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SUPPORTING TEXT 

 

SI-1. Precipitation–Runoff Modeling System (PRMS)  

PRMS was selected for this study because it is widely used, open source, connects hydrologic 

processes and their governing equations to physical characteristics, represents spatial variability 

in system properties, and generates hydrologic responses at appropriate temporal scales 

(Leavesley et al. 1983; Markstrom et al. 2015). PRMS uses a series of linked equations that are 

organized into modules; each module represents a distinct hydrologic reservoir and its associated 

hydrologic properties and processes (note that the snow module is omitted for this study; Fig. 

S8) (Leavesley et al. 1983; Knapp et al. 1991; Markstrom et al. 2015). The parameters assigned 

to each hydrologic response unit (HRU) operate on the governing equations in the PRMS 

modules to describe the hydrologic responses of each reservoir, thereby determining how storage 

and flows are partitioned between reservoirs within the HRU, between adjacent HRUs, and 

between HRUs and stream channels.  

 

Of the reservoirs for which PRMS simulates storage and flow, soil is the most complex, 

comprising the upper capillary, lower capillary (together forming the capillary reservoir, or 

CPR), gravity (GVR), and preferential flow (PFR) reservoirs (Fig. S9). Although the four main 

soil reservoirs are conceptualized as being arranged vertically (e.g., Markstrom et al., 2008; their 

Fig. 19), they are physically conceived to coexist throughout each HRU (Fig. S9). During each 

time step, water is input to an HRU as precipitation and as inflow from adjacent HRUs if there 

are connections or “cascades” (as described in Section SI-2). Some of this water may run off 
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immediately, depending on land use and soil characteristics, but remaining water can flow into 

each of the four soil reservoirs—either directly, from cascading HRUs, or as a flux between 

reservoirs. Soil zone parameters, which include linear and non-linear coefficients for water 

routing regression equations, define the storage and flux characteristics of these four soil 

reservoirs. The following paragraph is a brief overview of this water routing process. 

 

Water is delivered to the soil layer as precipitation throughfall and/or Hortonian runoff from 

upslope HRUs. Hortonian runoff is overland flow that occurs when precipitation intensity 

exceeds soil infiltration capacity (Horton 1933). The model first apportions some of this water as 

Hortonian runoff. The remaining water can infiltrate into the soil (“soilzone” in PRMS 

documentation), where it is initially divided between the PFR and the CPR. The PFR is the 

fraction of the soil containing preferential flow channels. Water in the PFR can exit either as fast 

interflow or as Dunnian runoff once the PFR becomes saturated. Dunnian runoff is overland flow 

that occurs when shallow soils are fully saturated, thus preventing further infiltration (Dunne and 

Black 1970); interflow is water that flows downslope through the vadose zone and is enhanced 

when deeper percolation is impeded (Wetzel et al. 1996; Du et al. 2016). The CPR extends to the 

vegetation rooting depth and accounts for that fraction of soil moisture between the wilting point 

and field capacity, where water is bound in the soil matrix by capillary forces and available for 

both evaporation and transpiration (upper capillary zone) or transpiration only (lower capillary 

zone). In addition to infiltration, the CPR also receives input as interflow and/or cascading 

Dunnian runoff from upslope HRUs. When the water content in the CPR reaches field capacity, 

any additional water is passed onto the GVR, which extends to the full soil depth and comprises 

the fraction of soil water between field capacity and porosity. Water in the GVR is not bound in 
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the soil matrix and can exit as slow interflow or as gravity drainage (recharge) to the 

groundwater reservoir. When saturated, additional input to the GVR is delivered to the PFR. 

Finally, when the PFR becomes saturated, any additional water becomes Dunnian runoff.  

 

SI-2. Hydrologic Response Units (HRUs) and cascades 

SI-2.1 Delineating HRUs 

To delineate HRUs, we divided the PVDB into small sub-watersheds, working from a regional, 

3-m resolution digital elevation model (DEM). We assembled the DEM data from USGS (USGS 

2014) and the Association of Monterey Bay Area Governments (AMBAG 2014), patching small 

gaps as needed with a USGS 10-m DEM (Fisher et al. 2017). We calculated flow directions and 

flow accumulation for each pixel and created a network of “virtual drainage channels” (VDCs) 

based on an accumulation threshold; HRUs were delineated as topographically defined polygons 

that drain into individual VDC segments. The VDC network was edited to remove channels 

inconsistent with field stream network data; editing was also needed where agricultural or 

municipal activities divert surface flows. The threshold to define VDCs was adjusted to generate 

appropriately-sized HRUs, dividing or merging HRUs as needed so that all would have areas of 

0.1–1.0 km2. This procedure resulted in 1025 HRUs with an average area of 0.53 km2 (Fig. 1c). 

