013 0.4708 -6.9326 59.8780 0.0637 
Walnut Gulch NL NLDAS-2 2011-2013 0.4666 -34.9931 119.4619 -0.3761 
Babocomari River NLDAS-2 2009-2011 0.2706 40.3256* 324.8557 -4.9753 
Babocomari River NL NLDAS-2 2009-2011 0.2366 12.7921 421.1274 -5.4893 
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Table 6: NWM WRF-Hydro skill scores for Noah-MP level 1 (0-10 cm) soil moisture 
simulations (compared to areal averages of 5-cm Walnut Gulch soil moisture 
measurements) and simulated ET fluxes (compared to flux tower ET at the Lucky Hills and 
Kendall Grassland sites). Soil moisture (ET) skill scores are based on hourly (daily) data. 
Evaluation 
Metric Control (w/loss) 

Calibration (no 
loss) 

Calibration 
(w/loss) 

Soil Moisture (Basin Average) 
Percent Bias 93.1831 105.2521 102.5220 
Correlation Coef. 0.8587 0.8800 0.8543 
KGE 0.0269 -0.1427 -0.0834 
Lucky Hills 5-cm Soil Moisture 
Percent Bias 83.5882 94.4479 91.7655 
Correlation Coef. 0.8466 0.8585 0.8352 
KGE 0.0372 -0.1649 -0.0775 
Kendall Grassland 5-cm Soil Moisture 
Percent Bias 64.7340 74.5087 71.5879 
Correlation Coef. 0.8569 0.8656 0.8525 
KGE -0.1439 -0.4362 -0.2611 
Lucky Hills ET 
Percent Bias -10.822 -1.5496 -0.5983 
Correlation Coef. 0.89077 0.88922 0.89172 
KGE 0.73337 0.84373 0.83477 
Kendall Grassland ET 
Percent Bias -15.464 -6.6524 -5.9558 
Correlation Coef. 0.86509 0.86355 0.86589 
KGE 0.68857 0.80224 0.79392 
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Table 7: As in Table 6, using Stage-IV or NLDAS-2 precipitation forcing. 
Evaluation 
Metric Control (w/loss) 

Calibration (no 
loss) 

Calibration 
(w/loss) 

Lucky Hills 5-cm Soil Moisture (Stage-IV) 
Percent Bias 102.8033 113.5252 107.3987 
Correlation Coef. 0.7752 0.7792 0.7241 
KGE -0.1492 -0.3142 -0.1785 
Kendall Grassland 5-cm Soil Moisture (Stage-IV) 
Percent Bias 80.5597 91.1242 84.2638 
Correlation Coef. 0.7870 0.7876 0.7515 
KGE -0.2739 -0.5128 -0.2376 
Lucky Hills ET (Stage-IV) 
Percent Bias 16.0258 25.3312 25.5819 
Correlation Coef. 0.8397 0.8394 0.8383 
KGE 0.77291 0.68363 0.694 
Kendall Grassland ET (Stave-IV) 
Percent Bias 5.6164 14.8450 14.7850 
Correlation Coef. 0.8367 0.8368 0.8376 
KGE 0.8219 0.77564 0.77978 
Lucky Hills 5-cm Soil Moisture (NLDAS-2) 
Percent Bias 102.6702 108.2907 107.4980 
Correlation Coef. 0.7920 0.8010 0.7984 
KGE -0.1740 -0.2744 -0.2563 
Kendall Grassland 5-cm Soil Moisture (NLDAS-2) 
Percent Bias 77.9496 82.7476 82.0299 
Correlation Coef. 0.8056 0.8108 0.8088 
KGE -0.3001 -0.4431 -0.4138 
Lucky Hills ET (NLDAS-2) 
Percent Bias 15.0899 20.2991 20.2678 
Correlation Coef. 0.83946 0.84189 0.8429 
KGE 0.77965 0.73855 0.73966 
Kendall Grassland ET (NLDAS-2) 
Percent Bias 2.3197 6.6863 6.6654 
Correlation Coef. 0.80536 0.80422 0.80367 
KGE 0.78021 0.78566 0.78489 
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Table 8: As in Table 7, for the Babocomari basin with NOAA HMT soil moisture sites and 
flux tower observations from the Audubon Research Ranch 
Evaluation 
Metric Control (w/loss) 

Calibration (no 
loss) 

Calibration 
(w/loss) 

Elgin, AZ 5-cm Soil Moisture (Stage-IV) 
Percent Bias 234.8663 231.5843 241.3407 
Correlation Coef. 0.8282 0.7906 0.8233 
KGE -1.4053 -1.3373 -1.4761 
Freeman Springs, AZ 5-cm Soil Moisture (Stage-IV) 
Percent Bias 166.5594 162.2021 171.2363 
Correlation Coef. 0.7728 0.7542 0.7725 
KGE -0.6714 -0.6198 -0.7201 
Whetstone, AZ 5-cm Soil Moisture (Stage-IV) 
Percent Bias 24.1429 23.2152 25.5160 
Correlation Coef. 0.8215 0.7773 0.8180 
KGE 0.6905 0.6681 0.6740 
Audubon Research Ranch ET (Stage-IV) 
Percent Bias 16.9774 24.3583 20.9221 
Correlation Coef. 0.8467 0.8409 0.8461 
KGE 0.76806 0.7044 0.73994 
Elgin, AZ 5-cm Soil Moisture (NLDAS-2) 
Percent Bias 234.3116 213.9251 218.0668 
Correlation Coef. 0.7956 0.7556 0.7666 
KGE -1.4121 -1.1544 -1.2018 
Freeman Springs, AZ 5-cm Soil Moisture (NLDAS-2) 
Percent Bias 160.3989 144.7427 147.7776 
Correlation Coef. 0.7617 0.7384 0.7434 
KGE -0.6213 -0.4568 -0.4825 
Whetstone, AZ 5-cm Soil Moisture (NLDAS-2) 
Percent Bias 29.6126 22.9163 24.3761 
Correlation Coef. 0.7809 0.7366 0.7490 
KGE 0.6200 0.6055 0.6280 
Audubon Research Ranch ET (NLDAS-2) 
Percent Bias 15.5984 16.7333 15.6011 
Correlation Coef. 0.82293 0.81411 0.81704 
KGE 0.7342 0.74488 0.75187 
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Figures 

 
Figure 1: Illustration of the uncoupled WRF-Hydro Hydrologic Model structure. The 
Noah-MP LSM and routing grid columns are shown in the top right of the figure. Baseflow 
from the bottom of the Noah-MP LSM is passed to the baseflow bucket model (center 
right), labeled as unconfined aquifer storage. Water from the baseflow bucket model and 
surface runoff from the terrain routing grid are both returned to the channel network 
(left). Channel infiltration is a sink in the model structure (assumed to be deep 
groundwater recharge). The vertical cross-section of a trapezoidal channel used by the 
WRF-Hydro Muskingum-Cunge routing scheme is also shown (bottom). The sides of the 
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channel are assumed infinite. The channel width (w) is the BtmWdth parameter, and the 
channel side slope (h/ws) is the ChSlp parameter. 
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Figure 2: The WRF-Hydro NWM 250-meter routing grid (displayed as elevation) for the 
San Pedro River basin is shown. The Walnut Gulch and Babocomari River calibration 
basins are in the hatched areas. Spatial reference information for the San Pedro routing 
grid is shown in the top right corner of the figure.  
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Figure 3: WGEW elevation (a), modified bottom drainage scaling factor (Noah-MP SLOPE 
Parameter) (b), saturated soil conductivity (Noah-MP DKSAT Parameter) (c), and 
saturated soil conductivity (from layer averaged 2014 SSURGO data) (d) are plotted. 
WGEW soil moisture and flux tower sites are also shown in panel (a). WGEW gauges 
plotted refer to runoff gauges. All gridded data are based on the NWM in the southwest 
CONUS and SSURGO conductivity is derived by the USGS 
(https://water.usgs.gov/GIS/metadata/usgswrd/XML/ds866_ssurgo_variables.xml).   
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Figure 4: Observed and accumulated streamflow at WGEW runoff gauges 2 and 7 
(combined, red) and WGEW runoff gauge 1 (outlet, black) for two flow events are depicted 
on the y-axis of each panel. The shaded spatial plots of WGEW depict storm total 
precipitation for each event in mm.  
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Figure 5: Babocomari basin elevation (a), modified bottom drainage scaling factor (Noah-
MP SLOPE Parameter) (b), saturated soil conductivity (Noah-MP DKSAT Parameter) (c), 
and saturated soil conductivity (from layer averaged 2014 SSURGO data) (d) are plotted. 
NOAA HMT soil moisture and the AmeriFlux flux tower site are also shown in panel (a). 
USGS gauges plotted refer to runoff gauges. All gridded data are based on the NWM in the 
southwest CONUS and SSURGO conductivity is derived by the USGS 
(https://water.usgs.gov/GIS/metadata/usgswrd/XML/ds866_ssurgo_variables.xml).   
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Figure 6: Example of control (blue), calibrated (red), and calibrated with channel loss 
(orange) NWM streamflow for Walnut Gulch runoff Gauge 1, where the model is forced 
with gauge precipitation. Upper panels show accumulated streamflow (left) and model skill 
scores (right). In the middle row, annual daily streamflow for WY2011 (left) and WY2014 
(right) is shown. The bottom row shows hourly streamflow for September 1-15, 2012 (left) 
and July 16-31, 2013 (right).   
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Figure 7: WY2014 NWM Noah-MP  level 1 soil volumetric water content from the control 
(blue), calibrated (red), and calibrated with channel loss (orange) compared to 5-cm 
observations (black) for Lucky Hills (top left) and Kendall Grassland (top right). Modeled 
ET from the control (red), calibrated (blue), and calibrated with channel loss (green) 
solutions for the same period and field sites are plotted in the bottom panels. Flux tower ET 
measurements are plotted in black.  



93 
 
 

 
Figure 8: Example of control (blue), calibrated (red), and calibrated with channel loss 
(orange) NWM streamflow for Walnut Gulch runoff Gauge 1, where the model is forced 
with NCEP Stage-IV precipitation. Upper panels show accumulated streamflow (left) and 
model skill scores (right). In the middle row, annual daily streamflow for WY2011 (left) 
and WY2014 (right) is shown. The bottom row shows daily streamflow for September 2012 
(left) and July 2013 (right).  
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Figure 9: As in Figure 8, but for the Babocomari River, with NCEP Stage-IV forcing.  
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Figure 10: WY2014 Noah-MP level 1 soil volumetric water content from the control (blue), 
calibrated (red), and calibrated with channel loss (orange) NWM compared to 5-cm 
observations (black) for Elgin, AZ (top left), Freeman Springs, AZ (top right), and 
Whetstone, AZ (bottom left). WY 2011 Modeled ET from the control (red), calibrated 
(blue), and calibrated with channel loss (green) solutions for the same period at the 
Audubon Research Ranch flux tower site are shown in the bottom right panel. Flux tower 
ET measurements are plotted in black in this panel. Note that WY2014 ET was not 
available at this site. 
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Figure 11: WY 2014 NWM Noah-MP soil volumetric water content from the control (blue), 
calibrated (red), and calibrated with channel loss (orange) compared to observations 
(black) for Elgin, AZ (top), Freeman Springs, AZ (middle), and Whetstone, AZ (bottom). 
Noah-MP level 2 (10-40 cm) soil moisture is compared to observed 20-cm soil moisture in 
the left panels, and Noah-MP level 3 (40-100 cm) soil moisture is compared to observed 50-
cm soil moisture in the right panels.	  
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Figure 12: Elgin, AZ accumulated gauge precipitation (red) and NCEP Stage-IV 
precipitation at the same point (blue) are plotted in the top two panels for the calibration 
period (WY2009-11, left) and the evaluation period (WY2012-16, right). WY2009-2016 
Area average accumulated WGEW gauge (red) and NCEP Stage-IV (blue) precipitation in 
WGEW are plotted in the bottom left panel. Accumulated NWM WRF-Hydro streamflow 
(for the same period) at the basin outlet with WGEW forcing (orange) and Stage-IV 
forcing (blue) are also plotted in the bottom right panel. Parameters in the accumulated 
streamflow plot are optimized for gauge precipitation.  
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8. Supplemental Material 

Supplemental Material for the manuscript “Enhancing the Structure of the WRF-Hydro 

Hydrologic Model for Semi-Arid Environments” 

Authors: Timothy M. Lahmers, Hoshin Gupta, Pieter Hazenberg, Christopher L. Castro, 

David J. Gochis, David Yates, and Aubrey Dugger, David Goodrich 

I. Evaluation of the Magnitude of Channel Infiltration 

In order to quantify the amount of water lost as channel infiltration in our calibrated 

model with channel infiltration enabled, we executed WRF-Hydro configured as the NWM, with 

the same calibrated parameters as the NWM with channel infiltration, but with channel 

infiltration disabled. The accumulated streamflow at WGEW gauge 1 from both of these 

simulations is shown in Figure 1. This figure demonstrates that water reaching the outlet of 

WGEW is reduced by 21.73% when channel infiltration is activated. These results demonstrate 

that channel infiltration may be underestimated, and this may have been due to the assumption 

that the multiplication factor for the ChannK parameter was assumed to be no more than 1, thus 

ChannK could not be higher than the local soil conductivity (DKSAT), computed from 

STATSGO soil. 

II. Model Skill Scores Excluding Zero Streamflow Events 

Table 1 of this document shows all the equivalent skill scores in Table 5 of the 

manuscript, but all evaluation metrics here are computed omitting time steps when both the 

observed and modeled streamflow are zero. Analysis of this table shows that omitting cases with 

zero flow nominally reduces model skill scores, as we would expect; however, altering our 

evaluation metrics in this way has very little effect on the relative skill score of each model 

configuration, and thus it does not change the results or conclusions of the manuscript.  
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III. Streamflow in WGEW and the Babocomari Basin with NLDAS-2 Forcing 

 Figure 2 shows streamflow for WGEW, as in Figure 8 of the main manuscript document, 

but with NLDAS-2 forcing. This figure demonstrates that calibrating the NWM with channel 

infiltration produces correlation coefficients that are the same or slightly higher than the model 

calibrated without channel infiltration. Calibration significantly reduces bias and improves KGE, 

and Figure 2 demonstrates that there is added value when channel infiltration is included as well. 

The low coefficient of variation bias is also reduced in magnitude when channel infiltration is 

included, indicating that this solution has less tendency to underestimate model variance.  

 In the Babocomari basin, there is added value from channel infiltration, in that the 

calibrated simulation with channel loss has lower bias and higher correlation coefficients in both 

the calibration and evaluation periods (Figure 3). In the calibration period, utilizing channel loss 

does reduce coefficient of variation bias errors. The evaluation period is associated with 

substantial high bias. This is reduced with channel infiltration and calibration, but not eliminated 

entirely, suggesting some possible non-stationarity. The coefficient of variation errors are 

different across the evaluation period, with the calibrated model with channel loss producing the 

most high coefficient of variation bias, despite improvements in model skill elsewhere. 

 Analysis of Figures 2-3 indicates that NLDAS-2, at times, produces excessive winter 

runoff and sometimes produces warm season runoff at incorrect times. While the errors 

associated with NLDAS-2 precipitation are beyond the scope of this paper, these results 

demonstrate added value of channel infiltration despite NLDAS-2 precipitation uncertainties. 

IV. Deep Soil Moisture in Babocomari Basin 

 Tables 2-3 of this document show soil moisture skill scores for deeper soil in the 

Babocomari basin. Noah-MP level 2 (10-40 cm) soil moisture is compared with 20-cm NOAA 
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HMT observations, and Noah-MP level 3 (40-100 cm) is compared to 50-cm NOAA HMT 

observations in these Tables. These results are also shown in Figure 11 of the manuscript. These 

results demonstrate that the effects of calibration on correlation coefficient are generally mixed 

and tend to vary with each site or forcing dataset. The most consistent pattern is that the 

calibration without channel infiltration, which causes less surface runoff and more baseflow and 

ET, reduces soil moisture bias the most. As the streamflow in these calibrated simulations is 

poor, it is unclear whether this reduced deep soil moisture bias is for the correct reasons. The 

high bias of soil moisture in the deep levels, with the exception of the 50-cm Elgin, AZ 

observation, may be due to the imposed no-flow conditions at the bottom of the Noah-MP LSM 

that prevent deep groundwater recharge. This will need to be investigated in the future, as the 

groundwater parameterization for WRF-Hydro is further developed. In these tables, reductions in 

KGE often follow increased biases. As noted in the discussion in the main text of this paper, we 

suggest that soil moisture data should play a role in future calibration efforts (section 5.b). 

V. Possible Stage-IV and NLDAS-2 Errors in the Babocomari Basin  

 NOAA HMT accumulated precipitation measurements, including Freeman Springs, AZ 

(located in the upper Babocomari River basin) and Whetstone, AZ (located in the lower 

Babocomari River basin, near the outlet to the San Pedro River) are plotted in Figure 4 of this 

document, alongside NCEP Stage-IV precipitation from the corresponding grid points. It should 

be noted that the Whetstone, AZ site had a missing funnel on its precipitation gauge for much of 

the analysis period, so these data are likely subject to errors (Robert Zamora, NOAA 

OAR/ESRL/PSD, Personal Communication 2017). As discussed in the manuscript and shown in 

Figure 11, these plots show that the evaluation years were considerably wetter in the Babocomari 

basin. This wetter period, which was different in the calibration years, might explain why all the 
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calibration solutions in the Babocomari basin still had a high streamflow bias in these later years. 

The accumulated streamflow during this period also shows that gauge and radar precipitation 

measurements are often not 1:1, which at least partially explains the poor correlation coefficients 

between observed and modeled streamflow in both the Babocomari River and Walnut Gulch, 

particularly during the evaluation period. This limitation of NCEP Stage-IV data will need to be 

considered as larger scale calibration efforts are executed across other basins in the western 

CONUS. 
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Table 1: NWM WRF-Hydro daily streamflow skill scores after calibration, including from 
left to right: Correlation Coefficient, Coefficient of Variation Percent Bias, Percent Bias, 
and KGE. Skill scores with an asterisk symbol (*) indicate where calibration reduced the 
model skill. The evaluation period encompasses all years in the WY2009-2016 period 
outside of the specified calibration period. Metrics are computed with zero data omitted. 

