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Abstract

Availability of long-term information on the variability of water resources in a
given area is particularly important for sustainable resource management. The
implications of global warming on the hydrologic cycle, and the increasing water demand
of a growing population in the Great Basin, require improved methods for evaluating the
range of hydrologic variability in Nevada. My objective was to develop a simple water
balance model that can be used to simulate streamflow over multi-century time scales
using proxy precipitation and air temperature data as input. Given its ultimate purpose,
the model calculated streamflow at the seasonal timescale using precipitation and air
temperature-index simulated snowmelt records from the PRISM dataset at 2.5 arc-minute
resolution. | present here a discussion of its application to the upper Meadow Valley
Wash watershed in northeastern Lincoln County. Streamflow records during 1963 to
1974 and 2004 to 2008 from USGS gauge number 09417500 in Ursine were used to
calibrate the model. Best-fit model simulations performed well with an r? of 0.81 and
average seasonal streamflow of 0.81 cm and standard deviation of 0.35 cm, compared to
the observed average seasonal streamflow of 0.76 cm and standard deviation of 0.48 cm.
Tree-ring records of precipitation from the watershed may ultimately be used to extend
the precipitation record, and used as input to the watershed model to reconstruct

streamflow and other water balance components over the past five centuries.
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Introduction
Justification

The long-term monitoring of water resource variability is of particular importance
in the arid western United States where an already rapidly growing population is
expected to increase at twice the national rate over the next 30 years (US Census Bureau,
2008). This increase is anticipated to further accelerate the demand for water resources
in this region (Gleick, 1990). Temporary groundwater and surface water shortages have
already been identified in the Sacramento and San Joaquin Basin, Ogallala Aquifer, and
Colorado River Basin, in part due to the increasing demand for water from a growing
population (Gleick, 1990). An economically costly infrastructure of aqueducts,
reservoirs, and pumps has been developed in these areas as well as others in the west to
supply water to urban areas from distant sources because local water supplies could no
longer meet demands. To meet the anticipated growth in demand for water, additional
potentially widespread and costly changes to the water supply infrastructure may be
necessary. As the number of people supported from the Colorado River is expected to
grow from approximately 25 million in 2005 to 38 million by 2020, water resources in
this region will likely be further strained in the future if no improvements are made to the
current water supply system to accommodate this growth (Barnett et al., 2004).

Simultaneous to the expected increase in the demand for water, water resource
supplies in the western United States are anticipated to diminish as a result of climate
change. A number of climatological trends indicating a decrease in water supplies have
already been observed. Net radiation has increased globally by 1.6 W/m? from 1750 to

2005, which has led to higher evapotranspiration rates and thus less available water



(Bates et al., 2008). Also contributing to an increase evapotranspiration rates is the rise
in global air temperatures, as the ten warmest years on record have all occurred after
1990 and the average global air temperature has risen by approximately 0.2 °C per
decade since 1979. Climate models for the western United States predict average annual
air temperatures will continue to increase to levels 1-2 °C higher than today by 2050
assuming current carbon emission levels remain constant in the future (Barnett et al.,
2004).

Aside from leading to an increase in evapotranspiration, the changes in global air
temperature have increased summer dryness in the mid to high latitudes, thereby
decreasing average annual streamflows in this region (Bell and Walker 2005).
Furthermore, a shift in the timing of snowmelt runoff towards earlier in the spring has
occurred in many parts of the west. The temporal centroid of snowmelt runoff shifted 10
to 30 days earlier in the season in the northwest and Alaska over 1948 to 2000. By the
end of the 21% century, the centroid is expected to shift 30 to 40 days earlier in the season
for the northwest, Sierra Nevada, and the Rocky Mountains (Stewart et al., 2004).
Assuming population in the west continues to grow as postulated by the US Census
Bureau (2008) and carbon emissions to the atmosphere continue to go unmitigated, the
resulting increase in population and effects from climate change in the Colorado River
Basin are anticipated to decrease reservoir levels by 1/3 and subsequent releases from
reservoirs are expected to drop by 17% from their current state by 2050 (Barnett et al.,
2004).

Also complicating availability of water supplies to be allocated in this region, the

Colorado River Compact of 1922 resulted in the overestimation of approximately 2



million acre-feet water (13% of actual annual average flows) to be distributed annually
from the river. This gross miscalculation occurred because flow estimates were
performed during 1905 to 1922, which represents a substantially higher-than-average
annual flow period for the Colorado River (Pulwarty et al., 2005; Colorado River Basin
Water Management, 2007). Longer-term water resource modeling is thus essential to
ensure the amount of available water resources from this region can support the future
population.
Water Balance Models

Water balance models have been used to simulate the flow of sediment,
chemicals, nutrients, and microorganisms in both surface water and groundwater (Alley,
1984; Singh and Frevert, 2006). These types of models have also been effectively used
to study problems related to flooding, droughts, erosion, pollution, and lake-desiccation.
By being able to provide long term variations of different hydrologic components in
catchments, the use of water balance models may be more beneficial for applications in
water resource management. Some of these applications include the development,
design, and operation of water resource distribution systems. More recently, water
balance models have been coupled with climate models to predict how water supplies
will be affected by climate change in the future (Singh and Frevert, 2006). Used to study
the future water supplies of Lake Mead, this type of model forecasted a 50% chance that
the lake will be unable to supply any water or power to southern Nevada by 2021
(Barnett and Pierce, 2008). Other water balance-climate models have been used to
predict a decrease in summer runoff water volumes and a shift in the timing of peak

runoff to earlier in the season for many mountainous regions of the western United



States. In this part of the country where snowmelt contributes the vast majority of the
annual surface water supply (Schaake, 1990) and climate change is expected to have
adverse effects on future water supplies (Mearns et al., 1990), these types of models are
of increasing importance.

The use of water balance models to study water supply fluctuations is also
important due to the corresponding effects on the biology of aquatic ecosystems. A
decrease in water supplies will reduce the nutrients available for metabolism of many fish
and plant species of these environments (Humphries and Baldwin, 2003). Moreover, the
decrease in water supplies may cause local water bodies to desiccate or lose connectivity,
causing fine sediments to settle out, excess detritus and nutrients to accumulate, and toxic
materials to remain in the system rather than being flushed out. Consequently, biota can
potentially get trapped in these areas leading to changes in the density, size, age structure,
community composition, and diversity of riparian plants and animals (Lake, 2003).

Water balance models are considered to be either conceptual, black-box, or
physically-based reductionist according to how model predictions are made. Conceptual
models typically use equations to determine flow in and out of a control volume such as a
watershed. Conceptual models normally require the least amount of data and avoid
scaling problems by emphasizing hydrologic processes to make predictions rather than
actual hydrologic measurements (Kucera, 1998). The model parameters from conceptual
models are not based on physical measurements and thus must be estimated via
calibration (Wagener et al., 2002). Black-box hydrologic models do not incorporate any
hydrologic processes into the model, as nothing is assumed to be known about the

hydrologic system prior to any attempt at modeling (Seibert, 2000). Physically-based



reductionist models use hydrologic processes simulated at a lab and scale those up to the
catchment being modeled in an attempt to actually measure model input to predict output
(Kucera, 1998).

Water balance models normally use streamflow, precipitation, air temperature,
and/or potential evapotranspiration as input on monthly, seasonal or annual timescales to
predict fluctuations in various hydrologic components of a given watershed (Xu, 1999;
Vogel, 2006). The first water balance model was developed by Charles W. Thornthwaite
(1948), and this model was later revised by Thornthwaite and Mather (1955, 1957). The
Thornthwaite and Mather model (1955, 1957) was based on the soil moisture index and
water surplus storages, soil moisture capacity, and storage constant parameters (Xu and
Singh, 1998). The soil moisture capacity was calculated based on the amount of
precipitation occurring in the area of study during the preceding year (Thornthwaite and
Mather, 1955, 1957; Alley, 1985).

Incorporating more than just soil moisture and water storage parameters into its
hydrologic variable estimations, the Stanford Watershed Model developed by Crawford
and Linsley (1966) represented the first attempt to model all aspects of the hydrologic
cycle. The Stanford model was used primarily for flood control and to extend streamflow
records to historical periods (Singh and Frevert, 2006). Other related water balance
models that were developed since Thornthwaite’s include the P model developed by
Palmer (1965), the abcd model developed by Thomas (1981), and the Ta model
developed by Alley (1984). These models are reported to predict annual flows quite well
and achieve high correlation of other hydrologic components, but they often fail to

provide good estimates of monthly flow or soil moisture storage. Moreover, hydrologic



parameter values in these models often violate physical boundaries during model
optimization (Xu and Singh, 1998).

Models that use precipitation as the only input (Snyder, 1963; Fiering, 1967;
Kuczera, 1982; Vandewiele and Win, 1998; Saito et al. 2008) are of particular
importance because precipitation is often the only available instrumental climate record
in a given watershed. Vandewiele and Win (1998) provided justification for the use of
these types of models by finding the results compare favorably to models that use both
potential evapotranspiration and precipitation as inputs. One of the first precipitation-
only input water balance models was the Tennessee Valley Authority (TVA) model
developed by Snyder in 1963 to predict monthly water yield from a given basin. In the
TVA model, runoff was considered part of three components: the precipitation fraction
that becomes immediate runoff during the current month of modeling, the delayed runoff,
and the time function that has no interaction with the other two components. Similar to
the TVA model, Fiering (1967) developed the linear abc model where monthly
precipitation was assumed to be the only input. This model was based on balancing the
relative contributions of precipitation, streamflow, evapotranspiration, groundwater
storage, and groundwater outflow in a particular watershed (Limbrunner et al., 2006). In
doing so, the model uses the coefficients a (infiltration fraction), b (evapotranspiration
fraction), and ¢ (groundwater flow fraction). As these parameters represent fractions of
actual water volumes, their respective values must be set between 0 and 1 in the model.
Furthermore, because a, b, and surface runoff combined represent the total amount of

water in a given watershed at a specified time, the sum of parameters a and b must also



be set between 0 and 1 in the model (Fiering, 1967; Vogel and Sankarasubramanian,
2003).

One major drawback of the abc model is that the predicted monthly
evapotranspiration parameter assumes evapotranspiration to be less than precipitation,
when in reality actual evapotranspiration can exceed precipitation, particularly in the arid
western United States (Xu and Singh, 1998). Fortunately, many methods exist to correct
the error associated with the abc model evapotranspiration predictions. The Penman-
Monteith equation (Monteith, 1965) was one of the first methods used to derive the
variable, but this equation requires several climatic variables that are often difficult to
calculate or estimate in the field, especially in remote mountain locations. Since the
development of this equation, investigators have also derived evapotranspiration from
measurements of air temperature, soil dryness (Xu and Singh, 1998), or by calculating the
difference between measured streamflow and precipitation (Sankarasubramanian and
Vogel, 2002; Saito et al., 2008).

Water Balance Model Calibration

Calibration of water balance models is performed to compare model behavior
with the actual basin being modeled (Vogel and Sankarasubramanian, 2003). Water
balance models are typically calibrated by comparing predicted streamflow records in the
model to actual streamflow records (Vandewiele and Win, 1998; Fernandez et al., 2000;
Saito et al., 2008). Generally, at least 30 years of continuous data are required for model
calibration, but shorter sequences have been used in areas that lack long streamflow
records (Vogel, 2006). In these data-poor regions, calibration is also achieved by

comparing predicted streamflows in the model to extrapolated historic actual streamflows



based on known variables such as slope aspect, land use type, soil type, dominant historic
climate conditions, and runoff ratios (Kuczera, 1982; Singh and Frevert, 2006).

Calibration of water balance models has also been achieved regionally by
applying bivariate and multivariate regression techniques to calibrate many sites of a
given region simultaneously (Fernandez et al., 2000; Vogel and Sankarasubramanian,
2003; Vogel, 2006). Regional calibration methods normally do not perform as well as
the other methods described above in terms of the coefficient of determination (%),
coefficient of variation, and percent-bias, but relationships between model parameters
and actual watershed characteristics have been shown to be similar for both approaches
(Fernandez et al., 2000).
Model Error and Uncertainty

Sources of error in water balance model predictions come from a number of
factors related to model structure, parameters, and any measurements or estimations of
model variables. Model parameters are often over-simplified causing a failure in the
model’s ability to replicate complex hydrologic behavior (Gallagher and Doherty, 2007).
Potentially further compounding the associated errors with estimations of model
parameters is that conceptual models often assume parameters are temporally constant,
which assumes no changes to hydrologic components over time from activities such as
water diversions that often occur in many catchments (Wagener et al., 2003). Poorly
defined parameter or input boundary conditions represent another main error source
(Beven and Binley, 1992). Furthermore, difficulty with extrapolating precipitation
measurements across an entire watershed can lead to an over or under prediction of

runoff in models (Gallagher and Doherty, 2007). Heteroscedastic and auto-correlated



errors are also common in water balance models that are calibrated by comparing
predicted and observed runoffs (Kuczera, 1988; Wagener et al., 2002).

To better identify and potentially quantify these errors and their sources, it is
important to use additional statistical measures other than just the coefficient of
determination. The use of r* by itself to best-fit model predictions to observations for
model uncertainty evaluation has been known to be misleading, as this represents only
one way of determining how well model results of one variable compare to actual
measurements of that variable (Legates and McCabe, 1999; Seibert, 2000; Wagener et al.,
2003; Cox, 2006). Wagener et al. (2003) and Seibert (2000) recommend using multiple
objective functions to increase the ability to evaluate model uncertainty. This can be
done by calibrating multiple parts of a predicted single variable time series against an
observed single variable time series (predicted vs. observed runoff, or predicted high/low
runoff vs. observed high/low runofY), calibrating predictions vs. observations of multiple
variables (runoff or groundwater levels), and calibration with the use of qualitative data
from the watershed (Seibert, 2000; Wagener et al., 2003).

Other statistical measures can be used to help identify or quantify model errors.
The use of confidence intervals at either the 90% or 95% level that were derived from the
cumulative distribution function can better portray the uncertainty in results (Wagener et
al., 2003). Calibration of streamflow can be performed by comparing both differences in
actual vs. predicted streamflow and ratios of the same variables to maximum or minimum
streamflows to better assess the fit of model predictions during high or low flows (Cox,
2006). Furthermore, the predicted and observed exceedence times for certain flow

thresholds can also be calculated to assess the realistic representation of model
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predictions for different flow magnitudes (Doherty and Johnston, 2003). Problems with
heteroscedasticity can be mitigated using Box-Cox transformation equations (Doherty
and Gallagher, 2007) and Auto-Regressive Moving Average (ARMA) solutions can
reduce problems associated with auto-correlation (Kuczera, 1988). The Root Mean
Square Error (RMSE), which represents the square root of the sum of squared differences
between simulations and observations, can be calculated to quantify the amount of error
present with model predictions. Because RMSE can be misleading when large outliers
are present, the Mean Absolute Error (MAE), which is the arithmetic average of the
absolute difference between simulations and observations, can be used instead (Legates
and McCabe, 1999).

Monte Carlo sampling is a common approach used in conjunction with
optimization techniques to determine if the same parameter results are returned during
parameter optimization when different starting parameter values are used (Wagener et al.,
2003; Gallagher and Doherty, 2007). It is particularly useful when there is a high degree
of uncertainty associated with acceptable parameter values and more than one model
solution (non-deterministic). The approach works by fitting multiple random starting
parameter values to multiple final parameter values using an optimization technique
where the final parameter values may be described as an average of returned values or
range of values that were returned from the computations. Although often involving a
much higher computational burden than linear or nonlinear calibration-constrained
optimization techniques, the Monte Carlo method often provides more robust and reliable
estimates of parameters and uncertainty in analysis. (Kuczera, 1998; Gallagher and

Doherty, 2007).
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Vandewiele et al. (1992) covers many of the aforementioned statistical measures
to better define model error and uncertainty. They applied the following criteria to
evaluate model calibration: 1) model parameters are significantly different than zero at a
5% significance-level, 2) correlations between parameters are smaller than 0.9, 3) the
predicted mean runoff approximates the observed mean runoff, 4) the residual auto-
correlation is not significant at a level greater than 5%, 5) residuals are not
heteroscedastic, 6) predicted runoff is not sensitive to the calibration period, 7)
extrapolated residuals are not significantly different than zero at a 5% significance-level,
8) more than 95% of predicted runoff were significant at the 5% level when tested for
seasonality, 9) the quality of prediction is within the 95% confidence interval.

Snowmelt Modeling

Snowmelt modeling is a necessary addition to a watershed model in areas where
snow represents a significant portion of the incoming precipitation in a watershed. Snow
only accounts for 5% of total precipitation globally, but this value increases to greater
than 50% in the mid-to-high latitudes of the northern hemisphere (Semadeni-Davies,
1997), as areas of Europe, Asia, and North America above 40-degrees north latitude all
have seasonal snowpacks of significant duration (Ferguson, 1999). This latitude-
threshold is lower for watersheds having a large percentage of higher elevation terrain,
which is true for much of the western United States where snowpack accounts for 70-
75% of the region’s water supply (Chang et al., 1987; Williams and Tarboton, 1999).
Additionally, snowmelt represents 85-90% of streamflow occurring in California alone

(Gray and Prowse, 1993) and has also been cited as the main source of soil moisture,



12

groundwater recharge, and runoff in the western United States (Gray and Prowse, 1993;
Marks et al., 1999).

Snowmelt models can either be deterministic, where a single streamflow value is
predicted from any number of input variables, or stochastic, where the model predicts a
range of outputs based on the statistics of input. Deterministic models can either be
lumped-parameter (point) models, where the entire watershed is considered to be uniform
in terms of snow cover and melt rates, or they can be distributed, where snowmelt
conditions are used to predict snowmelt that can vary from one location to another based
on factors that include wind speed, topography, forest canopy, cloud cover, slope, aspect,
and snow depth (DeWalle and Rango, 2008).

The two approaches commonly used to derive the amount of snowmelt in a given
watershed are the energy balance method (Anderson, 1976; Flerchinger, 1987;
Flerchinger and Saxton, 1989; Jordan, 1991; Tarboton, 1994; Tarboton et al., 1995;
Tarboton and Luce, 1996; Marks et al., 1999; Marks and Winstral, 2001) and the
temperature-index solution (Quick and Pipes, 1977; Lang, 1986; Takeuchi et al., 1996;
Semadeni-Davies, 1997; Arendt and Sharp, 1999; Hock, 1999; Singh et al., 2000a,b;
Kayastha et al., 2000a,b). Input requirements for the energy balance method to calculate
snowmelt include incoming short-wave and long-wave radiation, sensible heat
convection, latent heat condensation, heat exchange from rainfall, and heat exchange
from the ground (Gray and Prowse, 1993; Army Corps of Engineers, 1998a). Shortwave
radiation is defined by Gray and Prowse (1993) as solar radiation having wavelengths
between 0.2 and 4 um. Longwave radiation is defined as radiation having larger

wavelengths and generally provides the largest contribution of energy to melt snow, as it
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typically provides ten times more energy than sensible heat convection (Ohmura, 2001).
Cloudy skies tend to increase the energy contribution from longwave radiation to melt
snow, as a greater percentage of the longwave radiation leaving the earth gets reflected
back to the earth’s surface from the clouds (Gray and Prowse, 1993).

The other energy-balance components tend to contribute less energy than
radiation to melt snow (Gray and Prowse, 1993; Ohmura, 2001). The energy contribution
from sensible heat convection is elevated relative to other factors on cloudy or rainy days
with higher wind speeds (Ferguson, 1999). The seasonal energy contribution from rain to
melt snow is generally much lower than that from radiation or sensible heat convection,
although rapid rates of snowmelt are often associated with prolonged periods of rain-on-
snow events. The latent heat condensation contribution to snowmelt varies, but is also
generally smaller than the contributions from radiation or sensible heat convection. The
contribution from heat exchange with the ground is typically the lowest relative to other
components (Gray and Prowse, 1993).

Forest density is another major factor of snowmelt, as the influence from forest
canopies on solar radiation and snow sublimation rates effectively leads to lower rates of
snowmelt (Semadeni-Davies, 1997; US Army Corps of Engineers, 1998a; Marks and
Winstral, 2001; Marks et al., 2002). Because of the dampening effects on solar radiation
from canopy shading, snowmelt rates are typically 60-75% less in forests than in open
areas. Furthermore, sublimation of intercepted snow in a forest reduces the amount of
snow available for melt on the forest floor. The overall estimated annual percent loss of
snowmelt due to the sublimation of intercepted snow in a pine forest ranges from 5.2 to

32% (Gray and Prowse, 1993).
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Exact estimations that the tree canopy interception of snow has on snowmelt is
not known due to the number of variables involved in canopy interception calculations.
The maximum snow carrying capacity for a given tree is a function of leaf configuration
and orientation, vegetation mass and surface area, and tree age. Wind speeds further
complicate the calculation by either raising or lowering interception rates of a particular
forest depending on topographic or vegetation features specific to a given area. Different
tree species and densities lead to different rates of interception, as the interception rates
for hardwood and conifer forests differ by a factor of two. Perhaps this difference can
largely be attributed to the doubling of incident short-wave radiation absorption for dense
conifers over hardwoods. Even still, the ability to predict canopy interception rates by
knowledge of forest type is poorly understood, as canopy interception rates are both site-
and tree species-specific (Gray and Prowse, 1993).

The energy balance method usually produces the best representation of snowmelt,
as the input meteorological variables are used to directly measure the energy available to
melt the snow. However, due to the large number of meteorological data requirements
described above, this method is often impractical. The meteorological stations providing
the required data are typically located at lower elevations close to population centers that
generally receive less snow than the mountainous areas where snowpack is the dominant
source of water supply (Quick and Pipes, 1977; Ferguson, 1999; US Army Corps of
Engineers, 1998b). As a result, numerous historical meteorological variables from distant
climate stations must often be extrapolated to the area where snowmelt is being predicted
to properly apply the energy-balance solution (US Army Corps of Engineers, 1998a).

Alternatively, the desired, unknown variables are derived using equations that require
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only variables that have been measured directly in the field or can more easily be
extrapolated to the area of interest (US Army Corps of Engineers, 1998a; Walter et al.,
2005). It should be noted that these alternative methods still pose problems. The
extrapolation of air temperature, precipitation, wind speed, and cloud cover that are often
required is challenging, as these variables typically vary greatly over small distances
(Ferguson, 1999).

By providing realistic predictions of snowmelt with much fewer data
requirements than the energy balance model, the temperature-index approach is a
frequently used and often preferred alternate method for estimating snowmelt. Also
known as the degree-day method, this approach has been used to calculate snowmelt in
various hydrologic models, ice dynamic models, and climate sensitivity studies (Hock,
2003). The justification commonly cited for use of this method is that historical
maximum and minimum air temperature data is much more readily available and air
temperature values are more easily extrapolated to remote areas than the variables
required for the energy balance approach (Gray and Prowse, 1993; Semadeni-Davies,
1997).

In addition to the ease of data input availability, justification for the temperature-
index solution is derived from the excellent correlation observed between ice ablation or
snowmelt and positive air temperatures (Braithwaite and Olesen, 1989; Ferguson, 1993;
Cazorzi and Fontana, 1996; Ohmura, 2001). Air temperature is highly related to most of
the energy balance components used to directly measure the energy available to melt
snow. Net radiation represents the exception to this rule (Mackay, 1964; Braithwaite,

1981; Semadeni-Davies, 1997; Ferguson, 1999; Hock, 2003), but moderate correlation
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has still been observed between air temperature and radiation over periods greater than a
few weeks (Ferguson, 1999). Largely because of this exception, the temperature index
solution is best applied in heavily forested areas where energy available to melt snow
from net radiation is small relative to the other energy balance components (Gray and
Prowse, 1993; US Army Corps of Engineers, 1998b).