There is technical  literature concerning the impact of grid or HRU size on spatial interpretation 

of precipitation data and on simulated runoff (e.g., Molnar and Julien 2000; Chaplot 2005; 

Habtezion et al. 2016; Ichiba et al. 2018). Most other studies that have used PRMS to simulate 

catchment runoff use larger HRUs than applied in the present study (e.g., Islam et al. 2012; Fang 

et al. 2015; Dams et al. 2015; Yazzie and Chang 2017; Ahmadalipour et al. 2017). As discussed 
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in the main text and later in this supplement, the HRU size used for the present study is 

consistent with both typical drainage areas supporting individual DSC-MAR projects, the 

resolutions of daily PRISM climate data, and the availability of soils, vegetation, and other data 

needed by PRMS. 

 

SI-2.2 HRU cascades 

In practice, many VDCs do not correspond to mapped (“blue-line”) streams, and thus many 

HRUs do not contain blue-line stream segments. Two simulation modes are available in PRMS 

to represent possible connections between HRUs and the stream network. When PRMS is run 

with “cascades on,” water is routed from one HRU to the downslope HRU until a blue-line 

stream segment is reached. When PRMS is run with “cascades off,” water leaving an HRU is 

immediately routed to the stream network. Results from running PRMS with cascades on allow 

assessment of runoff accumulation in each HRU, including flows from upstream HRUs, and is 

important for calibration and validation. This mode is also useful for assessing the total amount 

of runoff that might be available for MAR in an HRU. In contrast, running PRMS with cascades 

off allows evaluation of how much hillslope runoff is generated independently within each HRU, 

without double-counting runoff that flows across multiple HRUs. PRMS was run in both modes 

to allow different questions to be answered for this study.  

 

Large, topographically delineated HRUs common to many PRMS models typically contain well-

developed stream channels—sections of the watershed’s stream network—to which they transfer 

outflow. As a modeling approximation, when the outflows from an HRU are passed to these 

channels in PRMS (referred to as “channelized runoff”), these flows remain confined to the 
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stream network and no longer interact with the HRU landscape. In contrast, small HRUs might 

not contain physical channels and the outflows from these HRUs can move to downslope regions 

over and through the landscape as hillslope runoff, rather than immediately to the stream 

network. Running PRMS with cascades on simulates this process by permitting HRU outflows to 

transfer to downslope HRUs before reaching a blue-line stream. Additionally, topographically-

delineated HRUs enable cascade connections between HRUs to be accurately modeled, as each 

HRU has only one hydrologic outflow location. With cascades on, some of the upslope runoff 

aggregates directly with the runoff generated by the downslope HRU; the rest increases the 

downslope HRU’s soil moisture content, contributing to subsequent runoff generation (Fig. S9). 

By aggregating flow between HRUs, cascades on allows users to determine the total runoff 

available as outflow from each HRU. 

 

SI-2.3 HRU property assignments 

Soils data were acquired from the Soil Survey Geographic database (USDA 2014a), whereas 

vegetation and land-use data were assembled from the U.S. Department of Agriculture (USDA) 

Forest Service Classification and Assessment with LANDSAT of Visible Ecological Groupings 

project (USDA 2014b), augmented by the National Agricultural Statistics Service Cropland Data 

Layer (USDA 2015). To calculate representative soil parameter values for each HRU, data were 

weighted based on the fractional area of each soil unit present within the HRU. Similarly, 

vegetation parameter values were weighted by fractional area and vegetation density (Figs. S10, 

S11). PRMS allows delineation of five vegetation types: coniferous, trees, shrubs, grasses, and 

bare soil. Vegetation data also informed other parameters, including rooting depth, interception 

capacity, and vegetation density. There is no vegetation type designed to represent agriculture, so 
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vegetation types were assigned that were most appropriate to the crop type (e.g., strawberries and 

raspberries = shrubs; orchards = mixed forest; Table S2). Annual crops were assigned shallower 

rooting depths than established vegetation; for example, native shrubs averaged a rooting depth 

of 2.0 m (Schenk and Jackson 2002), whereas agricultural shrubs were assigned 0.7 m based on 

local crop data (Santa Cruz County 2016). Monthly PET parameters were assigned based on the 

patterns of monthly PET recorded at California Irrigation Management Information System 