Basin/Gauge Forcing Precip. 
Calibration 
Years COR CV %Bias %Bias KGE 

Calibration Period 
Walnut Gulch WGEW-gauge 2011-2013 0.9421 -1.0158 -0.0994 0.9410 
Walnut Gulch NL WGEW-gauge 2011-2013 0.9420 -15.0190 9.8052 0.8679 
Walnut Gulch Stage-IV 2011-2013 0.9415 2.1154 -0.0043 0.9378 
Walnut Gulch NL Stage-IV 2011-2013 0.9392 -6.8931 3.1255 0.9209 
Babocomari River Stage-IV 2009-2011 0.7659 -3.6522 2.6121 0.7642 
Babocomari River NL Stage-IV 2009-2011 0.6527* -45.8413* 67.6339 0.2342 
Walnut Gulch NLDAS-2 2011-2013 0.5840 -5.2913 0.3365 0.5810 
Walnut Gulch NL NLDAS-2 2011-2013 0.6012 -25.8172* 11.7025 0.5504 
Babocomari River NLDAS-2 2009-2011 0.4233 -11.1052 7.3702 0.4169 
Babocomari River NL NLDAS-2 2009-2011 0.4221 -38.0215* 18.2809 0.3377 
Evaluation Period 
Walnut Gulch WGEW-gauge 2011-2013 0.8583 -37.7461 7.6912 0.6331 
Walnut Gulch NL WGEW-gauge 2011-2013 0.8385 -48.8372* 40.8510 0.4794 
Walnut Gulch Stage-IV 2011-2013 0.4761 -41.8417 18.7505 0.3633 
Walnut Gulch NL Stage-IV 2011-2013 0.4864 -50.8070* 22.4752 0.3128 
Babocomari River Stage-IV 2009-2011 0.2910* 16.6827* 88.2720 -0.6475 
Babocomari River NL Stage-IV 2009-2011 0.6527* -45.8413* 67.6339 0.2342 
Walnut Gulch NLDAS-2 2011-2013 0.4168 -7.6155 59.8780 0.0376 
Walnut Gulch NL NLDAS-2 2011-2013 0.4666 -34.9931 119.4619 -0.3761 
Babocomari River NLDAS-2 2009-2011 0.2700 40.3672* 324.8557 -4.9769 
Babocomari River NL NLDAS-2 2009-2011 0.2366 12.7921 421.1274 -5.4893 
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Table 2: NWM WRF-Hydro Noah-MP level 2 (10-40 cm) soil moisture skill scores, 
compared to areal averages of 20-cm Babocomari River soil moisture measurements, are 
shown in the top rows. Equivalent data from Noah-MP level 3 (40-100 cm) and 50 cm 
Babocomari River soil moisture measurements are shown in the bottom rows. The model is 
forced with Stage-IV precipitation. Soil moisture skill scores are based on hourly data. 
Evaluation 
Metric Control (w/loss) 

Calibration (no 
loss) 

Calibration 
(w/loss) 

Elgin, AZ 20-cm Soil Moisture 
Percent Bias 71.0517 58.5135 73.9475 
Correlation Coef. 0.6339 0.6172 0.6215 
KGE -0.0063 0.0776 -0.0208 
Freeman Springs, AZ 20-cm Soil Moisture 
Percent Bias 114.8058 99.5019 118.0709 
Correlation Coef. 0.6883 0.7039 0.6819 
KGE -0.2731 -0.1387 -0.2962 
Whetstone, AZ 20-cm Soil Moisture 
Percent Bias 22.1080 11.6090 23.4290 
Correlation Coef. 0.7063 0.7259 0.7032 
KGE 0.2615 0.2970 0.2621 
Elgin, AZ 50-cm Soil Moisture 
Percent Bias -42.0251 -45.5754 -40.9831 
Correlation Coef. 0.6327 0.6182 0.6267 
KGE -0.0223 -0.0392 -0.0148 
Freeman Springs, AZ 50-cm Soil Moisture 
Percent Bias 43.0194 34.6414 45.1203 
Correlation Coef. 0.4783 0.5277 0.4936 
KGE 0.1014 0.1658 0.1105 
Whetstone, AZ 50-cm Soil Moisture 
Percent Bias 30.0229 20.0346 31.4026 
Correlation Coef. 0.3944 0.4337 0.4019 
KGE 0.1016 0.1652 0.1072 
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Table 3: NWM WRF-Hydro Noah-MP level 2 (10-40 cm) soil moisture skill scores, 
compared to areal averages of 20-cm Babocomari River soil moisture measurements, are 
shown in the top rows. Equivalent data from Noah-MP level 3 (40-100 cm) and 50 cm 
Babocomari River soil moisture measurements are shown in the bottom rows. The model is 
forced with NLDAS-2 precipitation. Soil moisture skill scores are based on hourly data. 
Evaluation 
Metric Control (w/loss) 

Calibration (no 
loss) 

Calibration 
(w/loss) 

Elgin, AZ 20-cm Soil Moisture 
Percent Bias 69.3131 45.4230 50.0920 
Correlation Coef. 0.5946 0.5964 0.6020 
KGE 0.0151 0.1525 0.1285 
Freeman Springs, AZ 20-cm Soil Moisture 
Percent Bias 111.4760 81.8055 87.3593 
Correlation Coef. 0.6581 0.6896 0.6922 
KGE -0.2434 0.0086 -0.0343 
Whetstone, AZ 20-cm Soil Moisture 
Percent Bias 22.4945 4.3949 8.1662 
Correlation Coef. 0.6952 0.7027 0.7083 
KGE 0.2846 0.3098 0.3072 
Elgin, AZ 50-cm Soil Moisture 
Percent Bias -42.7021 -50.1956 -48.8014 
Correlation Coef. 0.6203 0.6200 0.6208 
KGE -0.0138 -0.0567 -0.0514 
Freeman Springs, AZ 50-cm Soil Moisture 
Percent Bias 40.2134 22.3195 25.0846 
Correlation Coef. 0.4266 0.5033 0.4976 
KGE 0.1006 0.1931 0.1789 
Whetstone, AZ 50-cm Soil Moisture 
Percent Bias 29.9931 12.0276 15.6317 
Correlation Coef. 0.4042 0.4621 0.4536 
KGE 0.1473 0.2139 0.1985 
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Figure 1: Accumulated streamflow for the calibrated NWM with channel loss (green) and 
the same calibrated parameters, but with channel loss set to zero (yellow). Observed 
streamflow is shown in black. 

 



106 
 
 

 

 

 

 
Figure 2: Example of control (blue), calibrated (red), and calibrated with channel loss 
(orange) NWM streamflow for Walnut Gulch runoff Gauge 1, where the model is forced 
with NLDAS-2 precipitation. Upper panels show accumulated streamflow (left) and model 
skill scores (right). In the middle row, annual daily streamflow for WY2011 (left) and 
WY2014 (right) is shown. The bottom row shows daily streamflow for September 2012 
(left) and July 2013 (right).  
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Figure 3: As in Figure 1, but for the Babocomari River, with NLDAS-2 forcing. Note that 
September 2012 (bottom left) is short due to missing data. 
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Figure 4: Freeman Springs, AZ accumulated gauge precipitation (red) and NCEP Stage-IV 
precipitation at the same point (blue) are plotted in the top two panels for calibration 
period (WY 2009-11, left) and the evaluation period (WY 2012-15, right). The same plots, 
but for Whetstone, AZ are plotted in the bottom two panels. 
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Abstract 

The NOAA National Water Model (NWM), maintained and run by the NOAA National 

Weather Service (NWS) Office of Water Prediction (NWS/OWP), provides operational 

hydrological guidance throughout the Contiguous United States (CONUS).  Based on the WRF-

Hydro model architecture developed by the National Center for Atmospheric Research (NCAR), 

the NWM was recently made applicable to semi-arid domains by Lahmers et al. (2019), by 

permitting it to explicitly resolve infiltration from ephemeral channels into the underlying 

unsaturated channel bed, as an added model sink term.  

In this work, to evaluate model skill and assess limitations of the NWM calibration 

scheme in semi-arid environments, we calibrated the NWM v1.2 (with the added channel 

infiltration function) in 49 independent basins in the western CONUS. The model was forced 

with regridded NLDAS-2 atmospheric variables and NCEP Stage-IV precipitation, and 

calibration was performed using the Dynamically Dimensioned Search (DDS) algorithm to 

optimize values of the Kling-Gupta Efficiency (KGE) statistic for hourly streamflow. 

Specifically, we examine: 1) performance of the calibrated, channel-infiltration enhanced, NWM 

in the western CONUS, 2) added value of our channel infiltration function and calibration 

scheme compared to earlier NWM performance, 3) interchangeability of calibrated parameters to 

basins within the same Eco-Region, and 4) limits of the NWM and calibration configuration in 

semi-arid domains.  

Our results suggest that the calibrated, channel-infiltration enhanced, model is able to 

realistically reproduce the hydrologic responses of many of the basins around the southwest 

CONUS. Some performance degradation during the independent evaluation period is seen, 
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mostly due to variations in the amount of streamflow between the calibration and evaluation 

periods. For some basins, model simulation errors result primarily from forcing precipitation 

uncertainties. Overall, the calibration scheme tends to systematically favor the baseflow bucket 

model component of the WRF-Hydro NWM, over the surface and shallow sub-surface routing 

modules, in about half of the calibration basins; this is likely partially due to the KGE 

performance statistic used for model calibration. This systematic tendency causes the NWM to 

underestimate surface runoff events in the affected basins. These results will help to inform 

further development of WRF-Hydro model for both operational and experimental purposes. 
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1. Introduction 

 Flooding is a principle concern for emergency managers and hydrologists in the United 

States. Flooding events have cost the US an average of $7.95 Billion per year and resulted in an 

average of 85 fatalities per year during the 30-year period from 1984-2013 (National Weather 

Service, 2014). This makes flooding one of the deadliest and costliest hazards in the US. To 

ameliorate the uncertainties associated with hydrologic forecasts, and to provide longer forecast 

lead times for flood events, the National Oceanic and Atmospheric Administration (NOAA) 

National Weather Service (NWS) Office of Water Prediction (OWP) recently implemented the 

operational National Water Model (NWM), based on the Weather Research and Forecasting 

(WRF) WRF-Hydro hydrologic model architecture (Gochis et al. 2015). The NWM is a 

continental scale distributed hydrologic model that produces streamflow forecasts for 2.7 million 

stream reaches across the Contiguous US (CONUS) based on observed and forecasted 

precipitation.  

The operational version of the WRF-Hydro model architecture does not resolve the 

significant amounts of channel infiltration transmission losses that occur in semi-arid 

environments, caused by high depths to groundwater (e.g. Goodrich et al. 2004; Blasch et al. 

2004). Recently, Lahmers et al. (2019) extended WRF-Hydro to account for channel infiltration 

using a conceptual infiltration scheme (e.g. Goodrich et al. 2004; Yatheendradas et al. 2008; 

Goodrich et al. 2012) based on that of the KINEROS2 hydrologic model, originally developed 

for semi-arid environments. The present study uses a non-operational version of NWM v1.2, 

which incorporates the added channel infiltration parameterization of Lahmers et al. (2019). The 

primary focus of this work is to explore the impacts of model calibration in semi-arid 



113 
 
 

environments, with the intention of improving the flood forecasting performance of the model in 

such regions. 

Recent hydrologic model developments for forecasting and research utilize spatially-

distributed hydrologic models coupled with gridded high-resolution precipitation data (e.g. 

Blöschl et al. 2008; Looper 2012; Broxton et al. 2014; Hardy et al. 2015; Reed et al. 2015; 

Gourley et al. 2017). For such models, the model calibration problem can be poorly constrained 

(Smith and Gupta 2012), due to their high parameter dimensionality relative to available 

data/information about land surface properties. Spatial regularization (e.g. Pokhrel et al. 2012; 

Kumar et al. 2013) is therefore required to reduce the dimensionality of the optimization problem 

during calibration. This involves associating the parameters of the distributed hydrologic model 

with available land surface data via appropriate regularization functions. Early examples of the 

systematic testing of distributed hydrologic models include the Model Parameter Estimation 

Experiments (MOPEX), which evaluated the skill of calibrated distributed hydrologic models in 

12 basins across the eastern CONUS, and included testing of methods for regionalization of 

spatially varying parameters (Duan et al. 2006).  

Pokhrel et al. (2012) used spatial regularization and a carefully chosen set of selected 

diagnostically relevant criteria (Gupta et al 2008; 2009) to calibrate a version of the NWS 

Hydrology Laboratory Research Distributed Hydrological Model (HL-RDHM) to ensure 

consistency with hydrologic signatures. Calibration of distributed hydrologic models has been 

shown to improve model estimates of streamflow in Phase 2 of the Distributed Model 

Intercomparison Project (DMIP 2) (Smith et al. 2012). For some of the DMIP 2 experiments, 

these improvements were small; however, Duan et al. (2006) and Lahmers et al. (2019) 

separately showed that calibration improved distributed model performance (in regards to 
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streamflow), when compared with the same models using default a priori parameter estimates. 

The DMIP 2 experiments also showed that distributed models add value over lumped models due 

to their ability to resolve inter-basin processes, even when calibrated only to basin outlet 

streamflow observations.  

Recent more advanced regionalization techniques are also able to take advantage of high-

resolution spatial data that is available at resolutions finer than the model grid. For example, the 

Multiscale Parameter Regionalization (MPR) technique (Samaniego et al., 2008, 2010; Kumar et 

al. 2013) can account for sub-grid scale variations through spatial transfer functions that relate 

high resolution land and soil data to tunable model parameters, thereby improving model 

performance across several spatial scales. The MPR method is also advantageous because it can 

produce spatially consistent parameters, while other regionalization methods result in 

discontinuities across large domains, leading to inconsistent hydrologic responses across space 

(e.g. Mizukami et al. 2017). 

In addition to model structural inadequacies and parameter uncertainties, flood 

forecasting in the western CONUS is challenged by the difficulties to forecast and measure 

localized extreme precipitation.  During the warm season (i.e. the North American Monsoon 

(NAM)), precipitation is often phase locked to the local terrain due to increased heating, but 

favorable vertical shear and synoptic scale motion can lead to the formation of large (~500 km 

scale) Mesoscale Convective Systems (MCSs) that reach the low deserts (e.g., Pytlak et al. 2005; 

Bieda et al. 2009; Finch and Johnson 2010; Newman and Johnson 2012; Seastrand et al. 2014; 

Lahmers et al. 2016; Luong et al. 2017).  This also holds for orographic snowfall during the cold 

season, which is highly dependent upon both large-scale forcing and mesoscale processes 

associated with the local topography (e.g. Rasmussen et al. 2011). Accurate measurement of 
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precipitation in the western CONUS is further challenged due to the operational rain gauge 

network being sparse and weather radar measurements being impacted by (partial) beam 

blockage by elevated terrain (e.g. Zamora et al. 2014), and by the tendency of radar to 

underestimate snowfall (e.g. Smalley et al. 2014). 

In regions of the western US having high depths to ground water, unsaturated soil below 

channel beds can cause event-based runoff in ephemeral channels to infiltrate into the subsurface 

(e.g. Blasch et al. 2004), which can account for a substantial portion of the local water balance. 

For example, Goodrich et al. (2004) note for the Walnut Gulch Experimental Watershed 

(WGEW) that channel infiltration accounted for 15-40% of groundwater recharge in the San 

Pedro basin during wetter than average monsoon seasons (Goodrich et al. 2003; Goodrich et al. 

2004).  Lahmers et al. (2019) found that incorporating channel infiltration into the NWM 

reduced the total amount of runoff in the WGEW by over 20%.  

However, Lahmers et al. (2019) only studied two catchments in the same Eco-Region 

(Ormernik et al. 1987), and did not examine the possibility of transferring parameter estimates 

across basins. Therefore, the goal of the current work is to assess the performance of the channel-

infiltration-enhanced NWM v1.2 when employed with a parameter calibration scheme 

throughout the semi-arid Western CONUS, and to evaluate this in comparison to the operational 

NWM v1.2 without channel infiltration. Further, we test the NWM spatial regionalization 

scheme used to transfer parameters from calibrated basins to other basins within the same EPA 

Level III Eco-Region (Ormernik et al. 1987), by swapping parameters across basins in the same 

Eco-Region.  

In total, the performance of the NWM was evaluated for 49 catchments from 22 different 

EPA Level-III Eco-Regions. To ensure practical applicability of the calibration process, we 
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employed a simple spatial regularization approach, whereby spatially varying a priori estimates 

of the parameters were adjusted by multiplicative and additive constants, similar to the methods 

used by Pokhrel et al. (2012). This enabled rigorous calibration to be performed for smaller 

catchments in each study area, as in Lahmers et al. (2019), and for the transferability of 

calibrated parameters to be tested across different basins within an EPA Level-III Eco-Region. 

This transfer of calibrated parameters within Eco-Regions is consistent with the regionalization 

practices of the National Center for Atmospheric Research (NCAR) to calibrate parameters for 

the NOAA NWM, and so parameter swapping is a simple way to test NWM regionalization 

methods. 

This paper is organized as follows. In section 2, we describe the structure of WRF-Hydro 

configured as the NWM, and the basins used for calibration. In section 3, we describe the 

calibration and regularization methods used. Section 4 discusses both the model performance in 

calibrated basins, as well as the performance of the model when parameters transferred from 

other basins are used. A proposed change to NWM calibration methods is presented in section 5. 

A discussion of the calibrated model performance, with suggestions for future work, is included 

in section 6, and our conclusions are presented in section 7. 

2. NOAA National Water Model Configuration 

a. WRF-Hydro NWM Structure and Configuration 

 The NWM is based on the WRF-Hydro hydrologic model architecture (Gochis et al. 

2015). WRF-Hydro is a parallelized distributed hydrologic model that can be forced offline using 

atmospheric surface data and precipitation, or coupled to the Weather Research and Forecasting 

(WRF) Advanced Research WRF (WRF-ARW) atmospheric model (Skamarock et al. 2008). 

The NWM configuration of WRF-Hydro is executed offline with prescribed surface forcing. In 
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the present study, we use a modified configuration of the NWM (version v1.2) that accounts for 

the impact of channel infiltration. A schematic of the WRF-Hydro hydrologic model is shown in 

Figure 1. Atmospheric forcing data sets needed to execute WRF-Hydro offline include incoming 

shortwave radiation, incoming longwave radiation, specific humidity, air temperature, surface 

pressure, and near surface wind (both u and v components). The NWM uses the Noah-MP land 

surface model (Niu et al. 2011) to resolve exchanges between the atmosphere and the surface and 

vertical fluxes in the soil moisture column. Noah-MP has 1-km grid resolution (for all model 

state variables and parameters). Horizontal fluxes within the NWM are simulated on a 250-m 

grid resolution routing grid. Quantities on the 250-m routing grid are aggregated back to the 1-

km grid during model time steps when Noah-MP is called (every 60 minutes), to account for the 

discrepancy in grid sizes. These quantities are mapped back to the 250-m routing grid in 

subsequent time steps. 

 A subsurface flow module computes the surface head in the 2m Noah-MP soil columns. 

This function uses Dupuit-Forcheimer assumptions, where the hydraulic gradient is based on 

differences in the surface head along the steepest gradient surrounding a grid point. If a grid 

point becomes saturated, exfiltration is computed and any resultant water ponding is routed as 

surface runoff (Gochis et al. 2015). Surface runoff towards the channel network is computed 

using diffusive wave routing based on the steepest topographic gradient around each grid cell 

(Julien et al. 1995; Ogden et al. 1997; Gochis et al. 2015).  

Channel network routing within the NWM makes use of the Muskingum-Cunge reach-

based scheme. The channel network is derived from the National Hydrography Dataset (NHD) 

Plus Version 2 (NHDPlusV2) (McKay et al. 2012). This configuration is useful in the NWM 

because it can be mapped to specific rivers and reaches that may be of interest to emergency 
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managers and stakeholders during a flood event. The added channel loss function computes 

channel infiltration from the wetted area in a channel reach (length times modified wetted 

perimeter) multiplied by the prescribed channel conductivity (KCHAN), a tunable model 

parameter (equivalent to ChannK in Lahmers et al. 2019). The channel infiltration parameter is 

modified using an empirical function to reduce wetted perimeter as streamflow diminishes. 

Details of the channel infiltration function are described in Lahmers et al. (2019). Water that 

infiltrates out of the Noah-MP LSM is mapped to a local groundwater catchment, represented by 

an exponential bucket model, corresponding to the drainage area of the local NHD Plus Version 

2 channel reach. Water from this bucket is returned to the local channel reach. In the present 

study, the baseflow bucket model is activated everywhere in the model domain, and the Noah-

MP SLOPE parameter, which controls bottom drainage from Noah-MP into the bucket model, is 

calibrated in all basins.  

Every part of the NWM has tunable parameters (e.g. Cuntz et al. 2016), and in the present 

study, parameters in Noah-MP, the baseflow bucket model, the surface and subsurface routing 

schemes, and the channel routing scheme (Table 1) are calibrated. All of these selected 

parameters, with the exception of the channel parameters, were also identified for calibration by 

NCAR for the operational version of NWM v.1.2 (Dugger et al. 2017). Note that NWM grid 

parameters can vary by land use and soil characteristics. Therefore, a priori estimates of the 

Noah-MP soil parameter quantities in WRF-Hydro are computed based on values derived by 

Rawls et al. (1982) from STATSGO soil types in the model domain, and a priori estimates of 

KCHAN are computed from the underlying saturated soil conductivity in Noah-MP (DKSAT). 
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b. Southwest Basins and Configuration 

 Here, we calibrated WRF-Hydro configured as the NWM for 49 basins (see Figure 2 and 

Table 2), based on EPA Eco-Regions. Level-III Eco-Regions were originally derived in 

Ormernik et al. (1987) and later revised in Ormernik et al. (2014) to include more detailed eco-

system information to produce an additional Level-IV. Eco-Regions are based on characteristics 

such as flora, land cover, geology, and hydrology of a region that define its ecosystem type. This 

dataset has been used for mapping land cover characteristics by the USGS (Ormernik et al. 

2014), and the hydrologic model parameters for ungauged basins for the NOAA NWM are 

derived from calibrated parameters in similar Eco-Regions. Accordingly, we chose calibration 

basins from all of the Eco-Regions in the Western CONUS, so that our methodology remains 

consistent with previous efforts by NCAR-RAL to calibrate the NOAA NWM. 

The basins were chosen so that each level-III Eco-Region in USGS HUC2 basins 13, 14, 

15, 16, and 18 are included (Figure 2). These HUC2 basins encompass the entire southwest US, 

including California; however, it may be noted that some of the basins selected for calibration 

are outside of the aforementioned HUC2 basins. All selected basins are USGS Gauges-II 

reference basins (Falcone 2011), with the exception of those that correspond with NOAA HMT 

soil moisture observation sites, a single Maricopa County Flood Control District basin near 

Phoenix Arizona, and WGEW in southeast Arizona. The WGEW basin was added because it was 

one of the focus basins in Lahmers et al. (2019), and the Maricopa County Flood Control basin 

was chosen to evaluate the performance of the model in a larger basin that includes parts of the 

Phoenix Metro area. All basins used here have been subjected to limited human modification but 

have no water diversions. Calibration basins were selected to represent different parts of the Eco-

Region whenever possible. Basins with drainage areas between ~200 and ~600 km2 were favored 
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(Figure 3), as we assumed that they would be more spatially representative than smaller basins 

but not as computationally expensive to calibrate as larger basins (over ~1000 km2 drainage 

area). Figure 3 and Table 2 show that nearly all the basins vary in drainage area from between 82 

km2 to 1000 km2, with the majority of basins being in the desired size range. We also ensured 

that each basin had sufficient USGS gauge records during our analysis period.  

Figure 3 also shows the elevations for each of the 49 selected basins. Basin elevations 

range from less than 400m, along the California Coasts and the extreme southern Plains, to 

greater than 2800m, in the Rocky Mountains. Much of Arizona, New Mexico, and Southern 

California include higher elevation catchments. Mean annual precipitation (also by model 

domain) ranges from less than 300 mm/yr. in the low deserts of Southern California, Arizona and 

New Mexico to over 1200 mm/yr. in Northern California (Figure 3). Precipitation is also limited 

across the high deserts in Nevada. 