Several factors are known to influence how well temperature-index solutions can
simulate snowmelt. The snowmelt simulations tend to improve when performed in
smaller basins during years with above-normal snowpack, but worsen for similar-sized
basins during years with below-normal snowpack (Braun and Lang, 1986). When
temperature-index solutions are applied to arid regions, high levels of solar radiation lead
to increased sublimation rates, leaving little energy left to melt the snow. Because these
elevated sublimation rates are not accounted for in the temperature-index solution, lower
than predicted snowmelt rates are common when temperature-index solutions are applied
to simulate snowmelt in these areas. Furthermore, longwave radiation tends to be lower
in arid regions because of less water vapor and cloudiness, which causes lower air
temperatures at night and thus lower daily mean air temperatures. Thus, the use of mean
air temperatures in the temperature-index solution can lead to a significant
underestimation of snowmelt. Scale has also been an issue with temperature-index
solutions, as the basin where snowmelt is being modeled must be large enough to cover
the average of weather conditions and site characteristics affecting the area to truly grasp
the actual melt conditions of that site (Lang and Braun, 1990). Providing support for this

argument, snowmelt results for a 2,900-km watershed using the temperature-index
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solution have been known to vary significantly from the results of a sub-basin of the
same watershed using the same approach (Cazorzi and Fontana, 1996).

Estimating snowmelt using the temperature-index solution requires estimations or
measurements of air temperature, base temperature, and melt-rate factor values over time.
Maximum daily air temperatures are typically used as the air temperature variable for
snowmelt basins simulated at a timescale of 24-hours or longer, while mean air
temperatures are used for snowmelt simulations at shorter timescales. The base
temperature denotes the average temperature of snow when snowmelt occurs and is
typically fixed at a value close to 0°C (32°F), but other values have been used in some
studies (DeWalle and Rango, 2008). Values as high as 4.44°C (40°F) have been used for
the base snow temperature when maximum daily air temperatures are input for the air
temperature value (US Army Corps of Engineers, 1998b). The use of multiple values for
the base snow temperature has also been observed to work well with snowmelt
simulations over longer time periods (Gray and Prowse, 1993).

The key to the successful application of the temperature-index solution to predict
snowmelt is the selection of an appropriate value for the melt-rate factor. All other
factors held constant, the melt-rate factor increases with increasing elevation, increasing
solar radiation input, and decreasing albedo (Hock, 2003). Melt-rate factors have been
known to fall between 0.1-0.8 cm/°C (0.02-.18 in/°F). Clear skies with low albedo and air
temperatures near 21°C (70°F) result in melt-rate factor values of approximately 0.10
cm/°C (0.02 in/°F), while values of approximately 0.8 cn/°C (0.18 in/°F) are more
common during heavy rain and windy conditions with air temperatures near 13°C (55°F)

(Gray and Prowse, 1993).
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The melt-rate factor is dependent on a number of variables including topography,
wind speed, air temperature, sunlight exposure, albedo, forest type and density, and
rainfall. Because of the large number of variables known to influence the melt-rate
factor, it can change drastically over very small distances. For example, the melt-rate
factor in a forest opening can be greater than four times the melt-rate factor of a
completely forested area. Thus, a melt-rate factor value of 0.10 cm/°C (0.02 in/°F) in one
watershed does not necessarily mean the same melt-rate factor can be applied to an
adjacent watershed. Also because of its dependence on a number of different variables,
the melt-rate factor is highly variable in time. Its value tends to increase with the
progression of the snowmelt season because of a decrease in albedo from a loss of snow
covered areas and an increase in daily insolation from higher daily mean and maximum
air temperatures (Gray and Prowse, 1993).

Because of its high variability, the melt-rate factor is often treated as a variable in
space and time rather than a fixed value (Quick and Pipes, 1977; Braun et al., 1993; Gray
and Prowse, 1993; Schreider et al., 1997; US Army Corps of Engineers, 1998b).
Martinec et al. (1994) recommend increasing the melt-rate factor value twice per month
towards the end of the snowmelt season to account for the lower albedo, greater
snowpack roughness, and higher snow liquid content, which all increase the rate of
snowmelt as the snowpack ages. Temperature-index snowmelt curves have been used
with some success to predict snowmelt, but because of the spatial and temporal
variability of the melt-rate factor, these curves are often only site- and time-specific.

Thus, they can only be applied to a given place at a given time (Mackay, 1964).
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The incorporation of other variables such as radiation, vapor pressure, and
elevation into the temperature-index snowmelt solution has also been used to augment the
predictability of this method despite the seasonal or spatial variability of the melt-rate
factor (Lang and Braun, 1986). Radiation is the most commonly added component to the
temperature-index solution to minimize differences between actual snowmelt and
simulated snowmelt. R” values have been observed to increase by almost 40% with the
addition of this variable alone (Kustas and Rango, 1994). Ohmura (2001) found the
method could also be improved by adding a water vapor component. It should be noted
that wind speed does not influence the effectiveness of the temperature-index solution, as
air temperature is poorly correlated with variations in wind speed (Lang and Braun, 1986;
Ohmura, 2001). Walter et al. (2005) recommend adding a solar radiation component and
using adiabatic lapse rates to better simulate changes in air temperature from changes in
elevation for the temperature-index solution. Similar to this method, Williams and
Tarboton (1999) added radiation and elevation indices to the temperature-index solution
to predict snowmelt for an entire watershed. This method may be problematic in many
parts of the mountainous west where the effects from temperature inversion in mountain
valleys during the winter can significantly alter the linear relationship between air
temperature and elevation that is assumed in these elevation indices (Gray and Prowse,
1993). Also complicating this issue, historical records of these additional variables are
often not available in the remote mountainous areas where the snowmelt calculation is
being applied (Hock, 2003).

Snowmelt models are often correlated by incorporating snowmelt estimates to

predictions of streamflow, and then correlating the predicted streamflow records to actual
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streamflow records. Braun and Lang (1986) obtained r* values between 0.77 and 0.85 for
snowmelt simulations of four Swiss watersheds ranging from 3.2 to 1,696 km? using this
correlation method. Despite this being a common way to correlate snowmelt models, the
method has been known to produce poor model correlation values when climate
conditions deviate strongly from the norm as in high or low snowpack years (Elder and
Dozier, 1990).

Correlation in snowmelt models has also been achieved by comparing predicted
snowmelt between two models, or by comparing predicted snowmelt to point
measurements of snowmelt made in the field. By comparing their snowmelt simulation
predicted from the ABC energy-balance snowmelt model to the Utah Energy Balance
(UEB) snowmelt model (Tarboton and Luce, 1996; Tarboton et al., 1995), Williams and
Tarboton (1999) obtained an r* value between 0.73 and 0.89 for several locations in a
mountainous Utah watershed. Correlating the results of one model to the results of
another can be problematic, however, as both predictions may not be very representative
of actual snowmelt. As such, Williams and Tarboton (1999) also compared the results of
their model to point snowmelt measurements made in the same watershed, which resulted
in a much lower r* of 0.47 to 0.72. The much lower correlation values obtained from the
point-measurement correlation method likely occurred because snowmelt varies greatly
over short distances, particularly in rugged terrain. Because of the high spatial variability
associated with snowmelt, many studies avoid comparing snowmelt estimates to point
snowmelt measurements (Williams and Tarboton, 1999).

Tree-Ring Background
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Tree-rings have been used to reconstruct a number of climatic variables related to
the hydrology of a given area. These types of analyses are performed using the study of
dendrochronology, or the dating and arranging of tree-rings into annual or seasonal time
series to reveal the past, present, and future patterns of ecological, geomorphological, or
climatic change. Proxies such as pollen records, ice cores, and sediment cores have been
used to reconstruct climatic variables at much longer timescales, but the use of tree-rings
is much more precise at producing long-term climatic records at finer temporal scales
(Briffa et al., 1983; Fritts et al., 1991; Bell and Walker, 2005).

Annual tree-rings of conifer species are composed of alternating sequences of
earlywood and latewood that together make up the growth band of the tree xylem.
Earlywood consists of large, thin-walled cells that are added at the beginning of the
growing season. Latewood consists of densely packed, thick-walled tracheid cells that
are added at the end of the growing season. Variations in the width of these annual ring
sequences reflect different rates of tree growth, which is a function of tree species and
age, availability of nutrients and other site-specific factors, or climatic variables such as
radiation, moisture, precipitation, air temperature, and wind (Gordon et al., 1982; Fritts et
al., 1991; Bradley, 1999). Because differences in annual tree-ring widths can be
attributed to any number of these variables, a variety of sampling methods and statistical
procedures are used to isolate the climatic factors from non-climatic ones when
attempting to reconstruct climatic variations from tree-ring growth patterns (Stokes and
Smiley, 1968).

Tree-Ring Sampling and Analysis Techniques
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The study of tree-ring patterns to reproduce historic climate variables is typically
done with the sampling and analysis of wood increment cores. The sampling of cores is
attempted at various locations until at least 20-30 trees are sampled within a site with a
minimum of two cores taken from each tree (Fritts, 1976). Trees are frequently sampled
from arid regions where the amount of available moisture is limited, as tree-ring width
variations at moisture-limited sites are more easily attributable to historic changes in
climate. Moisture-sensitive sites such as rocky outcrops, ledges, forest border regions,
treelines, or ridges are preferred for sampling to further enhance the ability to relate
changes in ring width patterns to variations in climate (Fritts et al., 1971; Fritts, 1976;
Gordon et al., 1982).

Despite these sampling techniques, other problems can still arise when attempting
to date the rings of the sampled cores. Arid environments often have both a summer and
winter precipitation maxima, which may cause an extra growth band or “false ring” to
appear in the annual tree-ring. Furthermore, during extreme years, the annual growth
ring can be locally absent within the core or even in the whole tree because of minimal
growth during that year (Gordon et al., 1982). To correctly account for false or missing
rings, cross-dating techniques (Stokes and Smiley, 1968) are frequently employed in
sample analysis. The cross-dated ring widths of all the cores are then numerically
combined to produce a master tree-ring chronology (Fritts, 1976).

Master tree-ring chronologies are used to reconstruct historic climate variables by
statistical methods. Multiple linear regressions are often used to identify the climatic
variables that are most related to the tree-ring chronologies (Briffa et al., 1983). When

climatic predictors are monthly values, the sequence of coefficients is known as either a
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correlation function, calculated from Pearson’s product moment correlation, or a response
function, calculated from principal component regression (Fritts, 1976). Because both
correlation and response functions are influenced by potential violations of statistical
assumptions, bootstrapped confidence intervals are commonly used to test for
significance (Biondi and Waikul, 2004).
Reconstructing Hydrologic Variables from Tree-Rings

Once the statistical link relating wood growth to climate has been established, the
tree-ring records can be used to reconstruct numerous climatic variables including
droughts (Cook and Jacoby, 1977; Stockton and Meko, 1983; Meko et al., 1995;
Woodhouse and Overpeck, 1998; Cook et al., 1999; Cook et al., 2004), precipitation
(Graumlich, 1993; Haston and Michaelson, 1997; Gray et al., 2004), and streamflow
(Cook and Jacoby, 1983; Meko and Graybill, 1995; Pederson et al., 2001; Woodhouse et
al., 2006). Tree-ring reconstructions of these climatic variables have provided a measure
of the Historic Range of Variability (HRV) for these variables dating back hundreds or
even thousands of years depending on the tree species being studied. Because
instrumental climatic records often span less than 100 years, the use of tree-rings to
extend these records is useful to more adequately quantify the climatic HRV, thereby
providing for more sound management decisions when planning for droughts, future
water supplies, or the potential impacts of climate change (Stockton and Jacoby, 1976;
Hidalgo et al., 2000; Woodhouse et al., 2006).

Droughts are defined as periods of prolonged water shortages caused by a
reduction in precipitation (Gonzales and Valdes, 2004). Droughts can affect agriculture,

where insufficient water supplies lead to crop failure; socioeconomics, where water
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shortages affect the people or the economy in a variety of ways such as lowering
hydroelectric power generation, suspending recreation activities, or damaging rangelands
used for grazing; ecology, where the lack of water leads to an increase in wildfires;
meteorology, where a departure from normal climate patterns results in less precipitation;
and hydrology, where diminished groundwater or surface water over time causes
potentially adverse impacts on irrigation, biology, recreation, tourism, and domestic
water supplies (Woodhouse and Overpeck, 1998; Humphries and Baldwin, 2003; Wilhite
and Smith, 2005).

Drought periods are typically estimated with the use of tree-ring chronologies by
reconstructing the Palmer Drought Severity Index (PDSI) (Felch, 1970; Dickerson and
Dethier, 1970; Karl and Koscielny, 1982; Diaz, 1983; Guttman, 1991; Cook et al., 1992;
Cook et al., 1999; Hayes et al., 2005), which provides a good indication of soil moisture
deficiencies or surpluses occurring in a given region. The PDSI is a standardized index
that was developed by Wayne Palmer in 1965 to compare droughts among multiple
geographic regions with varying rainfall and moisture shortages (Hayes et al., 1999).
Values on the PDSI scale generally fall between -6 to +6. PDSI values of less than -1
indicate the presence of drought conditions with -6 being the most severe, while PDSI
values of greater than +1 indicate the presence of moisture-surplus conditions with +6
being the most severe. Values between -1 and +1 on the PDSI scale indicate normal soil
moisture where neither drought nor moisture surplus conditions prevail (Diaz, 1983).
The following summarizes the cumulative frequency of negative PDSI values that occur
globally: 0 to -1.49 = 28-50%, -1.5 t0 -2.99 = 11-27%, -3 to -3.99 = 5-10%, -4 or less =

4% (Steinemann et al., 2005).
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Although the PDSI scale is widely used and recognized as a powerful way to
monitor and predict drought, it has been shown to have some limitations. PDSI often
does not take snowpack or reservoir storages into account when calculating soil moisture,
which can be particularly problematic in the western United States where much higher
amounts of soil moisture come from these sources. Also, because PDSI was created to
monitor drought impacts on agriculture, the PDSI timescale is more suitable for
monitoring drought effects on agriculture than effects on hydrology alone. Furthermore,
the natural lag between precipitation and runoff is not incorporated into PDSI
estimations, often leading to a discrepancy with predicted verse actual drought conditions
over shorter timescales. Finally, estimations of PDSI are not always consistent across a
large spatial area, as drought conditions may result in a PDSI classification of -3 in one
location while similar climatic conditions may result in a PDSI classification of -4 in
another location (Hayes et al., 1999).

Despite these limitations, the use of the PDSI scale as an effective predictor of
drought is still widely practiced. Tree-ring reconstructions of PDSI to predict the
occurrence of historic droughts in the United States are most frequently performed in the
Great Plains (Stockton and Meko, 1983; Woodhouse and Overpeck, 1998) and west
regions (Blasing and Fritts, 1976; Meko et al., 1995; Cook et al., 1997, Cook et al.,
2004). Concern over droughts is elevated in these areas because of extensive water loss
from agriculture and/or a rising population growth, which has led to an increase in the
demand for water that threatens to outpace water supplies in the region. PDSI
reconstructions from tree-rings suggest that the most severe droughts that have affected

both regions in recent years occurred during the 1930s and 1950s (Diaz, 1983; Stockton
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and Meko, 1983; Woodhouse and Overpeck, 1998; Cook et al., 1999). However, tree-
ring records from studies show that much more severe droughts impacted both regions
during the 13" and 16™ centuries (Meko et al., 1995; Woodhouse and Overpeck, 1998).
Severe droughts such as these may become more frequent if air temperature increases due
to climate change as is currently projected (Barnett et al., 2004; Bates et al., 2008)
making these types of studies even more important to better prepare for future droughts
(Woodhouse and Overpeck, 1998).

Similar to drought reconstructions, precipitation reconstructions from tree-ring
chronologies are used to better understand how variations in the modern climate record
compare with the historical range of variability. Studies of precipitation records can also
be used to supplement research findings related to the occurrence of drought, landslides,
water use and supply issues, the spatial distribution of water resources, and water
pollution (Haston and Michaelsen, 1997).

Using tree-ring chronologies from Pinus balfouriana and Juniperus occidentalis
in the southern Sierra Nevada, Graumlich (1993) reconstructed precipitation in the area to
800 A.D. The results of this reconstruction show that within the past 100 years, below-
average precipitation occurred during 1915-1934, while abnormally high precipitation
occurred during 1937-1986 in the region. Other extended periods exhibiting relatively
low precipitation were observed to occur during 1197-1217, 1249-1365, 1443-1479,
1566-1602, 1763-1794, and 1806-1861 (Graumlich, 1993). The precipitation
reconstruction performed by Gray et al. (2004) in the Bighorn Basin, Wyoming
concluded the lowest precipitation periods occurred during 1262-1281 and 1580-1594.

The low precipitation period identified toward the end of the 16™ century corroborate the
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results of Graumlich (1993) as well as Stockton and Jacoby (1976), who found 1579-
1598 to be the driest two decades in their precipitation reconstruction of the Colorado
River basin (Gray et al., 2004).

Similar to how precipitation and drought reconstructions by tree-rings are used to
compare modern to historical records, reconstructing streamflows with the use of tree-
rings aids in water resource planning by providing estimates of how the quantity of
surface water changes with climatic variations over longer periods than the modern
instrumental record will allow. This practice helps better determine if the magnitude,
duration, and frequency of high or low streamflow periods from the modern gauged
record are similar over longer timeframes. In their reconstruction of the upper Gila River
discharge in Arizona, Meko and Graybill (1995) found the low-flow period of the 1950s
observed in the instrumental record to still be representative of a low discharge period
when considering the tree-ring reconstructed record from 1662-1995. The results of the
study further revealed that the low discharge observed during 1954-1956 arguably
occurred during one of the most severe 3-year droughts to affect the upper Gila River
throughout the entire period of reconstructed streamflow (Meko and Graybill, 1995).
Study Overview

Although drought, precipitation, and streamflow have been reconstructed by
analyzing tree-ring patterns, little work has been done thus far to relate tree-ring patterns
to the hydrologic modeling of an entire watershed. Watershed models allow for testing
the impact of large, landscape-scale factors such as human land use changes, wildfires,
logging, or topographic modifications that can change streamflow even when climate

does not change. Alternatively, tree-ring reconstructions of single hydrologic variables
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that use regression techniques cannot test for these types of factors and assume that the
instrumental climate record being used as the basis for the reconstruction is representative
of historic climate data throughout the reconstruction period (Saito et al., 2008).

Major problems with the validity of a tree-ring reconstruction of a single
hydrologic variable based on regression techniques can thus arise when, for example,
historic large-scale wildfires or logging activities outside of the instrumental period of
record destroy vegetation in much of a watershed being modeled. The accompanying
decrease in vegetation coverage would lead to higher runoff and perhaps higher seasonal
or annual discharge than what a streamflow reconstruction derived from tree rings would
show if it is based solely on regression techniques. However, this increased runoff
scenario could be simulated in a watershed model that included a parameter to account
for changes in runoff that may occur due to factors such as widespread wildfire or
logging in a watershed. Thus, the incorporation of tree-ring records into a watershed
model can improve long-term reconstructions of streamflow and other hydrologic
variables and potentially allow for better management of water resources (Saito et al.,
2008). Furthermore, streamflow reconstructions derived from a watershed model that
uses proxy climate records from tree rings as input can also be compared with streamflow
reconstructions from the same area that were made directly from tree rings to assess the
differences in the results as well as the potential implications for water resources
management.

Similar to what was done in Saito et al. (2008), this study applied a simple
derivative of the abc model (Fiering, 1967; Vogel and Sankarasubramanian, 2003) to the

upper Meadow Valley Wash watershed located upstream from the USGS streamflow
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gauge (gauge number 09417500) in Ursine, NV. Some necessary modifications were
incorporated into the model used in this study, however, as it had to be run at a sub-
annual, rather than water-year timescale. Modeling at a seasonal October to May
timescale was necessary because of the summer streamflow diversions that exist on the
Meadow Valley Wash upstream from the USGS gauge in Ursine, NV that was used for
model calibration. Modeling at a sub-annual timescale in an area that receives a high
proportion of its precipitation as snow also made it necessary to estimate snow
accumulation and snowmelt in the area to exclude the amount of precipitation that occurs
in the watershed as snow but does not melt in the watershed during the seasonal October
through May modeling period from being incorporated into model input. Because the
model had to work using only proxy climate records derived from tree rings to extend the
modeling period back several centuries, it was necessary for the snow accumulation and
snowmelt modeling component to work using only air temperature and precipitation
records, as historic time series of these variables can be derived from tree rings.
Calibration and validation of the water balance model was achieved by comparing
predicted seasonal streamflows in the model to actual seasonal streamflows recorded at
the USGS gauge in Ursine, NV, located at the downstream (southern) end of the upper
Meadow Valley Wash watershed.
Methodology
Physical Setting

The watershed of study is defined by the State of Nevada Division of Water
Resources to be the Spring Valley watershed (Department of Conservation and Natural

Resources, 2005), but is referred to as the upper Meadow Valley Wash watershed in this
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study to avoid confusion with the larger, and more well known Spring Valley located in
eastern Nevada further north. The upper Meadow Valley Wash watershed encompasses
749 km”* (Las Vegas Valley Water District, 2001) and is located on the eastern side of
Lincoln County along the Utah border within the Colorado River basin of the Great Basin
Desert. The USGS streamflow gauge number 09417500 in Ursine, Nevada is located on
the Meadow Valley Wash at the downstream (southern) end the watershed (Figure 1).
The major hydrographic basins bordering the watershed include the Patterson Valley
watershed to the West, the Lake Valley watershed to the northwest, the Rose Valley
watershed to the south, and the Hamlin Valley mostly in Utah to the east (Figure 2)
(Department of Conservation and Natural Resources, 2005).

The upper Meadow Valley Wash watershed is enclosed by the Wilson Creek
Range to the north and west and the White Rock Range to the north and east. These
ranges represent some of the higher mountain ranges in this part of Nevada, as both
exceed 2,740 m in elevation and runoff from these ranges converges to form the Meadow
Valley Wash headwaters at the northern end of the watershed (Figure 3) (TOPO!, 2001;
DeLorme, 2006).
Geology and Vegetation

The upper Meadow Valley Wash watershed consists of typical Great Basin
topography with two alternating north-south trending fault block mountain ranges
interspersed with an alluvial valley (West, 1983). The mountain geology of the region
consists of mostly extrusive volcanic material, which is contrary to the surrounding
ranges that are composed of mostly carbonate, sedimentary rocks. The bedrock of the

watershed includes welded and non-welded silicic ash-flow tuffs and tuffaceous
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sedimentary rocks, rhyolitic flows, andesite, basalt flows, rhyolitic to mafic and
intermediate intrusive rocks, and shallow intrusive rocks. Most of the valley geology
consists of alluvial deposits and tuffaceous sedimentary rocks. Sedimentary rocks such
as limestone, dolomite, shale, and quartzite have also been reported in the valley of the
watershed (Stewart and Carlson, 1978).

Vegetation in the study area is dominated by Pinus monophylla (pinyon pine),
Juniperus osteosperma (Utah juniper), and Juniperus scopuloru (Rocky Mountain
Juniper). Stands of Abies concolor (white fir) populate the higher elevations of both the
White Rock and Wilson Creek Ranges. Pseudotsuga menziesii (Douglas fir) have been
observed in the higher elevations and Pinus ponderosa (ponderosa pine) have been noted
in the lower elevations of the Wilson Creek Range (Charlet, 1996). Typical Great Basin
shrub vegetation noted in the lower elevations of the region include species of Artemisia
(sagebrush) and Cercocarpus (mountain mahogany).