(CIMIS) weather stations in the drainage basin (Fig. 1b) (California DWR 1998). Several 

parameters, including soil routing parameters, were assigned the same value for all HRUs. This 

was done because there was not ample data available to inform spatial variability in numerous 

soil routing coefficients. Additionally, basin-wide homogenization of these parameters delivered 

better calibration and validation results than attempts to calculate HRU-specific routing 

coefficients. 

 

SI-3. Calibration and validation 

SI-3.1. Calibration procedure 

Catchment-scale models are frequently calibrated using runoff in streams because channel 

discharge data are readily available and integrate basin-wide processes. Channel discharge 

includes inputs from baseflow and runoff, and the latter can be subdivided into interflow 

(quickflow; Du et al. 2016), Hortonian (Horton 1933), and Dunnian (Dunne and Black 1970) 

terms. PRMS distinguishes between these flows, but as USGS gauge data reports total 

streamflow, calibration and validation were conducted using the combination of baseflow, 

interflow, and surface runoff outputs from the model. 
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Calibration was accomplished using the following multi-objective, iterative calibration procedure 

based on monthly and annual data (Markstrom et al. 2015): (1) calibrate monthly solar radiation; 

(2) calibrate monthly PET; (3) calibrate annual streamflow; (4) calibrate monthly streamflow, 

with an emphasis on peak event timing and seasonal hydrograph shape; (5) repeat steps 3 and 4 

as needed. Steps 1 and 2 focused on specific parameters related to solar radiation and ET 

modules, whereas steps 3 and 4 required a sensitivity analysis to determine the parameters most 

important for streamflow calibration. The primary parameters adjusted for step 3 were routing 

coefficients related to groundwater. For step 4 we focused on soil reservoir and routing 

parameters (Table S1 identifies all calibrated parameters and the ranges tested). For many soil 

parameters, including those that represent soil water-holding capacity and routing to 

groundwater, we estimated initial values for each HRU based on known properties. For example, 

initial values for the maximum water-holding capacity below field capacity were calculated as 

the product of the soil’s available water-holding capacity (AWC) and the rooting depth of 

dominant vegetation. To calibrate these parameters, we scaled the initial values by a constant 

factor to preserve the relative differences between HRUs based on available data. We also 

considered the shape of the annual channel hydrograph following the end of the rainy season, 

aiming to replicate the pattern of water released from hillslopes upstream of the stream gauge. 

 

Calibration and validation were evaluated using the Nash-Sutcliffe Efficiency (NSE) (Gupta and 

Kling 2011) and normalized root mean square error (NRMSE). NSE was calculated as: 

Eq. 1          

Higher NSE values (closer to 1) indicate a stronger fit. NRMSE was calculated as: 
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Eq. 2           

where t = time index, N = number of data points, qo = observed value at time t, qs = simulated 

value at time t, µo = mean of observed data, qo
max = maximum observed value, and qo

min = 

minimum observed value. Lower NRMSE values indicate a stronger fit. 

 

SI-3.2. Limitations of calibration: Time steps and available data 

In this study, we assessed aggregate runoff over seasonal timescales as potential supply for 

groundwater recharge and compared seasonal runoff generation at different locations. We did not 

seek to simulate high-temporal-resolution catchment response (i.e., the quantity of runoff 

generated during individual storm events). Thus, monthly and annual simulation results were 

used for calibration and validation, a choice that is consistent with many other applications of 

PRMS (Jung et al. 2012; Huang et al. 2013; Fang et al. 2015) and with the temporal resolution of 

available precipitation data for the study region (Daly et al. 2008; Thornton et al. 2018). 

 

Calibration and validation on daily runoff for these simulations was unfeasible for several 

additional reasons. First, there are variable times at which meteorological stations used to 

generate PRISM data sets divide precipitation into daily events (e.g., 12:00-to-12:00 versus 

00:00-to-00:00 or 09:00-to-09:00), resulting in a systematic mismatch between daily 

precipitation intensities. For example, Figs. S12 and S13 display the difference between rain 

gauge data and collocated PRISM data from Ben Lomond, CA and Santa Cruz, CA, sites located 

close to the PVDB but with somewhat greater annual rainfall. Comparison of observed and 
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PRISM precipitation values indicates a mismatch between start and end times for each day, with 

nearly symmetrical, equal and opposite differences between consecutive days (Fig. S12). 

