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Abstract:

A comparison of the ANUSPLIN, MTCLIM-3D, and PRISM model performance is needed to assist
users with appropriate model selection and elucidate potential differences. The models employ
different techniques to develop gridded precipitation surfaces from published climate station (point)
data and digital elevation models (DEMs) using the same monthly and annual data sets to determine
whether the predicted precipitation surfaces are hydrologically reasonable over a region which contains
a diverse physiography and produces a wide range of precipitation regimes. Mean monthly and annual
precipitation estimates were prepared for the Bozeman, Billings, Ashton, and White Sulphur Springs 1
X, 2° topographic quadrangles in southwestern Montana and the Cody quadrangle in Wyoming for the
1961-90 data period. Input data included monthly precipitation data from 258 weather stations and a
0.5 km square-grid DEM derived from the appropriate 3 arc-second USGS DEMs with ANUDEM.

The models generated statistically similar results. The mean annual precipitation predictions for the 20
(randomly selected) withheld stations were accepted as statistically similar to the observed data at the
0.05 significance level. ANUSPLIN produced slightly higher mean annual estimates (5.6% and 4.0%
higher than MTCLIM-3D and PRISM, respectively), and tended to overestimate precipitation at the 20
withheld stations. This model also generated slightly higher mean absolute errors (MAE) compared to
the other two models which tended to underestimate precipitation at the 20 withheld stations. The
largest differences between the model predictions occur in high elevation areas (e.g. Absarokas,
Tetons) where a lack of climate stations and highly variable precipitation patterns complicate the
interpolation process. Similar results suggest model selection should be based on ease of use and
efficiency.

The MTCLIM-3D mean values are higher in winter and early spring while PRISM predictions are
greater in the late spring-summer months and ANUSPLIN generally has the lowest predictions overall
although the differences are minimal. The predictions fell in the same 25 mm classes in over 80% of
the DEM cells in 28 out of 36 monthly surface comparisons. The largest differences occurred in the
late fall and winter. The largest MAE and bias estimates were generated for all three models in these
months. In addition, predictions were different from the observed data at the 20 withheld stations at the
0.05 significance level in November for ANUSPLIN and MTCLIM-3D, December for ANUSPLIN
and PRISM, and February for ANUSPLIN. Relatively low agreement between the summed monthly
surface and annual surface values for all three models demonstrate the importance of incorporating
snow course data.' The models require less climate knowledge compared to the hand-contouring
method and provide error estimates as well as precipitation estimates that can be accessed directly by
modem geographic information systems. Increased numbers of climate stations in high elevations and
more precise measurements of station locations and elevations would improve model predictions in the
northern Rocky Mountains.
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- ABSTRACT

A comparison of the ANUSPLIN, MTCLIM-3D, and PRISM model performance
is needed to assist users with appropriate model selection and elucidate potential
differences. The models employ different techniques to develop gridded precipitation
surfaces from published climate station (point) data and digital elevation models (DEMs)
using the same monthly and annual data sets to determine whether the predicted
precipitation surfaces are hydrologically reasonable over a region which contains a diverse
physiography and produces a wide range of precipitation regimes. Mean monthly and
annual precipitation estimates were prepared for the Bozeman, Billings, Ashton, and
White Sulphur Springs 1 x 2° topographic quadrangles in southwestern Montana and the
Cody quadrangle in Wyoming for the 1961-90 data period. Input data included monthly
precipitation data from 258 weather stations and a 0.5 km square-grid DEM derived from
the appropriate 3 arc-second USGS DEMs with ANUDEM.

The models generated statistically similar results. The mean annual precipitation
predictions for the 20 (randomly selected) withheld stations were accepted as statistically
similar to the observed data at the 0.05 significance level. ANUSPLIN produced slightly
higher mean annual estimates (5.6% and 4.0% higher than MTCLIM-3D and PRISM,
respectively), and tended to overestimate precipitation at the 20 withheld stations. This
model also generated slightly higher mean absolute errors (MAE) compared to the other
two models which tended to underestimate precipitation at the 20 withheld stations. The
largest differences between the model predictions occur in high elevation areas (e.g.
Absarokas, Tetons) where a lack of climate stations and highly variable precipitation
patterns complicate the interpolation process. Similar results suggest model selection
should be-based on ease of use and efficiency.