The model is forced with atmospheric variables from the NASA NLDAS-2 dataset (Fan 

et al., 2006) and precipitation from the NCEP Stage-IV product (Lin and Mitchell 2005). In the 

California Nevada River Forecast Center (CNRFC) domain (encompassing the state of 

California and Nevada to the west of the Colorado basin; Figure 2), the Stage-IV precipitation 

data are unavailable in more recent years. Therefore, a blend of Stage-IV and NCEP Stage-II 

data that was developed by NCAR is used as forcing in these basins. Basins with the blended 

forcing data are noted in Table 2. Forcing datasets are re-gridded from their native grids to the 

individual NWM grids using bilinear interpolation. While the Stage-IV precipitation product, 

which is based on the WSR-88D radar network and bias-corrected using rain gauge data, has 

quality issues within the western CONUS (e.g. Smalley et al. 2014; Zamora et al. 2014; Nelson 

et al. 2016), Lahmers et al. (2019) showed that it outperformed NLDAS-2 precipitation when 
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used as forcing in the calibrated NWM. This is consistent with Gourley et al. (2011), who 

showed that NCEP Stage-IV precipitation forcing yielded better hydrologic model performance 

compared to several satellite and radar products for a distributed hydrologic model simulation in 

Oklahoma.  

3. Model Calibration and Analysis 

The NWM was calibrated using the WRF-Hydro R/Python calibration workflow 

(available online at: https://ral.ucar.edu/sites/default/files/public/11_WRFHydroCalibration.pdf). 

This python-based code automates the calibration process, including evaluation of each model 

iteration, generation of new parameters and forcing data, and monitoring of the status of model 

simulations on the high-performance computing (HPC) server environment. We modified this 

code to include the aforementioned channel parameters (Table 1) in the workflow, and the model 

was calibrated using hourly streamflow, as it produces more robust model correlation 

coefficients (Lahmers et al., 2019). Calibration was executed in batches of 16-17 basins on an 

HPC server, with one basin per node. Each node has two Intel(R) Xeon(R) CPU E5-2630 v3 

2.40GHz processors and 32 GB of RAM.  Each processor has 8 cores, so there are 16 cores on 

each node. The calibration time for each basin, which used 500 iterations, varied.  Due to the 

long spin-up times (see below), calibration for each batch of basins took approximately 6-weeks, 

and calibration of the full set of 49 basins required more than four months to execute.  

The ranges and initial values of the calibrated parameters are shown in Table 3, which 

also has a column displaying the parameter type. Parameters listed as multipliers are adjustment 

factors that are used to update the initial NWM parameters. For example, if the initial value of a 

parameter at a grid point is 0.4, and its calibrated adjustment factor is 1.2, then the parameter is 

multiplied by 1.2 across all domains. In this scenario, the parameter with an initial value of 0.4 
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would become 0.48. Parameters specified as “replace” were calibrated directly, and the 

parameter values everywhere on the NWM grid were replaced with the updated value during 

calibration. Thus, these parameters are spatially uniform throughout the entire grid. 

In all analysis basins, the model was executed with the prescribed forcing data starting in 

WY2008 (1 October 2007) and executed through the end of WY2017 (30 September 2017). This 

10-year spin-up permits model states, mainly the baseflow bucket model, to reach an 

equilibrium, and the model state at the end of this period is used as initial conditions for 

subsequent calibrations. The model was calibrated in each basin for WY2013-2017. WRF-Hydro 

was spun up for an additional three years from the initial conditions, prior to the calibration 

period, so that the model was executed for a total of 8-years, (WY2010-2017). Note that this 

period was selected for calibration, because it contains several wet and dry years in nearly all of 

the study basins. WY2017, which was associated with above average precipitation across much 

of California, after multiple years of drought, was included in this calibration period, permitting 

the NWM to be calibrated during a range of conditions.  

Following Lahmers et al. (2019), the model was calibrated using 500 iterations of the 

dynamically dimensioned search (DDS) algorithm (Tolson and Shoemaker 2007). The 

performance metric used for calibration was the Kling-Gupta Efficiency (KGE), which equally 

weights correlation coefficient, streamflow bias, and streamflow standard deviation bias (Gupta 

et al. 2009). The KGE function may be written as follows:  

KGE = 1− 𝑤! 𝑟 − 1
! + 𝑤! 𝛼 − 1 ! + 𝑤! 𝛽 − 1

!
,   

where 𝛼 = 𝜎! 𝜎! and 𝛽 = 𝜇! 𝜇!, with 𝑤 indicating the weight applied to each component. 

KGE achieves an optimum value of 1.0 (when 𝜇! = 𝜇! ,𝜎! = 𝜎! , and 𝑟 = 1), and lower values 
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indicate less skill. Here, 𝜇! and 𝜇! are the modeled and observed means, respectively, while,. 

𝜎! and 𝜎! are the modeled and observed standard deviations, respectively. The symbol 𝑟 denotes 

the correlation coefficient. 

Following calibration, the NWM v1.2 was tested at all 49 basins for WY2005-2017 

(WY2005-2007 omitted for spin-up) to evaluate the model outside of the calibration period 

(WY2008-2012), using both the calibrated and a priori parameter estimates. In particular, the 

performance of the model in relation to the three components of the KGE performance metric 

was examined. We also evaluate the partitioning of water between baseflow and surface flow, 

using a low-pass filter from the LFSTAT R-library to estimate observed and modeled baseflow. 

This filter, available within the lfstat library of the R-programming language (available online at 

https://cran.r-project.org/web/packages/lfstat/index.html), computes streamflow using a block 

factor representing the number of points between local minima, where streamflow equals 

baseflow. Due to the high temporal resolution of our data, we changed the block factor from a 

default of 5 to 10. Otherwise, default values were used. 

To evaluate the skill of the calibrated model across different regions, we tested the NWM 

v1.2 with all parameter sets obtained by calibration for different basins within a particular Eco-

Region. Overall, 49 basins from 22 different Eco-Regions were calibrated (Figure 2), with each 

Eco-Region containing 1-4 basins (Table 2), so in the 20 Eco-Regions that have multiple 

calibrated basins, each basin was run using the calibrated parameters obtained for the other 

basins in that same Eco-Region. This provides an indication of the transferability of parameters 

between different basins in the same region.  In this secondary analysis, basins in an Eco-Region 

with no other calibration basins are excluded. We compared the resulting set of KGE values, 
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obtained for these basins using swapped parameters, to the KGE values of the basin obtained 

prior to any calibration (i.e. using the a priori parameters). 

4. Results  

a. Calibrated Model Results  

We note first that plots of KGE for the control simulations (a priori parameters) indicate 

very little skill (Figure 4) in both the calibration period (WY2013-2017) and the evaluation 

period (WY2008-WY2012). As might be expected, calibration substantially improves the value 

of KGE, pushing it above 0.0 in nearly every basin for the calibration period, and to a lesser 

extent in the evaluation period (WY2008-WY2012), with some basins still having a negative 

KGE during evaluation. The components of KGE (correlation coefficient, percent bias, and 

percent standard deviation bias) for the calibration period are also shown in Table 4. While 

model correlation coefficients were already relatively high prior to calibration (Figures 5 and 

supplemental material) in both the calibration and evaluation periods (i.e. as the model responds 

positively to precipitation), they increase even further after calibration. Correlation coefficients 

remain high into the evaluation period. 

The bottom panel of Figure 4 shows the components of different error terms for KGE. 

This is derived by inverting KGE (equation 1) into the following form, where each of the three 

terms add up to 1.0 and represent the fraction of KGE error: 

1 =
𝑤! 𝑟 − 1

!

1− KGE ! +
𝑤! 𝛼 − 1 !

1− KGE ! +
𝑤! 𝛽 − 1

!

1− KGE !  

In this form, the terms on the right side of the equation represent, from left to right, the fractional 

contribution of correlation, variance, and bias errors to KGE error. As the magnitude of KGE 

errors may vary, the size of the symbols in the bottom panel of Figure 4 is proportional to KGE 
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errors (i.e. distance from a perfect KGE of 1.0). This figure also shows that KGE is significantly 

improved from calibration, but it demonstrates that the correlation coefficient represents the 

largest portion of KGE error in the calibration period, after calibration. This shows that the DDS 

function is attempting to increase correlation coefficients by the end of the calibration period 

when other errors have been eliminated, a documented behavior of the KGE function (Gupta et 

al. 2009). As correlation coefficient errors may be a result of forcing precipitation errors that 

cannot be easily eliminated, this behavior becomes problematic in preserving the hydrologic 

response of the NWM, as we will show later on. 

The other components of the KGE (bias and standard deviation errors) have high bias in 

both the calibration and evaluation periods, with control parameters. While calibration reduces 

the high bias seen in many of the basins, especially in the western regions of the domain, the 

earlier evaluation period (associated with drier conditions for the Western CONUS) exhibits a 

negative bias (supplemental material) in some basins. This evaluation period omits the wet 

WY2017, which might suggest that the inclusion of several wet and dry years in a calibration 

period would be more ideal (when feasible). Also, the control simulation is associated with high 

standard deviation bias, which is reduced by calibration but returns during the evaluation period 

for many basins. This is still an improvement over the widespread standard deviation bias with 

control parameters during this same evaluation period. The variability of the model bias and 

standard deviation bias after calibration during the evaluation period implies a combination of 

continuing problems of model structural limitations and differences between the evaluation and 

calibration period precipitation and hydrologic response.  

Model results and skill vary across different Eco-Regions. To explore this further, six 

Eco-Regions were selected as being representative for all 49 basins. USGS Gauges 09505200 



126 
 
 

(Wet Beaver Creek near Rimrock, AZ) and 09505350 (Dry Beaver Creek near Rimrock, AZ), 

which are adjacent catchments that eventually reach the Verde River in central Arizona, are 

considered in Figure 6 (Eco-Region 13.1.1). In both basins, calibration with channel loss results 

in a more realistic hydrologic response, with water partitioning shifting to favor more baseflow 

and spring snowmelt, while reducing spurious flashy peaks from excess surface runoff during the 

warm season. The tendency for Noah-MP, which ultimately drives the water partitioning in our 

simulations, to produce flashy pulses of surface runoff is one of its documented systematic biases 

(e.g. Cuntz et al. 2016). Accordingly, these two basins are good examples of calibration, and 

likely channel infiltration, adding value in a semi-arid environment. 

USGS gauges 09404208 (Diamond Creek near Peach Springs, AZ) and 09404222 

(Spencer Creek Near Peach Springs, AZ) are also located in central Arizona (Eco-Region 10.2.2) 

but at lower elevation. This eco-region is reliant upon convective precipitation from the NAM 

(Figure 7). For both basins, calibration with channel loss reduces bias by lowering the magnitude 

or eliminating flashy runoff peaks during the warm season, as in the previous eco-region. 

However, the model doesn’t match the timing of peaks well, likely leading to a low correlation 

coefficient in the KGE performance metric. Also, removal of the flashy peaks through 

calibration results in excess water reaching the channel network as baseflow that is not seen in 

the observations. Other than channel infiltration, which is constrained by the a priori DKSAT 

(saturated conductivity) parameter, the NWM has no way of handling water that is lost to deep 

groundwater through the Noah-MP soil column. Thus, water that infiltrates into Noah-MP to 

reduce surface runoff bias seems to reappear in the simulation as these spurious baseflow events. 

Thus, these basins illustrate a case where calibration adds value by reducing bias, both in the 

evaluation and calibration periods, but does so at the expense of the water partitioning. 
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Water partitioning errors continue in Eco-Region 12.1.1, in southeast Arizona, where a 

majority of runoff occurs during the warm season as a result of NAM convection (e.g. Goodrich 

et al. 1997; Stone et al. 2008). Much of this eco-region corresponds to lower level domains (500-

1500m) with isolated sky islands (>2000m) that have strong impacts on the hydrologic response. 

Furthermore, these elevated regions strongly impact weather radar observations, having a 

detrimental impact on the quality of NCEP Stage-IV precipitation through beam blockage (e.g. 

Zamora et al. 2014). Calibration of NWM v1.2 with channel infiltration does add value (over a 

priori model parameters) at the main outlet of the WGEW basin (Flume 1) by reducing excess 

surface runoff (Figure 8). For the Babocomari basin (USGS Gauge 09471400; Babocomari River 

near Tombstone, AZ), calibration reduces bias errors but converges to a parameter set that 

partitions nearly all of the simulated streamflow into a single baseflow event near the end of 

calibration period WY2014 (following a relatively wet NAM season in 2014). Calibration results 

were also poor at the two other USGS gauges in this Eco-Region (Table 3; 9447800; Bonita 

Creek near Morenci, AZ and 9537200; Leslie Creek near McNeal, AZ). Overall, for this Eco-

Region, these results demonstrate an extreme example of the NWM calibration scheme 

converging to a parameter set that produces excess baseflow, at the expense of surface flow. This 

might be partially explained by uncertainties in the Stage-IV precipitation forcing; however, 

parameter uncertainty and limitations of the model structure (such as the baseflow bucket model) 

are also likely contributing factors. This is discussed further in Section 4.c and Section 5.  

Calibration leading to excessive baseflow is not limited to the desert southwest CONUS, 

with this problem also appearing in Eco-Region 10.1.3, in the Pacific Northwest. USGS Gauges 

10396000 (Donner Und Blitzen River near Frenchglen, OR) and 13161500 (Bruneau River at 

Rowland, NV) both have a hydrologic response dominated by spring snowmelt. In these basins, 
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calibration also reduces biases while producing too much baseflow at the expense of surface flow 

(Figure 9). In both basins, this is seen as the calibrated hydrograph becoming too smooth, 

missing major runoff events. In some situations, this may be occurring because “smoothing” of 

the hydrograph improves the correlation coefficient term of the KGE (section 3). This smoothing 

might result due to issues in the quality of the precipitation product, improper model soil texture 

characteristics, or due to the calibration seeking to eliminate otherwise realistic streamflow 

events (in volume and hydrologic signature) that do not occur at the correct times. The impact of 

these issues can be observed when closely examining the control and calibration hydrographs in 

Figure 9; the control hydrographs produces a realistic hydrologic response in terms of the shape 

of the rising and fallings limbs of surface flow events during the cold season and have positive 

bias compared with observations at Donner Und Blitzen River (USGS 10396000). Calibration 

forces more water to enter the LSM and become baseflow (smoothing the simulated hydrographs 

and increasing correlation), as well as reducing positive bias (maximizing KGE). The resulting 

errors in the calibrated NWM for this basin therefore seem to be a byproduct of the calibration 

scheme, rather than a deficiency of the NWM. 

Streamflow hydrographs from two basins in Eco-Region 7.1.8 are shown in Figure 10, 

and these include USGS Gauges 11467200 (Austin Creek near Cazadero, CA; a downstream 

tributary of the Russian River HMT study area) and 11468000 (Navarro River near Navarro, 

CA). In both of these basins, the control simulation produced a realistic hydrograph prior to any 

calibration (11468000 had a control KGE of 0.89), and only slightly overestimated streamflow 

peaks. Calibration partitioned more water to baseflow in these basins as well, which most clearly 

manifests itself in the falling limbs of the hydrographs in Figure 10. As noted for other Eco-

Regions, calibration also reduced peak streamflow.  
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These patterns persist in Eco-Region 11.1.2 (also central California) with USGS gauges 

11461000 (Russian River near Ukiah, CA; the headwaters of the Russian River HMT study area) 

and 11274630 (Del Puerto Creek near Patterson, CA). The latter of these gauges had a positive 

bias prior to calibration (likely related to the tendency of Noah-MP to over-simulate surface 

runoff; Cuntz et al. 2016); however, both basins still yielded excess baseflow following 

calibration (Figure 11). This is most noticeable in the falling limbs of the calibration 

hydrographs.  

Overall, these results indicate a tendency of the NWM calibration scheme to converge to 

basins with excess baseflow, at the expense of surface flow, likely to improve the correlation 

coefficient, which remains low after calibration (Figure 4). These errors and the physical 

processes in the NWM that result in this will be examined in section 4.d. 

b. Model Performance Compared to Operational NWM Version 1.2 

 The calibration scheme outlined here deviates from the operational calibration of the 

NWM in several ways, and we demonstrate here that there is added value from our configuration 

for calibrating the NWM in semi-arid environments across the western US. Our calibration 

scheme has the following changes, compared with the NWM scheme:  

• Use of NCEP Stage-IV Precipitation in addition to NLDAS-2 atmospheric variables 

(NWMv1.2 uses all NLDAS-2 variables). 

• Calibrated to USGS gauge hourly instead of daily streamflow. 

• WY2013-2017 calibration period with 3-year spin-up instead of WY2009-2013 calibration 

period with 1-year spin-up. 

• Kling-Gupta-Efficiency (KGE) instead of weighted Nash-Sutcliffe Efficiency (NSE) and log-

NSE evaluation metric 
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Despite the baseflow over-prediction noted above, which was also documented by NCAR-

RAL for operational calibration, Figure 12 demonstrates that our calibration configuration has 

lower absolute bias across most basins for both our calibration and evaluation periods, compared 

to the equivalent NCAR calibration and evaluation periods (their evaluation period is WY2014-

2016) and better KGE. Note that the differences shown in Figure 12 are daily correlation 

coefficient and KGE, rather than hourly. Improved KGE should not be regarded as a major 

improvement, as our calibration objective function is KGE, while NCAR used the average of 

NSE and log-NSE. Changes to the correlation coefficient, which is also heavily weighted in NSE 

(e.g. Gupta et al. 2009) are relatively small between both methods, but the addition of channel 

infiltration and our calibration configuration does decrease the absolute value of model bias. The 

decrease in the absolute value of bias is primarily due to positive bias getting closer to zero (not 

shown), and this would likely suggest that the addition of the channel infiltration function as a 

sink term in the modified NWM permits the model to remove water that would otherwise not 

exit the channel network until it reached the basin outlet, and this is how the current operational 

NWM resolves streamflow. 

c. Recalibration of Poorly Performing Basins 

 The Babocomari Basin (USGS 09471400; Eco-Region 12.1.1) was one of the basins for 

which calibration added little value to the model hydrologic response; in this case the calibrated 

model partitioned all the water that would be expected to exit the basin as multiple flashy surface 

runoff events during the NAM season into a single extreme baseflow event starting in September 

2014 (Figure 8). To investigate the reasons for this poor calibration result, and to evaluate 

possible solutions, we recalibrated USGS Gauge 09471400 in an otherwise identical 

configuration, but by 1) changing the a priori parameters to the final parameters after calibration 
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of Leslie Creek (USGS 09537200; in the same Eco-Region) and 2) changing the calibration 

period to WY2008-2012 (with WY2005-2007 as the three-year spin-up). Recalibrating the model 

with different a priori parameters allowed us to investigate whether the poor hydrologic response 

was due to the DDS optimization algorithm converging to a non-physical local optimum early in 

the calibration process (e.g. Gupta and Sorooshian, 1985). We wanted to see whether a different 

set of a prior parameters that produced better results in another nearby basin might permit USGS 

09471400 to achieve a more realistic hydrologic response. Calibrating the model over a different 

time period was done to assess whether precipitation forcing uncertainty might be the cause of 

the poor calibration results, possibly related to poor correlation coefficients (i.e. Gupta et al. 

2009) in modeled to observed streamflow due to forcing errors in the Stage-IV product (e.g. 

Zamora et al. 2014; Smalley et al. 2014). 

 Table 5 shows the performance of the NWM following the modified calibrations. 

Calibrating the model with different a priori parameters results in the DDS function converging 

to a parameter set associated with a strong negative bias, effectively eliminating the correlation 

coefficient errors by removing most streamflow from the system. This result is also undesirable 

for an operational hydrologic forecasting tool, and it indicates that calibration just pushed the 

model parameters to a different local optimum. Calibrating the Babocomari basin for the 

WY2008-2012 period yielded a KGE of 0.39 and a correlation coefficient of 0.39. The KGE 

from this parameter set dropped to -0.25 for WY2013-2017 (the evaluation period), the same as 

the original calibration period. Bias was near zero for the modified calibration period, and this 

result shows that calibration of the Babocomari basin did yield a reasonable result for a different 

period. This suggests that NCEP Stage-IV errors were present in the later period but apparently 

did not impact the WY2008-2012 period, could have hampered our original calibration.  
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d. NWM Water Partitioning Errors 

As shown in section 4.a., calibration causes the modified NWM to overestimate the 

proportion of water entering the channel from the baseflow bucket model, and these simulations 

are associated with a negative surface flow bias (computed from the “lfstat” low pass filter; 

Figure 13 top left). In subsequent panels this figure quantifies simulations with excess baseflow 

as having a low surface flow bias exceeding -25%. We see that modeled baseflow ratio to 

observed baseflow ratio is higher for these high baseflow basins (Figure 13; top right). These 

high baseflow simulations are associated with lower skill scores in the calibration period than the 

simulations that did not exhibit this problem (Table 6; Figure 13), which are statistically 

significant for percent bias, standard deviation percent bias, and KGE during the calibration 

period. For this analysis, simulations in Eco-Region 12.1.1 (except for WGEW) are omitted, as 

model performance was likely degraded by precipitation errors (section 4.c). The high baseflow 

simulations are associated with lower KGE, increased low streamflow bias, and increased high 

standard deviation bias during the evaluation period. The impacts of excess baseflow seem to be 

less pronounced during the evaluation period due to the effects of outliers, as they are not 

statistically significant (Table 6; Figure 13).  