Comparison of cumulative precipitation values for these example sites demonstrates that PRISM 

datasets give reasonable values compared to observations when aggregated over multiple days 

(Fig. S14), suggesting that longer time periods are more appropriate for calibration. If one 

wished to calibrate runoff simulations using daily streamflow data, this would require much 

higher temporal resolution in meteorological data (hourly or 15-minute).  

 

In addition, daily time discretization for climate input artificially reduces the intensity of the 

largest (and most important) precipitation events because, even during days-long storms, 

precipitation tends to be most intense for minutes or hours at a time. Peak rainfall intensity thus 

tends to be underestimated in daily precipitation records. As a result, soil saturation is reduced, 

creating conditions which favor infiltration and subsurface flows (interflow, gravity drainage, 

and baseflow) over more rapid Dunnian surface runoff and, ultimately, a slower simulated 

channel response for a given rainfall event. The influence of these factors is reduced by 

calibration over longer time periods. Consequently, calibration in this study using monthly and 

annual runoff is conservative from the perspective of assessing water resources available for 

stormwater collection for managed recharge (a primary goal) and will tend to underpredict peak 

event runoff observed in stream channels. As an additional consideration, most precipitation 

gauges used to generate daily, spatially continuous PRISM data were unshielded, which also 

tends to result in the under-measurement of the largest, most intense rainfall events. This is a 

particular problem in locations where most rainfall occurs during a small number of windy 

storms, as in the current study region. Thus, the daily PRISM records likely underestimated the 



11 
 

magnitude of the largest storms, which generated the most runoff; again, this means that 

simulation results should be conservative in terms of resources available for DSC-MAR.  

  

As a practical matter, transient numerical models should be run using a time step that is 

significantly shorter than the timescale of the response of interest (for both calibration and 

forecasting). This is why it is common that hydrologic models are calibrated and validated using 

time intervals that are longer than the time steps used to run simulations (Bauwe et al. 2017; 

Nelson et al. 2017; Sunde et al. 2018). Therefore, calibrating, validating, and analyzing for daily 

channel flow would require running the model with timesteps of hours or less; but as noted 

above, input data covering the requisite time period and spatial resolution are not available for 

this study region at temporal resolution finer than one day.  
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SUPPORTING FIGURES & TABLES 

 

 

Fig. S1 Cumulative distribution function for 33 water years of PRISM data 

Water years used for dry (pink), normal (green), and wet (blue) climate scenarios are indicated 
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Fig. S2 Model calibration and validation  

a Simulated annual streamflow vs. observed annual streamflow for 14 calibration years (blue, WY1988–01) and 13 validation years 

(pink, WY2002–14) 

b Monthly observed and simulated streamflow for 14 calibration years (WY1988–01) 

c Monthly observed and simulated streamflow for 13 validation years (WY2002–14)
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Fig. S3 PET and solar radiation calibration for three weather stations
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Fig. S4 Comparison of field data and model predictions at the same location for three dry 

water years 

Total annual runoff (predicted by the model or measured in the field) is plotted against total 

annual rainfall (from the PRISM dataset or measured in the field) 
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Fig. S5 Monthly basin-average precipitation and runoff generated for each climate scenario 

with pre-development land use 

a–c Runoff data (solid bars) is overlain on top of precipitation data (open bars) for five water 

years of each climate scenario (starting 1 October and ending 30 September) 

d RPR plotted against total rainfall for that month 

e RPR plotted against rainfall in the previous month
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Fig. S6 During drier climate scenarios, the majority of runoff generation tended to be concentrated over a smaller area than 

during wetter scenarios 

a–c Box and whisker plots showing the distribution of mean annual precipitation, runoff generation, and RPR by HRU for 

contemporary land use 

d Distribution of runoff produced by land area for these scenarios 
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Fig. S7 Distribution of mean annual precipitation for the three climate scenarios 
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Fig. S8 PRMS hydrologic flow routing processes and reservoirs with snowpack (left) and 

without snowpack, as run in the present study (right) 