Surface Water

The Meadow Valley Wash is the main surface water feature draining the upper
Meadow Valley Wash watershed (Figure 4). The elevation of the stream ranges from
1,720 m at the USGS gauge in Ursine, NV to over 1,860 m at its headwaters. The length
of the wash within the upper Meadow Valley Wash watershed is approximately 25.5 km-
with an average slope of 0.00417 m/m (US Department of the Interior, 2008b) and
average annual flow of 5,660 acre-feet at the USGS gauge in Ursine (US Department of
the Interior, 2008a). The wash flows in a southerly direction and ultimately terminates in

the Muddy River near Moapa, NV. The Muddy River ultimately flows into the Colorado
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River at Lake Mead near Overton, NV, making the upper Meadow Valley Wash
watershed part of the Lower Colorado River Basin drainage system (TOPO!, 2001).

The Camp Valley Creek represents the main tributary of the wash and drains most
of the northern portion of the upper Meadow Valley Wash watershed from some of the
higher elevations in the Wilson Creek Range. Smaller tributaries near this area include
the Buck Wash, Burnt Canyon Creek, Buster Wash, Cottonwood Wash, Coyote Wash,
Parsnip Creek Wash, White Rock Wash, and Wildcat Wash (Figure 3) (TOPO!, 2001).
There are no perennial lakes within the watershed of study. Numerous springs are
located mostly in the higher elevations near the headwaters of the main tributaries to the
Meadow Valley Wash (Figure 5) (US Department of the Interior, 2008b).

Potential evapotranspiration of surface water in the upper Meadow Valley Wash
watershed is estimated to range from a low of 22 mm in December-January to a high of
420 mm in July. These estimates are based on actual pan evaporation measurements that
were then extrapolated to higher elevations based on latitude, wind, and air temperatures
(Shevenell, 1996). Based on the average monthly precipitation of 25 mm observed at the
Spring Valley State Park, NV meteorological station (Figure, 6) the lower
evapotranspiration values observed during the winter should lead to a small surplus of
water storage in the watershed during this season. A shortage of water in the watershed
probably occurs during the summer and part of the spring and fall, as evapotranspiration
in the upper Meadow Valley Wash watershed exceeds precipitation during these seasons.
Groundwater

Groundwater in the upper Meadow Valley Wash watershed flows predominantly

to the southwest. Flow occurs mostly through the volcanic rocks that dominate in the
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higher elevations and the overlying alluvial deposits of the valley. Both the volcanic and
alluvial layers overlay the regionally widespread carbonate aquifer in the upper Meadow
Valley Wash watershed (Stewart and Carlson, 1979). The carbonate aquifer in the
watershed is connected to the carbonate aquifer of the surrounding basins at such a great
depth, however, that the upper Meadow Valley Wash watershed likely receives negligible
inflow from the nearby carbonate aquifer basins that are located upgradient.

The upper Meadow Valley Wash watershed receives approximately 16,000
acre/feet per year recharge from precipitation largely occurring in the higher elevations of
the White Rock and Wilson Creek Ranges. An estimated 1,000 acre/feet of this recharge
is estimated to be lost from evapotranspiration prior to entrance in the groundwater
system. The loss in groundwater recharge results in a total of 15,000 acre/feet
groundwater leaving the watershed where it enters the Eagle Valley watershed located
immediately downgradient to the south (Figure 2) (Las Vegas Valley Water District,
2001).

Climate

The location of the watershed in the rain-shadow of the Sierra Nevada Mountain
Range and other high mountain ranges of the Great Basin is largely responsible for the
region’s aridity. The rain-shadow effect weakens the strength of any storms entering the
watershed from the west, and frequently prevents eastward moving storms from ever
reaching the region. The precipitation that does enter the region is largely controlled by
the location of the North Pacific subtropical high and the monsoonal flow pattern during
the summer. During this season, the Pacific high is centered at an approximate average

of 38° N latitude and this location remains largely stagnant throughout the warmer
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months. As a result, low-pressure systems are blocked from bringing moisture to the area
from the west (Warner, 2004). However, the region receives some moisture from the
North American summer monsoon when a low-pressure center forms over the super-
heated land near the Gulf of California and points further south in the eastern tropical
Pacific Ocean just off the Mexican coast (Adams and Comrie, 1997). This interaction
produces southerly and southeasterly low-level jets of moisture-laden air that can
occasionally result in precipitation for the upper Meadow Valley watershed during the
mid-to-late summer months (Adams and Comrie, 1997; Warner, 2004). During the
winter, the monsoonal pattern no longer affects the region, but the Pacific high pressure
belt loses strength and migrates further south near 20-25 °N latitude, which allows low-
pressure systems to bring moisture into the area from the west (Warner, 2004).

Exactly how much of an effect the North American Monsoon has on summer
precipitation in the general area of the upper Meadow Valley Wash is debatable. The
greatest impact of the North American monsoon is defined by the 50% line, which
describes areas receiving greater than 50% of their rainfall during the months of July,
August, and September (Adams and Comrie, 1997). In the United States, only parts of
southeast Arizona and New Mexico can be classified as such (Figure 7). The upper
Meadow Valley Wash typically receives approximately 30% of its annual precipitation
over the same period (Figure 8). The exact amount of precipitation occurring in the
region during these three months that can be attributed to the North American Monsoon
is poorly understood.

The precipitation that occurs in the upper Meadow Valley Wash area is sparse and

fairly uniform year-round (Figure 9). The average water year precipitation for the 8
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closest National Weather Service (NWS) stations (Figure 6) ranges from 22-35 cm
(Figure 10), with the closest NWS station at Ursine, NV reporting 31.67 cm. Since 1950,
the highest annual precipitation occurred during 1978, 1998, and 2005 respectively while
the lowest reported precipitation occurred during 2002, 1953, and 1950 respectively
(Figure 11). Snowfall is typically low in the area with an average water-year range of 4-
182 cm (Figure 12) occurring in the 8 closest NWS stations to the upper Meadow Valley
Wash watershed. The closest NWS station at Ursine, NV reports an average water-year
total 71.76 cm snow with the largest amount occurring during the month of February
(Figure 13).

Daytime air temperatures in the region are generally hot during the summer and
mild during the winter. Given its location in the high desert of the Great Basin, the
nighttime air temperatures are considerably lower, as air temperatures average 25-30°C
cooler at night year-round (Warner, 2004). The closest NWS station to the study site
reports an average annual air temperature of 8.4°C with the highest monthly mean high
air temperature of 31.3°C being reported in July and the lowest monthly mean low air
temperature of -12.1°C being reported in January (Figure 14). The average annual air
temperatures for the 8 closest NWS stations range between 8.4°C to 15.3°C (Figure 15).
Human Settlement

Native American hunter gatherers likely represented the earliest human presence
in the area. Not much is known about their actual numbers or range of habitation in or
near the Spring Valley watershed, but given the overall sparseness of natural resources in
the Great Basin population density estimates of hunter gatherers for the region are only 1-

2 people per 250 km® (West, 1983). These numbers are likely higher in the Spring Valley
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watershed area due to the relative abundance of water and vegetation compared to nearby
locations. The hunter gatherers living in the area likely subsisted on small game, pinyon
pine nuts, and perhaps grass seeds (Vale, 1975; West, 1983).

Euro-American settlement in the area has remained low since its onset and has
largely been related to mining and agriculture. The Mormon pioneers and ranchers were
the first Euro-American people to enter the area in the late 1840s. These people brought
cattle ranching, horses, and sheep grazing to areas with higher concentrations of
herbaceous cover (Vale, 1975; West, 1983). Mining in the area began during the 1860s
due to the discovery of silver around present-day Pioche, NV. Mormon missionaries
settled in the area around the same time, eventually leading to the establishment of
Panaca, NV. Eagle Valley (later to be named Ursine) was also settled and established
around this time by a group of Mormon missionaries (see Figure 1 for locations of cities).
Mining in the area flourished during the early 1870s, as the population of Pioche quickly
surpassed 1,000 residents and silver production at the Pioche mine was exceeded in other
Nevada mines only by the Comstock Lode in Virginia City (Hulse, 1971). By 1940, the
mines established in the Pioche district still accounted for two-thirds of the county’s total
mineral production (Phoenix et al., 1948).

The Union Pacific Railroad brought a second small wave of residents into the
region and allowed for the permanent establishment of Caliente, NV in 1901 (Hulse,
1971). Human settlement remained low in the area throughout the 20" century with
cattle raising, mining, and farming for hay, alfalfa, potatoes, and fruit being the main
sources of income (Phoenix et al., 1948; US Census Bureau, 2008). 4,165 residents are

listed to have resided in Lincoln County in 2000 (US Census Bureau, 2008).
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Land Use Impacts on Hydrology

Anthropogenic changes to the hydrology of the Spring Valley watershed were
initiated in recent years for agricultural or flood control purposes. Check dams installed
by local ranchers to provide flood control are located throughout the length of the Upper
Meadow Valley Wash and Camp Valley Wash (Figure 16). A debris catchment on the
Meadow Valley Wash is located upstream from the USGS gauge in Ursine, NV near the
geographic center of the upper Meadow Valley Wash. Known as the Hollinger Debris
Reservoir, this catchment was installed for flood control and is reported to fill during
higher flows (Porter, Personal Communication) (Figure 5). Located further downstream,
the Eagle Valley dam restricts flow on the Meadow Valley Wash to form the Eagle
Valley Reservoir at Spring Valley State Park (Figure 17). This dam was installed in 1965
for irrigation purposes and the reservoir is currently being stocked with fish for
recreational purposes. The USGS Gauge No. 09417500 is located just downstream on
the Meadow Valley Wash and monitors the flow coming out of the dam (Figure 18).
Located further south on the Meadow Valley Wash and outside of the upper Meadow
Valley Wash watershed is the Echo Canyon dam (Figure 19) (see Figure 1 for locations
of dams and gauges). This dam was completed in 1970 also for the purposes of irrigation
and flood control. Similar to the reservoir upstream in Eagle Valley, this reservoir is
stocked with fish to increase revenue from recreation and tourism in the area (Nevada
Division of State Parks, 2008).

Irrigation wells were not in use in the upper Meadow Valley Wash prior to 1946.
However, 8 irrigation wells were developed and in use downstream from the Ursine

gauge in the vicinity of Caliente at this time (Phoenix et al., 1948). Other wells have
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since been added and numerous springs are also located throughout the upper Meadow
Valley Wash watershed (Figure 5) making water quite abundant relative to other areas of
the watershed (TOPO!, 2001).

Model Background

This study used a simple derivative of the abc model originally developed by
Fiering (1967) to monitor historic hydrologic component fluctuations in the upper
Meadow Valley Wash watershed. The model used only seasonal air temperature and
precipitation records as input. A better reproduction of water resource fluctuations could
have been developed using a model with additional hydrologic input requirements such
as soil moisture or evapotranspiration, (Limbrunner et al., 2006), but obtaining historical
records of other hydrological variables in such a remote location was not possible. More
importantly, the model was selected so it could also work using only proxy tree-ring
records of precipitation and air temperature, meaning it can work with precipitation and
air temperature as the only inputs at the seasonal or annual timescale. Lastly, the model
was chosen because a similar version was already applied successfully to the upper West
Walker River watershed in eastern California to reproduce streamflows and potentially
extend the simulated record using a derived record of precipitation from tree-rings (Saito
et al., 2008).

The water balance model used in this study could not be run on a water-year
timescale because of existing flow diversions in effect from June through September on
the upper Meadow Valley Wash above the USGS gauge in Ursine, NV that was used for
model calibration (Hutchings, Personal Communication, 2008; Lytle, Personal

Communication, 2009). Thus, the assumption that the predicted streamflow in the model
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can be compared with the natural streamflow record during this period for model
calibration is not valid and the water balance model was run at a seasonal (October to
May) timescale. An attempt was made to obtain additional information regarding the
exact amount of flow that is diverted for irrigation during the summer. This information
potentially could have been used to reconstruct natural flows during these months to
calibrate the water balance model on either a water year or monthly timescale.
Unfortunately, no further information regarding the exact amount of flow diversions on
the upper Meadow Valley Wash could be obtained. The model was still run at a seasonal
October to May timescale, however, as proxy climate records from tree rings can
potentially still be derived at a seasonal timescale for use as input to extend the modeling
period back several centuries. Proxy records of seasonal precipitation can be derived
from tree rings because the growth of trees from this arid region is more dependent on
non-summer precipitation and thus variations in tree growth are still related to
precipitation at an October to May timescale (Fritts, 1976; Woodhouse and Meko, 2002).
The watershed model consisted of surface, subsurface, and groundwater storages
and the movement of water through each of the storages was assumed to be
instantaneous. Seasonal precipitation and air temperature were the only model inputs and
actual seasonal streamflow recorded at the USGS gage in Ursine, NV was used for model
calibration. Other variables determined by the model included seasonal surface runoff,
infiltration, evapotranspiration, deep percolation, baseflow, groundwater flow,
groundwater storage, and surface runoff (Figure 20). In addition, four water-balance
model parameters were used in model calculations including: a = fraction of precipitation

that becomes surface runoff; b = fraction of infiltrated water (or portion of water not



40

becoming surface runoff) that evaporates; ¢ = fraction of groundwater storage that
becomes baseflow; d = fraction of groundwater storage that becomes groundwater flow.
Three snowmelt parameters were also used in the model to estimate snow accumulation
and snowmelt in the model including: Tpaxsnow = the maximum monthly air temperature
(°C) allowed for all precipitation to occur as snow over a given month (Markstrom et al.,
2008); Cy, = (cm) is monthly potential snowmelt (cm), T, = the base temperature of snow
(US Army Corps of Engineering, 1998b). The snowmelt parameters were used to modify
the seasonal precipitation value that was used as model input to exclude the snow that
occurred, but did not melt in the watershed during the seasonal modeling period. The
water balance and snowmelt parameters were ultimately fit to specific values according
to what produced the smallest Root Mean Square Error (RMSE) between the actual
streamflow recorded from the 1963 to 1974 and 2004 to 2008 calibration period at the
USGS streamflow gauge in Ursine, NV and the predicted streamflow that was simulated
over the same period using Excel Solver (Saito et al., 2008).

The upper boundary of the range of reasonable values for parameter a, or the
fraction of precipitation that becomes surface runoff, was determined by analyzing the
dominant Hydrologic Soils Group of the watershed from the Natural Resources
Conservation Service (http://websoilsurvey.nrcs.usda.gov/app/ WebSoilSurvey.aspx).
Found mostly in the moderate to high elevations of the upper Meadow Valley Wash
watershed, Group C is the dominant Hydrologic Soils Group, taking up 48% of the
watershed. Groups D and B are found mostly in the highest and lowest elevations
respectively, and accounted for the remainder of the Hydrologic Soils Groups found in

the study area (Figure 21). Hydrologic Soils Group C is known to have low infiltration
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rates when completely saturated and contains a thinner soil layer that acts as a barrier to
runoff. Based on the dominant Hydrologic Soils Group, the upper limit of the surface
runoff parameter a in the model was fixed at 0.8, which is lower than the upper limit of
0.9 that was used by Saito et al. (2008) for the upper West Walker River watershed in
eastern California (Dingman, 2002). The dominant Hydrologic Soils Group for that
watershed was Group D, which has a much higher surface runoff potential than Group C.

The upper boundary of the range of reasonable values for parameter b, or the
evapotranspiration fraction of infiltrated water, was fixed at 1.0 to prevent the model
from assuming greater than 100% of infiltrated water could be treated as
evapotranspiration. Similarly, the upper boundary of the range of reasonable values for
parameters C and d were fixed at 1.0 to prevent the model from assuming greater than
100% of groundwater storage could be treated as either baseflow or groundwater flow.
The sum of parameters a and b and the sum of parameters ¢ and d were also fixed at 1.0
to prevent the model from assuming more water than what was available for the sum of
runoff and evapotranspiration or the sum of baseflow and groundwater flow was assumed
in the model.

As suggested to be the acceptable range of values in the literature, the snowmelt
parameters were allowed to have the following ranges of values during the model fitting
process: 0-3 °C for Tmaxsnow (US Army Corps of Engineers, 1998b; Ward and Trimble,
2004; DeWalle and Rango, 2008), 0.1-1.16 cm/°C for Cy, (Gray and Prowse, 1993; Hock,
2003) and 32-39.92 °C for Ty (Gray and Prowse, 1993; US Army Corps of Engineers,
1998b).

Model Inputs: Precipitation Records from Climate Stations
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Instrumental precipitation data from eight National Weather Service Cooperative
(NWS COQP) stations, one United States Geologic Survey (USGS) High Altitude
precipitation gauge station, and a Nevada Division of Water Resources (NDWR)
precipitation gauge station (Figure 22) were examined as potential precipitation inputs for
the model. The precipitation records from these gauging stations were selected as
potential inputs for the model based on their close proximity (within 100-km radius) and
similar elevation range to the watershed of study (gauging station elevation range = 1042
m to 2804 m; watershed elevation range = 1720 m to 2833 m).

Unfortunately, all of the precipitation records from the gauging stations were
ultimately excluded from use as input. Measurements of precipitation at the USGS and
NDWR precipitation gauges were only taken annually or semi-annually and these records
could not be resolved into the October to May seasonal timescale that was necessary for
this study. In addition, most of the NWS COOP station records had too many missing
data during the model calibration period to be incorporated as input. For example, the
lone precipitation gauge located inside the study area at Spring Valley State Park (SP),
NV is missing nine years of seasonal precipitation data during the calibration period. An
attempt was made to fill in the missing data at Spring Valley SP, NV by relating the
precipitation record at Spring Valley SP, NV to the other NWS precipitation stations
(Figure 23) to extrapolate the precipitation records from some of these stations to fill in
the missing data at Spring Valley SP, NV. However, the r* between other stations and
Spring Valley SP, NV was often less than 0.80, and thus were not used to avoid

introducing too much error into the model.
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The r* between some stations and Spring Valley did exceed the 0.80 threshold.
This occurred for the precipitation record at Elgin, NV, which however had a
disproportionately small volume of snow (Figure 24) compared to Spring Valley SP, NV
(see Figure 13 for comparison). As such, the Elgin, NV data could not be used to fill in
the Spring Valley SP, NV missing data.

Precipitation records from either Caliente, NV or Pioche, NV correlated to Spring
Valley SP, NV had r* values above the 0.80 threshold too, but the records from these
three NWS COOP stations are missing too many years in common with the USGS
streamflow discharge record at Ursine, NV that was used to calibrate the model (Figure
25). The precipitation records from Caliente, NV lacked eight years in common with the
calibration period, those from Spring Valley SP, NV lacked nine years in common with
the calibration period, and those from Pioche, NV lacked four years in common with the
calibration period. Furthermore, all three of the NWS COOP stations had at least three
years in common of missing data over the calibration period. Because there are only 17
years of available discharge for the calibration period, the use of the precipitation records
from the NWS COOP stations as model input would have introduced more uncertainty
into the model.
Model Inputs: Precipitation Records from PRISM

Precipitation records available from the area as input for the model came from
PRISM (Parameter-elevation Regressions on Independent Slopes Model). PRISM
represents a gridded network of cells of various sizes containing historical monthly
precipitation records that are based on point climate data and other spatial information

(Daly et al., 1994). PRISM data have been successfully used in other applications to
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estimate air temperature, snowfall, growing degree-days, and weather generator
parameters (Fernandez et al., 2000). Precipitation data from 1895 to 2008 at 2.5 arc-
minute resolution (~16 km?®) was downloaded from 62 PRISM cells that either intersected
or lay entirely within the upper Meadow Valley Wash watershed (Figure 26). The
monthly precipitation records from each cell were combined into October to May
summaries from 1896 to 2006. Each cell’s October to May precipitation record was then
compared to the October to May precipitation record from the NWS COOP Station at
Spring Valley SP, NV to ensure the modeled records were related to actual precipitation
measurements being made within the watershed of study. The records from each cell had
high r* values (average r* = 0.85) when compared to the precipitation record at Spring
Valley SP, NV (Figure 27).

After determining the modeled PRISM records to be well-correlated with actual
measurements within the watershed, the PRISM cells were grouped into six sets for use
as input into the water balance model. The first grouping was the 62 cells that intersect
or are entirely within the upper Meadow Valley Wash watershed (Figure 26). October to
May precipitation of these 62 PRISM cells ranged from a minimum of 13.02 cm in 2002
to a maximum of 61.39 cm in 2005 with an average of 29.47 cm. Although the October
to May values from this group always exceed those at the NWS COOQOP Station in Spring
Valley SP, NV (Figure 28), the two datasets have high r* values (1 = 0.83). The second
grouping of PRISM cells was the cells located entirely within the upper Meadow Valley
Wash. The blue-lettered cells tend to be found in the valley of the watershed and thus
include many cells with lower average elevations relative to the entire watershed. The

third grouping was the cells that intersect the border of the upper Meadow Valley Wash
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watershed. These red-lettered cells tend to be found at the periphery of the watershed and
thus include many cells with higher average elevations relative to the entire watershed.
Based on these elevation differences (Figure 29), the average seasonal precipitation
values of the red-lettered and blue-lettered PRISM cells were respectively above and
below the average for all the PRISM cells in the upper Meadow Valley Wash watershed
(Figure 30).

In addition to the above-mentioned groups of PRISM cells, the individual PRISM
cells 54, 55, and 59 were also used as input in the model (Figure 26). These cells
represent the three closest cells to the precipitation gauge located within the study site at
Spring Valley SP, NV. The r* between the precipitation records from any of these three
cells and the precipitation record at Spring Valley SP, NV represent some of the highest
of any PRISM cell in the study area (Figure 31). Furthermore, because these cells are
also closest to the USGS gauge in Ursine, NV (Figure 26) that was used to calibrate the
model, the precipitation records from these cells were selected for model input to see if
higher r* and lower RMSE values could be obtained during model calibration when these
precipitation records were used.

Known Water Balance Variables from Previous Studies

Previous estimates of basin-wide evapotranspiration vary considerably for the
upper Meadow Valley Wash watershed (Nichols, 2000; Las Vegas Valley Water District,
2001). Annual evapotranspiration was estimated to be approximately 1,000 acre-feet to
1,030 acre-feet (0.16 cm to 0.17 cm per watershed area). Open water evaporation was
estimated to be approximately 135 acre-feet per year within the watershed of study (Las

Vegas Valley Water District, 2001). Much of the open water evaporation likely occurs in
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the Eagle Valley Reservoir, which is the only large surface water body in the study area
(see Figure 5).

Nichols (2000) derived an equation for evapotranspiration as a function of plant
cover using evapotranspiration measurements from twelve locations (4 in Nevada, and 8
in the Owens Valley of California) (Equation 1).

ET =exp[a + b/Cp, + c*In(Cyp)] 1)
where ET is daily evapotranspiration in ft/day, C, is plant density in percent, a is an
evapotranspiration coefficient = -4.13 ft/day during May to September and -5.82 ft/day
during October to April, b is an evapotranspiration coefficient = -0.199 ft/day during May
to September and -0.203 ft/day from October to April, and C is an evapotranspiration
coefficient = -0.263 ft/day during May to September and -0.483 ft/day during October to
April. The given evapotranspiration coefficient values and the recommended range of 10
to 20 % C, for the area given by Las Vegas Valley Water District (2001) were used to
estimate a range of seasonal October to May evapotranspiration for the upper Meadow
Valley Wash watershed to be 87,001,345 acre-feet to 179,844,929 acre-feet (11 cm to 24
cm per watershed area), which is much higher than the annual evapotranspiration
estimation provided by the Las Vegas Valley Water District (2001).