This analysis demonstrates that the tendency of the model calibration scheme to favor 

excessive baseflow is associated with other undesirable characteristics of the calibrated 

hydrographs. The locations of the high baseflow hydrographs can be seen in the plots of surface 

runoff percent bias (Figure 14). Most of the high baseflow simulations are in the north central 

regions of the domain, but they also extend into northern California, and to a lesser extent in 

southern Arizona. Many of these basins are in high elevation areas with sparse populations, and 

often limited radar coverage. 
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The basins with excess baseflow are also associated with statistically significantly 

different values for some parameters (Table 7). The parameter MP (photosynthesis from 

conductance) is significantly lower, and CWPVT (stomatal resistance) is higher (nearly 

significant), indicating that higher baseflow simulations favor less transpiration, as more water 

would likely enter the soil. This would suggest that more water in these simulations is permitted 

to reach deeper soil levels, rather than be removed through evapotranspiration (ET). SMCMAX 

(soil water content) is statistically significantly lower for high baseflow simulations, and DKSAT 

(saturated soil conductivity) is increased. These changes to the soil parameters suggest that the 

high baseflow simulations are associated with less soil water content (high SMCMAX), possibly 

reducing ET, that would otherwise be increased from high conductivity (high DKSAT). 

Intuitively, the SLOPE parameter (bottom drainage scaling factor) is statistically significantly 

higher in the high baseflow simulations. Collectively, these effects would result in more water 

draining from Noah-MP into the bucket model. KCHAN (channel conductivity) is statistically 

significantly lower, indicating that the high baseflow simulations are avoiding partitioning water 

as channel infiltration, possibly to reduce low bias from the loss of surface flow.  

e. Model Results with Transferred Basin Parameters 

 The applicability of the calibrated parameters to ungauged catchments was tested by 

swapping the updated parameters by basin in the same Eco-Region (Table 8). These results show 

that the performance of parameters by Eco-Region tends to vary when they are applied to other 

basins. For example, parameters applied in region 13.1.1 (central AZ) show improvement in all 

other basins (except USGS 09516500; Hassayampa River, near Morristown, AZ, which has a 

2231.6 km2 drainage area that is substantially larger than the other three basins in the same eco-

region). Those from 7.1.8 (California Coast) do not add value when swapped across basins, and 
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greater skill is obtained using the control parameter sets (Table 4). In several cases, including in 

Eco-Regions 10.1.3, 10.1.5, 13.1.1, 6.2.10, and 7.1.8, the calibrated parameters fail to add value 

in other basins, although these swapped basins have drainage areas that differ by several 100-km, 

or more. It is therefore possible that differences in basin area may impact whether calibrated 

parameters are beneficial in other basins. This inconsistency across scales would be an example 

of where a spatially continuous parameter regionalization scheme, like MPR (e.g. Samaniego et 

al. 2010) could add value for improved regionalization. 

 When considering the skill of swapped model parameters, an important pattern that 

emerges is the bias and standard deviation bias characteristics of a specific test basin and the 

basin from which the calibrated parameters originate. Figure 15 plots these characteristics (at two 

different scales) and reveals that in many cases (with some exceptions) parameter sets typically 

do not add skill when coming from basins with unlike bias characteristics (from the control 

simulations). These results suggest that the uncalibrated basin bias characteristics may be 

indicative of whether swapped parameters will add value in a new basin. Figure 15 also plots 

added KGE from swapped basins against the baseflow bias, based on computed baseflow using 

the “LFSTAT” low pass filter on the observed and modeled streamflow. These results 

demonstrate that nearly all of the basins where swapped parameters decrease the KGE were ones 

with a positive baseflow bias. This relationship between the model skill scores is limited by the 

fact that many of the other basins with high baseflow bias do not have this characteristic (Figure 

15), so other basin characteristics and biases likely play a role in determining parameter set skill. 

5. Possible Correction to the Calibration Performance Metric  

Section 4.d. clearly demonstrates that calibration often converged to parameter sets that 

favored excess baseflow, while reducing surface flow. Furthermore, the presence of channel 
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infiltration and high depth to groundwater in some basins, such as those in southern Arizona, 

makes incorrect the assumption of the NWM that bottom drainage from the Noah-MP land 

surface model goes into a baseflow bucket model that returns water directly to the local channel 

network. Thus, calibration favoring excess baseflow is incorrect given both empirical evidence 

(i.e. section 4.d) and inconsistencies between the known hydrologic response in some regions 

(e.g. Blasch et al. 2004; Goodrich et al. 2004) and the NWM structure. This problem may be 

exacerbated by the already flashy response of the NWM prior to calibration (e.g. Cuntz et al. 

2016). 

 A possible solution to this systematic calibration error is to utilize a modified KGE 

function, with the goal of minimizing the impacts of excess baseflow from the calibrated model. 

Since model calibration for all 49 basins is computationally expensive and time demanding (3-6 

months), we decided to investigate this last aspect only in the three NOAA HMT basins. (USGS 

09471400 in the Babocomari basin and USGS 11461000 and 11467200 in the Russian River 

basins). We modified the original KGE function (described in Section 3) by adding an additional 

baseflow to surface flow term, and re-weighted the remaining terms to place less emphasis on the 

correlation coefficient. As discussed in Section 3, the original KGE equally weights correlation 

coefficient (𝑟), standard deviation errors (𝛼), and bias errors (𝛽). To optimize correlation for 

hourly streamflow, the calibrated model likely converges to a solution with limited variability 

(i.e. too much baseflow) that is not able to reproduce individual flood peaks. In an attempt to 

improve the water partitioning, we added a water balance term to KGE, which calculates the 

baseflow component by running the “LFSTAT” low pass filter: 

 KGE!"# = 1− 𝑤! 𝑟 − 1
! + 𝑤! 𝛼 − 1 ! + 𝑤! 𝛽 − 1

!
+ 𝑤! 𝛾 − 1

!
,   
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with 𝛾 = 𝑥! 𝑥!, and 𝑥 = 𝜇!"#$%&'(
𝜇!"!#$. Here, 𝑥! and 𝑥! are the mean baseflow 𝜇!"#$%&'( 

divided by total flow 𝜇!"!#$, for model and observations respectively. By setting the weights to 

𝑤! = 0.5, 𝑤! = 𝑤! = 0.75 and 𝑤! = 2.0, the impact of correlation, discussed in section 4.a and 

shown in Figures 4-5, is reduced, and preference is given to parameter sets that better represent 

the observed ratio of baseflow to total flow ratio.  

In the Babocomari basin, this change still resulted in a substantial negative bias (Table 5). 

In the Russian River basin, this KGE modification reduced the magnitude of the surface flow 

bias from -25.65 to -2.48% and from -23.59 to -3.18%, over our original calibration, at USGS 

Gauges 11461000 and 11467200, respectively. The impacts of this change to the calibration 

hydrograph are shown in Figure 16, for USGS gauge 11461000. Calibration KGE and 

correlation coefficient values remained nominally the same as those from the original calibration 

(Table 5). Note that KGE in this Table represents the original KGE, so these results may be 

directly compared to Table 4. 

6. Discussion 

 The current work focuses on the performance of the NWM for 49 catchments within the 

southwest CONUS. By adding channel infiltration and performing model calibration, the 

performance of the model is clearly improved. However, our work also demonstrates that 1) the 

calibration procedure still has several deficiencies, 2) that there are likely errors with the forcing 

precipitation data, consistent with Lahmers et al. (2019), and 3) there remain other challenges 

associated with calibrating distributed hydrologic models in semi-arid environments like the 

western CONUS (e.g. groundwater and spatial heterogeneity of parameters). 

 In particular, calibration of 16 parameters using a single performance metric (KGE) 

makes the calibration problem severely under-determined, and this likely contributed to the poor 
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calibration results in some basins and the convergence to sometimes non-physical parameter sets. 

Lahmers et al. (2019) differed from this method by performing a parameter sensitivity analysis 

prior to calibration, and NCAR-RAL has been since developed tools to do this for subsequent 

operational NWM calibrations.  

 Uncertainties in the forcing precipitation likely also contributed to the poor calibration 

results in some basins, which partly manifested itself as over-reliance on the baseflow bucket or 

the elimination of runoff altogether (as in the Babocomari basin after re-calibration) to reduce 

correlation coefficient errors. Errors in the timing and magnitude of individual events were 

considered by Kavetski et al. (2006), who accounted for specific errors in rainfall events over the 

course of calibration with added parameters. While their methods may not be applicable on a 

large scale for calibrating the NWM, they may be potentially helpful in determining sources of 

precipitation errors for developing future forcing products. NOAA is now developing a high-

resolution Analysis of Record for Calibration (AORC) precipitation and atmospheric forcing 

dataset, which may ameliorate some of these errors and will be used by NCAR-RAL for future 

calibration of the NWM. As new precipitation products are developed, limitations in the density 

of precipitation gauges and radar coverage, as previously discussed and documented in (Zamora 

et al. 2014), will continue to plague the development of new precipitation forcing datasets for 

hydrologic models.  

Such precipitation errors could also be ameliorated by calibrating a distributed hydrologic 

model with evaluation metrics that are reliant on the broad hydrologic response of the model, 

rather than specific events. For example, calibration using the flow duration curve may be one 

way to mitigate this source of error (e.g. Gupta et al. 2008), assuming that the Stage-IV product 

is unbiased and matches the variance of observed precipitation.  
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Other changes to the calibration scheme for the NWM may also be needed to ameliorate 

the impacts of precipitation errors, such as evaluating against other variables (besides 

streamflow) such as soil moisture (e.g. Lahmers et al. 2019), and testing new performance 

metrics (as shown in section 5). In developing the KGE function, Gupta et al. (2009) showed that 

its behavior is largely controlled by the correlation component following optimization, which 

may explain why our calibration configuration appears to be maximizing the correlation 

coefficient, and smoothing the hydrograph, at the expense of water balance. Gupta et al. (2009) 

also argue that the performance metric used for calibration should be designed to account for the 

physical processes that need to be considered in a calibration problem. The tendency of the 

NWM calibration scheme to rely heavily on baseflow has been documented by NCAR-RAL in 

its nationwide calibration efforts. Although they used a different performance metric that equally 

weights Nash-Sutcliffe Efficiency (NSE) and the log of NSE, Gupta et al. (2009) note that the 

NSE (and indeed any Mean Squared Error type metric) tends also to be dominated by the 

correlation term.  

Despite this limitation, the recalibration efforts for three basins in Section 5 demonstrate 

a possible simple solution to overcome the systematic bias that currently exists, thereby 

improving performance of the NWM. This is demonstrated via our recalibration of the NOAA 

HMT basins (section 5), where including a water balance term and rescaling the KGE function 

led to a reduction of the negative surface flow bias in the Russian River basins that were 

associated with excessive baseflow. Thus, other modifications of the KGE function (in our case 

by changing the weights of each component and adding a water balance term) may prove helpful 

when calibrating increasingly complex distributed models, such as the WRF-Hydro NWM, for 

both operational and research purposes. Future exploration of the development of new 
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performance metrics for distributed hydrologic models such as WRF-Hydro should include 

evaluation of different combinations of weighting components, as well as additional components 

targeting desirable skill properties, incorporated into a modified KGE function.  

By comparing the calibrated NWM parameter results for different basins by Eco-Region, 

we have shown that calibrated parameter sets may not always lead to added value when 

transferred to other basins, and this seems to at least partially reflect the bias and standard 

deviation bias characteristics of the model with a priori parameters. This might be related to 

precipitation errors, which are difficult to account for in calibration, unless consistent bias 

correction is applied to an entire forcing dataset. As the NCEP Stage-IV dataset is bias-corrected 

with precipitation gauge data and manually adjusted by RFCs, this problem could theoretically 

be ameliorated with a national dataset, such as the NOAA AORC. For some Eco-Regions, the 

two selected basins have drainage areas that differ on the order of several 100-km, and this is 

sometimes also associated with poor parameter transfer results (i.e. reduced KGE from swapped 

parameters). This result may also reflect cases where different physical processes in the NWM 

dominate at different scales, and so the calibration results are unable to account for this when 

parameters are transferred between large and small basins. One way to account for such errors, 

and thereby produce more robust calibration results that are transferrable across scales, would be 

to calibrate several basins simultaneously across an Eco-Region (or other area of interest), such 

that each basin is appropriately accounted for when computing the performance metric. This 

could potentially produce a parameter set that is 1) transferrable across scales and 2) more 

physically consistent for an entire Eco-Region. 

The MPR calibration and regionalization technique (e.g. Samaniego et al. 2010) may also 

help to ameliorate this issue, as it can utilize detailed spatial data and produce parameter sets that 
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may be transferred across scales. (Mizukami et al. 2017) demonstrated that MPR can produce 

more robust and spatially consistent parameters when applied to the Noah-MP LSM across the 

CONUS, compared to traditional regularization techniques. This technique could be integrated 

with higher resolution soil and land data (e.g. the SSURGO soil dataset; available at: 

https://websoilsurvey.nrcs.usda.gov/), which was also discussed in Lahmers et al. (2019). 

Another related issue with our calibration results is that they tend to have diminished 

performance through the evaluation period, particularly with regard to metrics like water balance 

bias and standard deviation bias. These results suggest that, despite the increased computational 

expense, a longer calibration period may be more desirable, particularly in regions like the 

western CONUS that are subject to annual to decadal modes of climate variability (e.g. Castro et 

al. 2007). The inclusion of WY2017 in the calibration period, which was wetter than average and 

preceded by dry years in both the calibration and evaluation periods, might have led to 

differences in model bias between the calibration and evaluation periods. A longer calibration 

period may permit the model calibration to capture a wider range of climate and hydrologic 

signatures. 

Another source of uncertainty is the soil column characteristics. For the Babocomari 

basin, where soil depth can be more variable, the simplified Noah-MP configuration and spatial 

regularization scheme may not be sufficient to resolve hydrologic response. The current NWM 

implementation of WRF-Hydro assumes a constant soil depth of 2 meters everywhere, regardless 

of local geology, and this assumption is likely not acceptable in spatially heterogeneous areas, 

such as the Babocomari basin, that contain high elevation forests, exposed rock, and low deserts 

with deep soils. The WRF-Hydro model is undergoing further development, focusing on varying 

the effective depths of soil columns (above and below 2m), which could more realistically 
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simulate the effects of differences in soil depth on subsurface flow. The depth of these soil 

columns could potentially be estimated using a depth to bedrock dataset (e.g. Pelletier et al. 

2016), allowing WRF-Hydro to better account for differences in soil column depth. 

7. Conclusions 

 The NOAA NWM became operational in mid-2016 to forecast streamflow throughout 

the CONUS. However, a rigorous evaluation of the model performance across the CONUS has 

not yet been reported in the literature. In this study, we have evaluated the calibration methods of 

a modified NWM v1.2 configuration that includes channel infiltration over the Western CONUS. 

While calibration of our modified NWM adds value to the model performance (over a priori 

parameters), deficiencies with the calibration scheme, including the tendency to overestimate 

baseflow at the expense of streamflow peaks in some basins, will need to be addressed in future 

iterations of model development. As described in our discussion, logical changes to the NWM 

calibration scheme include 1) reducing the extent of the feasible parameter space to better 

constrain model parameters, 2) addressing precipitation forcing uncertainty, possibly through the 

NOAA AORC forcing product, 3) jointly calibrating the NWM at multiple basins and scales 

with more detailed soil data to account for parameter transferability errors, and 4) revisiting the 

calibration performance metric to account for physical processes that are of importance for a 

region or model configuration. 
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Tables 

Table 1: NWM Model parameters considered for calibration by the National Center for 
Atmospheric Research (Gochis et al. 2017) for the calibration of NWM version 1.2 and 
channel parameters considered as part of the present study.  The parameter name, 
description, and units are shown in the table. Parameters are organized based on areas of 
the WRF-Hydro model structure. 

Name Description Units 

Soil Parameters 

BEXP Pore size distribution index dimensionless 

SMCMAX Saturation soil moisture content (i.e., porosity) 
volumetric 
fraction 

DKSAT Saturated hydraulic conductivity m/s 

Runoff Parameters 

REFKDT 

Surface runoff parameter; REFKDT is a tunable parameter that significantly 
impacts surface infiltration and hence the partitioning of total runoff into surface 
and subsurface runoff. Increasing REFKDT decreases surface runoff unitless 

SLOPE Linear scaling of "openness" of bottom drainage boundary 0-1 

RETDEPRTFAC Multiplier on retention depth limit unit less 

LKSATFAC 
Multiplier on lateral hydraulic conductivity (controls anisotropy between vertical 
and lateral conductivity) unitless 

Groundwater Parameters 

ZMAX Maximum groundwater bucket depth mm? 

EXPON Exponent controlling rate of bucket drainage as a function of depth dimensionless 

Vegetation Parameters 

CWPVT Canopy wind parameter for canopy wind profile formulation 1/m 

VCMX25 Maximum carboxylation at 25C umol/m2/s 

MP Slope of Ball-Berry conductance relationship unitless 

Snow Parameters 

MFSNO 
Melt factor for snow depletion curve; larger value yields a smaller snow cover 
fraction for the same snow height dimensionless 

Channel Parameters 
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KCHAN Channel bed conductivity (for channel infiltration function) m/s 

CHSLP Channel Side Slope unitless 

N Manning’s N s/m1/3 
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Table 2: Calibration basins and reference information, organized by Eco-Region.  Basins 
with marked with an asterisk (*) in the precipitation column are forced with the CNRFC 
Stage-IV/Stage-II precipitation blend. 

USGS 
Gauge 
Number 

Area 
(km2) Lat Lon 

Eco-
Region Eco-Region Description 

Elev. 
(m) 

Precip. 
(mm/yr
) 

10396000 528.9 42.79 
-
118.87 10.1.3 Northern Basin and Range 1841 565* 

13161500 986.1 41.93 
-
115.67 10.1.3 Northern Basin and Range 2051 356* 

6224000 484.9 43.18 
-
109.20 10.1.4 Wyoming Basin 3093 558 

9210500 398.3 42.10 
-
110.42 10.1.4 Wyoming Basin 2528 340 

10243700 83.5 39.22 
-
114.53 10.1.5 Central Basin and Range 2728 398* 

10321590 476.6 40.73 
-
116.08 10.1.5 Central Basin and Range 1803 240* 

9306242 82.0 39.92 
-
108.47 10.1.6 Colorado Plateaus 2223 343 

9404450 193.0 37.34 
-
112.60 10.1.6 Colorado Plateaus 2238 494 

8340500 
3546.
7 35.59 

-
107.19 10.1.7 Cold Deserts 2102 289 

9404208 779.0 35.76 
-
113.37 10.2.1 Mojave Basin and Range 1461 326 

9404222 665.3 35.80 
-
113.66 10.2.1 Mojave Basin and Range 1430 326 

9484000 103.7 32.32 
-
110.81 10.2.2 Sonoran Desert 1715 528 

9512280 188.7 33.89 
-
111.95 10.2.2 Sonoran Desert 1152 359 

10258500 241.5 33.75 
-
116.54 10.2.2 Sonoran Desert 1287 272* 

8405105 843.2 32.29 
-
104.35 10.2.4 Chihuahuan Desert 1429 372 

11046300 209.6 33.47 
-
117.47 11.1.1 

California Coastal Sage, 
Chaparral, and Oak 601 320* 
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Woodlands 

11151300 608.2 36.27 
-
121.07 11.1.1 

California Coastal Sage, 
Chaparral, and Oak 
Woodlands 597 262* 

11383500 539.8 40.01 
-
121.95 11.1.1 

California Coastal Sage, 
Chaparral, and Oak 
Woodlands 1139 1146* 

11274630 187.4 37.49 
-
121.21 11.1.2 Central California Valley 453 381* 

11381500 337.6 40.05 
-
122.02 11.1.2 Central California Valley 1016 1202* 

11461000 259.6 39.20 
-
123.20 

HMT/1
1.1.2 Central California Valley 479 1036* 

11111500 128.5 34.58 
-
119.26 11.1.3 

Southern and Baja 
California Pine-Oak 
Mountains 1440 571* 

11114495 124.3 34.50 
-
119.36 11.1.3 

Southern and Baja 
California Pine-Oak 
Mountains 1209 605* 

9447800 782.0 32.96 
-
109.53 12.1.1 Madrean Archipelago 1498 342 

9537200 204.1 31.59 
-
109.51 12.1.1 Madrean Archipelago 1634 364 

9471400 794.3 31.70 
-
110.23 

HMT/1
2.1.1 HMT Soil Moisture Basin 1482 382 

1 149 31.73 
-
110.15 

WGEW
/12.1.1 Madrean Archipelago 1408 383 

9497980 516.8 33.83 
-
110.86 13.1.1 

Arizona/New Mexico 
Mountains 1711 531 

9505200 285.7 34.67 
-
111.67 13.1.1 

Arizona/New Mexico 
Mountains 1943 525 

9505350 365.7 34.73 
-
111.78 13.1.1 

Arizona/New Mexico 
Mountains 1839 551 

9516500 
2231.
6 33.89 

-
112.66 13.1.1 

Southern and Baja 
California Pine-Oak 
Mountains 1150 360 

12332000 315.1 46.18 
-
113.50 6.2.10 Middle Rockies 2158 448 
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13011900 851.8 43.84 
-
110.44 6.2.10 Middle Rockies 2732 442 