Modified from Markstrom et al., 2015 

 

 

Fig. S9 PRMS soil reservoirs and soil flow routings 
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Fig. S10 Distribution of selected parameters to each HRU 

a HRU map showing vegetation density. Red square shows zoomed region in parts d & e  

b HRU map showing impervious area 

c HRU map showing soil sand content 

d HRUs (white lines) overlain on USDA dataset colored by vegetation density, with same color 

scale as a 

e Same HRUs with area-weighted vegetation density values, with same color scale as a 
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Fig. S11 Additional example parameter assignments by HRU 
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Fig. S12 Daily difference between PRISM and station precipitation data for WY2001 at 

Ben Lomond (top) and Santa Cruz (bottom) 

Station locations (yellow circles) are shown in inset map along with representative regional 

stations (black crosses) used to generate the daily, 800-m PRISM data product. WRCC data are 

from individual precipitation gauges, whereas PRISM data are for the same location from the 

800-m dataset. The differences were calculated as station data minus PRISM data. (Data from 

WRCC 2015a, b; PRISM Climate Group 2016) 
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Fig. S13 Plots depicting the daily difference between PRISM and station precipitation data 

at Ben Lomond (top) and Santa Cruz (bottom) over WY1988–2001 

WRCC data are from individual precipitation gauges, whereas PRISM data are for the same 

location from the 800-m dataset. The differences were calculated as station data minus PRISM 

data. See Fig. S12 for locations of Ben Lomond and Santa Cruz stations. (Data from WRCC 

2015a, b; PRISM Climate Group 2016) 
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Fig. S14 Cumulative annual precipitation at Santa Cruz (blue) and Ben Lomond (red) from 

PRISM data (dashed lines) and station data (solid lines) over WY1988–2001 

WRCC data are from individual precipitation gauges, whereas PRISM data are for the same 

location from the 800-m dataset. See Fig. S12 for locations of Ben Lomond and Santa Cruz 

stations. (Data from WRCC 2015a, b; PRISM Climate Group 2016) 
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Table S1. List of parameters by module, including units, range of values, calibration range, and source 

 

Module Parameter Definition Units Value(s) 
Calibration 

range 
Source 

b
as

ic
 

p
h
y
si

ca
l 

at
tr

ib
u
te

s 

(v
ar

io
u
s 

m
o
d
u
le

s)
 

hru_area Area of each HRU 
acres  

(sq km) 

25–267  

(0.1–1.08) 
– – 

hru_aspect Average aspect of each HRU degrees 0.096–291 – DEM 

hru_elev Average elevation of each HRU meters 2.3–781 – DEM 

hru_lat Average latitude of each HRU degrees North 36.8–37.1 – DEM 

hru_slope Average land slope within each HRU 
decimal 

fraction 
0–0.653 – DEM 

st
rm

fl
o
w

 hru_segment Stream segment within an HRU – 0–955 – – 

segment_flow_init Initial streamflow in each stream segment – 0.0 – default 

tosegment Downstream stream segment from a given segment – 0–950 – 
cascade 

script 

ca
sc

ad
e 

hru_down_id Downslope HRU to which an HRU contributes flow – 0–953 – 
cascade 

script 

hru_pct_up 
Fraction of HRU area contributing to downslope 

slow 

decimal 

fraction 
1.0 – default 

hru_strmseg_ 

down_id 

Stream segment to which an HRU directly 

contributes flow 
– 0–953 – 

cascade 

script 

hru_up_id 
Upslope HRU that contributes cascading flow to an 

HRU 
– 1–1025 – 

cascade 

script 

ca
sc

ad
eg

w
 

gw_down_id Downslope GWR to which a GWR contributes flow 
a – 0–953 – 

cascade 

script 

gw_pct_up 
Fraction of GWR area contributing to downslope 

slow a 

decimal 

fraction 
1.0 – default 

gw_strmseg_ 

down_id 

Stream segment to which an GWR directly 

contributes flow a 
– 0–953 – 

cascade 

script 

gw_up_id GWR that contributes cascading flow to an GWR a – 1–1025 – 
cascade 

script 
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g
w

fl
o
w

 