The evapotranspiration estimate was not incorporated into the water balance
model because of the wide range of values between the annual estimation provided by
Las Vegas Water District (2001) and the seasonal estimation that was derived from the
equation provided in Nichols (2000). The seasonal estimation that was derived from
Nichols (2000) also was based on only five years of evapotranspiration measurements,

none of which were within the calibration period used for the model in this study. Thus,
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incorporating the seasonal evapotranspiration estimation from this equation into the
model could lead to erroneous predictions of evapotranspiration. Furthermore, the
estimation by Las Vegas Water District (2001) was given by year, rather than at the
seasonal timescale that was necessary for use in this study. As such, the range of
estimated evapotranspiration values obtained from the two studies was used only to
gauge if the predicted average seasonal evapotranspiration values from our model.

Shevenell estimated monthly potential evapotranspiration for five regions of
Nevada that include the study area, but these estimates provide no additional calculation
for actual evapotranspiration of the area. The two variables are far from being equal,
particularly in arid regions, as potential evapotranspiration provides an indication of the
amount of water that would evapotranspire assuming saturated soil conditions exist
(Vorosmarty et al., 1998). In arid regions such as the upper Meadow Valley Wash
watershed, the soil is rarely close to saturated so annual potential evapotranspiration
estimates generally far exceed annual actual evapotranspiration estimates. As such, the
results from Shevenell (1996) were not incorporated into the water balance model.

Base flow estimates from previous studies also exist for the upper Meadow Valley
Wash watershed through estimations of the Base Flow Index (BFI). The BFI is defined
as the ratio of annual base flow to total annual flow volume in a given watershed. Using
the USGS BFI method and digital filter method, Santhi et al. (2008) estimated the BFI for
a number of streamflow gauges across the United States. The point BFI values were then
extrapolated to other areas using the inverse distant weighting method. BFI values in the
watershed were estimated to be between 30-70%. The range of BFI values calculated by

Santhi et al. (2008) was not incorporated into the model, however, as these values
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represent annual estimates and the model runs on a seasonal timescale. Santhi et al.
(2008) likely did not calculate the BFI at the USGS streamflow gauge in Ursine, NV
because the drainage area in this region is affected by a dam and reservoir (Santhi et al.,
2008). In addition, of the 20 Hydrologic Landscape Regions (HLRs) included in the
study, Santhi et al. (2008) reported the highest error in their base flow model predictions
occurred in HLR 15, which includes the study area and much of Nevada. Santhi et al.
(2008) even suggested Nevada be further reclassified into 16 additional HLRs to better
define the hydrologic complexities that occur in this state, thereby aiding in future
estimations of base flow in Nevada (Santhi et al., 2008).

Wahl (1988) developed a computer program to calculate the BFI at a streamflow
gauge for a given watershed. This program is available on the Bureau of Reclamation
website and requires only monthly streamflow data over a given period to calculate a BFI
using either the Standard Method developed by the British Institute of Hydrology or the
Modified Method turning point test (Wahl and Wahl, 2009). Monthly streamflow values
from October to May that were available for the calibration period from the USGS gauge
in Ursine, NV were used as input for the BFI model. The results of this model show a
seasonal BFI of approximately 70% for the calibration period in the upper Meadow
Valley Wash. This value falls within the acceptable range estimated by Santhi et al.
(2008) described in the previous paragraph. However, the BFI program warns against
application to areas where the potential for streamflow regulation exists within the basin
where the BFI calculation is being performed (Wahl and Wahl, 2009). As previously
mentioned, flow diversions exist on the Meadow Valley Wash upstream from the USGS

gauge in Ursine, NV (Sjoberg, Personal Communication, 2008; Lytle, Personal
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Communication, 2009). Thus, the estimated BFI for this watershed had to be omitted
from incorporation into the water balance model.
Snowmelt Modeling

The incorporation of a snowmelt modeling component into the water balance
model was necessary to account for the potential over-estimation of water in the model
because of snow occurring, but not melting by the end of the seasonal modeling period in
May. A deterministic, lumped-parameter, temperature-index snowmelt model was thus
applied to the water balance model used in this study to exclude the post-May, un-melted
snow in the upper Meadow Valley Wash watershed from being added to the model’s
seasonal input. The temperature-index solution was chosen for the model because it only
requires air temperature and precipitation as input, meaning the model input could still be
derived from tree-ring proxy records to extend the modeling period back several
centuries.

The first attempt at calibrating this snowmelt model involved the use of the
temperature-index snowmelt solution to predict cumulative monthly Snow-Water-
Equivalent (SWE) and end-of-month SWE from October through May at five 2.5 arc-
minute resolution PRISM cells located in southeast Nevada and southwest Utah. The
predicted cumulative monthly SWE and end-of-month SWE at the five PRISM cell
locations were then compared to actual cumulative monthly SWE and end-of-month
SWE records from five SNOTEL stations located in approximately the same areas as the
PRISM cells (Figure 32). The five SNOTEL sites were chosen based on their proximity

to the upper Meadow Valley Wash watershed relative to other SNOTEL sites together
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with the elevation range of the five sites (1859 m to 2804 m), which is relatively similar
to the elevation range in the target watershed (1720 m to 2833 m).

A second method was used to calibrate the snowmelt model by incorporating the
temperature-index snowmelt solution directly into the water balance model. The six
different PRISM record groupings of air temperature and precipitation from within the
watershed were used in conjunction with snowmelt parameters in the temperature-index
solution to estimate monthly SWE and snowmelt where the resulting estimated end-of-
May SWE could then be subtracted from the seasonal precipitation input over the
calibration period. Parameter values were best-fit to the water balance model according
to what resulted in the lowest RMSE between observed and predicted streamflow. Both
the first and second calibration methods are described in greater detail below.

Snowmelt Model Calibration Method I: Comparison with SNOTEL sites

The temperature-index snowmelt model used air temperature and precipitation
records from PRISM to be consistent with the input of the water balance model.
Cumulative monthly Snow Water Equivalent (SWE) from October through May was
estimated for the five PRISM cells seen in Figure 32 using a simple temperature-index
equation (Equation 2) that requires only monthly precipitation and air temperature data.
SWE = Protal = [(Tmax = Tmaxsnow)/(Tmax-Tmin)]*Protal (2)
SWE is defined as the cumulative monthly SWE (cm), Py 1s the total monthly
precipitation (cm), Tmax 1S the average maximum monthly air temperature (°C) over a
given month, Tpaxsnow 1S the maximum monthly air temperature (°C) allowed for all
precipitation to occur as snow over a given month, and T, 1s the average minimum

monthly air temperature (°C) over a given month (Markstrom et al., 2008). When the
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value of Tpin exceeded Tmaxsnow I any given month, the monthly SWE was assumed to be
zero for that month. Although precipitation is known to occur as snow at air
temperatures approaching 6°C, the upper threshold value of Taxsnow in the model was
held at 3°C because snow is not known to be the dominant form of precipitation when the
air temperature exceeds this threshold (US Army Corps of Engineers, 1998b; Ward and
Trimble, 2004). According to DeWalle and Rango (2008), the US Army Corps of
Engineers reports 90% success for using 1.67°C for the Tpaxsnow Values, but this value can
increase in areas with lower relative humidity. In fact, snow has been known to occur at
air temperatures as high as 5°C with an accompanying relative humidity of
approximately 35% (DeWalle and Rango, 2008).

For the purposes of calibrating the snowmelt model, daily SWE accumulation
recorded at the 5 SNOTEL sites were converted to monthly cumulative values to allow
for easier comparison to the predicted monthly cumulative SWE values from the PRISM
records. For each of the five sites, the Tiyaxsnow Used to estimate monthly cumulative
SWE using air temperature and precipitation records from PRISM was determined in
Excel Solver according to what Tpaxsnow resulted in the lowest RMSE between the
predicted (PRISM) and actual (SNOTEL) monthly SWE (Figures 33-37). Figure 35
suggests the model tended to over-predict monthly SWE at Berry Creek, NV, while
figure 36 indicates the model tends to under-predict monthly SWE at Ward Mountain,
NV. Figures 33, 34, and 37 show neither an over- nor an under-prediction trend existed
for monthly SWE modeling at Little Grassy, UT, Gutz Peak, UT, or Diamond Peak, NV.

The RMSE and r* between observed and predicted SWE, Tpaxsnow values, and

number of months used in the calculation are presented in Table 1. Table 1 shows the
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average of these values for all five sites, as well as the averages for only the Utah and
only the Nevada sites. The average values were split into these two groups because the
average distance from the Utah sites to the upper Meadow Valley Wash watershed is
approximately 58 km, which is considerably lower than the average distance of
approximately 132 km from the Nevada sites to the watershed. The average RMSE and
r* for the five calibration sites were 3.23 cm and 0.80, respectively, when the best-fit
Tmaxsnow Value was applied to each site. The average best-fit Tpaxsnow Value that resulted
from averaging the best-fit Tiaxsnow Values obtained from each of the five sites was
2.13°C. The SWE accumulation model tended to be better for the Utah sites, as the
average 1’ value increased to 0.90 and average RMSE decreased to 2.62 cm when
considering the average best-fit results from only the Utah sites. Additionally, the
average of best-fit Tiaxsnow Values from only the Utah sites resulted in a higher average
value of 2.50°C. The SWE accumulation model was worse for the Nevada sites, as the
average 1” decreased to 0.74 and average RMSE increased to 3.63 cm when considering
the results from only the three Nevada sites.

Monthly snowmelt from October through May for the first calibration attempt
was determined via the temperature-index solution shown in Equation 3.
Snowmelt = Coy*(Ta — Th) 3)
where snowmelt (cm) is monthly potential snowmelt, Cy,, (cm/°C) is the snowmelt factor,
Ta (°C) is the maximum average monthly air temperature over a given month, and T, (°C)
is the base temperature of snow (US Army Corps of Engineering, 1998b). The calculated
potential monthly snowmelt value in Equation 3 was subtracted from the cumulative

monthly SWE predicted in Equation 2 to determine the SWE remaining at the end of
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each month. If the potential monthly snowmelt exceeded the cumulative monthly SWE
for any given month, a value of 0 was entered as the SWE remaining for the end of that
month. If the cumulative monthly SWE exceeded the potential monthly snowmelt for
any given month, the leftover SWE was carried over to the following month and added to
the cumulative SWE for that month. The end of the seasonal monitoring period in May
represented an exception to this rule, as any SWE left over at the end of May was
assumed to be melted by the following October. Thus, no leftover SWE from the end of
May was carried over to the beginning of the next seasonal modeling period in October.

Given the typical range of observed C,, values described above, C,, values used in
the calibration of the snowmelt model were allowed to range between 0.1 cm/°C (0.02
in/°F) and 1.16 cm/°C (0.25 in/°F) at 0.046 cm/°C (0.01 in/°F) increments (Gray and
Prowse, 1993). A higher range of C,, values was used in the snowmelt model than what
is normal to account for the warmer air temperatures that likely exist in the study area
compared to when the model is normally applied at higher latitudes or higher elevations
(Quick and Pipes, 1977; Gray and Prowse, 1993; Semadeni-Davies, 1997; Marks and
Winstral, 2001; Walter et al., 2005). Furthermore, because C, values as high as 1.16
cm/°C have been calculated (Hock, 2003), the upper threshold of 1.16 cm/°C was
selected in this study to include the entire range of observed Cy, values that is found in
other studies. Mean, rather than maximum, air temperatures are often used for T, values
to simulate snowmelt in smaller basins at less than daily timesteps (US Army Corps of
Engineers, 1998b). The maximum air temperature was used as the T, value in this study,
as maximum air temperatures are the preferred T, value for snowmelt simulations in

larger basins at longer timesteps. Based on the acceptable range of Ty, values when
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maximum air temperatures are selected as the air temperature-index, T}, values were
allowed to be between 0°C and 4.44°C in the snowmelt model (Gray and Prowse, 1993;
US Army Corps of Engineers, 1998b).

For the purposes of model calibration, the daily SWE value recorded at the end of
a given month from October through May was used to compare with the predicted
monthly remaining SWE values derived from the PRISM records. Model parameters Cp,
and T}, were then selected in Excel Solver according to what resulted in the lowest RMSE
between the predicted and actual end-of-month SWE values. C,, values were allowed to
vary between 0.10 c/°C and 1.16 cm/°C at 0.046 cm/°C increments and Ty, values
between 0°C and 4.4°C, as these ranges represent what was observed in the literature
(Gray and Prowse, 1993; US Army Corps of Engineers, 1998b; Hock, 2003). This same
calibration approach was attempted by applying different combinations of multiple Ty,
values between 0.0°C and 4.4°C to various months over the calibration period. However,
because these multiple Ty, value simulations increased the computational burden while
only marginally improving the RMSE and r” estimates, only the results from the use of a
single Ty, value for all months in the model were reported and discussed.

The predicted end-of-month SWE values using the PRISM records were
compared to the actual end-of-month SWE values obtained from the SNOTEL records in
Figures 38-42. Figure 41 suggests the model tended to over-predict monthly snowmelt
resulting in less end-of-month remaining SWE at Ward Mountain, NV than what was
measured at the SNOTEL gauge. Figure 42 indicates the model tended to under-predict
monthly snowmelt resulting in more end-of-month remaining SWE at Diamond Peak,

NV than what was measured at the SNOTEL gauge. Figures 38, 39, and 40 show neither
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an over- nor an under-prediction trend existed for monthly snowmelt modeling at Little
Grassy, UT, Gutz Peak, UT, and Berry Creek, NV.

Table 2 shows the r* values, melt factor (Cy,), and base temperatures (Ty) that
produced the lowest RMSE between the predicted and actual end-of-month SWE. The
corresponding lowest RMSE for each site and number of observations used in the
calculation for each site are also presented in the last two columns. Similar to what was
done for the calibration of monthly SWE, Table 2 shows the same values averaged for all
five sites, as well as the average values for only the Utah and only the Nevada sites. The
average RMSE and r” values for the five calibration sites were 9.90 cm and 0.77,
respectively. The average best-fit C,, and Ty, values that resulted from averaging the best-
fit values at each of the five sites were 0.969 cm/°C and 1.38°C respectively. Similar to
the calibration of the monthly SWE accumulation model, the monthly snowmelt model
tended to predict better for the Utah sites, as the average r* value increased to 0.81 and
average RMSE decreased to 6.58 cm when considering average results from only the
Utah sites. The average best-fit Cy, and Ty, values from only the Utah sites resulted in
lower average C,, and Ty, values of 0.960 cm/°C and 0.52°C, respectively. The SWE
accumulation model tended to have worse predictions for the Nevada sites, as the average
r* value decreased to 0.74 and average RMSE value increased to 12.12 cm when
considering the results from only the three Nevada sites. The average best-fit C,, and T,
values from only the Nevada sites resulted in higher average Cp, and Ty, values of 0.975
cm/°C and 1.94°C, respectively.

The best-fit Tmaxsnow> Cm, and Ty, obtained from the average values of the Utah

sites were then applied to the upper Meadow Valley Wash watershed to predict snowmelt
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in this location. Only the average values from the Utah sites were used, as this resulted in
the highest r* and lowest RMSE between predicted (PRISM) and observed (SNOTEL)
monthly SWE accumulation and end-of-month SWE. Although exhibiting a much higher
1 and lower RMSE than the values at Little Grassy, UT, the best-fit Timaxsnows Cm, and T,
values obtained from Gutz Peak, UT were averaged with those at Little Grassy, UT to
increase the number of observations before applying the results to the upper Meadow
Valley Wash watershed. When the Utah-site averaged best-fit Taxsnow Value of 2.5°C,
Cmvalue of 0.975 cm/°C, and T}, value of 0.52°C were used to calculate snowmelt, the
results show zero un-melted snow was left in the watershed at the end of the season
throughout the model calibration period.

Contrary to what was predicted in this snowmelt model calibration attempt,
physical observations in the field during May and June of 2008 and historic satellite
photo documentation from Moderate Resolution Imaging Spectroradiometer (MODIS)
and Land Satellite (LANDSAT) indicate that un-melted snow has existed in the
watershed at the end of the seasonal model monitoring period (NASA Landsat Program,
2003; Oak Ridge National Laboratory Distributed Active Archive Center 2009) (Figures
43-48). An attempt was made to get photos of the watershed as close to the end of the
modeling period on May 31*, but this was not always possible. Close observation of the
LANDSAT images in Figures 43-45 and 47 reveals the presence of snow in the upper
elevations of the watershed on the following dates: 6/6/1986, 5/16/1990, 5/16/1996, and
5/3/1997. Figures 46 and 48 do not indicate snow cover in 6/1/1996 or 6/10/1999. The
apparent disappearance of snow by 6/1/1996 despite being present in the middle of the

preceding month indicates the presence of snow in May of 1990 and 1997 did not
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necessarily mean it persisted through the end of the modeling period during that year.
Thus, of the five years represented by the LANDSAT images, only in 1986 snow
remained in the watershed beyond the modeling period.

The MODIS images provide an aerial overview of the watershed in May from
2001-2008 and are presented in Figure 49. No snow appears to be present in the
watershed in any of the MODIS images, but it should be noted that these images were
taken at 500 m resolution as opposed to the 30 m resolution scale used in the LANDSAT
images. Closer resolution images may be necessary to determine whether snow has
completely disappeared in the watershed by the end of the modeling period during these
years. Moreover, snow was physically observed in the watershed in the field in early
May of 2008 (Strachan, Personal Communication), suggesting that perhaps snow existed
in the watershed at the end of this month when the MODIS image at 500 m resolution
that was taken on 06/01/2008 showed otherwise.

Also supporting the use of an alternative method to calibrate a snowmelt model in
the upper Meadow Valley Wash watershed, as previously mentioned, the C,, variable is
known to be site and time specific (Quick and Pipes, 1977; Braun et al., 1993; Gray and
Prowse, 1993; Martinec et al., 1994; Schreider et al., 1997; US Army Corps of Engineers,
1998b). Thus, a Cy, value that worked well for modeling snowmelt in the Utah sites does
not necessarily indicate it will work well for modeling snowmelt at the nearby upper
Meadow Valley Wash watershed. Because of the high variability of Cy, values used to
estimate snowmelt, the use of point snowmelt measurements to calibrate snowmelt
models (as is done here) often does not produce favorable results (Williams and

Tarboton, 1999). As such, calibrated Tpaxsnow>» Cm, and Ty values obtained from the initial
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snowmelt calibration attempt were not used further, and a second method of calibration
was used, as described in the following paragraph.
Snowmelt Model Calibration I1: Application During Water-Balance Calibration

A second method was used to calibrate a snowmelt model in the upper Meadow
Valley Wash watershed by linking the snowmelt modeling component directly to the
water balance model. The six different monthly PRISM precipitation and air temperature
record groupings from the upper Meadow Valley Wash watershed were input into the
snowmelt modeling component to predict cumulative monthly SWE and monthly
snowmelt using equations 2 and 3. Similar to how these equations worked with the first
snowmelt modeling component calibration attempt, monthly snowmelt and SWE were
predicted for each season of the modeling period to determine the amount of SWE
leftover at the end of every seasonal modeling period in May. This calculated SWE was
then used to modify the seasonal precipitation that was input into the model to exclude
the amount of precipitation that occurred but did not melt during the modeling period
from being incorporated into model input. The Tyaxsnow, Cm, and Ty, used in equations 2
and 3 were fit to values within the aforementioned boundary conditions using Solver in
Microsoft Excel according to what produced the lowest RMSE between observed and
predicted streamflow during the model calibration period from 1963 to 1974 and 2004 to
2008. Thus, these parameters were estimated in the same way as and simultaneous to the
water balance parameters @, b, ¢, and d.
Model Simulations

The model was first simulated over the 1963 to 1974 and 2004 to 2008

calibration period for the six PRISM cell input models both with and without a snowmelt
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modeling component using a Monte Carlo-type analysis that was employed in Saito et al.
(2008). This method used a random-number generator to randomly select starting
parameter values that were within the given range of boundary conditions mentioned
above. Excel Solver was then run to best-fit the randomly selected parameter values
according to what produced the lowest RMSE between observed and predicted
streamflow. 800 of these model runs were performed for each input model with
snowmelt component where each run best-fit randomly selected snowmelt and water
balance parameters (Tmaxsnows Cm» Tb, @, b, ¢, d, and GS) to final values. Only 500 of
these model runs were performed for each input model without snowmelt component
where each run best-fit randomly selected water balance parameters (a, b, c, d, and GS) to
final values. Another set of runs were conducted in which parameters were manually
selected rather than using the random number function in Excel. Since this approach
only tested a minimum of 50 possible values of each parameter, its results were not
considered as robust as the Monte Carlo approach. The manual results are therefore
presented in Appendix A.

After the best-fit parameter values were obtained for the Monte Carlo-type
simulations over the model calibration period, these best-fit parameter values were then
used to simulate the model from 1896 to 2008 using the entire available seasonal October
to May precipitation records from the six PRISM cell groups as input. This procedure
thus resulted in one 1896 to 2008 seasonal model simulation per PRISM cell input group
using the best-fit parameter values from the Monte Carlo-type simulations.

Results

Model Calibration Simulation
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Figures 50-55 show the actual and predicted seasonal streamflow both with and
without incorporating the snowmelt modeling component for the Monte Carlo-type
simulation over the calibration period. Because the best-fit snowmelt parameters did not
predict any snow remaining in the watershed during the end of any seasonal modeling
period, the model predictions of streamflow with and without the addition of snowmelt
modeling component were identical. The predicted streamflow tended to overestimate
the actual streamflow during low-flow years (streamflow < ~0.75 cm), while the reverse
was true during high-flow years (streamflow > ~1.5 cm).

The results of the Monte Carlo simulations with snowmelt modeling component
over the calibration period are presented in Table 3. The results for the same analysis
without snowmelt component over the calibration period are presented in Table 4, which
shows the parameter results, >, RMSE, and average and standard deviation of observed
and predicted streamflow to be similar to those presented in Table 3. Tables 3-4 only
show the results for the model using input from PRISM cell 54, as the simulated results
using the same method for the other five models were similar.

For the Monte Carlo simulations with snowmelt modeling component, the
average Tmaxsnow Was 1.55°C with a standard deviation of 0.86°C and range of 0°C to
3°C, which represents the full range of temperature in the model for this variable. The
average Cp was 0.62 cm/°C with a standard deviation of 0.29°C and range of 0.16cm/°C
to 1.16cm/°C. The average T, was 2.20°C with a standard deviation of 1.27°C and range
of 0.01°C to 4.40°C, which again represents approximately the full range of allowable

temperature in the model for this variable.
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For the Monte Carlo simulations with and without snowmelt modeling
component, the average of parameter a was 0.03 with the same maximum and minimum
value and a standard deviation of 0.00. The average of parameter b was 0.70 with a
standard deviation of 0.29 and range representing the full range of allowable values in the
model for this parameter for the analysis with snowmelt modeling component. For the
analysis without snowmelt modeling component, the average value of this parameter
decreased to 0.51, but still had the same standard deviation and range. The average of
parameter ¢ was 0.00 with a standard deviation of 0.02 and range of 0.00 to 0.58. For the
analysis without snowmelt modeling component, the average value of this parameter
decreased to 0.00 with a standard deviation and range of 0.00. The average of parameter
d was 0.57 with a standard deviation of 0.22 and range again representing the full range
of allowable values in the model for this parameter. For the analysis without snowmelt
modeling component, this average increased to 0.76 with a similar standard deviation of
0.26 and identical range to the analysis with snowmelt modeling component. The
average groundwater storage was 19.94 cm with a standard deviation of 11.44 cm and
range of 0.00 cm to 39.81 cm, which almost represents the full range of values allowed
for this variable. For the analysis without a snowmelt modeling component, this average
decreased slightly to 19.74 cm, with a standard deviation of 11.66 cm and range of 0.12
cm to 39.98 cm.