The MTCLIM-3D mean values are higher in winter and early spring while PRISM
predictions are greater in the late spring-summer months and ANUSPLIN generally has
the lowest predictions overall although the differences are minimal. The predictions fell in
the same 25 mm classes in over 80% of the DEM cells in 28 out of 36 monthly surface
comparisons. The largest differences occurred in the late fall and winter. The largest
MAE and bias estimates were generated for all three models in these months. In addition,
predictions were different from the observed data at the 20 withheld stations at the 0.05
significance level in November for ANUSPLIN and MTCLIM-3D, December for
ANUSPLIN and PRISM, and February for ANUSPLIN. Relatively low agreement
between the summed monthly surface and annual surface values for all three models
demonstrate the importance of incorporating snow course data.’

The models require less climate knowledge compared to the hand-contouring
method and provide error estimates as well as precipitation estimates that can be accessed
directly by modern geographic information systems. Increased numbers of climate stations
in high elevations and more precise measurements of station locations and elevations
would improve model predictions in the northern Rocky Mountains.




CHAPTER 1

INTRODUCTION -

Scope and Purpose

Estimates of the amount and spatial distrii)ﬁtion of rainfall data provide critical
inputs for regional resource assessments and environmental modeling applications.
Average monthly and annual pr;cipitation data are required to evaluate potential land
uses, water supply, drought hazards, and fire risk. Man‘y sjlviculturq, insect and disease,
and hydrological models‘, aIs;) need spatially variable precipitation estimates a\s inputns (eg: |
Lebel et'al. 1987; Running et al. 1987; Hungerford et a'l. 1989; Cai;)rio etal. 1990;
Nielsen et al. 1990; Phillips et al. 1992; Wi‘lson‘et al. 1993). Precipitation variability is a

| critical factor for determining the water budget of .a regioﬁ, particularly in the western
United States where a large percentage of the total avéilable watef may be contained in
the snowpack at high elevations and spatial variability can be extremely large over \}ery
small distances (<5 km) (Johnson and Hanson 1995). Knowledge of precipitation
distribution can also assist in reservoii‘placement (Giorgi et al. 1992), irrigation, and
overall watershed maﬁagement (Basist et al. 1994).

Unfortﬁnately, precipitation is assumed to be uniform for most applications due to
low data density and computational and statistical difficulties associated with
extrapolation (Anderson 1973; Johnson and Hanson 1995). Interpolation of precipitation

data to unmeasured locations is particularly difficult in complex mountainous regions and
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at the mountain-plains intefface where highly variable spatial patterns of precipitation are
produced (Peck and Brown 1962; Doesken et al. 1989; Daly and Neilson 1992; Phillips
et al. 1992). Common obstacles include acquisition of a complete and continuous data
set of rainfall measurements, 'determination of accurate and appropﬁate
precipitation/elevation lapse rates, incorporation of orographic effects, selection of the
appropriate grid resolution, and accounting for the additional data complexity caused by
the large temporal and spatial variation in the distribution of rainfall.

The Qverall goal of fhis project is to comi)are the performance of three mod‘els‘ :
using the sa;he monthly and annual data sets.to determine whether the predicted
precipitation surfaces are hydfologiéaily reasonable over a region which contains a
dive'rse‘physiography and pfoduces a wide range of precipitatibh regimes. The models
are ANUSPLIN (Hutchinson 1989a, 1995, 1 996), MTCLIM-SD (Running and Thornton
1996), and PRISM (Daly et al. 1994; Daly and Taylor 1996). Thése models employ
different techniques to develop gridded precipitation surfaces from point data, and
several model runs were performed to:

(1) Determihe if the models generate the same mean annual precipitation surfaces
using climate station records and 3-arc-second DEMs for the. Bozeman, Billings,

Ashton, and White Sulphur Springs 1 x 2° quadrangles in southwest Montana and

the Cody quadrangle in Wyoming. A randomly selected subset of the climate
station data will be withheld from these model runs and the predicted values will
be compared with measured values to assess model performance.