gwflow_coef 
Linear coefficient of groundwater discharge from 

each GWR a 
fraction/day 0.030 0.001–0.05 calibration 

gwsink_coef 
Linear coefficient to compute flow to the 

groundwater sink for each GWR a 
fraction/day 0.650 0.0–1 calibration 

gwstor_init 
Storage in each GWR at the beginning of the 

simulation a 
inches 10.0 – default 

gwstor_min Minimum storage within each GWR a inches 0.0 – default 

so
il

zo
n
e 

fastcoef_lin 
Linear coefficient to route preferential flow 

downslope 
fraction/day 0.001 

0.000001–

9.33 
calibration* 

fastcoef_sq Non-linear coefficient to route preferential flow  – 0.001 
0.00001–

0.0011 
calibration 

slowcoef_lin 
Linear coefficient to route soil gravity reservoir 

storage downslope b 
fraction/day 0–0.003 

0.00001–

0.0062 
calibration* 

slowcoef_sq 
Non-linear coefficient to route soil gravity reservoir 

storage downslope b 
– 0.001 

0.0001–

0.004 
calibration 

ssr2gw_rate 
Linear coefficient used to route water from soil 

gravity reservoir to a GWR a,b 
fraction/day 0.051–2.1 0.0038–507 calibration* 

ssr2gw_exp 
Non-linear coefficient used to route water from soil 

gravity reservoir to a GWR a,b 
– 1.2 0–3 calibration 

soil2gw_max 
Maximum amount of the soil capillary reservoir that 

can be routed directly to a GWR a,c 
inches 0.0 – default 

soil_rechr_init Initial storage in the soil recharge zone d inches 0.0 – default 

soil_rechr_max Maximum storage within soil recharge zone d inches 0.245–2.19 0.295–16.8 calibration* 

soil_moist_init Initial storage in soil capillary reservoir c inches 0.0 – default 

soil_moist_max Maximum storage in soil capillary reservoir c inches 0.255–23.7 0.046–64.6 calibration* 

pref_flow_den Fraction of soil in which preferential flow occurs 
decimal 

fraction 
0.0 0–0.456 calibration* 

sat_threshold 
Water-holding capacity of gravity and preferential 

flow reservoirs b,e 
inches 0.126–8.30 0.063–163 calibration* 

ssstor_init 
Initial storage of gravity and preferential flow 

reservoirs b,e 
inches 0.0 – default 

soil_type Soil type (1 = sand, 2 = loam, 3 = clay) – 1,2,3 – SSURGO 
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tr
an

sp
_
ti

n
d
ex

 

transp_beg 
Month to begin transpiration if transp_tmax is 

exceeded 

month of 

calendar year 
1 – default 

transp_end Month to stop transpiration 
month of 

calendar year 
13 – default 

transp_tmax 
Temperature index to determine if transpiration 

occurs 
degrees C 0.0 – default 

potet_sublim Fraction of PET that is sublimated from snowpack 
decimal 

fraction 
0.5 – default 

rad_trncf 
Transmission coefficient for short-wave radiation 

through winter canopy 

decimal 

fraction 
0.5 – default 

sr
u
n
o
ff

_
sm

id
x
 

smidx_coef 
Coefficient in non-linear contributing area 

calculation 

decimal 

fraction 
0.002 0.001–0.06 calibration 

smidx_exp Exponent in non-linear contributing area calculation 1/inch 0.1 0.1–0.5 calibration 

hru_percent_imperv Fraction of area within each HRU that is impervious 
decimal 

fraction 
0–0.662 0–0.225 calibration* 

imperv_stor_max Maximum retention storage for impervious area inches 0.05 – default 

in
tc

p
 

cov_type 
Vegetation type (0 = bare soil, 1 = grasses,  

2 = shrubs, 3 = trees, 4 = coniferous) 
– 0,1,2,3,4 – CALVEG 

covden_sum Summer vegetation coverage density 
decimal 

fraction 
0.001–1 – CALVEG 

covden_win Winter vegetation coverage density 
decimal 

fraction 
0.001–1 – CALVEG 

srain_intcp Summer rain interception storage capacity inches 
0.0361–

0.0672 
– CALVEG 

wrain_intcp Winter rain interception storage capacity inches 
0.0361–

0.0672 
– CALVEG 

p
o

te
t_

h
am

o
n
 

hamon_coef 

 

 

Monthly air temperature coefficient used in Hamon 

PET equation 

 

 