For the Monte Carlo analysis method that included a snowmelt component, the
average r° was 0.81 with a standard deviation of 0.01 and range of 0.81 to 0.88. The
average predicted streamflow was 0.86 cm with a range of 0.85 cm to 0.90 cm and

standard deviation of 0.00 cm. The standard deviation of predicted streamflow values
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was 0.31 cm with a range of 0.29 cm to 0.31 cm and a standard deviation of 0.00 cm.
These results were nearly identical to those from the analysis without a snowmelt
modeling component.

1896 to 2008 Model Simulation of Streamflow

The predicted 1896 to 2008 October to May seasonal streamflow using the six
different PRISM cell group inputs and average of the resulting parameter values from the
Monte Carlo simulations are shown in Figures 56-61. The average seasonal streamflow
over this period was 0.855 cm with a range of 0.85 cm to 0.86 cm among the six models
with a snowmelt component.

The predicted maximum seasonal streamflow during the Monte Carlo simulations
occurred in 2005 for each of the six different input models with and without snowmelt
component. The predicted maximum seasonal streamflow for this year ranged between
1.76 cm and 1.88 cm among the six input models. The average maximum seasonal
streamflow for the six input models was 1.823 cm. The minimum seasonal streamflow
occurred in 2002 for each of the six different input models with and without a snowmelt
component. The predicted minimum seasonal streamflow for this year ranged between
0.33 cm and 0.39 cm among the six different input models. The average minimum
seasonal streamflow for the six models was 0.357 cm.

The predicted distribution of 1896 to 2008 model simulation of seasonal
streamflow in the 25™ to 75" percentile range and outliers outside of the 10™ to 90"
percentile range were similar for all six input models (Figure 62). The 25" and 75"
seasonal streamflow percentiles ranged from 0.68 cm to 0.71 cm and 0.99 cm to 1.02 cm,

respectively for the six input models. The 10"™ and 90" seasonal streamflow percentiles
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ranged from 0.54 cm to 0.58 cm and 1.13 cm to 1.18 cm, respectively for the six input
models. The following years were identified as having flow at or below the 10™
percentile seasonal streamflow in at least one of the six input models: 1899, 1902, 1934,
1953, 1956, 1972, 1974, 1984, 1986, 1996, 2000, 2002, 2007, and 2008. The following
years were identified as having flow at or above the 90" percentile seasonal streamflow
in at least one of the six input models: 1906, 1907, 1941, 1944, 1958, 1969, 1973, 1978,
1980, 1983, 1988, 1995, and 2005.

The average frequency and length of October to May seasonal streamflow runs
above and below the predicted 1896 to 2008 model simulation of median seasonal
streamflow for the six models are presented in Figures 63 and 64, respectively. The run
length of seasonal streamflow above and below median streamflow ranged from one to
six seasons for the six models with most run lengths above or below median flow
occurring for only one season. The longest seasonal streamflow below median flow
occurred from 1978 to 1983 in three of the models, while the longest seasonal streamflow
run below median flow occurred from 1959 to1964 in four of the models.

The 1896 to 2008 model simulation of the highest and lowest seasonal 3-year, 5-
year, and 10-year flow periods for the six water balance models are presented in Tables
5-10. The predicted highest 3-year flow periods occurred towards the beginning of the
20™ century, as two of the three highest three-year flow periods occurred prior to 1909.
The highest three-year flow period for all six input models occurred from 1978 to 1980.
Similar to the highest 3-year flow period, the three highest five-year flow periods
predicted by the models occurred during the late 1970s to early 1980s. The highest five-

year flow period occurred from 1978 to 1982 for all six input models. The three highest
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ten-year flow periods occurred at approximately the same time, as the highest ten-year
flow period occurred from 1978 to 1987 for all six input models.

The lowest 3-year flow periods occurred at the beginning of the 21% century, as
the two lowest flow periods occurred from 2000 to 2002 and 2002 to 2004, respectively
for the six input models. The other 3-year lowest flow period predicted by the models
occurred from 1970 to 1972. Similar to the lowest 3-year flow periods, the lowest 5-year
flow periods also occurred around the beginning of the 21* century, as the two lowest
flow periods occurred from 1999 to 2003 and 2000 to 2004 for the six input models. The
other 5-year lowest flow period occurred from 1953 to 1957. The lowest 10-year flow
period occurred during the middle of the 20" century for the six input models. The two
lowest 10-year flow periods occurred practically consecutively, as the lowest occurred
from 1948 to 1957 and the second-lowest occurred from 1959 to 1968. The third lowest
10-year flow period occurred from 1963 to 1972. Graphical representations of the
information presented in the previous two paragraphs are presented in Figures 65-70.

Runs analyses showed the following years to be below the 0.2 quantile of
predicted 1896 to 2008 model simulation of average seasonal streamflow in at least one
of the six precipitation input models: 1899, 1902, 1924, 1929, 1934, 1936, 1940, 1950,
1951, 1953, 1955, 1956, 1959, 1962, 1963, 1964, 1968, 1970, 1972, 1974, 1984, 1989,
1996, 1999, 2000, 2002, 2004, 2007, 2008. Two-year runs below the 0.2 quantile among
the six input models occurred during 1950 to 1951, 1955 to 1956, 1962 to 1963, 1963 to
1964, 1999 to 2000, and 2007 to 2008. The severity of the two-year runs was determined
by the run sum, or the sum of the difference between the 0.2 quantile streamflow and the

predicted seasonal streamflow for both below-0.2 quantile years. By applying this
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definitation, the three most severe two-year runs among the six input models occurred
during 2007 to 2008, 1955 to 1956, and 1999 to 2000 with run sums of 0.214, 0.197, and
0.139 respectively. The only three-year run below the 0.2 quantile among the six input
models occurred during 1962 to 1964.

Probability of exceedance curves for the 1963 to 1974 and 2004 to 2008 actual
verse 1896 to 2008 predicted seasonal streamflow from the six precipitation input models
are presented in figures 71-76 (developed from Fetter, 2001). Based on the 1896 to 2008
predicted streamflow in the six graphs, there is a 0.88% probability that the high flow
during 2005 will be exceeded in a future October to May season. Alternatively, based on
the actual flows, there is a 5.56% chance that the actual high flow in 2005 will be
exceeded. Based on the 1896 to 2008 predicted streamflow in the six graphs, there is a
99.12% chance that the low flow in 2002 will be exceeded in a future October to May
season. The flow from this year was not available from the actual flow record, but the
exceedance graphs show there is a 94.44% chance that the lowest flow in 1974 will be
exceeded by flows in a future year.

1896 to 2008 Model Simulation of Other Hydrologic Components

Seasonal 1896 to 2008 Monte Carlo simulations of surface runoff, infiltration,
evapotranspiration, deep percolation, baseflow, groundwater flow, and groundwater
storage using the PRISM cell 54 input model with snowmelt component are presented in
Table 11. The same results using the PRISM cell 54 input model without snowmelt
component are presented in Table 12. Results from the other PRISM cell input models

are not shown, as the predicted results from the other five models were similar.
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For the 1896 to 2008 model simulation with addition of snowmelt modeling
component, the predicted average seasonal surface runoff was 26.76 cm with a maximum
of 1.85 occurring in 2005 and a minimum of 0.33 cm occurring in 2002. The predicted
average seasonal infiltration was 24.86 cm with a maximum of 53.59 cm occurring in
2005 and a minimum of 9.52 cm occurring in 2002. The predicted average seasonal
evapotranspiration was 17.39 cm with a maximum of 37.48 cm occurring in 2005 and a
minimum of 6.66 cm occurring in 2002. The predicted average seasonal deep percolation
was 7.47 cm with a maximum of 16.11 cm occurring in 2005 and a minimum of 2.86 cm
occurring in 2002. The predicted average seasonal baseflow was 0.02 cm with a
maximum of 0.02 cm occurring in multiple seasons and a minimum of 0.01 cm also
occurring in multiple seasons. The predicted average seasonal groundwater flow was
7.69 cm with a maximum of 11.67 cm occurring in 2006 and a minimum of 4.47 cm
occurring in 2003. The predicted average seasonal groundwater storage was 13.19 cm
with a maximum of 20.38 cm occurring in 2005 and a minimum of 7.81 cm occurring in
2002.

The predicted average, maximum, and minimum for surface runoff and
infiltration were identical between the model simulations with and without snowmelt
modeling component. The averages, maximums, and minimums decreased by almost a
factor of two for the seasonal evapotranspiration from the snowmelt to non-snowmelt
component model simulations. Alternatively, these statistics nearly doubled for the
seasonal deep percolation, groundwater flow, and groundwater storage from the
snowmelt to non-snowmelt component model simulations. Average, maximum, and

minimum seasonal baseflow decreased to zero for the non-snowmelt model simulations.
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Testing for Auto-correlation and Heteroscedasticity

Tests for first and second order auto-correlation and heteroscedasticity of the
model calibration simulation of seasonal streamflow were run in Statistical Analytical
Software (SAS) using the “proc autoreg” procedure. This analysis was only run for the
predicted streamflow using the precipitation from PRISM cell 54 as input, as the
predicted results from the other five models were similar. Results of this analysis show
negative first-order auto-correlation for the predicted streamflow. However, the
associated negative auto-correlation is not significant at the 95% level, as the associated
Durbin-Watson statistic was too high (Durbin-Watson = 2.99 for Ordinary Least Squares
Estimates and Durbin-Watson = 1.95 for Yule-Walker Estimates).

Tests for heteroscedasticity were performed with the Q statistics test in SAS also
using the “proc autoreg” procedure. The Q statistics test for changes in variance through
time using lag windows ranging from 1 through 12 seasons reveal that there is no
associated heteroscedasticity with the results. The resulting p-values for all lag windows
were not significant at the 95% level.

Discussion
Comparison of Model Results to Saito et al. (2008)

The best-fit values for parameters a and b using the randomly selected starting
parameter value method for the calibration simulation were quite different from the
results obtained in Saito et al. (2008). Parameter a decreased from 0.74 in Saito et al.
(2008) to 0.03, meaning only 3% of the incoming precipitation to the upper Meadow
Valley Wash watershed is treated as surface runoff by the model. Instead, much more of

the incoming precipitation was treated as infiltration, meaning the model predicted more
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available water for evapotranspiration, deep percolation, and groundwater flow. One
would expect the result of parameter a to have been at least an order of magnitude higher,
given the dominant hydrologic soil group of the watershed.

The reason for the drastic reduction in the value of parameter a between the two
models is unknown. A possible explanation could be flow diversions occurring in the
watershed during the modeling period in the current study. The model assumes natural
seasonal flows were being used for model calibration and seasonal flows may have
deviated from this state in the watershed throughout the modeling period because of
existing flow diversions upstream from the gauged record being used in model
calibration. To account for water loss to diversions, the model might compensate by
reducing the amount of water to surface runoff.

Parameter b increased from 0.38 in Saito et al. (2008) to 0.70 with snowmelt
component (0.51 without snowmelt component), meaning a greater proportion of the
infiltrated water is treated as evapotranspiration by the model in the current study. This
increase possibly occurred because the current model is located in a warmer area that
generally receives higher amounts of evapotranspiration even when the peak summer
evapotranspiration season was excluded from the modeling period. Furthermore, the
greater average annual precipitation that occurs in the upper West Walker River
watershed indicates higher average annual cloud cover occurs there relative to the current
study area. Higher cloud cover would decrease direct exposure to solar radiation in this
area, thereby reducing evapotranspiration and thus the parameter b estimates. Another

explanation for the higher estimation of parameter b comes from the model’s smaller
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estimation of parameter a, which meant that more infiltrated water had to be removed
from the watershed via evapotranspiration.

The best-fit predictions of parameter ¢ was 0.00 for both studies, while parameter
d increased from 0.39 in Saito et al. (2008) to 0.57 (0.76 without snowmelt component).
The estimated values of these parameters indicate that both models predict minimal
baseflow occurs in either watershed and the model from the current study allocates a
larger fraction of groundwater storage for groundwater flow. This is perhaps because of
the model’s lower than expected value of parameter a, which indicates much more water
infiltrates to become available for groundwater flow.

Using the same method for the calibration simulation, the initial groundwater
storage estimates in the model decreased from approximately 127 cm in Saito et al.
(2008) to 20 cm. This disparity in estimates may result from the higher quantity of
average annual precipitation that occurs in the upper West Walker River watershed that is
approximately double that of the higher elevations in the upper Meadow Valley Wash
watershed.

Similar to what was found in Saito et al. (2008), the model calibration simulations
showed model fit statistics to be essentially the same among the different PRISM cell
input models. Again, this shows that precipitation records used in the model should
closely mimic what actually occurs in the watershed, but complete spatial coverage of the
entire watershed is not so important.

The results of the Monte Carlo simulation that was used in the two studies show
several additional similarities between the two studies. The best-fit values of parameter a

in both studies had a standard deviation of 0.00. Parameters b and d were found to be
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much more variable in both studies, indicating the need to obtain an actual measurement
or better estimate of these parameters in the watershed being modeled that could then be
incorporated into the model. The average of parameter ¢ was 0.00 for both studies, and
the standard deviation (this study = 0.02; Saito et al., 2008 = 0.03) and range of values
(this study = 0.00 to 0.58; Saito et al., 2008 = 0.00 to 0.63) were found to be similar
between the studies as well. The r* simulated from the analysis was slightly better in
Saito et al. (2008) as the predicted streamflow by the model fit more closely to the
observed streamflow in that study (this study: r* = 0.81; Saito et al.(2008): r* = 0.87).
Moreover, the average and standard deviation of predicted streamflow was closer to the
average and standard deviation of observed streamflow for Saito et al. (2008) as well
(this study: average predicted [observed] and standard deviation predicted [observed]
streamflow = 0.86 cm [0.76 cm] and 0.31 ¢cm [0.48 cm]; Saito et al. (2008): 54.37 cm
[53.03 cm] and 16.60 cm [22.59 cm)].

One possible explanation for lower 1” is the hydrologic land use impacts on the
watershed being modeled in the current study. The watershed modeled in Saito et al.
(2008) is located in the upper West Walker River basin of eastern California where no
groundwater mining or water diversions of the river upstream from the gauge are known
to occur. Much of the watershed in the current study is irrigated for grazing and some of
the water supply for this irrigation has come from the many groundwater wells that have
been used in the valley since the 1940s (Phoenix, 1948). Additionally, as previously
mentioned, water from the Meadow Valley Wash upstream from the USGS gage is
diverted for irrigation during the summer (Hutchings, Personal Communication, 2008;

Lytle, Personal Communication, 2009). This diversion may potentially lead to water
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artificially recharging the reservoir during the subsequent fall rather than naturally
flowing downstream at this time. The mining of groundwater and surface water from the
watershed for irrigation thus potentially prevents the natural flow of water at the USGS
gauge in the watershed that is assumed in the model calibration simulation, thereby
lowering the model r°.

Another explanation for the decrease in r* for the current study is the reduced
predictive ability of PRISM precipitation records in the vicinity of the upper Meadow
Valley Wash. PRISM estimates of precipitation are highly related to point climate station
data, and more stations with longer historical records of precipitation exist at a closer
proximity and elevation to the upper West Walker River basin compared to the upper
Meadow Valley Wash watershed (Western Regional Climate Center, 2009). As such, the
estimated precipitation record from PRISM that is used as input for the current model
may be less related to the actual precipitation of the area. This could potentially cause
the predicted historical seasonal streamflow in the model to deviate more from the actual
seasonal streamflow, thereby lowering the r* estimates.

Comparison of Results to Other Studies

A number of other studies predicting historical hydrological components in the
western United States agree with the results of this study. As shown in Table 10, the
three lowest mean 10-year seasonal streamflow periods occurred in 1948 to 1957, 1959 to
1968, and 1963 to 1972. A tree-ring reconstruction of streamflow from 1600 to 1962 on
the upper Gila River in Arizona shows the lowest 10-year and 20-year mean streamflows
occur around the same time from 1947 to 1956 and 1943 to 1962, respectively. In fact,

the 1954 to 1956 period of reconstructed streamflow on the upper Gila River represents
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only one of two events with reconstructed discharge below the 0.1 quantile streamflow
for three consecutive years over the entire period of the reconstruction. Furthermore, the
fourth highest mean 10-year reconstructed streamflow period for this river occurred from
1905 to 1915 (Meko and Graybill, 1995), which agrees well with two of the highest 3-
year flow periods (1906 to 1908 and 1905 to 1907) predicted for the upper Meadow
Valley Wash in this study, as shown in Table 5.

Further corroborating with the low-flow years reported in this study, the 1663 to
1985 historical streamflow record in Arizona predicted from regionally averaged tree-
ring series show a similar timeframe of 1946 to 1965 for the 20-year mean low-flow
period (Meko et al., 1995). In addition, historically low discharge occurred in the 1950s
for tree-ring reconstructions of the San Juan River of southwest Colorado and Salt and
Verde Rivers of the central Arizona highlands (Meko and Graybill, 1995). The 1705 to
1979 historical streamflow record in Montana predicted by regionally averaged tree-ring
series show a different timeframe of 1931 to 1940 for the 10-year low-flow streamflow
period for this area (Meko et al., 1995), suggesting that the historical flow record of the
upper Meadow Valley Wash is perhaps more closely related to that of the southwest than
the northern Rocky Mountains.

Historical streamflows predicted in the model may also be related to those in the
Great Plains or the Sierra Nevada Range of California. The 1930s and 1950s represent
two drought periods observed in the modern record for the Great Plains, as the years
1936, 1939, and 1934 rank 3", 4" and 7" among the most severe drought years for the
entire 1700 to 1978 period of reconstructed drought in the Great Plains. Drought during

the worst year of the 1930s was more severe only 2% of the time throughout the entire
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reconstruction period, while the worst drought year of the 1950s was more severe only
12% of the time (Stockton and Meko, 1983). Similarly, the results of this study show the
predicted seasonal streamflow of 1934 and 1936 represent the 8" and 14™ lowest flow
seasons on the Meadow Valley Wash, respectively. Moreover, the predicted seasonal
streamflow for 1953, 1956, and 1950 represent the 2™, 11", and 15™ lowest flow seasons
of those predicted in this study. The 5™ highest 20-year period of precipitation over the
1000-year reconstruction of precipitation in the Sierra Nevada with the use of tree-rings
occurred during 1969 to 1988 (Graumlich, 1993). This agrees well with the results of
this study where the three highest 10-year streamflow periods occurred during 1978 to
1987, 1977 to 1986, and 1979 to 1988 (see Table 8).
Precipitation Records

Similar to Saito et al. (2008), PRISM precipitation records produced the best fit of
the modeled streamflow to the observed streamflow at the USGS gauge. Although
records of actual precipitation measurements exist in the area, these records were not
used due to the lack of continuously measured data over the calibration period and the
inability to resolve some of the records into the seasonal timescale that was necessary for
model input. The PRISM records are also perhaps more suited to this study because
despite being modeled records of precipitation that are based on point climate data, they
provide precipitation estimates for the entire area of the watershed rather than for only
one point that may or may not be located in the watershed.

Six different groupings of PRISM cell precipitation records were used as input
into the water balance model. The results from each of the input models were identical

for the Monte Carlo simulation, but the model using the precipitation record from PRISM
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cell 54 as input appeared to fit the model slightly better for the manually selected starting
parameter simulation, as it resulted in the highest r* and lowest RMSE (see Table A.1).
This may have occurred because PRISM cell 54 is located closest to the USGS gauge in
Ursine, NV meaning the precipitation record from that cell would be more closely related
to the streamflow gauge record than the other cells. Furthermore, as previously
mentioned, the precipitation record from cell 54 has a slightly higher r* relative to the
precipitation record at the NWS station at Spring Valley SP, NV compared with other
PRISM precipitation records to the record at Spring Valley SP, NV (see Figure 27).
Thus, there is a greater chance that the precipitation record from PRISM cell 54 is
slightly more representative of the actual precipitation that occurs in the watershed.

The model using the precipitation record from the average precipitation record of
the red-lettered PRISM cells had one of the lowest overall estimates of r* and highest
RMSE. This may have occurred because the red-lettered cells tend to be located in the
highest elevations of the watershed meaning precipitation occurring in this area tends to
be much higher than what occurs over the whole watershed. R* and RMSE estimates
improved slightly for the average of the blue-lettered and average of all PRISM cell input
models, as these inputs included PRISM cells with elevations and precipitation records
that are likely more representative of the elevation and precipitation occurring throughout
the watershed (see Figure 29).

Model Calibration Simulation

The water balance model was calibrated using 17 years of seasonal streamflow

data from the USGS streamflow gauge in Ursine, NV. Normally, water balance models

are calibrated with at least 30 years of continuous data (Vogel, 2006), but the streamflow
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gauge in the study area was only in use from 1963 to 1974 and 2004 to 2008. Another
USGS streamflow gauge at Caliente, NV exists downstream from the Ursine, NV gauge
with a much longer and more continuous record from 1951 through the current period.
This record could have been used to calibrate a water balance model for a much larger,
4,325 km? area of the upper Meadow Valley Wash watershed. However, the use of the
data from this gauge poses problems for model calibration, as it lies downstream from
two dams that regulate flows. Thus, the chances for natural flow conditions to exist at the
downstream location are much lower than at the gauge in Ursine, NV that was used for
model calibration in this study. Furthermore, the use of the Caliente, NV gauge flow data
prior to dam construction in the mid-1960s would reduce the amount of available data for
calibration to approximately 15 years. Even without the presence of the dams upstream,
the use of this gauge would have led to an increase of 570% in watershed area being
modeled, which would also have increased the potential for more water diversions
upstream and thus altered the natural flow during more months of the year than at the
gauge in Ursine, NV. This would have violated more model assumptions and made
model calibration much more difficult or nearly impossible.

Despite using the gauged record at Ursine, NV over Caliente, NV to prevent these
problems from occurring during model calibration, two major issues still exist with the
calibration simulation concerning the amount of error associated with model predictions.
For each of the six precipitation input models with or without snowmelt component, the
model calibration simulation shows the model over-predicts for streamflows less than
approximately 0.75 cm and under-predicts for streamflows greater than approximately

1.5 cm (see Figures 50-55). The over-prediction by the model is most apparent during
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the early part of the calibration period from 1963 to 1968 and in 1971 and there is more
bias in model estimates associated with the over-prediction periods than the under-
prediction periods of the model. The under-prediction by the model only occurs during
the seasonal predictions of 1970 and 2005.

A longer calibration period may be necessary to truly determine whether the
model over-predicts during lower flows and under-predicts during higher flows.
However, if this is the case, one potential explanation for why it happens is because of
flow regulations upstream from the streamflow gauge that were not taken into account
with the gauged streamflow record used in model calibration. During low-flow years,
flow diversions from the Meadow Valley Wash could cause the reservoir levels to drop
further than normal during the summer. More water would then be held back by the
reservoir during the subsequent fall to re-fill the reservoir, which would lead to a
decrease in actual streamflow recorded at the gauge relative to the natural flow. During
high-flow years, flow diversions may not even deplete the reservoir and flows may
remain more or less natural year-round. The model could potentially still under-predict
flows during the calibration period for these years because many more low-flow years
exist during the calibration period that would force the model to favor lower flows during
model calibration. Therefore, the disparity that exists between actual and predicted flows
during high- and low-flow years likely resulted from not being able to reconstruct natural
flows to then modify the actual streamflow record reported at the USGS gauge in Ursine,
NV.