() Determine if the models generate the same mean monthly precipitation surfaces
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using monthly climate station records. The same subset of data withheld in
Objective 1 will be withheld from these model runs and used to evaluate model
performance.

3) Determine if the models generate the same mean annual precipitation surfaces as
the professionally hand-drawn 1961-1990 precipitation contour maps produced
by Phillip Farnes (USDA Soil Conservation Service (SCS) 1977). No data will
be withheld for these model runs. Because the “true” average annual
precipitation at many locationé is not known for Montana (or any other state), the
veracity of a computer-generated map is best assessed with respect to a tested and
widely used reference map (Custer et al. 1996).

These answers are needed because it is essential that models dcéigned for similar

purposes be compared to other models and tested against observed measyremenfs prior to

producing baseline data for land and resource management decisions. -

ial In lation Techniques Used in Climatolo
Climatological work examining spatial variability of precipitation has taken one
of two approachés: (1) a statistical approach where precipitation is distributed by use of
spatial interpolation methods; or (2) a physically-based modeling approach in which
precipitation is “dynamically” or deterministically simulated (Johnson and Hanson 1995).
Dynamic models often lack the ﬁner spatial-scale resolution required for estimating
precipitation in mountainous regions and require substantial computer resources for long-

term simulations. Statistical methods that use topographic variables as predictors can
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effectively estimate the spatial distribution of mean annual precipitation in mountainous
regions (Spreen 1947; Hutchinson 1973; Danard 1976; Vidal and Varas 1982; Basist et
al. 1994). The remainder of the focus in this study will thefefore be on statisti(;al models.

A large number of spatial interpolation methods have been proposed for
estimation of precipitation in unsampled areas from measured data (Creutin and Obled
1982; Tabios and Salas 1985; Hutchinéon 1991c; Phillips et al. 1992; Dingman 1994).
These techniques incorporate not only different statistical methods, but also vary in terms
of computational complexivty,.data requirements, determination of lapse rates, and their
ability to incorporate additional variables. As a result, very different estimates may be
derived for the same location on different computer-generated maps. The commonly
used techniques have been classified as local interpolation, moving average interpolation,

spline, and kriging methods (Moore and Hutchinson 1991).

Local Interpolation Methods

Local interpolation methods include the use of triangulation, simple bivariate
analysis, trend surface analysis, and similar methods that fit a polynomial equation or
another simple function to a subregion to create a surface, with its complexity adjusted
by changing the order of the polynomial (Shaw and Lynn 1972; Akima 1978). The
resulting surfaces can suffer from somewhat arbitrary restrictions on their form and can
be sensitive to the position of the data points because irregularly spaced and spurious
effects may be generated away from the data points (Hutchinson and Bischof 1983).

These techniques are quite complex to implement in more than two dimensions and do
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not lend themselves easily to the smootﬁing of noisy data (Moore and Hutchinson 1991).
‘These methods can also be implemented and used to fit the data very closely, whether or
not the fit is justified in ter'ms of the amount of noise associated with the data
(Hutchinsoﬁ and Bischof 1983). In addition, these techniques show persistent patterns in
residuals from trend surfaces of different degrees, especially in regions of extrapolation

(Edwards 1972; Shulze 1976; Hughes 1982; Hutchinson and Bischof 1983;).