– 
0.0064–

0.0094 

0.0035–

0.012 
calibration 
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d
d
so

lr
ad

 

dday_intcp Intercept in degree-day equation degree-day –2.50   calibration 

dday_slope Slope of degree-day equation 
degree-

day/degrees C 
0.35   calibration 

radadj_intcp 
Intercept in air-temperature adjustment to solar 

radiation 
degree-day 1.00 – default 

radadj_slope 
Slope of air-temperature adjustment to solar 

radiation 

degree-

day/degrees C 
0.00 – default 

ppt_rad_adj 
Minimum monthly precipitation required to adjust 

solar radiation 
inches 0.02 – default 

radmax 
Maximum fraction of solar radiation that reaches the 

ground 

decimal 

fraction 
1.00 – default 

radj_sppt 
Summer adjustment when monthly precipitation 

exceeds ppt_rad_adj 

decimal 

fraction 
0.60   calibration 

radj_wppt 
Winter adjustment when monthly precipitation 

exceeds ppt_rad_adj 

decimal 

fraction 
0.60   calibration 

cl
im

at
e_

h
ru

 

adjmix_rain Monthly factor to adjust proportion of rain to snow 
decimal 

fraction 
1.0 

 

 

 

– 

 

 

 

default 

 

a GWR = groundwater reservoir. Each HRU has a corresponding GWR. 
b Soil gravity reservoir = soil water content over field capacity that can become slow interflow or recharge. 
c Soil capillary reservoir = soil water content between wilting point and field capacity. 
d Soil recharge zone = portion of soil capillary reservoir that is subject to both evaporation and transpiration. 
e Soil preferential flow reservoir = soil water content over field capacity that can become Dunnian runoff or fast interflow. 

*SSURGO data helped inform initial distribution of values to each HRU before calibration. 
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Table S2. Calibration and validation metrics 

 

 

 
Annual Monthly (All mos.) Monthly (Nov–Mar) 

 

Calibration NRMSE 

  

0.119 0.067 0.066 

  

Calibration NSE 
  

0.878 0.850 0.827 

  

Validation NRMSE 
  

0.147 0.100 0.099 

  

Validation NSE 
  

0.754 0.627 0.535 

 

NRMSE = Normalized mean square root error (lower is better), NSE = Nash-Sutcliffe Efficiency (higher, closer to 1, is better). 
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Table S3. Mean annual precipitation and runoff generated 

 

  P (cm) R (cm) RPR R (ac-ft) R (m3) 

Contemporary 

land use 

  

Dry 

  

40.9 2.8 0.069 12,000 1.48E+07 

  

Normal 

  

53.3 6.6 0.122 28,000 3.41E+07 

  

Wet 

  

80.5 19.1 0.237 81,000 1.00E+08 

 

Pre-

development 

land use 

 

Dry 

 

40.9 1.3 0.031 5,300 6.56E+06 

  

Normal 

  

53.3 3.9 0.072 16,000 2.00E+07 

  

Wet 

  

80.5 13.5 0.166 57,000 7.00E+07 

 

P = mean annual precipitation, R = mean annual runoff, RPR = runoff-precipitation ratio. 
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Table S4. Vegetation classification for PRMS 

 

USDA CALVEG 

classification a 

PRMS 

cover type 

PRMS 

description 

Assigned 

rooting depth 

(m) b 

Assigned 

interception 

capacity (cm) c 

Total area 

(km2) 

Total area  

(% of region) 

A3, Barren, Urban, Water 0 Bare soil 0.0 0.0 135.5 22 

Grass 1 Grasses 1.3 0.17 102.7 17 

A2, A6 2 Shrubs 0.7 0.092 139.8 23 

Shrubs 2 Shrubs 2.0 0.092 52.3 9 

A4, Hardwood 3 Trees 2.2 0.12 106.5 17 

A1, Conifer, Mixed forest 4 Coniferous 3.0 0.15 72.3 12 
 

a A1 = conifer agriculture; A2 = shrub agriculture; A3 = tilled earth; A4 = orchard agriculture; A6 = pastures and crop agriculture 

(USDA 2014b). 
b  (Canadell et al. 1996; Jackson et al. 1996; Schenk and Jackson 2002; Crow 2005). 

c  (Crouse et al. 1966; Couturier and Ripley 1973; Klaassen et al. 1998; Reid and Lewis 2009; Garcia-Estringana et al. 2010; 

Fathizadeh et al. 2012). 
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