Another possible explanation for the disparity that exists between actual and

predicted flows could come from auto-correlated or heteroscedastic errors. However,
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tests for these errors show no auto-correlation or heteroscedasticity was present in the
predicted streamflow at any level of acceptable significance. It should be noted that only
12 years of continuous data were available for the calibration period to test for auto-
correlation and heteroscedasticity. Longer sequences of streamflow available during the
calibration period may be required to better determine whether or not these associated
errors can be excluded from affecting the predicted streamflow.
Snowmelt Modeling

The snowmelt model had to work using only monthly precipitation and air
temperature records so proxy climate records derived from tree-rings could ultimately be
used to model snowmelt further back in time. As a result, the temperature-index
snowmelt solution was chosen over the energy balance solution. This choice in snowmelt
models also made it necessary to make a number of assumptions about snowmelt in the
watershed with the snowmelt model calculations. Snow water equivalent accumulation
and melt were calculated on a monthly timescale using the temperature-index solution
even though this solution is normally applied at a daily or even sub-daily timescale. The
threshold snow temperature, melt-rate factor, and base snow temperature constants were
determined according to what values resulted in a best-fit between observed and
predicted streamflow during the calibration period, but had to remain constant throughout
the entire modeling period. The monthly snowmelt calculation did not take into account
higher melt rates that would occur during rain-on-snow events, because melt rates were
based solely on monthly maximum and minimum air temperatures (DeWalle and Rango,

2008).
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Some assumptions with the snowmelt modeling component were also made to
preserve model simplicity until more confidence in model results can be attained by using
actual snowmelt measurements to compare to snowmelt predictions. Melt rates were
assumed to be spatially uniform for any given month, as different melt rates based on
changes in topography, wind, elevation, and forest cover were not taken into account.
Furthermore, the model assumed uniform layering of snow, as different melt rates were
not applied within a column of snow to account for differential rates of snow ripening or
varying temperatures at various depths within the column (DeWalle and Rango, 2008).
Some of these spatial differences in snowmelt should be taken into account in future
model applications where more data exists for better calibration of the snowmelt model.

Snowmelt modeling was initially attempted by using snow measurements made at
five SNOTEL sites in the vicinity of the upper Meadow Valley Wash watershed to
regionally calibrate a snowmelt model to be used at the study site. However, several
problems existed when attempting to use the data from the SNOTEL sites. The melt
factors determined at the SNOTEL sites varied between 0.78 to 1.19 cn/°C (0.17 to 0.26
in/°F), which represents approximately half of the entire range of globally observed
values of this variable (Gray and Prowse, 1993; Hock, 2003). Furthermore, these values
fell on the high end of the spectrum for observed melt factors and were well above the
typical range of 0.2-0.4 cm/°C (0.04-0.09 in/°F) (DeWalle and Rango, 2008). Because of
the melt-rate factor’s high spatial variability observed here and the widespread
knowledge of its high spatial variability (Quick and Pipes, 1977; Braun et al., 1993; Gray
and Prowse, 1993; Schreider et al., 1997; US Army Corps of Engineers, 1998b; Hock,

2003), the regional snowmelt calibration approach was not used in favor of incorporating
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a snowmelt component directly into the model to be calibrating using actual streamflow
data from the USGS gauge in Ursine, NV.

The calibrated results of model parameters during the second snowmelt
calibration attempt led to threshold snow temperature values, melt-rate factor values, and
base snow temperature values among the six input models that were within the range of
observed values for those parameters. The average threshold snow temperature value
was approximately 1.55°C for the six input models, which was within the suggested
range of 0-2°C for this parameter (DeWalle and Rango, 2008). The average melt-rate
factor value was approximately 0.62 cm/°C (0.038 in/°F) for the six input models. This
value was on the high end of the spectrum for known values and larger than the most
commonly observed values of 0.2 to 0.4 cm/°C for this parameter (US Army Corps of
Engineers, 1998b). The average base snow temperature was 2.20°C, which was higher
than the value of 0°C that is sometimes used for this parameter, but values greater than
0°C have been used as well (US Army Corps of Engineers, 1998b; DeWalle and Rango,
2008).

Some issues still exist with the second snowmelt calibration approach selected for
this study. The snowmelt model predictions show that snow never persisted in the
watershed beyond the seasonal modeling period over the entire 1896 to 2008 simulation
period. By comparison, the snowmelt model predictions using the manually selected
starting parameter value method (Appendix A) over the entire 1896 to 2008 period show
that snow persisted in the watershed through the end of May in approximately 14 of the
113 years, which equates to 12% of the time (Table A.8). Using this method, the

predicted amount of remaining snow after May never exceeded 21% of the entire
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precipitation that fell during the given season (Appendix A). Although the r* improved
by approximately 1% for the six different input model simulations over the calibration
period when the manually-selected starting parameter method was used (Appendix A),
there are still no actual historic snow measurements available from the higher elevations
of the watershed to determine whether or not any of these predictions are representative
of the snowmelt that has occurred.

Analysis of MODIS and LANDSAT aerial satellite photos of the watershed
identified some years when snow potentially existed in the study area beyond the
modeling period, but photos from only 16 of the model’s 113 years could be obtained
(see Figures 43-49). Furthermore, the MODIS photos were taken at too coarse a
resolution (500 m) to determine whether or not snow still persists in the watershed after
the modeling period. Trees and other barriers may be obstructing the view of potential
snow that existed in the watershed at this time. Moreover, the photos can also only be
used to qualitatively determine the presence of snow at the end of the monitoring period.
The snowmelt model component thus must be applied to an area with historic snow
measurements to better determine whether or not the predicted snowmelt represents
actual snowmelt that has occurred in the upper Meadow Valley Wash basin.
Application of Physical Meteorological Measurements from Watershed

Comparing model simulation results to actual measurements that were made in
the watershed would have provided for a better means of determining how well model
predictions represent reality. Unfortunately, with the exception of air temperature,
precipitation, and streamflow measurements, very few hydrologic measurements have

been made for the study area, likely because of its remoteness. Only estimations of
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evapotranspiration and baseflow within the watershed could be obtained from other
studies, but neither of these estimations could be used in the model.

As previously mentioned, evapotranspiration estimates varied considerably for the
watershed. Las Vegas Valley Water District (2001) estimated 0.16 cm to 0.17 cm for
average annual evapotranspiration in the watershed, while the average seasonal estimate
of this variable derived from Nichols (2000) was 11 cm to 24 cm. Because
evapotranspiration was derived using estimates of plant cover in both studies and a small
change in the selected value of plant cover can result in a large difference in estimated
evapotranspiration (Las Vegas Valley Water District, 2001), the difference in selection of
plant cover values between the two studies may account for the large difference in
estimated evapotranspiration between the two studies. For example, the Las Vegas
Valley Water District, (2001) reports that the estimated annual evapotranspiration nearly
doubles when a plant cover of 20% is used instead of 15% as input for equation 1. The
1896 to 2008 average seasonal evapotranspiration estimate of 17 cm predicted by the
model with snowmelt modeling component and 10 cm for the model without snowmelt
modeling component was well within the range of estimates obtained from the two
studies.

Estimations of baseflow throughout the United States were made by Santhi et al.
(2008) and Wahl (1988) developed a computer program to calculate baseflow with the
use of streamflow records. However, both methods warn against use in watersheds
where flow regulations exist upstream from the streamflow gauge, as these regulations

invalidate assumptions used to make the baseflow calculations. Because flow regulations
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are known to exist on the Meadow Valley Wash upstream from the USGS gauge in
Ursine, NV, the use of these methods to determine baseflow in the model was avoided.
Problem of Natural Flow Reconstruction

Despite presenting additional difficulties with reconstructing natural flows, the
application of water balance models to watersheds where flow regulation exists is still
necessary and perhaps more important than the application of the models to basins having
only naturally flowing systems. Streamflow diversions in an area typically indicate that
water from that area is being used for irrigation, municipal, or domestic supply. Thus, it
is important for those dependent on the flow to understand the natural variability of the
flow as well as the different hydrologic components that are related to the flow to be
certain that future flow demands will be met. Alternatively, in watersheds with streams
where no flow diversions exist and natural flow conditions persist year-round,
dependence on flow is likely lower and thus there is generally less interest in the long-
term variability of the different hydrologic components from that area.

The inability to reconstruct natural flows in the watershed for use in the water
balance model calibration simulation represented the main problem with the current
study. Information regarding the actual amount of water being diverted for irrigation on
an annual, seasonal, or monthly basis could have been used to reconstruct natural flows to
provide for a more sound calibration of results. Unfortunately, no definitive information
regarding flow diversions could be obtained other than that they are more severe during
the summer, which led the model in this study to be run only during the non-summer
months.

Management Implications of Results
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The model simulations provide for a much longer record of seasonal streamflow
variability on the upper Meadow Valley Wash than what is currently available with the
USGS instrumental record of 1963 to 1974 and 2004 to 2008. Based on the similarities
between the high and low flow periods from the 1896 to 2008 model simulations in this
study to high and low flow periods in streamflow reconstructions of other studies
performed in nearby areas of the southwest, the streamflow predictions of this study are
likely a close representation of actual streamflows. Even still, without being able to
reconstruct natural flows for use in model calibration, the use of predicted streamflow
results directly for management purposes may not be warranted.

Despite this limitation, the multi-year moving average seasonal streamflow curves
presented in figures 65-70 can still be used to indicate whether or not current or future
seasonal flow periods are above or below the normal flow regime for the upper Meadow
Valley Wash. Furthermore, these figures can be used to determine the range of
variability in duration of high or low flow periods, and to assess the severity of each
period from 1896 to 2008. By presenting the highest and lowest 3, 5, and 10-year flow
periods during 1896 to 2008, the information presented in Tables 5-10 can be used for a
similar purpose. By indicating the probability of a historic seasonal flow period being
exceeded by a future one, the flow duration curves provided in figures 71-76 can be used
to predict the likely magnitude of future seasonal flows in the upper Meadow Valley
Wash.

This study also predicted other hydrologic variables and parameters from 1896 to
2008, thereby offering water resource managers a more complete representation of water

resource fluctuations in the watershed over time. Because the model is linear, no further
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statistical analysis were performed for the non-streamflow hydrologic components
predicted by the model, as the predicted values of these components vary linearly with
the predicted historic streamflow. Consequently, only maximum, minimum, average, and
standard deviation statistics of the other hydrologic components are presented (see Tables
11-12). The predictions of the other hydrologic variables and parameters are particularly
important, as they allow for the testing of multiple variables that could lead to higher or
lower flow periods of the historic streamflow reconstruction. The results presented in
this study should not be used for water management purposes, however, as they are likely
less useful than the streamflow results because of the problems associated with the best-
fit results of parameter a. A much higher value of this parameter was expected based on
the dominant hydrologic soil group of the watershed, and without the use of suitable
historic hydrologic variables to incorporate directly into the model or to serve as a check
on the predicted model results, the use of these other hydrologic variable results for
management purposes is not recommended.
Conclusion and Future Work

Given the limited amount of data available for the upper Meadow Valley Wash
watershed, it is difficult to truly ascertain the success of model application to the study
area. The similarities of the reconstructed streamflow to streamflow reconstructions
performed in other nearby areas are promising, however the problems identified with
parameter a and the inability to reconstruct natural flows were never really resolved. As
such, there is less certainty in how well the other predicted hydrologic variables and

parameters represent reality.



85

Additional historic hydrologic data such as evapotranspiration, groundwater flow,
baseflow, or snowmelt from the watershed that could be incorporated into the model is
required for better certainty in results, but this information was not available. In future
studies, the model should be applied in a watershed where more knowledge is known
about plant coverage in the area to better estimate evapotranspiration by using the method
described in Nichols (2000). It should also be applied in an area with more available
groundwater level data from groundwater wells so an estimate of groundwater flow could
be used in the model. It should be applied in an area where natural flows occur or can be
reconstructed at the USGS gauge used in model calibration so the method described in
Santhi et al. (2008) can be used to estimate baseflow in the model. Finally, it should be
applied in an area with historical snow accumulation and snowmelt data are available so a
more robust snowmelt modeling component can be developed and incorporated into the
model.

The potential for water diversions from the watershed in the current study further
complicates the ability to ascertain model success, as the model structure assumes natural
flows persists throughout the historical modeling period. Again, the use of additional
hydrologic data such as historic time series of flow diversions or Spring Valley reservoir
levels is required to make this calculation, but this information was not available at the
time of completing this study.

Despite these difficulties, the modeling of water resources from remote areas is
still essential for the local economy and ecology (as it is here), and these types of studies
should not be avoided. Furthermore, given the number of similarities in predictions of

high and low-flow periods between the modeling period of this study and others that were
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completed the southwestern United States, the results of this study should be considered
beneficial for adding to the growing dataset of streamflow reconstructions that have been
performed in the western United States. Even still, an attempt should still be made in
future studies to focus on modeling in areas that have more available historical
hydrologic data to prevent these factors from being a concern until the model has been
applied to more similar-sized arid basins with greater certainty in results.

Developing a tree-ring derived record of precipitation for use in the model is one
of the main areas of future work necessary to complete this project and/or other studies
that involve the use of this model. Tree-ring samples have the potential to extend the
model input record back several centuries from the upper Meadow Valley Wash
watershed. Additional work is required to relate tree-ring widths to precipitation in the
watershed before attempting to extend the current record of model input that was used in
the study.

Finally, it is necessary to test the water balance model in different watersheds to
determine how well the model can reproduce long-term hydrologic fluctuations
elsewhere. Preferably, the model can be applied to other basins that have longer
streamflow records and more physical measurements of hydrologic variables to provide
for sound correlation and error estimates in the model, which would serve as a better
check on model results. The larger number of watersheds where the model can
successfully be applied will only serve to increase the justification for use of current and
previous model results as effective predictors of past, present, and future hydrologic

variability in a given watershed.
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Tables

Table 1: R?, best-fit Tmaxsnow values, RMSE between actual and predicted monthly SWE values, and
number of months used in calculation for actual vs predicted monthly SWE at the five SNOTEL sites in
southeast Nevada and southwest Utah. Averages for Utah and Nevada sites also shown.

Station Name r? Tmaxsnow (°C) RMSE (cm) No. Mos.
L Grassy, UT 0.87 2.33 2.53 184
Gutz Pk, UT 0.92 2.67 2.71 32
Berry Ck, NV 0.67 0.00 5.11 216
Ward Mtn, NV 0.83 3.00 3.30 120
Diamond Pk, NV 0.73 2.67 2.48 192
Averages 0.80 2.13 3.23 148.8
UT Average 0.90 2.50 2.62 108
NV Average 0.74 1.89 3.63 176

Table 2: The correlation values, best-fit C,, values, best-fit T, values, RMSE between actual and predicted
end-of-month SWE values, and number of observations used in the calculation for each of the five sites.
Averages for Utah and Nevada sites also shown.

Station Name r? Cm (cm/°C) T, (°C) RMSE (cm) No. Obs.
L Grassy, UT 0.77 1.006 0.00 4.80 184
Gutz Pk, UT 0.85 0914 1.05 8.35 32
Berry Ck, NV 0.71 1.189 0.00 20.79 216
Ward Mtn, NV 0.81 0.777 4.40 10.15 120
Diamond Pk, NV 0.71 0.960 1.43 5.41 192
Average 0.77 0.969 1.38 9.90 149
UT Average 0.81 0.960 0.52 6.58 108
NV Average 0.74 0.975 1.94 12.12 176

Table 3: Results of Monte Carlo-type analysis from 800 simulations using PRISM cell 54 input model with
snowmelt modeling component. Simulated values are average value + standard deviation with range of
predictions in parenthesis (from Saito et al., 2008).

Parameter or metric Simulated Values
Tmaxsnow 1.55 £ 0.86 (0.00-3.00)
Cm 0.62 +0.29 (0.15-1.16)
Ty 2.20+1.27 (0.01-4.40)
a 0.03 + 0.00 (0.03-0.03)
b 0.70 + 0.29 (0.00-1.00)
c 0.00 + 0.02 (0.00-0.58)
d 0.57 + 0.22 (0.00-1.00)
GS 19.94 + 11.44 (0.00-39.81)
r’ 0.81 +0.01 (0.81-0.88)
RMSE 0.22 £0.00 (0.20-0.22)
AVE Qpred 0.86 + 0.00 (0.85-0.90)
Std Qpred 0.31 +0.00 (0.29-0.31)
AVE Qobs 0.76

Std Qobs 0 .48
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Table 4: Results of Monte Carlo-type analysis from 500 simulations using PRISM cell 54 input model
without snowmelt modeling component. Simulated values are average value + standard deviation with

range of predictions in parenthesis (from Saito et al., 2008).

Parameter or metric

Simulated Values

Std Qobs

0.03 = 0.00 (0.03-0.03)
0.51 = 0.29 (0.00-1.00)
0.00 = 0.00 (0.00-0.00)
0.76 = 0.26 (0.00-1.00)
19.74 + 11.66 (0.12-39.98)
0.81 +0.01 (0.81-0.88)
0.22 = 0.00 (0.20-0.22)
0.86 = 0.01 (0.86-0.90)
0.31 = 0.00 (0.29-0.31)
0.76

0.48

Table 5: Three highest-flow, three-year periods and respective percent of median flow for that period
predicted by the six input models. High-flow periods obtained by calculating highest average percent of
median flow over three consecutive years predicted among the six models from the 1896 to 2008 model
simulations. Three dominant high-flow periods listed in the last row.

Input Model Type

PRISM Cell 54

PRISM Cell 55

PRISM Cell 59

Average All PRISM Cells
Average Blue PRISM Cells
Average Red PRISM Cells
Dominant Period

#1 High-
Flow Period

1978 to 1980
1978 to 1980
1978 to 1980
1978 to 1980
1978 to 1980
1978 to 1980
1978 to 1980

Percent
of
Median
(%)
150.39
152.78
144.56
144.72
145.39
143.92

Percent
#2 High- of #3 High-
Flow Period Median Flow Period
(%)
1906 t0 1908 134.18 1905 to 1907
1905t0 1907 137.41 1906 to 1908
1906 t0 1908 133.89 1905 to 1907
1906 t0 1908 132.30 2003 to 2005
2003 t0 2005 133.28 2004 to 2006
1906 t0 1908 131.26 1905 to 1907

1906 to 1908 1905 to 1907

Table 6: Three highest-flow, five-year periods and respective percent of median flow for that period
predicted by the six input models. High-flow periods obtained by calculating highest average percent of
median flow over five consecutive years predicted among the six models from 1896 to 2008 model

simulations.

Input Model Type

PRISM Cell 54

PRISM Cell 55

PRISM Cell 59

Average All PRISM Cells
Average Blue PRISM Cells
Average Red PRISM Cells
Dominant Period

#1 High-
Flow Period

1978 to 1982
1978 to 1982
1978 to 1982
1978 to 1982
1978 to 1982
1978 to 1982
1978 to 1982

Percent
of
Median
(%)
127.17
127.84
124.25
125.55
125.79
125.04

Three dominant high-flow periods listed in the last row.

Percent
#2 High- of #3 High-
Flow Period Median Flow Period
(%)
1977t01981 123.46 1976 to 1980
1977101981 125.33 1976 to 1980
1977101981 119.63 1979to 1983
1979101983 12155 1977 to 1981
1979t01983 121.85 1977 to 1981
1979t01983 121.01 1977 to 1981

1977 to 1981 1979 to 1983

Percent
of
Median
(%)
133.92
137.00
132.11
131.55
133.07
130.22

Percent
of
Median
(%)
122.58
124.85
119.00
121.05
121.42
120.45
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Figure 21: Hydrologic soils groups of the upper Meadow Valley Wash watershed. Group C is the
dominant type covering approximately 48% of the watershed.
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Precipitation Gauge Locations and Elevations in the
| Vicinity of the adow Valley Wash Watershed |
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Figure 22: NDWR, USGS, and NWS climate stations and respective elevations located within 100 km
radius of upper Meadow Valley Wash.



R’ Between Seasonal (Oct-May) Precipitation for 7 NWS
Climate Stations in the Vicinity of the Upper Meadow Valley
Wash Watershed and Spring Valley State Park, NV

NWS Climate Station Name with number of years used in calculation
listed above x-axis (Distance from Spring Valley SP Station in km)

18 Seasons 13 Seasons 11 Seasons 15 Seasons 17 Seasons 22 Seasons 23 Seasons

Pioche, NV Modena, UT Lake Valley, Caliente, NV Enterprise, Elgin, NV Great Basin,
(25.9) (34.5) NV (51.7) (55.9) UT (59.6) (82.4) NV (107.4)

Figure 23: R* between precipitation records of NWS COOP Stations outside the study area to Spring
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Valley SP, NV, representing the lone NWS COOP Station inside the study area. Actual r* for each station
listed above the bar. Number of years in record available for calculation listed above x-axis. Distance to

Spring Valley SP, NV from each station listed in km below x-axis and next to station name.

Mean Monthly Snowfall for Elgin, NV 1968-2006 (NWS COOP
Station Nos. 262557 and 262562)
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Figure 24: Mean monthly snowfall record for Elgin, NV (COOP Station Nos. 262557 262562) from 1968-

2006. Snowfall averages ~4.5 cm per year at this location. NOTE: Average values reported represent a
weighted average between the 2 observation stations that were used at the site over the reporting period.
Data excluded from calculation for years containing months with greater than 5 days of missing data.
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1963-2008 Seasonal (Oct-May) Discharge Record at USGS Gage in
Ursine, NV and 1963-2008 Seasonal Precipitation Records for NWS
COOP Stations at Caliente, Pioche, and Spring Valley SP, NV
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Figure 25: Seasonal discharge record at USGS gage in Ursine, NV and seasonal precipitation record for
NWS COQP Stations at Caliente, NV, Pioche, NV, and Spring Valley SP, NV. NOTE: Precipitation at
Spring Valley SP, NV represents a weighted average between the 2 observation stations that were used at
the site over the reporting period. Data excluded from calculations for years containing months with
greater than 5 days of missing data. Note the number of years present for discharge reporting period
(calibration period) that are not present for precipitation reporting periods.
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2.5 Arc-Minute PRISM Cell Locations in the
Upper Meadow Valley Wash Watershed
- _ T e
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Figure 26: Map of the 62 PRISM Cells at 2.5 arc-minute resolution that either intersect (red-numbered

cells) or are located entirely within (blue-numbered cells) the upper Meadow Valley Wash watershed.

Cells are numbered 1-62 from left-to-right and top-to-bottom on map.



R’ Between Seasonal (Oct-May) Precipitation for 62 Upper
Meadow Valley Wash Watershed PRISM Cells and Spring
Valley SP (NWS COOP Station Nos. 268538 and 267750)
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Figure 27: R* correlation values for 62 PRISM cells and average of all PRISM cells in upper Meadow
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Valley Wash watershed vs Spring Valley SP, NV. Note that 1* correlation values are similar for all cells

with highest occurring at cell 16 (r* = 0.885) and lowest occurring at cell 7 (1* = 0.746).