Moving Average Interpolation Methods

Weighted interpolation or moving average methods use a moving window
technique which requires a subjective choice of a weighting function defined in terms of
a user-specified radius bf influence beyond which data points are igno\red' (Goodin et al.
1979; Lancastef 1979). Linear regression is employed to develop estimates for each grid
cell. The degrée of data smoothing depends on the.ch.oice of weighting function. These
methods also tend‘to fit the data very closely (Hutchi.ﬁson and Bischof 1983). in
addition, the choice of an opfimum radius of influence can present a pr(')blén.q when the
density of data points \}ariés greatly across the data network. The selection of the '
appropriate digital elevation model (DEM) resolution is also very important (Hutchinson .
1989b). The modeling purpose should determine the grid spacing of the DEM data
which directly affects the degree of topographic generalization. Studies have shown that
regional means do not change with generalization; however, the regional variances

- change significantly for different types of terrain (Dubayah et al. 1989; Dubayah 1990;

Dubayah and van Katwijk 1992).
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The oﬁginal MT-CLIM model (Running et al. 1987; Hungerford et al. 1989)
applied an inverse distance weightin g technidue to extrapolaté meteorological variables
from a point of measu.rement to the site of interest, making corrections for differences in
elevation, slope and aspect, based on a user—specifiechi domain-wide lgpse rate for the
precipitation-elevation (P/E) relationshiia. Inverse distance weighting assigns each grid
- cell a value by, summing the product of the nearest data values (within a radius ;)f
influence) and the inverse of some power of the distance betwecﬁ the grid cell angi the
neérest base station. MT—'CLIM was develc;ped for forest ecosystem modeling 3
applications and used daily observations. Studies ranging in spatial sbale from point
simulations (Running and Coughlan 1988; Running 1994) to single watershed
simulations (Band et al. 1991; Band et al. 1993; White and Running 1994) and regional
simulations over areas of 1-2000 km*(Running and Nemani 1991; Nemani et al. 1993)
have demonstrated the successful application of the basic MT-CLIM logic.

A modified form of this logic is used in MTCLIM-3D to generate long—tefm
average climaté surfaces. A slightly more sophisticated spatial smbothing algorithm than'
the algorithm used in the version of MTCLIM-3b described by Thornton et al. (1996) 1s
used to seleét fhe appropriate degree of smoothing for the DEM required for final map |
production (Thornton 1996, pers. comm.).

MTCLIM-3D uses the spatial convolution of a truncated Gaussian filter with a
DEM and an unlimited number of stations és the interpolation framework to generate
surfaces for temperature, pfecipitation, humidity, and incoming shortwave radiation over

large regions. The convolution of the filter with the' DEM results produces a list of
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weights associated with observations for each grid cell. The truncation distance from the
cell center, Ry, is varied as a smooth function of the local station density through the
iterative estimation of local station density at each prediction point. The interpolaﬁon
method for a given set of observations and ;':1 given prediction grid is defined by four
parameters: I, the obser‘v.ation‘ location; N, the average number of observations to be
included at each point; a, a unitless shape parameter; and R,. Additional inputs required
to run MTCLIM-3D include a DEM, precipitation méans with large gaps filled with data
from nearby stations using linear reg.ression or another method, and svtgtiqq elevations
and locations. Output accuracy is estimated by monfhly and annual mean absolute errors
and standard errors df estimation. MTCLIM-3D was épplied to the state of Montana on a
1-km resoiution grid and produced mean absolute errors of 11.83 cm yr™ or 20%
measured as a proportion of total annual precipitation (Running and Thornton 1996).

Daly et él. (1994) have implemented an alternative moViﬁg average method in the
PRISM model to generate gridded estimates of monthly and annual precipitation. The
model is similar to MTCLIM-3D in that it generates a meteorological database for
ecological models that integrate the role of microclimate in key forest processes such as
forest eval;otranspiration and photosynthesis over large areas. This topoclimatc;l'ogical
model autométically computes climate surfaces in -order to provide high reéolution,
terrain-sensitive daily climate data. The three main components of the conceptual
framework of PRISM include the evaluation of the effects of elevation on precipitation,
the determination of the spatial scales at which orographic effects are observed, and the

inclusion of the effects of complex terrain on the spatial pattefns of orographic regimes.
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Inputs include a DEM, rnontixly and annual precipitation means, and user-specified
minimum and maximum radii of influence, minimum and maximum slopes for the
regression function, and the minimum number of stations reciuired for the
precipitation/orographic elevation (P/OE) calculation. These values can be determined
for each application or left as default values (Dély and NCﬂ‘SO;l 1992).