11480390 242.6 40.28 
-
123.34 6.2.11 Klamath Mountains 1121 1358* 

11523200 382.9 41.11 
-
122.71 6.2.11 Klamath Mountains 1624 1242* 

10308200 716.4 38.71 
-
119.76 6.2.12 Sierra Nevada 2406 938* 

11266500 833.1 37.72 
-
119.67 6.2.12 Sierra Nevada 2608 1089* 

9217900 326.8 40.96 
-
110.58 6.2.13 

Wasatch and Uinta 
Mountains 3180 576 

10234500 236.4 38.28 
-
112.57 6.2.13 

Wasatch and Uinta 
Mountains 2656 519 

8378500 445.0 35.71 
-
105.68 6.2.14 Southern Rockies 3047 525 

9081600 432.9 39.23 
-
107.23 6.2.14 Southern Rockies 3046 641 

11468000 785.9 39.17 
-
123.67 7.1.8 Coast Range 361 982* 

11482500 718.0 41.30 
-
124.05 7.1.8 Coast Range 535 1522* 

11467200 162.6 38.51 
-
123.07 

HMT/7
.1.8 Madrean Archipelago 305 1356* 

7208500 159.2 36.37 
-
104.97 9.4.3 Southwestern Tablelands 2693 375 

8133250 520.4 31.90 
-
101.11 9.4.6 Edwards Plateau 789 519 

8150800 557.5 30.64 -99.10 9.4.6 Edwards Plateau 543 655 

8202700 434.7 29.37 -99.29 9.6.1 

Southern Texas 
Plains/Interior Plains and 
Hills with Xerophytic Shrub 
and Oak Forest 419 646 

8210400 401.7 28.06 -98.10 9.6.1 

Southern Texas 
Plains/Interior Plains and 
Hills with Xerophytic Shrub 
and Oak Forest 123 651 



157 
 
 

Table 3: Calibration parameters, including their calibration range, initial values, and 
adjustment type. 
Parameter Minimum Maximum Initial Type 

BEXP 0.4 1.9 1.0 multiplier 
SMCMAX 0.8 1.2 1.0 multiplier 

DKSAT 0.2 10.0 1.0 multiplier 
REFKDT 0.1 4.0 1.0 replace 

SLOPE 0.0 1.0 0.3 replace 
RETDEPRTFAC 0.1 10.0 1.0 replace 

LKSATFAC 10.0 10000.0 1000.0 replace 
ZMAX 10.0 250.0 50.0 replace 

EXPON 1.0 8.0 3.0 replace 
CWPVT 0.5 2.0 1.0 multiplier 

VCMX25 0.6 1.4 1.0 multiplier 
MP 0.6 1.4 1.0 multiplier 

MFSNO 0.5 2.0 1.0 multiplier 
KCHAN 0.0 1.0 1.0 multiplier 

N 0.2 5.0 1.0 multiplier 
CHSLP 0.2 5.0 1.0 multiplier 
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Table 4: Model skill metrics for all	 calibration basins, organized by Eco-Region. 
Correlation coefficient (R), percent bias, and standard deviation bias are for the calibrated 
NWM in the calibration period. 	

USGS 
Gage 

Eco-
Region 

KGE 
(control) 

KGE 
(calibration) 

KGE 

(evaluation) R  % Bias 
% SD 
Bias 

10396000 10.1.3 -0.65 -0.65 -0.65 0.50 13.2 156.3 

13161500 10.1.3 0.84 0.84 0.84 0.86 4.4 6.4 

6224000 10.1.4 0.58 0.58 0.58 0.77 -31.3 16.9 

9210500 10.1.4 -0.63 -0.63 -0.63 0.66 -28.9 156.6 

10243700 10.1.5 -2.84 -2.84 -2.84 0.55 -24.5 380.1 

10321590 10.1.5 -0.11 -0.11 -0.11 0.37 80.8 43.4 

9306242 10.1.6 -1.07 -1.07 -1.07 0.11 -2.4 187.3 

9404450 10.1.6 -1.67 -1.67 -1.67 0.48 -38.6 259.0 

8340500 10.1.7 -9.98 -9.98 -9.98 0.33 1089.7 116.4 

9404208 10.2.1 -2.04 -2.04 -2.04 0.49 277.9 112.1 

9404222 10.2.1 -6.96 -6.96 -6.96 0.36 608.4 509.1 

9484000 10.2.2 0.03 0.03 0.03 0.08 -30.7 -4.1 

9512280 10.2.2 -5.48 -5.48 -5.48 0.26 642.9 39.6 

10258500 10.2.2 -7.14 -7.14 -7.14 0.65 782.3 221.9 

8405105 10.2.4 -2.26 -2.26 -2.26 0.23 310.8 62.4 

11046300 11.1.1 -0.48 -0.48 -0.48 0.36 122.2 53.1 

11151300 11.1.1 -1.04 -1.04 -1.04 0.49 191.9 48.5 

11383500 11.1.1 -0.58 -0.58 -0.58 0.88 62.4 144.8 

11274630 11.1.2 -1.40 -1.40 -1.40 0.82 179.3 158.0 

11381500 11.1.2 0.39 0.39 0.39 0.90 3.8 60.1 

11461000 11.1.2 0.48 0.48 0.48 0.93 29.8 41.6 

11111500 11.1.3 -4.87 -4.87 -4.87 0.60 496.8 309.3 

11114495 11.1.3 -1.85 -1.85 -1.85 0.55 192.6 205.7 

9447800 12.1.1 -10.51 -10.51 -10.51 0.07 848.3 773.0 

9537200 12.1.1 -6.22 -6.22 -6.22 0.06 679.4 226.2 

9471400 12.1.1 -23.84 -23.84 -23.84 0.16 1537.2 1949.0 
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1 12.1.1 -5.06 -5.06 -5.06 0.54 514.6 316.9 

9497980 13.1.1 0.09 0.09 0.09 0.18 3.9 -38.9 

9505200 13.1.1 0.04 0.04 0.04 0.14 -26.3 -31.6 

9505350 13.1.1 0.04 0.04 0.04 0.27 20.1 -59.4 

9516500 13.1.1 -23.96 -23.96 -23.96 0.60 2489.9 173.7 

12332000 6.2.10 0.42 0.42 0.42 0.59 -36.6 17.3 

13011900 6.2.10 0.47 0.47 0.47 0.74 -45.8 9.4 

11480390 6.2.11 0.69 0.69 0.69 0.95 7.3 30.0 

11523200 6.2.11 0.29 0.29 0.29 0.80 -3.9 68.5 

10308200 6.2.12 0.23 0.23 0.23 0.83 46.0 59.3 

11266500 6.2.12 0.65 0.65 0.65 0.80 13.4 24.8 

9217900 6.2.13 0.37 0.37 0.37 0.72 -40.2 38.5 

10234500 6.2.13 -1.12 -1.12 -1.12 0.58 -14.8 207.0 

8378500 6.2.14 0.02 0.02 0.02 0.28 -38.5 54.6 

9081600 6.2.14 0.52 0.52 0.52 0.76 -41.3 2.9 

11468000 7.1.8 0.89 0.89 0.89 0.95 3.9 8.7 

11482500 7.1.8 0.74 0.74 0.74 0.92 -5.7 24.1 

11467200 7.1.8 0.46 0.46 0.46 0.83 19.4 47.0 

7208500 9.4.3 -0.83 -0.83 -0.83 0.06 -65.8 141.8 

8133250 9.4.6 -77.23 -77.23 -77.23 0.14 7323.2 2750.0 

8150800 9.4.6 -12.85 -12.85 -12.85 0.23 712.9 1185.3 

8202700 9.6.1 -18.56 -18.56 -18.56 0.22 1865.7 580.8 

8210400 9.6.1 -160.37 -160.37 -160.37 0.02 15822.4 3171.0 
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Table 5: As in Table 4, but with modified calibration configurations, including modified a-
priori parameters from previous calibrations in the same Eco-Region (top), modified 
calibration period (middle), and calibration from a modified KGE function with a water 
balance term (bottom). 

USGS 
Gage 

Eco-
Region 

KGE-
ctrl. 

KGE-
calib. 

KGE-
valid. R  

% 
Bias 

% SD 
Bias 

A-Priori Parameters 

9471400 12.1.1 -3.44 -0.16 -0.31 0.21 -85.1 3.1 

WY2008-2012 Calibration Period 

9471400 12.1.1 -1.53 0.39 -0.25 0.39 -0.8 85.4 

Calibration With Modified KGE 

9471400 12.1.1 -23.84 -0.18 -0.39 0.07 -72.6 12.6 

11461000 11.1.2 0.48 0.92 0.35 0.93 -3.5 3.4 

11467200 7.1.8 0.46 0.90 0.40 0.92 -2.6 4.9 
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Table 6: Mean modified NWM skill score metrics for normal (left) and excess baseflow 
cases (middle) and t-statistics (right). *Denotes cases in the calibration (top) and evaluation 
periods (bottom) with a statistically significant t-statistic (two tailed 90th percentile; |t| > 
1.684). 

Parameter Mean (normal) mean (excess) t-statistic 

Calibration Period 

KGE 0.726 0.600 -1.833* 

% Bias -2.473 -15.620 -2.601* 

% SD Bias 0.520 11.015 3.187* 

Correlation 0.741 0.702 -0.687 

Evaluation Period 

KGE 0.128 0.206 0.247 

% Bias -16.185 -32.648 -1.322 

% SD Bias 22.833 -4.677 -0.768 

Correlation 0.653 0.587 -0.836 
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Table 7:	 Mean NWM calibrated parameters for normal (left) and excess baseflow cases 
(middle) and t-statistics (right). *Denotes parameters with a statistically significant t-
statistic (two tailed 90th percentile; |t| > 1.684). 

Parameter Mean (normal) mean (excess) t-statistic 

BEXP 1.048 0.823 -1.587 

SMCMAX 1.043 0.983 -1.958* 

DKSAT 3.698 4.857 1.233 

REFKDT 2.066 2.047 -0.045 

SLOPE 0.229 0.411 2.010* 

RETDEPRTFAC 4.036 3.850 -0.169 

LKSATFAC 4742.126 4067.454 -0.665 

ZMAX 172.296 148.094 -0.842 

EXPON 2.893 3.335 0.527 

CWPVT 1.218 1.456 1.346 

VCMX25 0.940 0.913 -0.304 

MP 0.967 0.840 -1.721* 

MFSNO 1.204 1.265 0.396 

KCHAN 0.436 0.201 -2.425* 

N 1.745 1.433 -0.708 

CHSLP 2.843 3.432 1.098 

 

  



163 
 
 

Table 8: Model KGE all USGS gauges in an Eco-Region with more than one gauge (listed 
for by row, organized by Eco-Region). The parameter set is listed by column, and model 
KGE in a basin has bold font if the parameters were also calibrated in that basin. Basins 
with a parameter set that has a lower KGE than the control simulation are colored red. 

GAGE 
Eco-
Region CTRL 10396000 13161500 -- -- 

Drainage 
Area 

10396000 10.1.3 -0.647 0.332 0.095     528.9 

13161500 10.1.3 0.844 -0.545 0.877     986.1 

GAGE 
Eco-
Region CTRL 6224000 9210500 -- -- 

Drainage 
Area 

6224000 10.1.4 0.576 0.763 0.329     484.9 

9210500 10.1.4 -0.628 -0.348 0.468     398.3 

GAGE 
Eco-
Region CTRL 10243700 10321590 -- -- 

Drainage 
Area 

10243700 10.1.5 -2.835 0.069 -3.349     83.5 

10321590 10.1.5 -0.111 -0.732 0.531     476.6 

GAGE 
Eco-
Region CTRL 9306242 9404450 -- -- 

Drainage 
Area 

9306242 10.1.6 -1.074 0.395 -0.968     82.0 

9404450 10.1.6 -1.669 -1.309 0.489     193.0 

GAGE 
Eco-
Region CTRL 9404208 9404222 -- -- 

Drainage 
Area 

9404208 10.2.1 -2.040 0.488 0.234     779.0 

9404222 10.2.1 -6.959 -0.591 0.277     665.3 

GAGE 
Eco-
Region CTRL 9484000 9512280 10258500 -- 

Drainage 
Area 

9484000 10.2.2 0.033 0.318 -0.076 -0.332   103.7 

9512280 10.2.2 -5.483 -5.141 0.699 0.022   188.7 

10258500 10.2.2 -7.139 -7.125 -3.239 0.676   241.5 

GAGE 
Eco-
Region CTRL 11046300 11151300 11383500 -- 

Drainage 
Area 

11046300 11.1.1 -0.477 0.849 0.690 -0.043   209.6 

11151300 11.1.1 -1.045 0.593 0.826 -0.182   608.2 

11383500 11.1.1 -0.581 -0.808 -0.930 0.824   539.8 
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GAGE 
Eco-
Region CTRL 11274630 11381500 11461000 -- 

Drainage 
Area 

11274630 11.1.2 -1.397 0.762 -0.172 0.234   187.4 

11381500 11.1.2 0.390 0.668 0.882 0.640   337.6 

11461000 11.1.2 0.484 0.642 0.663 0.913   259.6 

GAGE 
Eco-
Region CTRL 11111500 11114495 -- -- 

Drainage 
Area 

11111500 11.1.3 -4.866 0.878 0.064     128.5 

11114495 11.1.3 -1.855 0.493 0.696     124.3 

GAGE 
Eco-
Region CTRL 9447800 9537200 9471400 1 

Drainage 
Area 

9447800 12.1.1 -10.515 -0.395 -0.395 -0.644 -0.356 782.0 

9537200 12.1.1 -6.223 0.185 0.185 -0.275 -0.114 204.1 

9471400 12.1.1 -23.837 -3.442 -3.442 0.043 -1.575 794.3 

WGEW1 12.1.1 -5.061 -0.210 -0.210 -0.381 0.764 149 

GAGE 
Eco-
Region CTRL 9497980 9505200 9505350 9516500 

Drainage 
Area 

9497980 13.1.1 0.091 0.766 0.473 0.576 -0.416 516.8 

9505200 13.1.1 0.043 0.401 0.604 0.521 -0.558 285.7 

9505350 13.1.1 0.037 0.371 0.666 0.744 -0.507 365.7 

9516500 13.1.1 -23.963 -24.902 -18.123 -12.520 0.685 2231.6 

GAGE 
Eco-
Region CTRL 12332000 13011900 -- -- 

Drainage 
Area 

12332000 6.2.10 0.422 0.903 0.389     315.1 

13011900 6.2.10 0.467 0.474 0.772     851.8 

GAGE 
Eco-
Region CTRL 11480390 11523200 -- -- 

Drainage 
Area 

11480390 6.2.11 0.687 0.915 0.272     242.6 

11523200 6.2.11 0.286 0.458 0.879     382.9 

GAGE 
Eco-
Region CTRL 10308200 11266500 -- -- 

Drainage 
Area 

10308200 6.2.12 0.230 0.798 0.688     716.4 

11266500 6.2.12 0.653 0.853 0.916     833.1 
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GAGE 
Eco-
Region CTRL 9217900 10234500 -- -- 

Drainage 
Area 

9217900 6.2.13 0.375 0.745 -0.179     326.8 

10234500 6.2.13 -1.117 -1.649 0.273     236.4 

GAGE 
Eco-
Region CTRL 8378500 9081600 -- -- 

Drainage 
Area 

8378500 6.2.14 0.018 0.430 -0.914     445.0 

9081600 6.2.14 0.520 0.620 0.911     432.9 

GAGE 
Eco-
Region CTRL 11468000 11482500 11467200 -- 

Drainage 
Area 

11468000 7.1.8 0.894 0.943 0.643 0.231   785.9 

11482500 7.1.8 0.740 0.646 0.937 0.288   718.0 

11467200 

7.1.8/ 

HMT 0.463 0.501 0.617 0.881   162.6 

GAGE 
Eco-
Region CTRL 8133250 8150800 -- -- 

Drainage 
Area 

8133250 9.4.6 -77.229 0.794 -4.363     520.4 

8150800 9.4.6 -12.853 -1.007 0.371     557.5 

GAGE 
Eco-
Region CTRL 8202700 8210400 -- -- 

Drainage 
Area 

8202700 9.6.1 -18.555 0.584 -0.912     434.7 

8210400 9.6.1 -160.374 -0.732 0.208     401.7 
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Figures 

 
Figure 1: Illustration of the uncoupled WRF-Hydro Hydrologic Model structure. The 
Noah-MP LSM and routing grid columns are shown in the top right of the figure. Baseflow 
from the bottom of the Noah-MP LSM is passed to the baseflow bucket model (center 
right), labeled as unconfined aquifer storage. Water from the baseflow bucket model and 
surface runoff from the terrain routing grid are both returned to the channel network 
(left). Vertical cross section of a trapezoidal channel used by the WRF-Hydro Muskingum-
Cunge routing scheme (bottom). The sides of the channel are assumed infinite. The channel 
width (w) is the BtmWdth parameter, and the channel side slope (s) is the ChSlp 
parameter. 
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Figure 2: EPA Level-3 Eco Regions in the western United States are shaded and labeled. 
USGS HUC-2 basins are shown with heavy black lines. Selected calibration basins (dark 
brown) and gauges (red) are also plotted.  
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Figure 3: EPA Level-3 Eco Regions in the western United States are shaded and labeled. 
USGS HUC-2 basins are shown with heavy black lines. Calibration basins are plotted and 
colored by drainage area (top), elevation (middle), and annual precipitation (bottom). 
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Figure 4: As in Figure 3 with Eco-Regions shaded in unique colors and HUC-2 basins with 
heavy lines, but with control (top) and calibration (middle) KGE skill scores, and KGE 
decomposition (bottom). In the decomposition plots, control (calibration) KGE values are 
plotted in red (blue). Each axis represents fractional composition to KGE error, and circles 
are proportional to KGE error (point size ~ log(1-KGE)), with larger points representing 
less skill. The calibration period (WY2013-2017) skill scores are shown in the left panels, 
and the validation period (WY2008-2012) skill scores are shown in the right panels.  
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Figure 5: As in Figure 3 with Eco-Regions shaded in unique colors and HUC-2 basins with 
heavy lines, but with percent bias (top), standard deviation bias (middle), and correlation 
(bottom) skill scores for all calibrated basins during the calibration period (WY2013-2017). 
Control skill scores are shown in panels to the left, and calibration skill scores shown in the 
panels to the right. 
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Figure 6: Calibrated (orange), control (blue), and observed (black) streamflow for WY2011 
(left) and WY2017 (right) for USGS Gauges 09505200 (Wet Beaver Creek near Rimrock, 
AZ; top) and 09505350 (Dry Beaver Creek near Rimrock, AZ; bottom) in Eco-Region 
13.1.1. 
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Figure 7: Calibrated (orange), control (blue), and observed (black) streamflow for WY2011 
(left) and WY2017 (right) for USGS Gauges 09404208 (Diamond Creek near Peach 
Springs, AZ; top) and 09404222 (Spencer Creek Near Peach Springs, AZ; bottom) in Eco-
Region 10.2.2. Note that some USGS 09404222 gauge data from WY2017 are missing, so 
only the part of the water year with complete data are plotted.  
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Figure 8: Calibrated (orange), control (blue), and observed (black) streamflow for WY2008 
(left) and WY2014 (right) for USGS Gauge 09471400 (Babocomari River near Tombstone, 
AZ; top) and Walnut Gulch Gauge 1 (bottom) in Eco-Region 12.1.1. 
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Figure 9: Calibrated (orange), control (blue), and observed (black) streamflow for WY2011 
(left) and WY2017 (right) for USGS Gauges 10396000 (Donner Und Blitzen River near 
Frenchglen, OR; top) and 13161500 (Bruneau River at Rowland, NV; bottom) in Eco-
Region 10.1.3. 
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Figure 10: Calibrated (orange), control (blue), and observed (black) streamflow for 
WY2011 (left) and WY2017 (right) for USGS Gauges 11467200 (Austin Creek near 
Cazadero, CA; top) and 11468000 (Navarro River near Navarro, CA; bottom) in Eco-
Region 7.1.8. 
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Figure 11: Calibrated (orange), control (blue), and observed (black) streamflow for 
WY2011 (left) and WY2017 (right) for USGS Gauges 11461000 (Russian River near Ukiah, 
CA; top) and 11274630 (Del Puerto Creek near Patterson, CA; bottom) in Eco-Region 
11.1.2 
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Figure 12: As in Figure 3 with Eco-Regions shaded in unique colors and HUC-2 basins with 
heavy lines, but with differences in KGE (top), absolute difference in Bias (middle), and 
difference in correlation (bottom) from the operational NWM v1.2. Results from the 
calibration periods are shown on the right, and results from the evaluation periods are 
shown on the left.  
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Figure 13: Ratio of modified NWM baseflow to total channel inputs (bucketInputRatio) v. 
% bias of modeled surface flow (from the lfstat low-pass filter) (top left) and observed v. 
modeled baseflow ratio (lfstat computed baseflow to total flow) (top right). Calibration 
period v. evaluation period KGE (middle left), Correlation (middle right), percent standard 
deviation bias (bottom left) and percent bias (bottom right). Points are colored by presence 
of baseflow bias in all panels except in the top left, which is colored by calibration KGE.  
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Figure 14: As in the top and middle panels of Figure 4, but for percent bias of surface flow. 
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Figure 15: Test basin percent bias for control parameters v. swapped calibration basin 
percent bias for control parameters are shown in the top columns. Test basin standard 
deviation percent bias for control parameters v. swapped calibration basin standard 
deviation percent bias for control parameters are shown in the middle columns. 
Calibration baseflow ratio (to total flow) error v. KGE difference from swapped 
parameters are shown in the middle columns. The left columns are scaled to capture the 
full range of values, and the right columns are scaled to zoom into a majority of values.	 	
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Figure 16: Example of the impact of the using the modified KGE calibration optimization 
statistic (WB), over previous calibration routine and a priori parameter values for USGS 
11461000 in the Russian River basin. 
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9. Supplemental Material 