Seasonal (Oct-May) Precipitation for Average of all PRISM
Cells vs Spring Valley SP, NV
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Figure 28: Comparison of seasonal (Oct-May) precipitation for average of all PRISM cells in upper

Meadow Valley Wash watershed and NWS COOP Station at Spring Valley SP, NV from 1965-2006. (1> =

0.83).
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2.5 Arc-Minute PRISM Cell Elevation Map of
the Upper Meadow Valley Wash Watershed

Figure 29: Map of showing the approximate average elevations of the 62 PRISM Cells at 2.5 arc-minute
resolution that either intersect (red-numbered cells) or are located entirely within (blue-numbered cells) the
upper Meadow Valley Wash watershed. Cells are numbered 1-62 from left-to-right and top-to-bottom on

map.
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Figure 30: Seasonal (Oct-May) precipitation for red-numbered (red line), blue-numbered (blue line), and
average of all (black line) PRISM cells in the upper Meadow Valley Wash watershed. Note the

precipitation from the red-numbered cells is higher because of the higher average elevation of the red-
numbered cells compared to all 62 cells, while the precipitation from the blue-numbered cells is lower

because of the lower average elevation of the blue-numbered cells compared to all 62 cells.
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Seasonal (Oct-May) Precipitation for PRISM Cells 54, 55, 59 vs
Spring Valley SP, NV from 1965-2006
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Figure 31: Comparison of seasonal (Oct-May) precipitation for PRISM cells 54, 55, 59 and Spring Valley
SP, NV. The precipitation records for cells 54, 55, and 59 are highly correlated with the record at Spring

Valley SP, NV with r* values of 0.88, 0.88, and 0.87 respectively.
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| SNOTEL Statlon and Related PRISNI
Cell Locations in the Vicinity of the Upper
Meadow Valley Wash Watershed
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Figure 32: Location of five SNOTEL stations used for first calibration attempt of snowmelt model.
Locator map with reference to Nevada and Utah shown in lower-left. Distances from upper Meadow
Valley Wash watershed in ascending order are as follows: Gutz Peak, UT = 56 km, Little Grassy, UT = 60
km, Ward Mountain, NV = 103 km, Berry Creek, NV = 108 km, Diamond Peak = 186 km.
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Actual vs Predicted Oct-May Monthly SWE at Little Grassy, UT
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Figure 33: Actual and predicted October to May monthly accumulated SWE at Little Grassy, UT from
1985 to 2008 using best-fit Tmaxsnow = 2.33 °C (r* = 0.87).
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Figure 34: Actual and predicted October to May monthly accumulated SWE at Gutz Peak, UT from 2004
to 2008 using best-fit Tmaxsnow = 2.67 °C (> = 0.92).
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Actual vs Predicted Oct-May Monthly SWE at Berry Creek, NV
1980-2008
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Figure 35: Actual and predicted October to May monthly accumulated SWE at Berry Creek, NV from

1980 to 2008 using best-fit Tmaxsnow = 0°C (r* = 0.67). Graph suggests model tends to over-predict SWE
at this site.
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Figure 36: Actual and predicted October to May monthly accumulated SWE at Ward Mountain, NV from

1992 to 2008 using best-fit Tmaxsnow = 3.0°C (r* = 0.83). Graph suggests model tends to under-predict
SWE at this site.
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Figure 37: Actual and predicted October to May monthly accumulated SWE at Diamond Peak, NV from

1985 to 2008 using best-fit Tmaxsnow = 2.67°C (1* = 0.73).

Actual vs Predicted Oct-May Monthly Remaining SWE at Little
Grassy, UT 1985-2008
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Figure 38: Actual and predicted October to May monthly remaining SWE Little Grassy, UT from 1985 to

2008 using best-fit T, = 0°C and C,, = 1.006 cm/°C (r* = 0.77).
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Actual vs Predicted Oct-May Monthly Remaining SWE at Gutz
Peak, UT 2004-2008
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Figure 39: Actual and predicted October to May monthly remaining SWE Gutz Peak, UT from 2004 to
2008 using best-fit T, = 1.05°C and C,, = 0.914 cm/°C (r* = 0.85).

Actual vs Predicted Oct-May Monthly Remaining SWE at Berry
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Figure 40: Actual and predicted October to May monthly remaining SWE Berry Creek, NV from 1980 to
2008 using best-fit T, = 0°C and C,, = 1.189 cm/°C (1* = 0.71).
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Actual vs Predicted Oct-May Monthly Remaining SWE at Ward
Mtn, NV 1992-2008
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Figure 41: Actual and predicted October to May monthly remaining SWE Ward Mountain, NV from 1992
to 2008 using best-fit Ty, = 4.4°C and C,, = 0.777 cm/°C (r* = 0.81).
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Figure 42: Actual and predicted October to May monthly remaining SWE Diamond Peak, NV from 1983
to 2008 using best-fit T, = 1.4°C and C,, = 0.960 cm/°C (r* = 0.71). Graph suggests model over-predicts
SWE at this site.
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Figure 43: Aerial photo of upper Meadow Valley Wash watershed (outlined in white) at 30m resolution
taken on June 6, 1986 from Landsat satellite. Image shows snow still persists in watershed at high
elevations of White Rock Range.
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Figure 44: Aerial photo of upper Meadow Valley Wash watershed (outlined in white) at 30 m resolution
taken on May 16, 1990 from Landsat satellite. Image shows snow still persists in watershed at high
elevations of White Rock Range.
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Figure 45: Aerial photo of upper Meadow Valley Wash watershed (outlined in white) at 30 m resolution
taken on May 16, 1996 from Landsat satellite. Image shows snow still persists in watershed at high
elevations of White Rock Range.
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Figure 46: Aerial photo of upper Meadow Valley Wash watershed (outlined in white) at 30 m resolution
taken on June 1, 1996 from Landsat satellite. Image shows snow does not appear to exist in watershed at
this time.
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Figure 47: Aerial photo of upper Meadow Valley Wash watershed (outlined in white) at 30 m resolution
taken on May 3, 1997 from Landsat satellite. Image shows snow still persists in watershed at high
elevations of White Rock Range.
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Figure 48: Aerial photo of upper Meadow Valley Wash watershed (outlined in white) at 30 m resolution
taken on June 10, 1999 from Landsat satellite. Image shows snow does not appear to exist in watershed at
this time.
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Figure 49: For description of images, see next page.



136

Figure 49: Eight MODIS Satellite images of the upper Meadow Valley Wash watershed at 500 m
resolution from 2001 to 2008 taken near the end of the modeling period in May during each year. Exact
image dates are as follows going from left to right and top to bottom: 05/31/2001, 05/30/2002, 05/30/2003,
06/01/2004, 05/28/2005, 06/01/2006, 05/30/2007, 06/01/2008. Images taken from as close to end-of-May
as possible depending on cloud cover and image clarity available. No snow noted in upper elevations of
watershed in any of the above images at this resolution.

Comparison of Modeled Seasonal (Oct-May) Streamflow
With/Without Snowmelt Component Using Precipitation
Record of PRISM Cell 54 to Actual Seasonal Streamflow
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Figure 50: Actual seasonal streamflow (blue) and predicted seasonal streamflow with/without snowmelt
component (green) at USGS Gage No. 09417500 in Ursine, NV over the calibration period. 10™ (0.52 cm)
and 90" (1.19 cm) percentile values (light green lines) derived from predicted streamflow over calibration
period. 10™ and 90™ percentile = 0.48 cm and 1.27 cm for actual streamflow over same period. Predicted
snowmelt and streamflow values estimated using precipitation and temperature records from PRISM cell
54. Values expressed in length, as they represent the flow at the gage divided by the area of the entire
watershed. USGS gage only in operation from 1963 to 1974 and 2004 to 2008, but predicted seasonal
streamflow still shown for period between these years.
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Comparison of Modeled Seasonal (Oct-May) Streamflow
With/Without Snowmelt Component Using Precipitation

Record of PRISM Cell 55 to Actual Seasonal Streamflow
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Figure 51: Actual seasonal streamflow (blue) and predicted seasonal streamflow with/without snowmelt
component (green) at USGS Gage No. 09417500 in Ursine, NV over the calibration period. 10" (0.51 cm)
and 90™ (1.15 cm) percentile values (light green lines) derived from predicted streamflow over calibration
period. 10™ and 90™ percentile = 0.48 cm and 1.27 cm for actual streamflow over same period. Predicted
snowmelt and streamflow values estimated using precipitation and temperature records from PRISM cell
55. Values expressed in length, as they represent the flow at the gage divided by the area of the entire
watershed. USGS gage only in operation from 1963 to 1974 and 2004 to 2008, but predicted seasonal
streamflow still shown for period between these years.

Comparison of Modeled Seasonal (Oct-May) Streamflow
With/Without Snowmelt Component Using Precipitation
Record of PRISM Cell 59 to Actual Seasonal Streamflow
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Figure 52: Actual seasonal streamflow (blue) and predicted seasonal streamflow with/without snowmelt
component (green) at USGS Gage No. 09417500 in Ursine, NV over the calibration period. 10™ (0.54 cm)
and 90" (1.14 cm) percentile values (light green lines) derived from predicted streamflow over calibration
period. 10™ and 90™ percentile = 0.48 cm and 1.27 cm for actual streamflow over same period. Predicted
snowmelt and streamflow values estimated using precipitation and temperature records from PRISM cell
59. Values expressed in length, as they represent the flow at the gage divided by the area of the entire
watershed. USGS gage only in operation from 1963 to 1974 and 2004 to 2008, but predicted seasonal
streamflow still shown for period between these years.
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Comparison of Modeled Seasonal (Oct-May) Streamflow
With/Without Snowmelt Component Using Precipitation
Record from All PRISM Cells to Actual Seasonal Streamflow
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Figure 53: Actual seasonal streamflow (blue) and predicted seasonal streamflow with/without snowmelt
component (green) at USGS Gage No. 09417500 in Ursine, NV over the calibration period. 10™ (0.55 cm)
and 90" (1.12 cm) percentile values (light green lines) derived from predicted streamflow over calibration
period. 10™ and 90™ percentile = 0.48 cm and 1.27 cm for actual streamflow over same period. Predicted
snowmelt and streamflow values estimated using precipitation and temperature records from average of all
PRISM cells. Values expressed in length, as they represent the flow at the gage divided by the area of the
entire watershed. USGS gage only in operation from 1963 to 1974 and 2004 to 2008, but predicted
seasonal streamflow still shown for period between these years.

Comparison of Modeled Seasonal (Oct-May) Streamflow
With/Without Snowmelt Component Using Precipitation
Record from Blue PRISM Cells to Actual Seasonal Streamflow
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Figure 54: Actual seasonal streamflow (blue) and predicted seasonal streamflow with/without snowmelt
component (green) at USGS Gage No. 09417500 in Ursine, NV over the calibration period. 10™ (0.53 cm)
and 90" (1.13 cm) percentile values (light green lines) derived from predicted streamflow over calibration
period. 10™ and 90™ percentile = 0.48 cm and 1.27 cm for actual streamflow over same period. Predicted
snowmelt and streamflow values estimated using precipitation and temperature records from average of
blue-numbered PRISM cells. Values expressed in length, as they represent the flow at the gage divided by
the area of the entire watershed. USGS gage only in operation from 1963 to 1974 and 2004 to 2008, but
predicted seasonal streamflow still shown for period between these years.
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Comparison of Modeled Seasonal (Oct-May) Streamflow
With/Without Snowmelt Component Using Precipitation

Record from Red PRISM Cells to Actual Seasonal Streamflow
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Figure 55: Actual seasonal streamflow (blue) and predicted seasonal streamflow with/without snowmelt
component (green) at USGS Gage No. 09417500 in Ursine, NV over the calibration period. 10™ (0.55 cm)
and 90™ (1.13 cm) percentile values (light green lines) derived from predicted streamflow over calibration
period. 10™ and 90™ percentile = 0.48 cm and 1.27 cm for actual streamflow over same period. Predicted
snowmelt and streamflow values estimated using precipitation and temperature records from average of
red-numbered PRISM cells. Values expressed in length, as they represent the flow at the gage divided by
the area of the entire watershed. USGS gage only in operation from 1963 to 1974 and 2004 to 2008, but
predicted seasonal streamflow still shown for period between these years.
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1896-2008 Modeled Seasonal (Oct-May) Streamflow
With/Without Snowmelt Component Using Precipitation
Record from PRISM Cell 54
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Figure 56: Predicted 1896 to 2008 seasonal streamflow with/without snowmelt component (dark green) at
USGS Gage No. 09417500 in Ursine, NV. 10™ (0.55 cm) and 90" (1.17 cm) percentile values (light green
lines) derived from predicted streamflow over the 1896 to 2008 simulation period. Predicted snowmelt and
streamflow values estimated using precipitation and temperature records from PRISM cell 54. Values
expressed in length, as they represent the flow at the gage divided by the area of the entire watershed.

1896-2008 Modeled Seasonal (Oct-May) Streamflow
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Figure 57: Predicted 1896 to 2008 seasonal streamflow with/without snowmelt component (dark green) at
USGS Gage No. 09417500 in Ursine, NV. 10" (0.56 cm) and 90™ (1.16 cm) percentile values (light green
lines) derived from predicted streamflow over the 1896 to 2008 simulation period. Predicted snowmelt and
streamflow values estimated using precipitation and temperature records from PRISM cell 55. Values
expressed in length, as they represent the flow at the gage divided by the area of the entire watershed.
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1896-2008 Modeled Seasonal (Oct-May) Streamflow
With/Without Snowmelt Component Using Precipitation
Record from PRISM Cell 59
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Figure 58: Predicted 1896 to 2008 seasonal streamflow with/without snowmelt component (dark green) at
USGS Gage No. 09417500 in Ursine, NV. 10™ (0.56 cm) and 90" (1.14 cm) percentile values (light green
lines) derived from predicted streamflow over the 1896 to 2008 simulation period. Predicted snowmelt and
streamflow values estimated using precipitation and temperature records from PRISM cell 59. Values
expressed in length, as they represent the flow at the gage divided by the area of the entire watershed.

1896-2008 Modeled Seasonal (Oct-May) Streamflow
With/Without Snowmelt Component Using Precipitation
Record from All PRISM Cells
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Figure 59: Predicted 1896 to 2008 seasonal streamflow with/without snowmelt component (dark green) at
USGS Gage No. 09417500 in Ursine, NV. 10™ (0.57 cm) and 90™ (1.12 cm) percentile values (light green
lines) derived from predicted streamflow over the 1896 to 2008 simulation period. Predicted snowmelt and
streamflow values estimated using precipitation and temperature records from average of all RISM cells
RISM cell 54. Values expressed in length, as they represent the flow at the gage divided by the area of the
entire watershed.
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1896-2008 Modeled Seasonal (Oct-May) Streamflow
With/Without Snowmelt Component Using Precipitation
Record from Blue PRISM Cells
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Figure 60: Predicted 1896 to 2008 seasonal streamflow with/without snowmelt component (dark green) at
USGS Gage No. 09417500 in Ursine, NV. 10™ (0.58 cm) and 90" (1.15 cm) percentile values (light green
lines) derived from predicted streamflow over the 1896 to 2008 simulation period. Predicted snowmelt and
streamflow values estimated using precipitation and temperature records average of blue-numbered PRISM
cells. Values expressed in length, as they represent the flow at the gage divided by the area of the entire
watershed.
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Figure 61: Predicted 1896 to 2008 seasonal streamflow with/without snowmelt component (dark green) at
USGS Gage No. 09417500 in Ursine, NV. 10™ (0.58 cm) and 90" (1.11 cm) percentile values (light green
lines) derived from predicted streamflow over the 1896 to 2008 simulation period. Predicted snowmelt and
streamflow values estimated using precipitation and temperature records from average of red-numbered
PRISM cells. Values expressed in length, as they represent the flow at the gage divided by the area of the
entire watershed.



Box Plot of Predicted Streamflow from
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Figure 62: Box plots of predicted 1896 to 2008 simulation seasonal streamflow values for six input
models. Line in middle of each plot represents median seasonal streamflow for that model. Box
boundaries represent 25™ and 75" percentile seasonal streamflow over 1896 to 2008 simulation period.
Whiskers represent 10" and 90™ percentile seasonal streamflow over 1896 to 2008 simulation period.

Points represent outliers outside of 10™ to 90™ percentile range.
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Run Length and Frequency in Years Above the Median
Seasonal Streamflow from 1896-2008 for the Six Input Models
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Figure 63: Average predicted 1896 to 2008 simulation frequency and length of seasonal streamflow runs
above the median seasonal streamflow for the six input models.
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Run Length and Frequency in Years Below the Median
Seasonal Streamflow from 1896-2008 for the Six Input Models
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Figure 64: Average predicted 1896 to 2008 simulation frequency and length of seasonal streamflow runs
below the median seasonal streamflow for the six input models.
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1896-2008 Seasonal Streamflow Above or Below Median
Seasonal Streamflow for PRISM Cell 54 Input Model
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Figure 65: Predicted seasonal streamflow amount above or below (bars) 1896 to 2008 median seasonal
streamflow using values predicted from PRISM Cell 54 input model. 3 (red line), 5 (green line), and 10-
year (blue line) moving averages of percent 1896 to 2008 median streamflow also shown.
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1896-2008 Seasonal Streamflow Above or Below Median
Seasonal Streamflow for PRISM Cell 55 Input Model
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Figure 66: Predicted seasonal streamflow amount above or below (bars) 1896 to 2008 median seasonal
streamflow using values predicted from PRISM Cell 55 input model. 3 (red line), 5 (green line), and 10-
year (blue line) moving averages of percent 1896 to 2008 median streamflow also shown.
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1896-2008 Seasonal Streamflow Above or Below Median
Seasonal Streamflow for PRISM Cell 59 Input Model
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Figure 67: Predicted seasonal streamflow amount above or below (bars) 1896 to 2008 median seasonal
streamflow using values predicted from PRISM Cell 59 input model. 3 (red line), 5 (green line), and 10-
year (blue line) moving averages of percent 1896 to 2008 median streamflow also shown.
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1896-2008 Seasonal Streamflow Above or Below Median
sSeasonal Streamflow for Average of All PRISM Cells
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Figure 68: Predicted seasonal streamflow amount above or below (bars) 1896 to 2008 median seasonal
streamflow using values predicted from average of all PRISM cells input model. 3 (red line), 5 (green
line), and 10-year (blue line) moving averages of percent 1896 to 2008 median streamflow also shown.
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1896-2008 Seasonal Streamflow Above or Below Median
Seasonal Streamflow for Average of Blue PRISM Cells
Input Model|
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Figure 69: Predicted seasonal streamflow amount above or below (bars) 1896 to 2008 median seasonal
streamflow using values predicted from average of blue-numbered PRISM cells input model. 3 (red line),
5 (green line), and 10-year (blue line) moving averages of percent 1896 to 2008 median streamflow also
shown.
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1896-2008 Seasonal Streamflow Above or Below Median
Seasonal Streamflow for Average of Red PRISM Cells
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Figure 70: Predicted seasonal streamflow amount above or below (bars) 1896 to 2008 median seasonal
streamflow using values predicted from average of red-numbered PRISM cells input model. 3 (red line), 5
(green line), and 10-year (blue line) moving averages of percent 1896 to 2008 median streamflow also
shown.



Probability of Exceedance for Actual (1963-1974, 2004-2008)
and Predicted (1896-2008) Seasonal Streamflow from
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Figure 71: Duration curve for 1963 to 1974 and 2004 to 2008 actual seasonal streamflow (red dots) and

1896 to 2008 simulated seasonal streamflow (blue dots) from PRISM Cell 54 input model with high and
low flow actual and simulated seasonal streamflow labeled on each curve.
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Probability of Exceedance for Actual (1963-1974, 2004-2008)
and Predicted (1896-2008) Seasonal Streamflow from

- PRISM Cell 55 Input Model
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Figure 72: Duration curve for 1963 to 1974 and 2004 to 2008 actual seasonal streamflow (red dots) and

1896 to 2008 simulated seasonal streamflow (blue dots) from PRISM Cell 55 input model with high and
low flow actual and simulated seasonal streamflow labeled on each curve.
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Figure 73: Duration curve for 1963 to 1974 and 2004 to 2008 actual seasonal streamflow (red dots) and
1896 to 2008 simulated seasonal streamflow (blue dots) from PRISM Cell 59 input model with high and
low flow actual and simulated seasonal streamflow labeled on each curve.
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Probability of Exceedance for Actual (1963-1974, 2004-2008)
and Predicted (1896-2008) Seasonal Streamflow from
Average of All PRISM Cells Input Model
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Figure 74: Duration curve for 1963 to 1974 and 2004 to 2008 actual seasonal streamflow (red dots) and
1896 to 2008 simulated seasonal streamflow (blue dots) from average of all PRISM Cells input model with
high and low flow actual and simulated seasonal streamflow labeled on each curve.
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Probability of Exceedance for Actual (1963-1974, 2004-2008)
and Predicted (1896-2008) Seasonal Streamflow from
Average of Blue PRISM Cells Input Model
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Figure 75: Duration curve for 1963 to 1974 and 2004 to 2008 actual seasonal streamflow (red dots) and
1896 to 2008 simulated seasonal streamflow (blue dots) from average of blue-numbered PRISM Cells input
model with high and low flow actual and simulated seasonal streamflow labeled on each curve.
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Probability of Exceedance for Actual (1963-1974, 2004-2008)
and Predicted (1896-2008) Seasonal Streamflow from
Average of Red PRISM Cells Input Model
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Figure 76: Duration curve for 1963 to 1974 and 2004 to 2008 actual seasonal streamflow (red dots) and
1896 to 2008 simulated seasonal streamflow (blue dots) from average of red-numbered PRISM Cells input
model with high and low flow actual and simulated seasonal streamflow labeled on each curve.
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Appendix A
Manually Selected Starting Parameter Model Simulation Method

The precipitation record from PRISM cell 54 was used for input and starting
parameter values were manually selected before running the model using Excel Solver to
best-fit the parameters according to what produced the smallest RMSE between observed
and predicted streamflow. This was performed for both the model with and without
snowmelt modeling component a minimum of 50 times at 0.1 parameter value
increments. These increments were eventually fine-tuned to smaller increments after the
closer best-fit values were obtained from the 0.1 parameter value increments. The
simulation that included the snowmelt modeling component involved best-fitting values
to eight unknown parameters that have been described above (Tmaxsnow> Cm» T, @, b, ¢, d,
and GS), while the analyses without the snowmelt modeling component involved best-
fitting values to only five of the eight parameters (a, b, ¢, d, and GS). The combination of
starting parameter values that produced the lowest RMSE between observed and
predicted streamflow was then used in the other five PRISM cell input models to run the
calibration simulation for these models as well.

After the best-fit parameter values were obtained for the manually selected
starting parameter value simulation over the model calibration period, these best-fit
parameter values were then used to simulate the model from 1896 to 2008 using the
entire available seasonal October to May precipitation records from the six PRISM cell
groups as input. This procedure thus resulted in one seasonal 1896 to 2008 model
simulation per PRISM cell input group using the best-fit parameter values from the

manually selected parameter value simulations.
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Manually Selected Starting Parameter Model Simulation Results

Figures A.1-A.6 show the actual and predicted seasonal streamflow both with and
without incorporating the snowmelt modeling component for the manually selected
starting parameter value simulation over the calibration period. The predicted streamflow
tended to overestimate the actual streamflow during low-flow years (streamflow < ~0.75
cm), while the reverse was true during high-flow years (streamflow > ~1.5 cm).

The r* and RMSE improved for all six PRISM cell input models when the
snowmelt modeling component was incorporated into the model calibration for the
manually-selected starting parameter value method (Table A.1). The r” increased by an
average of 1.3% for the six models, with a maximum increase of 3.0% when the
precipitation record from PRISM cell 55 was used as input in the model. The RMSE
values decreased slightly by an average of 0.004 cm for the six PRISM cell input models.
The use of the precipitation record from PRISM cell 54 as input resulted in the highest r°
of 0.82 and lowest RMSE of 0.22 cm. The lowest r* of 0.79 and highest RMSE of 0.25
cm were obtained when the precipitation record from the average of the red-lettered
PRISM cells was used as model input.

Table A.2 presents the best-fit results of parameters a, b, ¢, and d obtained during
model calibration for the water balance model with snowmelt component for the
manually-selected starting parameter value method. No difference was observed with the
average parameter values of the six models between model calibration with and without
the snowmelt component.

The best-fit threshold snow temperature, melt-rate factor, and base snow

temperature values used for these simulations are presented in Table A.3. The values for
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each of these parameters did not vary much among the input models. The average
threshold snow temperature was 2.51°C. The average melt-rate factor was 0.17 cm/°C
(0.04 in/°F) and ranged from 0.15 to 0.20 cm/°C (0.03 in/°F to 0.04 in/°F). The average
base snow temperature was 0.53°C.

The 1896 to 2008 simulated results of seasonal streamflow using the six different
PRISM cell group inputs and average of the resulting parameter values from the
manually selected parameter value simulations are shown in Figures A.7-A.12. The
average seasonal streamflow over this period was 0.855 cm with a range of 0.85 cm to
0.86 cm among the six models with a snowmelt component.

The 1896 to 2008 simulated results of average seasonal surface runoff,
infiltration, evapotranspiration, deep percolation, baseflow, groundwater flow, and
groundwater storage are presented in Table A.4. The average seasonal surface runoff
among the six models was 0.85 cm. The highest average seasonal precipitation of 0.86
cm occurred in the red-lettered PRISM cells input model, while the lowest average of
0.85 cm occurred in the PRISM cell 55 input model. The average seasonal infiltration
among the six models was 25.91 cm. The highest average seasonal infiltration of 30.76
cm occurred in the red-lettered PRISM cells input model, while the lowest average of
21.33 cm occurred in the PRISM cell 55 input model. The average seasonal
evapotranspiration among the six models was 10.70 cm. The highest average seasonal
evapotranspiration value of 12.72 cm occurred in the red-lettered PRISM cells input
model, while the lowest average of 8.79 cm occurred in the PRISM cell 55 input model.
The average seasonal deep percolation among the six models was 15.21 cm. The highest

average seasonal deep percolation of 18.04 cm occurred in the red-lettered PRISM cells
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input model, while the lowest average of 12.54 cm occurred in the PRISM cell 55 input
model. The predicted seasonal baseflow was zero for all six input models. The average
seasonal groundwater flow among the six models was 15.26 cm. The highest average
seasonal groundwater flow of 18.03 cm occurred in the red-lettered PRISM cells input
model, while the lowest average of 12.64 cm occurred in the PRISM cell 55 input model.
The average seasonal groundwater storage among the six models was 40.637 cm. The
highest average seasonal groundwater storage of 48.12 cm occurred in the red-lettered
PRISM cells input model, while the lowest average of 33.60 cm occurred in the PRISM
cell 55 input model.

The predicted 1896 to 2008 model simulation of maximum seasonal surface
runoff, infiltration, evapotranspiration, deep percolation, base flow, groundwater flow,
and groundwater storage for the six different precipitation input models with snowmelt
components are presented in Table A.5. The maximum values followed the same trend
as the average values with the highest maximum values occurring in the red-lettered
PRISM cells input model and the lowest maximum values occurring in the PRISM cell
55 input model. The maximum values for precipitation, infiltration, evapotranspiration,
and deep percolation all occurred in 2005. The maximum groundwater flow values
occurred in either 1981 or 2006, and the maximum groundwater storage values occurred
one-year prior in either 1980 or 2005.

The predicted 1896 to 2008 model simulation of minimum seasonal surface
runoff, infiltration, evapotranspiration, deep percolation, base flow, groundwater flow,
and groundwater storage values for the six different precipitation input models with

snowmelt components are presented in Table A.6. Similar to the maximum and average
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values, the highest minimum values occurred in the red-lettered PRISM cells input model
and the lowest minimum values occurred in the PRISM cell 55 input model. The
minimum precipitation, infiltration, evapotranspiration, deep percolation, and
groundwater storage values for all six models occurred in 2002, while the minimum
groundwater flow value for all six models occurred in 2003.

The predicted 1896 to 2008 model simulation of the standard deviation of
seasonal surface runoff, infiltration, evapotranspiration, deep percolation, base flow,
groundwater flow, and groundwater storage values for the six different precipitation input
models with snowmelt components are presented in Table 19. Similar to the trends
observed in the maximum, minimum, and average values, the highest standard deviation
values occurred in the red-lettered PRISM cells input model and the lowest standard
deviation values occurred in the PRISM cell 55 input model. Higher standard deviation
values occurred for the seasonal precipitation and infiltration values, as these averaged
over 7.0 cm; while lower values occurred for the seasonal groundwater flow and
evapotranspiration values as these averaged under 3.0 cm. Standard deviation values
averaged between these two thresholds for seasonal deep percolation and seasonal

groundwater storage values.
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Tables

Table A.1: R?, RMSE, and number of observations used for model calibration simulation using the
manually selected starting parameter value method with incorporation of snowmelt between predicted and
actual streamflow for the six different PRISM cell input groups. The change from model calibration
simulations without incorporation of snowmelt is bracketed in bold. Note that ‘nc’ denotes no change
occurred between the two calibrated models. The average of all the groups and standard deviation of the
values are presented in the last two rows.

R?[change RMSE (cm) No

PRISM from non- [change from "

Observations
Cell No. snowmelt non-snowmelt
(Seasons)
model] model]

54 0.82 [+0.01] 0.22 nc 17
55 0.80 [+0.03] 0.23[-0.01] 17
59 0.82 [+0.01] 0.23 nc 17
ALL 0.80 [+0.01] 0.24 nc 17
BLUE 0.81 [+0.01] 0.23nc 17
RED 0.79 [+0.02] 0.25nc 17
Average 0.805[+0.013] 0.231 [-0.004] 17
STD 0.013 [-0.005] 0.010 nc 0

Table A.2: The predicted values for parameter’s a (fraction of precipitation that becomes surface runoff), b
(fraction of infiltrated water that becomes evaporation), ¢ (fraction of groundwater storage that becomes
baseflow) and d (fraction of groundwater storage that becomes groundwater flow) obtained during water
balance model calibration simulations using the manually selected starting parameter value method with
incorporation of snowmelt model for the six different PRISM cell input groups. The change from model
calibration simulations without incorporation of snowmelt is bracketed in bold. Note that ‘nc’ denotes no
change occurred between the two calibrated models. The average of all the groups and standard deviation
of the values are presented in the last two rows.

PRI?\II\(/)I.CeII Parameter a Parameter b Parameter c Parameter d
54 0.03 0.41 0.00 0.38
55 0.03 0.41 0.00 0.38
59 0.03 0.41 0.00 0.38
ALL 0.03 0.41 0.00 0.38
BLUE 0.03 0.41 0.00 0.38
RED 0.03 0.41 0.00 0.38
Average 0.03 nc 0.41 nc 0.00 nc 0.38 nc

STD 0.00 nc 0.00 nc 0.00 nc 0.00 nc
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Table A.3: Threshold snow temperature, melt rate factor, and base snow temperature values obtained
during the best-fit of snowmelt paramters during model calibration simulations using the manually selected
starting parameter value method for the six different PRISM cell input groups. Average and standard

deviation for six models presented in the last two rows.

Threshold Snow
Temperature

(Tmaxsnow) [°C]

PRISM
Cell No.

54

55

59
ALL

BLUE
RED
Average

STD

2.51
2.51
251
2.51
2.51
2.51
2.51
0.00

Melt Rate Factor
(Cm) [cm/°C]

0.18
0.15
0.18
0.18
0.17
0.20
0.17
0.02

Base Snow

Temperature (Tb)

[°C]
0.53
0.53
0.53
0.53
0.53
0.53
0.53
0.00

Table A.4: Average seasonal surface runoff, infiltration, evaporation, deep percolation, base flow,
groundwater flow, and groundwater storage values from 1896 to 2008 model simulations for the six
different precipitation input models with snowmelt modeling component. Average and standard deviation
values for the six averages are presented in the last two rows.

PRISM
Cell No.

54

55

59
ALL

BLUE
RED
Average

STD

Surface
Runoff (cm)

0.86
0.85
0.85
0.86
0.85
0.86
0.85
0.01

Infiltration
(cm)

24.44
21.33
25.04
28.24
25.63
30.76
25.91
3.25

Evaporation
(cm)

10.09
8.79
10.34
11.67
10.58
12.72
10.70
1.36

Deep
Percolation
(cm)
14.35
12.54
14.70
16.57
15.05
18.04
15.21
1.90

Base
Flow
(cm)
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00

Groundwater
Flow (cm)

14.42
12.64
14.75
16.59
15.09
18.03
15.26
1.89

Groundwater
Storage (cm)

38.36
33.60
39.29
44.24
40.20
48.12
40.64
5.01

Table A.5: Maximum seasonal surface runoff, infiltration, evaporation, deep percolation, base flow,
groundwater flow, and groundwater storage values from 1896 to 2008 model simulations for the six
different precipitation input water balance models with snowmelt modeling component. Bracketed years
represent season(s) where maximum occurred. Average and standard deviation values for the six averages
are presented in the last two rows.

PRISM
Cell No.

54

55

59
ALL

BLUE
RED
Average

STD

Surface
Runoff (cm)
[2005]

1.88
1.81
1.83
1.81
1.85
1.76
1.82
0.04

Infiltration
(cm)
[2005]
53.55
45.33
54.14
59.59
55.61
63.31
55.26
6.11

Evaporation
(cm) [2005]

22.10
18.67
22.35
24.63
22.97
26.19
22.82
2.55

Deep
Percolation
(cm) [2005]

31.45
26.66
31.79
34.96
32.65
37.13
32.44
3.56

Base
Flow
(cm)
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00

Groundwater
Flow (cm)
[1981, 2006]

19.14
17.16
19.32
21.67
20.06
23.35
20.12
2.158

Groundwater
Storage (cm)
[1980, 2005]

51.01
45.73
51.52
57.82
53.48
62.32
53.65
5.78
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Table A.6: Minimum seasonal, surface runoff, infiltration, evaporation, deep percolation, base flow,
groundwater flow, and groundwater storage values from 1896 to 2008 model simulations for the six
different precipitation input water balance models with incorporated snowmelt component. Bracketed
years represent season(s) where minimum occurred. Average and standard deviation values for the six
averages are presented in the last two rows.

PRISM Surface Infiltration Evaporation Deep_ Base Groundwater Groundwater

Runoff (cm) (cm) Percolation Flow Flow (cm) Storage (cm)
Cell No. [2002] 20021 ©MI2002] cy2002]  (cm) [2003] [2002]
54 0.33 9.52 3.93 5.59 0.00 10.33 27.52
55 0.33 8.23 3.39 4.84 0.00 8.96 23.87
59 0.33 9.66 3.99 5.67 0.00 10.48 27.95
ALL 0.38 12.63 5.22 7.41 0.00 12.25 32.69
BLUE 0.39 11.56 4,78 6.79 0.00 11.25 30.01
RED 0.38 13.64 5.64 8.00 0.00 13.21 35.25
Average 0.36 10.874 4.491 6.384 0.000 11.080 29.550
STD 0.03 2.072 0.861 1.211 0.000 1.509 4.038

Table A.7: Standard deviation of seasonal surface runoff, infiltration, evaporation, deep percolation, base
flow, groundwater flow, and groundwater storage values from 1896 to 2008 model simulations for the six
different precipitation input water balance models with incorporated snowmelt component. Average and
standard deviation values for the six averages are presented in the last two rows.

PRISM Surface Infiltration  Evaporation Peregleaﬁion Eﬁ)svs Groundwater ~ Groundwater
Cell No. Runoff (cm) (cm) (cm) Flow (cm) Storage (cm)
(cm) (cm)
54 0.25 7.19 2.97 4.22 0.00 1.88 5.03
55 0.26 6.40 2.64 3.76 0.00 1.70 4.52
59 0.24 7.11 2.93 4.17 0.00 1.89 5.07
ALL 0.23 7.53 3.11 4.42 0.00 2.01 5.39
BLUE 0.24 7.14 2.95 4.19 0.00 1.90 5.08
RED 0.22 7.96 3.29 4.67 0.00 2.15 5.72
Average 0.24 7.22 2.98 4.24 0.00 1.92 5.13

STD 0.01 0.52 0.22 0.30 0.00 0.15 0.40
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Table A.8: 1896 to 2008 model simulations of percent snow of total seasonal precipitation remaining at end
of modeling period that was predicted in the six input models. Year of occurrence listed in left-hand
column. Bottom five rows indicate number of years where snow persisted through May 31* for each
model, as well as average, maximum, minimum and standard deviation of values for each input model.
Minimum values listed represent smallest percent of remaining snow for seasons that actually had end of

season snow. Note that some models predicted snow at the end of some seasons when other models

predicted no snow at the end of the same season. Years between 1896 to 2008 not listed in left-hand side
indicate no snow was predicted for the end of the modeling period during that season.

Year

1897
1915
1916
1917
1922
1932
1933
1937
1944
1949
1952
1967
1969
1973
1978
1979
1980
1983
1993
1995
Total Years
Average (%)
Maximum (%)
Minimum (%)
STD (%)

% Snhow

Left
PRISM
Cell 54

6.01

0.00

8.16
10.26

3.36

9.50

1.70

6.31

4.61
19.87
14.57

0.00

0.00

6.92

3.21

0.00

0.00

0.00
20.67

2.54

14

5.88
20.67

1.70

6.41

% Snhow

Left

PRISM
Cell 55

13.50
5.88
15.35
13.53
9.83
11.67
6.35
10.51
9.85
25.25
19.37
2.16
2.64
12.67
6.68
3.60
2.17
2.21
30.55
5.90
20
10.48
30.55
2.16
7.74

% Snow

Left
PRISM
Cell 59

6.03

0.79

6.61
11.45

4.17

5.82

1.39

3.37

452
22.80

9.71

0.00

0.00

7.07

0.71

0.00

0.00

0.00
22.24

3.61

15

5.51
22.80

0.71

6.73

% Show
Left ALL
PRISM

Cells
2.85
0.64
6.41

13.95
4.49
8.01
3.31
5.88
3.55

21.19

10.73
0.00
0.00
8.16
0.00
0.43
0.00
0.00

18.08
2.83

15
5.53

21.19
0.43
6.25

% Show
Left Blue
PRISM

Cells
1.88
0.00
5.29

11.64
2.74
6.22
0.89
3.50
2.56

20.46
9.69
0.00
0.00
6.60
0.00
0.00
0.00
0.00

18.00
1.87

13
457

20.46
0.89
6.07

% Snow

Left Red
PRISM
Cells
2.07
0.63
5.76
14.99
4.75
8.04
3.53
6.47
3.02
20.59
10.32
0.00
0.00
8.23
0.00
0.00
0.00
0.00
16.86
2.48

14

5.39
20.59
0.63
6.16
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Figures

Comparison of Modeled Seasonal (Oct-May) Streamflow Using
Precipitation Record with Snowmelt Component from AVG of
PRISM Cell 54 to Actual Seasonal Streamflow
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Figure A.1: Actual seasonal streamflow (blue), predicted seasonal streamflow with snowmelt (solid green),
and predicted seasonal streamflow without snowmelt (dashed green) at USGS Gage No. 09417500 in
Ursine, NV over the model calibration period. 10™ (0.52 cm) and 90™ (1.19 cm) percentile values (light
green lines) derived from predicted streamflow over calibration period. 10" and 90™ percentile = 0.48 cm
and 1.27 cm for actual streamflow over same period. Predicted snowmelt and streamflow values estimated
using precipitation and temperature records from PRISM cell 54 Values expressed in length, as they
represent the flow at the gage divided by the area of the entire watershed. USGS gage only in operation
from 1963 to 1974 and 2004 to 2008, but predicted seasonal streamflow still shown for period between

these years.
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Comparison of Modeled Seasonal (Oct-May) Streamflow Using
Precipitation Record and Snowmelt Estimate from PRISM Cell
55 to Actual Seasonal (Oct-May) Streamflow
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Figure A.2: Actual seasonal streamflow (blue), predicted seasonal streamflow with snowmelt (solid green),
and predicted seasonal streamflow without snowmelt (dashed green) at USGS Gage No. 09417500 in
Ursine, NV over the model calibration period. 10™ (0.51 cm) and 90™ (1.15 cm) percentile values (light
green lines) derived from predicted streamflow over calibration period. 10™ and 90™ percentile = 0.48 cm
and 1.27 cm for actual streamflow over same period. Predicted snowmelt and streamflow values estimated
using precipitation and temperature records from PRISM cell 55. Values expressed in length, as they
represent the flow at the gage divided by the area of the entire watershed. USGS gage only in operation
from 1963 to 1974 and 2004 to 2008, but predicted streamflow still shown for period between these years.

Comparison of Modeled Seasonal (Oct-May) Streamflow Using
Precipitation Record from PRISM Cell 59 to Actual Seasonal

(Oct-May) Streamflow
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Figure A.3: Actual seasonal streamflow (blue), predicted seasonal streamflow with snowmelt (solid green),
and predicted seasonal streamflow without snowmelt (dashed green) at USGS Gage No. 09417500 in
Ursine, NV over the model calibration period. 10™ (0.54 cm) and 90™ (1.14 cm) percentile values (light
green lines) derived from predicted streamflow over calibration period (10™ and 90" percentile = 0.48 cm
and 1.27 cm for actual streamflow over same period). Predicted snowmelt and streamflow values estimated
using precipitation and temperature records from PRISM cell 59. Values expressed in length, as they
represent the flow at the gage divided by the area of the entire watershed. USGS gage only in operation
from 1963 to 1974 and 2004 to 2008, but predicted streamflow still shown for period between these years.
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Comparison of Modeled Seasonal (Oct-May) Streamflow Using
Precipitation Record from AVG of All PRISM Cells to Actual
- Seasonal (Oct-May) Streamflow
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Figure A.4: Actual seasonal streamflow (blue), predicted seasonal streamflow with snowmelt (solid green),
and predicted seasonal streamflow without snowmelt (dashed green) at USGS Gage No. 09417500 in
Ursine, NV over the model calibration period. 10™ (0.55 cm) and 90™ (1.12 cm) percentile values (light
green lines) derived from predicted streamflow over calibration period. 10" and 90™ percentile 0.48 cm
and 1.27 cm for actual streamflow over same period. Predicted snowmelt and streamflow values estimated
using precipitation and temperature records from average of all PRISM cells. Values expressed in length,
as they represent the flow at the gage divided by the area of the entire watershed. USGS gage only in

operation from 1963 to 1974 and 2004 to 2008, but predicted streamflow still shown for period between
these years.

Comparison of Modeled Seasonal (Oct-May) Streamflow Using
Precipitation Record from AVG of Blue PRISM Cells to Actual
Seasonal (Oct-May) Streamflow
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Figure A.5: Actual seasonal streamflow (blue), predicted seasonal streamflow with snowmelt (solid green),
and predicted seasonal streamflow without snowmelt (dashed green) at USGS Gage No. 09417500 in
Ursine, NV over the model calibration period. 10™ (0.53 ¢cm) and 90™ (1.13 cm) percentile values (light
green lines) derived from predicted streamflow over calibration period. 10™ and 90™ percentile = 0.48 cm
and 1.27 cm for actual streamflow over same period. Predicted snowmelt and streamflow values estimated
using precipitation and temperature records from average of blue-numbered PRISM cells. Values
expressed in length, as they represent the flow at the gage divided by the area of the entire watershed.

USGS gage only in operation from 1963 to 1974 and 2004 to 2008, but predicted streamflow still shown
for period between these years.
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Comparison of Modeled Seasonal (Oct-May) Streamflow Using
Precipitation Record from AVG of Red PRISM Cells to Actual
Seasonal (Oct-May) Streamflow
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Figure A.6: Actual seasonal streamflow (blue), predicted seasonal streamflow with snowmelt (solid green),
and predicted seasonal streamflow without snowmelt (dashed green) at USGS Gage No. 09417500 in
Ursine, NV over the model calibration period. 10™ (0.55 cm) and 90™ (1.13 cm) percentile values (light
green lines) derived from predicted streamflow over calibration period. 10™ and 90™ percentile = 0.48 cm
and 1.27 cm for actual streamflow over same period. Predicted snowmelt and streamflow values estimated
using precipitation and temperature records from average of red-numbered PRISM cells. Values expressed
in length, as they represent the flow at the gage divided by the area of the entire watershed. USGS gage
only in operation from 1963 to 1974 and 2004 to 2008, but predicted streamflow still shown for period
between these years.

1896-2008 Modeled Seasonal (Oct-May) Streamflow
With/Without Snowmelt Component Using Precipitation
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Figure A.7: Predicted 1896 to 2008 seasonal streamflow with/without snowmelt component (dark green) at
USGS Gage No. 09417500 in Ursine, NV. 10™ (0.55 cm) and 90" (1.17 cm) percentile values (light green
lines) derived from predicted streamflow over the 1896 to 2008 simulation period. Predicted snowmelt and
streamflow values estimated using precipitation and temperature records from PRISM cell 54. Values
expressed in length, as they represent the flow at the gage divided by the area of the entire watershed.
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Figure A.8: Predicted 1896 to 2008 seasonal streamflow with/without snowmelt component (dark green)

at USGS Gage No. 09417500 in Ursine, NV. 10" (0.56 cm) and 90™ (1.16 cm) percentile values (light
green lines) derived from predicted streamflow over the 1896 to 2008 simulation period. Predicted

snowmelt and streamflow values estimated using precipitation and temperature records from PRISM cell

55. Values expressed in length, as they represent the flow at the gage divided by the area of the entire

watershed.
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Figure A.9: Predicted 1896 to 2008 seasonal streamflow with/without snowmelt component (dark green)

at USGS Gage No. 09417500 in Ursine, NV. 10™ (0.56 cm) and 90" (1.14 cm) percentile values (light
green lines) derived from predicted streamflow over the 1896 to 2008 simulation period. Predicted

snowmelt and streamflow values estimated using precipitation and temperature records from PRISM cell

59. Values expressed in length, as they represent the flow at the gage divided by the area of the entire

watershed.
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1896-2008 Modeled Seasonal (Oct-May) Streamflow
With/Without Snowmelt Component Using Precipitation
Record from All PRISM Cells
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Figure A.10: Predicted 1896 to 2008 seasonal streamflow with/without snowmelt component (dark green)
at USGS Gage No. 09417500 in Ursine, NV. 10" (0.57 cm) and 90™ (1.12 cm) percentile values (light
green lines) derived from predicted streamflow over the 1896 to 2008 simulation period. Predicted
snowmelt and streamflow values estimated using precipitation and temperature records from average of all
PRISM cells. Values expressed in length, as they represent the flow at the gage divided by the area of the
entire watershed.
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Figure A.11: Predicted 1896 to 2008 seasonal streamflow with/without snowmelt component (dark green)
at USGS Gage No. 09417500 in Ursine, NV. 10™ (0.58 cm) and 90" (1.15 cm) percentile values (light
green lines) derived from predicted streamflow over the 1896 to 2008 simulation period. Predicted
snowmelt and streamflow values estimated using precipitation and temperature records average of blue-
numbered PRISM cells. Values expressed in length, as they represent the flow at the gage divided by the
area of the entire watershed.
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1896-2008 Modeled Seasonal (Oct-May) Streamflow
With/Without Snowmelt Component Using Precipitation
Record from Red PRISM Cells
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Figure A.12: Predicted 1896 to 2008 seasonal streamflow with/without snowmelt component (dark green)
at USGS Gage No. 09417500 in Ursine, NV. 10" (0.58 cm) and 90™ (1.11 cm) percentile values (light
green lines) derived from predicted streamflow over the 1896 to 2008 simulation period. Predicted
snowmelt and streamflow values estimated using precipitation and temperature records from average of
red-numbered PRISM cells. Values expressed in length, as they represent the flow at the gage divided by
the area of the entire watershed.