Supplemental Material for the manuscript “Evaluation of NOAA National Water Model 

Parameter Calibration in Semi-Arid Environments Prone to Channel Infiltration” 

Authors: Timothy M. Lahmers, Pieter Hazenberg, Hoshin Gupta, Christopher Castro, 

David Gochis, Aubrey Dugger, David Yates, Laura Read, Logan Karsten, Yuan-Heng 

Wang, Robert J. Zamora, and Brian A. Cosgrove 

I. NWM Performance for the Evaluation Period 

 Figure 1 of this document is equivalent to Figure 5 of the full manuscript. It demonstrates 

that calibration of the NWM with channel infiltration adds value to the model through the 

evaluation period (WY2008-2012, with three prior years of spin-up), compared to the same 

period with control parameters. Correlation coefficients are nominally the same in this period, 

compared to control parameters; however, consistent positive bias and standard deviation bias in 

the southern and western domain are generally eliminated or reduced, despite inconsistent model 

performance through the evaluation period. While the consistent biases are reduced, changes in 

model performance between basins are often not consistent, varying sometimes between positive 

and negative errors after calibration in the same eco-region. This is not desired behavior for 

parameter regionalization. 
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Figure 1: As in Figure 5 of the full manuscript, but for the evaluation period (WY2008-
2012). 
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APPENDIX C: EFFECTS OF HORIZONTAL REDISTRIBUTION OF SURFACE 
FLUXES FOR A COUPLED ATMOSPHERIC AND HYDROLOGIC MODEL 
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Abstract 

Evidence for surface and atmosphere coupling is corroborated in both modeling and observation-

based field experiments. Recent advances in high-performance computing and development of 

convection-permitting regional-scale atmospheric models combined with high-resolution 

hydrologic models has made modeling of surface atmosphere interactions feasible for the 

scientific community. These hydrological models can account for the impacts of the overland 

flow and subsurface flow components of the hydrologic cycle and account for the impact of 

lateral flow on moisture redistribution at the land surface. One such model is the Weather 

Research and Forecasting (WRF) regional atmospheric model that can be coupled to the WRF-

Hydro hydrologic model. 

 

In the present study, both the uncoupled WRF (advanced research WRF; WRF-ARW) and 

otherwise identical WRF-Hydro model are executed for the 2017 and 2018 summertime North 

American Monsoon (NAM) seasons in central Arizona, a semi-arid environment. In this 

environment, diurnal convection is impacted by precipitation recycling from the land surface. 

Understanding of NAM convection is critical to both the research and the operational 

communities, as extreme weather events can give rise to flash flooding, severe straight-line 

winds, and blowing dust.  
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The current work assesses the impact of the representation of hydrologic processes at the land 

surface, in both modeling setups, and how these affect 1) local surface energy budgets during the 

NAM throughout Arizona and 2) the spectral behavior of diurnally driven NAM convection. 

Model results suggest that adding surface and subsurface flow from WRF-Hydro increases soil 

moisture and latent heat near the surface. This increases the amount of instability and moisture 

available for deep convection in the model simulations, and enhances the growth of convection 

at the peak of the diurnal cycle. 
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 1. Introduction 

 Evidence of coupling between the lower atmosphere and the land surface, particularly in 

arid and semi-arid environments, has been shown from analysis of near-surface fluxes and 

planetary boundary layer (PBL) characteristics in both modeling and observation studies (e.g. 

Findell et al. 1997; Koster et al. 2002; Dirmeyer et al. 2009; Zeng et al. 2010; Santanello et al. 

2013). The recent development of coupled mesoscale atmospheric and high-dimensionality 

distributed hydrologic modeling systems (e.g. Maxwell et al. 2011; Gochis et al. 2015) now 

permits us to analyze the role of surface and sub-surface hydrologic processes on surface and 

atmospheric coupling (e.g. Maxwell et al. 2011; Senatore et al. 2015; Arnault et al. 2016; Xiang 

et al. 2018). In the present study, we evaluate the influence of surface hydrology on the 

convective environment in the North American Monsoon (NAM) region across central Arizona 

and Northern Mexico for the 2017-2018 NAM seasons (assumed here to encompass the period 

from 15 June to 15 September) using a Weather Research and Forecasting (WRF) Advanced 

Research WRF (WRF-ARW) simulation configured for the Southwest Contiguous US (CONUS) 

(e.g. Luong et al. 2017) and an equivalent WRF-ARW simulation that is coupled to the WRF-

Hydro hydrologic model.  

 Findell et al. (1997) considered the role of surface and atmospheric feedback when they 

showed that summer precipitation across the state of Illinois was correlated with prior soil 

moisture conditions; however, this analysis was insufficient to isolate the role of atmospheric 

coupling compared to natural variability. Koster et al. (2002) demonstrated possible evidence of 

surface coupling with the atmosphere by considering an ensemble of 16 GCMs executed for one 
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month with different model structures and SSTs, to locate areas where correlations between 

ensemble precipitation existed. This showed that certain parts of the globe, including the semi-

arid central CONUS might be subject to surface-atmosphere coupling. Dirmeyer et al. (2009) 

evaluated surface atmosphere coupling from reanalysis soil moisture datasets. They used soil 

moisture memory based on the time for lag autocorrelation of estimated soil moisture to decrease 

to below the 99% confidence interval and a precipitation recycling fraction based on back 

trajectories of moisture during precipitation events. From this analysis, they showed that soil 

moisture anomalies can persist in time, leading to ET anomalies that ultimately effect 

precipitation. Zeng et al. (2010) developed a metric based on the covariance of monthly ET and 

precipitation anomalies normalized by the variance of precipitation anomalies. Zeng et al. (2010) 

found their coupling proxy variable to be high over the Western US, our present study area; 

however, they caution that this analysis is insufficient to prove the causality of land surface 

processes on precipitation. 

 More recently, Santanello et al. (2013) used a convection permitting resolution (CPM) 

regional model over the central plains, combined with sounding and remote sensing based 

observations, to examine surface-atmosphere coupling. They demonstrated several metrics for 

coupling, based on surface-atmosphere fluxes and PBL evolution. Their work showed that 

surface coupling becomes important over this region during dry conditions. Tawfik and 

Dirmeyer (2014) also evaluated the potential for atmospheric convection based on the computed 

buoyant condensation level, a proxy variable for a well-mixed PBL where a parcel lifted from 

the surface is able to reach saturation from a prescribed temperature perturbation. Tawfik and 
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Dirmeyer (2014) use this variable to show regions of the CONUS where convective initiation 

may be related to surface coupling, including the high plains during the warm season. Gerken et 

al. (2018) demonstrates using a simple model of the mixed layer that soil moisture, and 

consequently the partitioning of surface energy into latent and sensible heating, impacts potential 

for convective initiation of the Montana high plains. Here, increased soil moisture from irrigation 

reduces the likelihood of local convective initiation due to reduced sensible heating. Soil 

moisture is also related to the position of dry lines, which can influence convective initiation, 

over the high plains, with wetter (drier) conditions associated with a more western (eastern) dry 

lines (Johnson and Hitchens et al. 2018). 

 Given the importance of soil moisture coupling for atmospheric processes, it is relevant 

to consider the effects of horizontal redistribution of water in the surface and sub-surface for 

atmospheric processes. Maxwell et al. (2011), using WRF-ARW coupled to the ParFlow 

groundwater model, suggests that movement of water across the landscape (outside of the 

channel network) impacts the spatial distribution of soil moisture and is thus important for the 

local water balance. Anyah et al. (2008) coupled a groundwater model (Miguez-Macho et al. 

2007) to a 50-km RAMS regional atmospheric model (Walko and Tremack 2000) and showed 

that shallow groundwater can enhance precipitation recycling, and subsequent convective 

initiation, in the semi-arid southwest CONUS. With the recent development of the Weather 

Research and Forecasting (WRF) WRF-Hydro hydrologic model architecture (Gochis et al. 

2015), the WRF-ARW atmospheric model can be coupled to a hydrologic model, allowing for 

the effects of horizontal redistribution of water to be realized in a mesoscale atmospheric model.  
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Senatore et al. (2015) executed the WRF-ARW model with and without coupling to 

WRF-Hydro for a mid-latitude cyclone case over Italy. They demonstrated that coupling a 

calibrated WRF-Hydro simulation to WRF-ARW during the cyclone case increased model soil 

moisture to increase latent heating. In some cases, this reduced the magnitude of precipitation 

over-estimates by the control WRF model; however, the overall changes to the precipitation field 

were relatively small. More recently, Verri et al. (2017) demonstrated that WRF-Hydro (offline) 

forced with WRF-ARW derived precipitation that was modified with gauge data was able to 

reproduce the hydrograph for two high impact precipitation events in the same region as 

Senatore et al. (2015).  

Arnault et al. (2016) coupled WRF-ARW to WRF-Hydro using a 2-km grid resolution 

Noah-MP LSM grid and a 500-m resolution routing grid, and showed that overland flow from 

WRF-Hydro, and resultant spatial changes to ET, effected precipitation within a ~100-km2 

catchment in West Africa. They showed that the effects of coupling WRF to WRF-Hydro were 

greatest early in the African monsoon season, when soil moisture differences often result in 

convective initiation. Convection in the NAM regime can also be triggered this way (e.g. 

Dominguez et al. 2016), making it an appropriate study area to test a coupled WRF-Hydro 

simulation. Kerandi et al. (2018) used a 5-km grid resolution coupled and uncoupled WRF-

Hydro configuration over the 3279 km2 Tana River basin in Kenya. The WRF-Hydro routing 

grid had 500-m grid resolution. Their results showed that coupling WRF-Hydro to WRF had the 

effect of increasing surface runoff by exfiltration in some (mainly high elevation) areas of the 

model domain, while decreasing runoff by increasing infiltration in other areas. The net effect of 
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the coupling nominally decreased precipitation, while it increased surface runoff. Local 

precipitation recycling (from the same domain area) was relatively small, as most precipitation 

was due to advection.  

Arnault et al. (2018) and Rummler et al. (2019) both compared WRF-Hydro to WRF with 

otherwise identical configurations. Both of their studies used ensembles, derived with varying 

boundary layer schemes and surface parameters (Arnault et al. 2018) and using time-lagged 

initial conditions (Rummler et al. 2019) with domains in central Europe. As in Arnault et al. 

(2016), they concluded that adding surface routing to WRF, through WRF-Hydro, increased soil 

moisture and ET. The influence of soil moisture for precipitation and ET was greater in 

situations with weak synoptic scale forcing (Rummler et al. 2019). This suggests that the impacts 

of WRF-Hydro may thus be important in the NAM region, where synoptic scale forcing is 

typically weak (e.g. Bieda et al. 2009).  

Xiang et al. (2018) evaluated the sensitivity of a coupled WRF-Hydro simulation to soil 

moisture and vegetation fraction anomalies over the Río Sonora basin in Northwest Mexico. For 

the 2004 and 2013 NAM Seasons, coupled WRF-Hydro was able to produce consistent surface 

ET and soil moisture compared to an offline WRF-Hydro simulation forced with NLDAS-2 data; 

despite WRF-Hydro producing its precipitation as fewer heavier events, consistent with actual 

NAM precipitation (e.g. Luong et al. 2017). Increasing soil moisture and vegetation greenness in 

the coupled modeling system tended to increase precipitation during four NAM convective 

events. 
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Warm season precipitation in the southwest CONUS is primarily driven by the NAM, 

between late June and mid September (Douglas et al. 1993; Adams and Comrie 1997). During 

this time of year, the region experiences a majority of its severe weather (e.g. Maddox et al. 

1995; McCollum et al. 1995), including extreme precipitation and flash flood events. The NAM 

convective environment is associated with a semi-permanent ridge of high pressure that forms 

over the southwest CONUS. This pattern results in easterly flow aloft, over the southwest 

CONUS, which is conducive to horizontal moisture flux from the Gulf of Mexico and Gulf of 

California (e.g. Douglas et al. 1993; Adams and Comrie 1997). These patterns are associated 

with a unique convective environment that is conducive to land-atmosphere coupling, as 

evapotranspiration from prior convection results in precipitation recycling for convection on 

subsequent days (e.g. Dominguez et al. 2016). Diurnal convection is normally phase-locked to 

the terrain in this environment; however, atmospheric disturbances associated with synoptic-

scale ascent or vertical wind shear can cause convective organization. In this situation, squall 

lines and Mesoscale Convective Systems (MCSs) can propagate into the lower desert regions, 

often resulting in extreme precipitation and flash flooding (e.g., Pytlak et al. 2005; Bieda et al. 

2009; Finch and Johnson 2010; Newman and Johnson 2012; Seastrand et al. 2014; Lahmers et al. 

2016; Luong et al. 2017).  

In addition to a warm season synoptic regime that is high dependent upon surface-

atmosphere interactions, streamflow in the southwest CONUS is mostly generated by surface 

runoff, due to the high depth to groundwater in much of the region (e.g. Blasch et al. 2004; 

Goodrich et al. 2004; Fan et al. 2013). This surface-driven convective environment, combined 
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with its hydrologic reliance on surface runoff make it an ideal place to test the WRF-Hydro 

hydrologic model architecture in a coupled configuration. In this paper, we test the WRF-ARW 

model in both an uncoupled and a coupled configuration, with WRF-Hydro, in a 1.5-km domain 

that includes all of southern and central Arizona for the 2017 and 2019 NAM seasons. The paper 

is organized as follows. The WRF-Hydro model structure and configuration and analysis 

methods are introduced in section 2, and a brief validation of the model simulations is presented 

in section 3. The impacts of the model coupling are presented in section 4. The discussion and 

conclusions are presented in sections 5 and 6, respectively. 

2. WRF-Hydro Modeling System and Analysis Metrics 

  In this study, we evaluate the impacts of coupling the WRF-Hydro model (i.e. 

simulating horizontal surface and sub-surface routing ) to WRF-ARW (e.g. Senatore et al. 2016; 

Arnault et al. 2016; Kerandi et al. 2017; Arnault et al. 2018; Rummler et al. 2019), and this is 

unique compared to previous literature, as we focus on a semi-arid domain with an area 

sufficiently large to resolve convective initiation and propagation. The WRF-ARW (Skamarock 

et al. 2008) model is configured as in Luong et al. (2017) with 1.5-km convection permitting 

resolution, and this configuration is sufficient to resolve convective organization and 

propagation. WRF-ARW is both run in a control configuration with only Noah-MP active and 

with WRF-Hydro, to evaluate the impacts of lateral routing.  
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a. WRF-Hydro Model Structure and Configuration 

 WRF-Hydro (Gochis et al. 2015) is a spatially distributed hydrologic model that may be 

coupled to the WRF-ARW model or forced offline (with precipitation and atmospheric forcing) 

as a stand-alone simulation. Vertical fluxes in WRF-Hydro are resolved using the Noah-MP 

LSM (Niu et al. 2011). The Noah-MP grid must be equivalent to the WRF-ARW grid used in a 

coupled simulation. In this study, WRF-Hydro is active in the highest resolution nested WRF-

ARW domain (see next section for details), with an LSM grid resolution of 1.5-km. A higher 

resolution routing grid, which for this study is set to 250-m grid resolution, is also used to 

resolve surface and sub-surface fluxes within the land surface. This model structure is shown in 

Figure 1. 

 In WRF-Hydro, sub-surface flow is based on changes to the water table depth of the 2m 

deep Noah-MP soil columns. Subsurface flow is computed from the hydraulic gradient, which is 

equivalent to the difference in the groundwater table depth along the steepest gradient (i.e. the 

Dupuit-Forcheimer assumption) in eight possible directions surrounding a routing grid point. 

Surface runoff from exfiltration is generated at a point if a grid point becomes saturated due to 

horizontal flow. A diffusive wave routing scheme is used to compute surface runoff, which is 

also based on the steepest gradient around each grid cell (Julien et al. 1995; Ogden et al. 1997). 

Diffusive wave routing, within delineated channel grid points in the 250-m routing grid is used to 

compute streamflow within the channels. This routing scheme can resolve the effects of 

backwater flow (Gochis et al. 2015). For this simulation, groundwater is not considered, and 
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baseflow is permitted to pass through the Noah-MP LSM grid and exit the system. Details of 

these routing schemes are described in Gochis et al. (2015).  

The 250-m routing grid was generated using ArcGIS Spatial Analyst. GIS-based Routing 

grid variables include terrain height, flow direction, channel network, and stream order. Before 

terrain processing is performed, the National Hydrography Dataset Plus (NHDPlus) Version 2 

channel network (McKay et al. 2012) was burned into the DEM using the AGREE DEM tool 

(Hellweger 1997), with a smooth drop of 5m surrounding the channels and a sharp drop of 15m 

at the channel grid points. In a few cases, deeper channels had to be carved in selected reaches to 

account for projection errors in narrow canyons. The Shuttle Topographic Mission (STRM) 90m 

DEM was used to generate the routing grid. To generate a spatially consistent channel network, 

pits in the DEM were removed using a fill tool in ArcGIS. Inland sinks, defined in the NHDPlus 

Version 2 dataset, that were not classified as channel network ends were temporarily set to no-

data values when this was performed, to prevent real inland sinks from being artificially filled. In 

a few cases, channel network end points were added to the sinks preserve the realism of the 

channel network. These points on the DEM were set back to their original values after the 

routing grids were computed, so that the grid did not contain missing data. 

Offline WRF-Hydro simulations were executed from 1 October 2015 until October 1, 

2018. These simulations were forced with NLDAS-2 incoming shortwave radiation, incoming 

longwave radiation, specific humidity, air temperature, surface pressure, and near surface wind 

(both u and v components) and NCEP Stage-IV precipitation, which is based on a mosaic of 

WSR-88D radar data, with gauge-correction. The soil moisture states on 1 April 2017 and 1 
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April 2018 from these offline simulations, were used as initial surface conditions of both the 

coupled and uncoupled WRF-Hydro 1.5-km RCMs. These offline simulations started 1.5 years 

prior to the WRF-ARW simulations to ensure the model soil moisture states were sufficiently 

spin-up and ensured the model achieved a realistic soil moisture state prior to the execution of 

the coupled RCM. These offline WRF-Hydro simulations for the 2017 and 2018 NAM seasons 

were also compared to an equivalent WRF-Hydro simulation using only Noah-MP. In other 

words, WRF-Hydro is also run offline (as noted above) both with horizontal routing and as 

Noah-MP only. The Noah-MP only simulation is an offline LSM with the same configuration as 

that of the control WRF-ARW model simulation. Thus, the precise effects of surface and sub-

surface routing could be considered from two versions of WRF-Hydro with an equivalent 

precipitation forcing dataset. 

b. WRF-ARW Configuration 

 In the present study, WRF was executed in three nested domains (Figure 1). Domain 1 

encompasses the western CONUS and a small section of Northwest Mexico at 12-km grid 

resolution. The WRF RCM is forced with version 2 of the NCEP Climate Forecast System 

(CFSv2) analysis data (Saha et al. 2014) with the model parameterizations shown in Table 1. 

This configuration is consistent with Luong et al. (2017), which used convection permitting 

regional model simulations to reproduce the observed precipitation probability distribution 

within the NAM region with 1950-2010 NCEP reanalysis forcing (Kalnay et al. 1996). Domain 2 

has 3-km grid resolution, encompassing the entire lower Colorado basin. These domains are 
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equivalent to those used in (Pal et al. 2019). Domain 3, with 1.5-km grid resolution, encompasses 

the Gila basin, a main tributary of the Lower Colorado River (Figure 1). The convection 

parameterization is disabled in both domains 2 and 3. Domain 3 is simulated with identical initial 

and boundary conditions (both with and without WRF-Hydro active). 

 The NAM season, officially beginning June 15, is the focus of our analysis, so we 

execute all three domains of the RCM starting April 1 for both the 2017 and 2018 NAM seasons, 

to allow for model spin-up as executing the model through the dry period of April to mid June 

enables the model soil columns to dry out and reach realistic pre-monsoon conditions. This 

period is consistent with Arnault et al. (2018), who also used a 3-month spin-up period for their 

coupled RCM simulations. Both the coupled and uncoupled RCM were executed through this 

period. WRF-ARW simulations were executed to September 15, the end of the NAM season. 

c. WRF-ARW Validation Metrics 

 To validate our coupled model configuration, we validate the model compared to 

available SMAP-sentinel derived 1-km soil moisture estimates (Das et al. 2018), when available 

during the 2017 and 2018 NAM seasons. Both WRF-ARW simulations are also validated 

compared to NCEP Stage-IV precipitation. Additionally, modeled precipitation, temperature, and 

specific humidity were verified with station observations around Arizona, available through the 

National Centers for Environmental Information (NCEI). For this analysis, 32 precipitation sites 

and 19 sites with temperature and humidity were used. We also compare modeled and observed 

mixing diagrams (e.g. Santanello et al. 2009) at six selected sites. Two sites were located in the 
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Walnut Gulch Experimental Watershed (WGEW) in southeast Arizona, where two flux towers 

representative for a semi-arid grassland (Lucky Hills location) and shrubland (Kendall location) 

are maintained by the US Department of Agriculture Agriculture Research Service (USDA-

ARS). USDA-ARS also maintains two flux towers at its Santa Rita site, including a grassland 

and a mesquite savannah. We also analyze surface fluxes at the Tucson and Phoenix Airports. 

This is consistent with Santanello et al. (2013), who considered latent and sensible heating (as 

the evaporation fraction), LCL height, and mixing diagrams to diagnose the degree of surface 

coupling in multiple WRF-ARW configurations. 

d. Metrics for Surface-Atmosphere Interaction  

 In some cases, the effects of the hydrologic model are masked by differences in modeled 

precipitation in the coupled and uncoupled model runs, simply due to varying surface boundary 

conditions that reflect differences in the position of individual convective events rather than due 

to difference from the actual impact of coupling. Thus, we consider the extent of the impacts of 

lateral routing through land surface and channel network as represented within WRF-Hydro on 

selected convective days (ending at 12 UTC; 5 AM LST) that have sufficient antecedent 

precipitation from prior days. These days were chosen as we expect a priori that the impacts of 

lateral hydrologic routing will be greater on these days. Therefore, those days were selected with 

an antecedent precipitation index (API; Cordery et al. 1970) > 20mm mm. The API is equivalent 

to the sum of 24-hour precipitation from previous days, multiplied by a decay factor (k) and is 

defined as: 
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APId = Pd + kPd-1 + k2Pd-2 +… = Pd + kAPId-1  (1)  

where k defines the decay factor, indicating the impact of precipitation that occurred during 

previous days as being proportional to the current soil moisture. For the current study k, was 

assumed equal to 0.85, which has been defined as representative for arid environments (Lindsay 

et al. 1975). The API for the NAM season (for uncoupled WRF and coupled WRF-Hydro) for 

the model domain is shown in Figure 2. 

 To evaluate the impacts of surface and subsurface routing on the land surface, we first 

consider these impacts in the offline WRF-Hydro model (i.e. not coupled to WRF-ARW) with 

and without routing enabled, forced with NLDAS-2 atmospheric variables and NCEP Stage-IV 

precipitation. More specifically, we evaluated soil moisture, latent heat, and sensible heat of both 

models with constant forcing. These variables are proxies for both the land surface state and 

surface fluxes that can impact the lower atmosphere that are not prescribed input variables for 

the uncoupled model. These variables are evaluated with respect to model elevation, as well as 

the amount of surface runoff in the offline WRF-Hydro model to demonstrate how these 

variables are affected by hydrologic processes. 

We then consider the RCM atmospheric and hydrologic variables related to 1) the land 

surface, 2) the lower atmosphere, and 3) atmospheric instability throughout the 1.5-km model 

domains for both the WRF and WRF-Hydro simulations. This includes soil moisture, latent heat, 

sensible heat, 2m temperature, 2m specific humidity, LCL height, and most unstable CAPE 

(MUCAPE). Note that LCL height, which is a useful proxy for the moisture deficit in the lower 

atmosphere that could inhibit convection, was also considered by Santanello et al. (2013) to 
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evaluate atmospheric coupling (they considered PBL height minus LCL). To evaluate the 

impacts of hydrologic routing on surface and atmospheric processes, we use a two-tailed 

student’s t-test with a 90th percentile confidence interval, on the hourly model data at each grid 

point for both the entire NAM seasons and for convective days selected based on the API 

threshold. 

e. Analysis of Two-Dimensional Spectral Components of Propagating Convection 

 To evaluate the impacts of the redistribution of soil moisture from horizontal routing on 

propagating convection, we consider the convective days with sufficient atmospheric instability 

(i.e. Mazon et al. 2016; Luong et al. 2017) and we eliminate days that are associated with 

transient inverted troughs (IVs) in the CFSv2 reanalysis forcing, the forcing dataset for the RCM 

simulations, following the methods of Lahmers et al. (2016) to locate IVs near the model 

domain. Inverted troughs are tracked using potential vorticity (PV) anomalies based on a 40-year 

climatology, consistent with Lahmers et al. (2016). The PV climatology used to find IVs (e.g. 

Bosart et al. 2011) is computed from Climate Forecast System Reanalysis (CFSR) (Saha et al. 

2010) data from 1979-2011 and CFSv2 data from 2012 onward. Both of these models have 

equivalent grids, dynamic cores, and physics parameterizations. Convective days within the 50th 

percentile of both most-unstable convective available potential energy (MUCAPE) and 

integrated precipitable water (IPW), were selected. Both CAPE (e.g. Moncrieff and Miller 1976) 

and IPW (e.g. Lu et al. 2009) are proxies for convective development in the southwest, as they 

are associated with thermodynamic instability and integrated moisture, respectively. From these 
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days, we remove “trough-days”, as synoptic scale and mesoscale forcing associated with IVs 

(e.g., Pytlak et al. 2005; Bieda et al. 2009; Finch and Johnson 2010; Newman and Johnson 2012; 

Seastrand et al. 2014; Lahmers et al. 2016) may mask out the effects of surface atmospheric 

coupling due to their enhancement of convective propagation and organization. This left us with 

55 convective days over the two NAM seasons. 

 2D spectral analysis followed Castro et al. (2005) and Errico (1985) for selected 

convective days that are favorable for propagating convection that lack large scale forcing. In the 

current work, it was decided not to apply a detrending step, as the mesoscale variables we are 

concerned with occur on a scale where large scale variations (such is in 500 hPa height) are not 

expected a priori.  We consider modeled and observed NCEP Stage-IV precipitation to evaluate 

the performance of the model relative to observations and the impacts of hydrologic routing 

through the duration of the diurnal cycle. While not available in an observation dataset, this 

analysis is also performed on the modeled 500-hPa vertical motion (omega) and moisture flux 

convergence (e.g. Castro et al. 2007) to further evaluate the physical causality of the impacts of 

the land surface on convective propagation (see supplemental material). For this analysis, the 

diurnal cycle is broken into 8 3-hour intervals, so each partition of the diurnal cycle considers 55 

days with 3 sample spectra (i.e. 165 cases). Statistical significance of spectral analysis is 

computed using a 500-iteration permutation method, where the control WRF-ARW and WRF-

Hydro spectra are substituted into the analysis at random, and fractional differences of spectra 

(as in Castro et al. 2005) between two datasets beyond the 95th or 5th percentiles are considered 

statistically significant. 
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3. WRF-ARW Validation 

a. SMAP-Sentinel 1-km Soil Moisture 

 Figure 3 demonstrates that WRF-Hydro captures similar spatial patterns compared to 

observed soil moisture as well as the temporal trends, as correlation coefficients are high over 

most of the domain. The 90-percent statistical significance of correlation coefficient differences, 

computed using permutation methods, shows there are no spatially distinguishable trends in the 

correlation coefficient from WRF-Hydro, compared to control WRF-ARW (supplemental 

material). This would imply that WRF-Hydro doesn’t add value to the temporal evolution of soil 

moisture, but also does no harm. WRF-Hydro does increase soil moisture bias compared to the 

control simulations (shown in supplemental material); however, it should be emphasized that the 

values of soil moisture at the highest level (0-10 cm) of the Noah-MP LSM may not be one to 

one with near surface soil moisture measured from the SMAP-sentinel derived product. The 

fidelity of the spatial patterns and temporal correlation of soil moisture implies the skill of our 

WRF and WRF-Hydro simulations, despite likely biases of these variables. 

b. NCEP Stage-IV Precipitation 

 Figure 4 shows that WRF-Hydro and control WRF-ARW simulations both capture the 

spatial distribution and the diurnal cycle of NAM convection. The right panels of Figure 4 show 

the diurnal cycle of convection both in the model and in the NCEP Stage-IV observations. This 

figure shows that the diurnal precipitation maximum is on the high terrain early in the convective 

cycle (i.e. 11AM to 5PM), where it typically initiates. In the low terrain, where MCSs typically 
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reach later in the diurnal cycle, convection is maximized between 5PM and 11 AM. There are no 

spatially distinguishable trends in the mean 24-hour precipitation between the WRF-Hydro and 

control simulations, and both WRF-Hydro (Figure 4 bottom-left) and the control simulation 

(supplemental material) exhibit a statistically significant high bias across much of the model 

domain. This high bias of precipitation from convection-permitting WRF-ARW simulations, 

compared with observations, is similar to that of Luong et al. (2017). Both the WRF-Hydro 

(Figure 4) and the control WRF-ARW (supplemental material) simulations have relatively high 

correlation coefficients with the daily NCEP Stage-IV data, suggesting that the RCM is able to 

capture the timing of most precipitation events. Both RCM simulations capture the growth of 

convection up scale during the peak of the diurnal cycle as mean spectral power, excluding cases 

where limited coverage of precipitation causes extremely high spectral peaks (Figure 2 bottom 

panels). These figures illustrate the 2D spectral power of modeled and observed precipitation, 

with wavelength on the x-axis and spectral power on the y-axis. These figures show increased 

power at longer wavelengths (i.e. more organization). The most important pattern from these 

figures is the growth in organization at all wavelengths from the early to late time steps, as 

Figure 2 shows the increased convective organization between the 18-20 UTC periods and 21-23 

UTC periods. This indicates increasing convective organization from the 11AM-1PM period to 

the 2PM-4PM period, consistent in both models and the Stage-IV precipitation. Both the model 

and observations capture these the patterns in scale of convection. 
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c. NCEI Station Observations and WGEW Flux Towers 

 Figure 5 shows the bias and correlation coefficients for modeled and observed NCEI 

station data. This figure clearly shows that WRF-Hydro has a high precipitation bias, consistent 

with the results from the NCEP Stage-IV precipitation. WRF-Hydro also has a cool (high) 

temperature (specific humidity) bias across much of the domain (Figure 5), and these trends are 

the same for the control simulation (supplemental material). WRF-Hydro has correlation 

coefficients greater than 0.8 for nearly the entire domain for hourly specific humidity and 

temperature, demonstrating that it generally captures the surface environment reasonably well. 

To account for timing differences of major precipitation events in a Type-2 RCM, as in Castro et 

al. (2005), compared to the actual progression of the atmosphere, 5-day averaged correlation 

coefficients between modeled and observed precipitation are used in Figure 5. Note that a Type-

2 RCM is a limited-area model executed on a time-scale of several months, such that initial 

conditions are forgotten for most of the simulation; however, lateral forcing remains relevant 

(Castro et al. 2005). This may introduce some uncertainty in the precise timing of precipitation 

events. These 5-day correlation coefficients vary throughout the domain; however, they 

demonstrate that the model, despite timing errors of specific events, can reasonably capture the 

general progression of NAM convection during the 2018-2017 NAM seasons. 

 Mixing diagrams as shown in Figure 6 for selected convective days (API > 20mm) at 

selected stations around the domain (different from the full NAM domain) demonstrate that 

WRF-Hydro is consistently wetter than the control WRF simulation. At Tucson and the WGEW 

flux tower sites (Kendall Grassland and Lucky Hills), both simulations produce similar mixing 
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diagrams, with WRF-Hydro being slightly wetter, with more latent heat. The Santa Rita 

Grassland and Santa Rita Mesquite Savannah sites are also generally too wet, particularly the 

former. At Phoenix Sky Harbor Airport, the wetter WRF-Hydro adds value to the simulations; 

however, WRF-Hydro nominally increases an existing wet bias at other locations. These results 

are consistent with the latent heat fluxes at all four flux tower sites (supplemental material), with 

the exception of Santa Rita Mesquite Savannah, which is relatively close to the observations. At 

all other sites, both WRF simulations are associated with increased latent heat flux compared to 

observations. WRF also has a high sensible heat bias (supplemental material), and adding WRF-

Hydro increases (decreases) the latent heat (sensible heat) biases, through increases to soil 

moisture. 

 This validation demonstrates that despite the biases of both the control WRF-ARW and 

coupled WRF-Hydro simulations, which are consistent with previous work with a similar model 

configuration, coupling WRF-ARW with WRF-Hydro does adequately capture the spatial and 

temporal patterns of NAM convection, and WRF-Hydro does no harm to the model skill metrics, 

compared to the control simulation.  

4. Effects of Hydrologic Processes in WRF-Hydro  

a. Surface Variables and Fluxes 

 Soil moisture, latent heat, and sensible heat from the offline WRF-Hydro simulation (i.e. 

WRF-Hydro as a standalone hydrologic model with NLDAS-2 and Stage-IV forcing; see section 

2.a) for the 2017-2018 NAM seasons are shown in Figure 7. The differences between these 
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simulations and WRF-Hydro offline with the same forcing and surface and sub-surface routing 

disabled (i.e. Noah-MP) are shown in the left panel of Figure 7 for the same variables. From this 

figure, it is clear that activating surface and sub-surface routing in WRF-Hydro statistically 

significantly increases soil moisture, and subsequently latent heat flux, in some locations. WRF-

Hydro reduces sensible heat flux in most of the model domain as well; however, none of these 

changes are field significant. Statistical significance is computed from 24-hour averages from 

both models, and a longer analysis period would likely yield greater areas of statistical 

significance. 

 Box plots of WRF-Hydro compared to WRF and mean differences of these same 

variables, but for the high API days (API > 20mm in WRF-Ctrl. and WRF-Hydro), are shown in 

Figure 8. These plots demonstrate that adding WRF-Hydro increases soil moisture, particularly 

at elevations greater than 1000m. This is then associated with increased (decreased) latent heat 

(sensible heat) at similar elevation ranges, but with a peak at approximately 1500m. Thus, at 

these middle elevations, WRF-Hydro is associated with the greatest propensity to increase latent 

heat flux from the surface. The additional runoff from WRF-Hydro is seen most in the grid 

points with the highest percentiles of soil moisture and latent heat (lowest percentiles of sensible 

heat), suggesting that the effects of horizontal routing are the greatest in wetter soils. 

 As in Figure 8, the differences in soil moisture, latent heat, and sensible heat are plotted 

as a function accumulated surface runoff (Figure 9) and the difference in surface runoff between 

WRF-Hydro and WRF-Ctrl. (supplemental material). It is evident from these figures that soil 

moisture differences between WRF and WRF-Hydro are the greatest in areas with increased 
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surface runoff and specifically increased surface runoff caused by WRF-Hydro. This suggests 

that there is a clear relationship between the runoff that is added to the system through the 

recycling of water becoming surface runoff that is then redistributed across the land surface, 

which would otherwise be removed from the system in an offline Noah-MP configuration. This 

addition of water clearly impacts the surface energy budget, as can be seen in the latent and 

sensible heat plots in Figure 9 and in supplemental material. Further evidence of this relationship 

can be seen in in supplemental material, which suggests that areas with high runoff and runoff 

differences correspond to statistically significant areas with increased soil moisture in Figure 7. 

The surface runoff option for Noah-MP in these simulations is left at the default for WRF-Hydro 

(Runoff Option 3), such that the LSM does not generate additional runoff when the depth to 

groundwater is high. Furthermore, the infiltration equation in WRF-Hydro (Noah-MP) tends to 

increase the maximum infiltration when the soil moisture is high, leading to further increased 

soil moisture, a slight positive feedback. This infiltration scheme is discussed in section 6.3.2 of 

the Noah-MP model documentation (Yang et al. 2011). 

 Surface processes in the full atmospheric simulations (i.e. WRF control and WRF-Hydro) 

are less spatially continuous because of differences in the precipitation distribution from both 

atmospheric simulations; however, Figure 10 shows that WRF-Hydro consistently increases soil 

moisture compared to the control simulation for the entire NAM season and for selected days 

with high API. These differences on high API days are similar across all elevations, with no 

favored elevation range, such as in the uncoupled WRF-Hydro simulations. These soil moisture 

changes are consistent with changes in latent heating (Figure 11) in the WRF-Hydro simulations. 
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For the API days, when there is more widespread moisture in the system, latent heating increases 

by as much as 20 Wm-2 across much of the model domain. Decreases in sensible heat throughout 

the model domain are also widespread (Figure 12), likely due to increased partitioning of surface 

energy to latent heat from increased soil moisture. The changes in in latent and sensible heating 

are similar across all elevations, possibly suggesting that the changes to the precipitation 

distribution between the WRF models might mask out any favored elevation ranges for enhanced 

effects of hydrologic routing. All of these changes are field significant, to at least 80%, thus 

implying that horizontal routing from the coupled model does impact the soil moisture and the 

surface energy budget. 

b. Lower Atmosphere Variables 

 The effects on surface fluxes of adding surface routing to WRF through the WRF-Hydro 

model also impact the lower atmosphere, as 2m temperature is lower across central Arizona (for 

both the full NAM season and the selected high API days) (Figure 13 for high API days shown, 

and supplemental material for full NAM season). These changes are only statistically significant 

in a few areas on high API days. Similarly, specific humidity increases throughout most of the 

model domain (Figure 13), but these changes are only statistically significant over a small area 

on high API days. For high API days, temperature decreases by ~0.5 degrees C and specific 

humidity increases by 0.5 g kg-1 across much of the domain. Consistent with the latent heating, 

the magnitude of these changes is smaller during the full NAM season. This suggests that 
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redistribution of water across the land surface may be important for the lower atmosphere in this 

semi-arid environment, as was shown in the uncoupled simulations in Figures 7-9. 

c. Local Convective Environment 

 Increases to the modeled specific humidity from surface routing subsequently reduce the 

LCL height in the coupled simulation (Figure 13). The changes are somewhat spatially consistent 

on selected high API days, with decreases to the LCL height on the order of 100m across much 

of the domain, including central Arizona near the Phoenix metro area. Despite the small 

decreases in temperature, MUCAPE increases across much of the model domain, on the order of 

over ~50 J kg-1 over much of the state (Figure 13). These changes are statistically significant 

over a small area near the Phoenix Metro. These results imply that surface routing can potentially 

influence the NAM convective environment, increasing the thermodynamic instability of the 

atmosphere, particularly on days when antecedent soil moisture from prior precipitation is 

greater. Due to the high variance in MUCAPE from day to day, these changes are not statistically 

significant over most of the domain; however, a longer RCM simulation with more convective 

days may show greater coverage of statistically significant changes. 

d. Effects on Convective Propagation 

 Figure 14 shows the fractional differences of WRF-Hydro compared to control WRF-

ARW spectra for moisture flux convergence, as in Castro et al. (2005), where fractional 

difference (ΔSfrac) of two spectra (S) for a given wave number (k) is:  ΔS(k) = S(k)hydro/S(k)ctrl. – 

1. Fractional differences between WRF and WRF-Hydro for the three-hour intervals, starting at 
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12, 15, 18, 21, 00, and 03 UTC are shown in Figure 14, along with the bounds for statistical 

significance. As in Figure 2, these plots show wavelength on the x-axis, but change in 

organization on the y-axis, such that positive values indicate more organization with WRF-

Hydro, compared to WRF-Ctrl. Thus, higher values in Figure 14 conceptually indicate times and 

scales where WRF-Hydro enhances convective organization. The results from this figure suggest 

that the predominant scales of moisture flux convergence variability (on days with high 

MUCAPE and PW and no synoptic scale influences) are greater in WRF-Hydro, on the scale of 

5-10km, starting during the 15-17 UTC (8AM – 10 AM LST) interval. This grows up in scale 

with some statistically significant increases in moisture flux convergence at scales of ~100 km 

by the 21-22 (2 PM – 4 PM LST) interval. Spectral analysis of 500-hPa omega, another proxy 

for vertical motion yields similar results (see supplemental material). This suggests that the 

thermodynamic effects of hydrologic processes in the WRF-Hydro hydrologic model results in a 

higher propensity for convection to become more organized during the peak of the diurnal cycle, 

despite little change to the net amounts of precipitation in the system (Figure 4).  

 The addition of hydrologic routing does not change the time of maximum precipitation 

(Figure 4), however, analysis of the net change in precipitation throughout the diurnal cycle 

suggests that these changes to convective organization might impact the location of MCS 

precipitation later in the diurnal cycle. Figure 15 shows the change in precipitation between 

WRF control and WRF-Hydro at 6-hour intervals throughout the diurnal cycle. There is little 

consistent change from WRF-Hydro during the 12-18 UTC and 18-00 UTC times, but by 00-06 

UTC (after the changes in convective organization are seen in the model spectra), WRF-Hydro 
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favors more precipitation further West, and shows a decrease in some areas further East. Many 

of these changes are not statistically significant, and consequently not field significant (partly 

due to the high temporal variability of precipitation in both systems), so we caution that a longer 

simulation with more MCS events may be needed to verify these spatial patterns. 

5. Discussion 

 For this study, we have used a configuration of the WRF-ARW model that has been 

validated for research and quasi-operational forecasts for the NAM region (e.g. Luong et al. 

2017) and executed it as a Type-2 RCM (e.g. Castro et al. 2005) for two NAM seasons, both in a 

control configuration and configuration and coupled with the WRF-Hydro hydrologic model, to 

include surface and subsurface routing, in addition to vertical processes resolved by the Noah-

MP LSM. Despite both RCM simulations exhibiting similar temperature, specific humidity, and 

precipitation biases, compared to observations, to those documented in Luong et al. (2017), the 

models capture the diurnal cycle of organized propagating convection, as well as the spatial and 

temporal patterns of temperature, specific humidity, and soil moisture. Thus, we can establish 

both the control WRF and WRF-Hydro RCM simulations as trustworthy representations of the 

NAM system. 

 Using these model configurations, we have shown that including surface hydrology in the 

WRF-ARW model results in increased soil moisture, and therefore increased latent heating in the 

simulations of the NAM season. This increased soil moisture occurs in regions of the model 

domain, where surface runoff is the highest, suggesting that additional surface runoff (from 



 
 
 
 
 
 
 
 

212 

Noah-MP surface runoff being rerouted with WRF-Hydro) is the main cause of this change. This 

moistening of the land surface from WRF-Hydro is consistent with past studies that showed 

coupling WRF-Hydro to WRF also increases soil moisture, and subsequently latent heat (e.g. 

Arnault et al. 2016; Arnault et al. 2018; Rummler et al. 2019). Unlike the others, Arnault et al. 

(2016) performed their simulations in a small domain in West Africa, another semi-arid region. 

They also showed that changes to soil moisture influenced convective initiation and propagation. 

These findings are also similar to Johnson and Hitchens et al. (2018), who demonstrated that 

increasing soil moisture also influences dry line position, and subsequent convection. 

Accordingly, we have shown that the addition of WRF-Hydro increases (decreases) surface 

specific humidity (temperature), and results in a more unstable convective environment that is 

more favorable for propagating convection. While these changes are not statistically significant, 

they do impact convective initiation and organization. WRF-Hydro is associated with statistically 

significantly greater organization of moisture flux convergence at the peak of the diurnal 

convective cycle, and appear may also change the spatial distribution of MCS propagation later 

in the diurnal cycle (after 00 UTC) (Figure 15).  

 We caution that a longer analysis period may be needed to evaluate these effects as they 

are superimposed on climate variability and change (e.g. Castro et al. 2007). Lahmers et al. 

(2019) suggests that WRF-Hydro, configured as the NWM, is associated with a high bias of soil 

moisture when forced with NCEP Stage-IV precipitation, and the tendency of WRF-ARW to 

produce too much precipitation is also well documented (e.g. Luong et al. 2017). Thus, these 

impacts of WRF-Hydro on surface routing may be treated as theoretical and should be 
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interpreted with caution. To quantify the precise impact of surface routing in a coupled WRF-

Hydro simulation, calibration of the WRF-Hydro hydrologic model, including soil moisture (e.g. 

Xiang et al. 2017) and the LSM configuration (e.g. Santanello et al. 2013) is needed. Even a 

rigorous calibration of the hydrologic model would be limited by the biases of the precipitation 

forcing, which will inevitably impact the water balance of the system. For example, Lahmers et 

al. (2019) showed that high bias of the NCEP Stage-IV data did impact the final calibrated water 

balance, by increasing existing high ET biases in WGEW to eliminate high streamflow bias. 

Despite these limitations of our model configuration, these results still suggest that surface 

routing has some impact on the distribution of soil moisture, which in turn impacts the lower 

atmosphere (e.g. Maxwell et al. 2011).  

6. Conclusions 

 We have shown that coupling a WRF-ARW configuration, for the NAM convective 

environment to the uncalibrated WRF-Hydro (version 3.0) hydrologic model results in 

widespread increases to soil moisture, and this increases latent heating, leading to a more 

unstable convective environment. The increased soil moisture is caused by water that is 

otherwise removed from Noah-MP as runoff being rerouted as runoff in the WRF-Hydro model. 

These changes to the WRF-ARW configuration cause convection to become more organized at 

the peak of the diurnal cycle. Further analysis using a longer RCM simulation and a calibrated 

hydrologic model is needed to further verify and quantify these influences. Future work could 

include dynamically downscaling the Liu et al. (2017) dataset to the ~1-km scale to evaluate 
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these trends. Spatial regularization (e.g. Dugger et al. 2017) that is currently being tested with the 

WRF-Hydro model for CONUS scale forecasts could be used to generate a physically realistic 

parameter set for such a configuration, as well as evaluating the LSM configuration (e.g. 

Santanello et al. 2013). 
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Tables 

Table 1: WRF-ARW parameterization settings for the RCM simulation of the 2017 Warm 
season. Note that a cumulus parameterization is not used for model domains 2 and 3, which 
are executed with CPM grid resolution. WRF-ARW namelist options for selected schemes 
are shown in parentheses. 
Physics Module Scheme (option) 

Microphysics New Thompson et al. (8) 

Longwave Radiation New Rapid Radiative Transfer Model (4) 

Shortwave Radiation New Rapid Radiative Transfer Model (4) 

Surface Layer Eta Similarity (2) 

Land Surface Noah-MP (4) 

Urban Surfaces Urban Canopy Model (1) 

Planetary Boundary Layer Mellor-Yamada-Janjic (2) 

Cumulus Parameterization  Kain–Fritsch (1) 
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Figure 1: Illustration of the uncoupled WRF-Hydro Hydrologic Model structure (top) and 
analysis domain (bottom). The Noah-MP LSM and routing grid columns are shown in the 
top right of the figure. Water from the base flow bucket model (not used) and surface 
runoff from the terrain routing grid are both returned to the channel network (left). Nested 
grids sizes are 10-km (RCM grid) for D01, 3-km for D02, and 1.5-km for D03. For 
reference, the Gila River basin domain (with HUC-8 sub-basins) is shown in brown.
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Figure 2: Area averaged precipitation (top) and Antecedent precipitation index (API; 
bottom) for the uncoupled WRF (blue) and coupled WRF-Hydro (red). The 2017 (2018) 
NAM season is shown on the left (right). Spectral power of WRF-Ctrl. (blue), WRF-Hydro 
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(red), and Stage-IV observations (black) between 10 and 100km for 18-20 UTC and 21-23 
UTC are plotted in the bottom left and right panels, respectively.	  
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Figure 3: WRF-Hydro (top left) and regridded SMAP-Sentinel observed (top right) soil 
moisture (at equivalent time steps) are plotted. The correlation coefficient between 
observed and WRF-Hydro modeled soil moisture is shown in the bottom left. Differences 
between WRF-Hydro and observations are plotted in the bottom right panel as percent 
bias.  
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Figure 4: Difference between WRF-Hydro and regridded NCEP Stage-IV (top left)  
precipitation are plotted. The correlation coefficient between WRF-Hydro and NCEP 
Stage-IV precipitation is plotted in the middle left panel. The difference between these 
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simulations is plotted in the bottom left panel, and 90 percent statistical significance is 
plotted with solid (positive) and dashed (negative) lines. The time of the peak precipitation 
for NCEP Stage-IV (top right), WRF-ARW (middle-right) and WRF-Hydro (bottom right) 
are plotted, with time shown in top right panel.   



 
 
 
 
 
 
 
 

235 

 

 

 
Figure 5: WRF-Hydro percent bias (left) and correlation coefficient (right) between 
modeled and observed variables at NCEI stations throughout the model domain. Variables 
include precipitation (top), temperature (middle) and specific humidity (bottom). Hourly 
data and observations are used for all variables, except precipitation, where 5-day 
smoothing is applied to daily averages when computing correlation coefficient.   

  



 
 
 
 
 
 
 
 

236 

 
Figure 6: WRF-Ctrl. (red), WRF-Hydro (blue), and observed (black) mixing diagrams (as 
in Santanello et al. 2013) for Tucson International Airport (top left), Phoenix Sky Harbor 
Airport (top right), Lucky Hills (middle left), Kendall Grassland (middle right), Santa Rita 
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Grassland (bottom left), and Santa Rita Mesquite Savannah (bottom right) stations. Mixing 
diagrams plot the change in energy from latent heat (x; specific humidity multiplied by 
latent heat of vaporization; Q*LV) compared to change in  energy from latent heat (y; 
temperature (K) multiplied by specific heat; T*cp) on days with a modeled API of at least 
20mm. All units are in J/kg. 	 	
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Figure 7: WRF-Hydro offline soil moisture (top left) and the difference between offline 
WRF-Hydro and Noah-MP soil moisture (top right) are plotted. The same, but for latent 
heat (Wm-2) and sensible heat (Wm-2) are plotted in the middle and bottom panels, 
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respectively. The 90 percent statistical significance is plotted with solid (positive) and 
dashed (negative) lines. Field significance is plotted in the lower left corner of the difference 
plots.	
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Figure 8: The top left panel shows box plots for WRF-Ctrl. (right box; blue) and WRF-
Hydro (left box; red) soil moisture at elevation ranges ending at the elevations shown for 
high API days (API > 20mm). Differences in the mean soil moisture by elevation are shown 
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in the top right panel. The same, but for latent heat (Wm-2) and sensible heat (Wm-2) are 
plotted in the middle and bottom panels, respectively. 
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Figure 9: The top left panel shows box plots for WRF-Ctrl. (right box) and WRF-Hydro 
(left box) soil moisture at WRF-Hydro runoff ranges for high API days (API > 20mm). 
Differences in the mean, median, lower quartile, upper quartile, 10th percentile, and 90th 
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percentile soil moisture by elevation are shown in the top right panel. The same, but for 
latent heat (Wm-2) and sensible heat (Wm-2) are plotted in the middle and bottom panels, 
respectively.  
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Figure 10: WRF-Hydro soil moisture (top left) and the difference between WRF-Hydro 
and WRF-Ctrl. soil moisture (top right) are plotted. The same quantity but for convective 
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days with a domain-wide API of at least 20 mm are plotted in the middle panels. 90 percent 
statistical significance is plotted with solid (positive) and dashed (negative) lines. Field 
significance is plotted in the lower left corner of these plots. The bottom left panel shows 
box plots for WRF-Ctrl. (right box; blue) and WRF-Hydro (left box; red) soil moisture (as 
in Figure 8). Differences in soil moisture by elevation are shown in the bottom right panel. 
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Figure 11: As in Figure 8, but for Latent Heat (Wm-2). 
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Figure 12: As in Figure 8, but for Sensible Heat (Wm-2). 
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Figure 13: WRF-Hydro averages for high API (API > 20mm) days (left) and differences 
between WRF-Hydro and WRF-Ctrl (right). 90 percent statistical significance is plotted 
with solid (positive) and dashed (negative) lines. Field significance is plotted in the lower 
left corner of these plots.  Variables, from top to bottom include: 2m Temperature (Degrees 
C), Specific Humidity (gkg-1), LCL Height (m), and MUCAPE (Jkg-1).	
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Figure 14: Fractional difference of moisture flux convergence spectra (WRF-Hydro and 
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WRF-Ctrl.) (blue) and 5th (green) and 95th (red) percentile bounds for statistical 
significance, computed with Monte Carlo substitution. 12-14 UTC (top left), 15-17 UTC 
(middle left), 18-20 UTC (bottom left), 21-23 UTC (top right), 00-02 UTC (middle right), 
and 03-05 UTC (bottom right) time steps are shown.	
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Figure 15: The difference between WRF-Hydro and WRF-Ctrl. precipitation, with 90 
percent statistical significance, for the 12-18 UTC (top left), 18-00 UTC (top right), 00-06 
UTC (bottom left), and 06-12 UTC (bottom left) time steps is plotted. 90 percent statistical 
significance is plotted with solid (positive) and dashed (negative) lines.	
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8. Supplemental Material 

Supplemental Material for the manuscript “Effects of horizontal redistribution of surface 

fluxes for a coupled atmospheric and hydrologic model” 

Authors: Timothy M. Lahmers, Christopher L. Castro, and Pieter Hazenberg 

I. Control WRF-ARW Simulation Soil Moisture and Precipitation Performance 

Figure 1 shows the soil moisture bias of WRF-Ctrl. compared to SMAP sentinel soil 

moisture, at available times. This is comparable to Figure 3 of the full manuscript, and it 

demonstrates that both simulations have a high soil moisture bias, although WRF-Ctrl. to a lesser 

extent than WRF-Hydro. This high bias of WRF-Hydro was also documented in Lahmers et al. 

(2019). Differences in correlation coefficient that were determined to be statistically significant 

from a 500-iteration permutation test are also shown in Figure 1. This demonstrates that 

correlation coefficient of soil moisture is not changed from the addition of WRF-Hydro, as there 

are no spatially consistent patterns. Figure 1 also shows the WRF-Ctrl. precipitation bias and 

correlation coefficients. As in Figure 4 of the full manuscript, it demonstrates the consistent high 

bias of precipitation, but also high correlation for WRF-Ctrl., compared to NCEP Stage-IV 

precipitation. These results are similar to those of the coupled WRF-Hydro simulation. 

II. Control WRF-ARW Surface Variables 

Figure 2 of this document is equivalent to Figure 5 of the full manuscript, except that it 

shows the surface skill scores for WRF-Ctrl. (rather than WRF-Hydro) compared to surface 

observations. As in WRF-Hydro there is a widespread high precipitation bias, except at a few 

stations, and this is consistent with the NCEP Stage-IV precipitation biases shown above. Like 
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WRF-Hydro, WRF-Ctrl is associated with high (low) specific humidity (temperature) biases 

across the domain. Both WRF-Hydro and WRF-Ctrl. have high 5-day precipitation correlation 

coefficients, as well as hourly temperature and specific humidity correlation coefficients. This 

demonstrates that WRF-Ctrl. (in addition to WRF-Hydro) does reasonably capture the North 

American Monsoon (NAM) evolution and diurnal cycle, despite some systematic biases. 

III. Surface Energy Budget Terms at Flux Tower Sites 

 WRF-Hydro and WRF-Ctrl. latent heat and sensible heat fluxes, compared with flux 

tower observations, are shown in Figure 3 and Figure 4, respectively. These results show that 

both WRF-Ctrl. and WRF-Hydro have high sensible and latent heat biases, particularly during 

the peak of the diurnal cycle, and likely indicating excess net radiation in the WRF model. The 

addition of WRF-Hydro caused more energy to be partitioned to latent heating, due to added soil 

moisture, as shown in the full manuscript. As a result, WRF-Hydro is associated with increased 

(decreased) latent heat (sensible heat) bias. These results vary across all the flux tower sites, with 

Santa Rita Mesquite Savannah being associated with the least latent heat bias and Kendall 

Grassland exhibiting the most. These variations from site to site may also be associated with 

local differences in model precipitation, as Figure 1 of this document and Figure 4 of the full 

manuscript show some variability in precipitation biases across the high terrain across southern 

Arizona. 

IV. Impacts of Hydrologic Modeling on Convective Variables for the Full Season  

 Figure 5 of this document is equivalent to Figure 12 in the full manuscript, but for the full 

NAM season. Figure 5 demonstrates that the addition of hydrologic routing (i.e. WRF-Hydro) 
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increases (decreases) specific humidity (temperature); however, these changes are small 

compared to those of the high API days and are not statistically significant. Furthermore, WRF-

Hydro is also associated with slight decreases to the LCL height, making the atmosphere more 

unstable so that CAPE also increases. As the average changes across the NAM season are small, 

this demonstrates that the impacts of surface routing are more likely to be realized after high 

precipitation events, when soil moisture is greater. While the changes in these figures are small, 

they demonstrate that the sensitivity of the atmospheric simulation to horizontal routing is 

generally limited, except when there is substantial antecedent soil moisture (i.e. high API). 

V. Spectral Analysis of 500-hPa Omega 

 Figure 6 of this document is the same as Figure 14 of the full manuscript, but for 500-hPa 

Omega, a proxy for vertical motion. This figure shows fractional differences between WRF-

Hydro and WRF-Ctrl. for this variable, and it demonstrates marginally statistically significant 

increases starting in the 18-20 UTC time slot on the scale of ~100 km. As with the moisture flux 

convergence spectra, this grow up scale to ~250 km by the 21-23 UTC time slot, near the peak of 

the diurnal cycle. Changes beyond this time are not statistically significant. While these results 

are less pronounced compared to Figure 14 of the manuscript, they demonstrate further evidence 

of the enhanced thermodynamics associated with WRF-Hydro increasing the magnitude of 

convective organization at the peak of the diurnal cycle.  



 
 
 
 
 
 
 
 

256 

VI. Analysis of Soil Moisture and Runoff Relationships in Uncoupled Simulations 

 Figure 7 of this document, as in Figure 9 of the full manuscript demonstrates that areas 

with increased runoff from WRF-Hydro (compared to WRF-Ctrl.) are associated with increased 

soil moisture. This affects the surface energy budget, such that more water is partitioned to latent 

heating, at the expense of sensible heating (Figure 7). 

Figure 8 of this document shows surface runoff from WRF-Hydro and added surface 

runoff from offline WRF-Hydro compared to Noah-MP. These plots may be compared with the 

differences in soil moisture from WRF-Hydro in Figure 7, where areas associated with increased 

soil moisture are also associated with high surface runoff and increased surface runoff from 

WRF-Hydro. This shows areas with increased soil moisture are also associated with added runoff 

from WRF-Hydro. 
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Figure 1: Difference between WRF-Ctrl. and regridded NCEP Stage-IV (top left)  
precipitation are plotted. 90 percent statistical significance is plotted with solid (positive) 
and dashed (negative) lines. The correlation coefficient between WRF-Ctrl. and Stage-IV 
precipitation is plotted in the top right panel. Differences between WRF-Ctrl. and SMAP 
soil moisture observations are plotted in the bottom left panel as percent bias. The 
difference in correlation coefficient (in areas that are statistically significant) between 
modeled and observed soil moisture (WRF-Hydro – WRF-Ctrl.) are plotted in the bottom 
right panel. 
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Figure 2: WRF-Ctrl. percent bias (left) and correlation coefficient (right) between modeled 
and observed variables at NCEI stations throughout the model domain. Variables include 
precipitation (top), temperature (middle) and specific humidity (bottom). Hourly data and 
observations are used for all variables, except precipitation, where 5-day smoothing is 
applied to daily averages when computing correlation coefficient.   
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Figure 3: The diurnal cycle for latent heat for station API days of at least 20 mm is plotted. 
Stations include Lucky Hills (top left), Kendall Grassland (top right), Santa Rita Grassland 
(bottom left), and Santa Rita Mesquite Savannah (bottom right). Datasets include 
observations (black), WRF-Ctrl. (blue) and WRF-Hydro (green). A red line shows the 
difference between WRF-Hydro and WRF. Model time series are marked with an 
additional “X” if they are statistically significantly different from the observations. 
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Figure 4: As in Figure 3, but for sensible heat. 
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Figure 5: WRF-Hydro averages for the full analysis period (June 15 – September 14) (left) 
and differences between WRF-Hydro and WRF-Ctrl (right). 90 percent statistical 
significance is plotted with solid (positive) and dashed (negative) lines. Field significance is 
plotted in the lower left corner of these plots.  Variables, from top to bottom include: 2m 
Temperature (Degrees C), Specific Humidity (gkg-1), LCL Height (m), and MUCAPE (Jkg-

1).	
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Figure 6: Fractional difference of 500 hPa Omega spectra (WRF-Hydro and WRF-Ctrl.) 
(blue) and 5th (green) and 95th (red) percentile bounds for statistical significance, 
computed with Monte Carlo substitution. 12-14 UTC (top left), 15-17 UTC (middle left), 
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18-20 UTC (bottom left), 21-23 UTC (top right), 00-02 UTC (middle right), and 03-05 UTC 
(bottom right) time steps are shown.  
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Figure 7: The top left panel shows box plots for WRF-Ctrl. (right box) and WRF-Hydro 
(left box) soil moisture at WRF-Hydro runoff ranges for high API days (API > 20mm). 
Differences in the mean, median, lower quartile, upper quartile, 10th percentile, and 90th 
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percentile soil moisture by elevation are shown in the top right panel. The same, but for 
latent heat (Wm-2) and sensible heat (Wm-2) are plotted in the middle and bottom panels, 
respectively. 
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Figure 8: The top left panel shows box plots for WRF-Ctrl. (right box) and WRF-Hydro 
(left box) soil moisture at WRF-Hydro – WRF. Ctrl. runoff difference ranges for high API 
days (API > 20mm). Differences in the mean, median, lower quartile, upper quartile, 10th 
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percentile, and 90th percentile soil moisture by elevation are shown in the top right panel. 
The same, but for latent heat (Wm-2) and sensible heat (Wm-2) are plotted in the middle 
and bottom panels, respectively. 
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Figure 9: WRF-Hydro offline accumulated runoff (left) and the difference between offline 
WRF-Hydro and Noah-MP accumulated runoff (right) are plotted. 
 
 
 