| PRISM was applied to northern Oregon and the entire western United States and -
produced a minimal increase in bias (4.5% versus 3.5%) and absolute errors (17% versus
16%) when applied to the larger region (Daly and Neil'sén 1992). High residual errors
from stations in nor]:hem Oregon were attributed to either high precipitation variability
on the leewara side of major mountain barriers, the altered P/E lapse rate below the crest,
or the poor spatial resolution of the 5-minute DEM. Furthermore, P/OE regression
functions developed from stationé in relatively ‘dry valley bottom$ for regions spanning
hundreds of meters of elevation may have lead to an underestimation of precipitation at
the mountain crests (Daly and Neilson 1992). The Oregon Department of Water
Resources uses PRISM to develop water supply forecaéts.and the model is currently
being used by the USDA-Natural Resources Conservation Service (NRCS) (formerly the

Soil Conservation Service (SCS)) to develop mean annual precipitation maps for the

conterminous United States (Daly and Taylor 1996).

Splines
Splining has been developed primarily by Wahba (1980), Wahba and

Wendelberger (1980) and implemented by Hutchinson (1991a, 1995). The method is
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related to certain forms of optimum objective analysis proposed by Gandin (1965) and
described in Goodin et al. (1979) and Wahba (1990). A summary of the basic
methodology of thin plate splines, focusing on climate interpolation, can be found in
Hutchinson (1991a, 1995).

The ANUSPLIN suite of programs (Hutchinson and Bischof 1983; Hutchinson
1989a, 1991a, 1991b) employ a multi-dimensional Laplacian partial thin plate smoothing
spline technique and exemplify this type of approach. Tri-variate thin plate splines allow
for spatially variable dependence on elevation which is suitable for applications across
large heterogeneous areas (Hutchinson 1991c, Hutchinson et al. 1993). ANUSPLIN is a
contouring routine which fits spline surfaces to spatial data with the degree of smoothing
determined by minimizing the predictive error of the surface with genéralized CIOSS
validation (GCV). The method is self-validating so that an optimal smoothing parameter
is derived as each data point.is removed. The degree of smoothing represents a trade-off
between data infidelity, as measured by the mean square residual from the data points
weighted according to variance estimates, and surface roughness, as measured by the
total curvature of the fitted spline. This approach has been implemented in several
Australian applications (Hutchinson and Bischof 1983; Hutchinson and Johnson 1991;
Hutchinson 1995), and both the prestandardized and non-diagonal error covariance
models of ANUSPLIN were recently applied to 34 y.ears of annual rainfall data in
southeastern Australia. The predicted mean rainfalls were 907 mm and 914 mm with
estimated standard errors of 38 mm (4% of the areal mean) and 26 mm (3% of the-areal

mean) respectively (Hutchinson 1995).
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Kriging

| Kriging ana a nurﬁber of more sophisticated geostatistical interpolation
techniques that incorporate various dependencies on topography hﬁve béen developed
(Chua and Bras 1982; Hevesi et al. 1992; Phillips et al. 1992; Daly et al. 1994). Kriging
is a geostatistical method in which a semi-variogram model that best fits the data is
developed to arrive at optimum station weights for interpolation (Daly et al. 1994),
Whereas thin plate splines are defined by minimizing the roughness of the interpolated
" surface with a prescribed re;sidual from the data, kriged surfaces are defined by
minimizing the variance of the error of estimation which normally depends on the
preliminary semi-variogram analysis (Hutchinson and Gessler 1994). Due to the
dependence on the accuracy of the fitted semi-variogram model to determine the
minimum error properties of kriging, it is not immediately apparent whether kriging is a.
more accurate interpolator than splines (Hutchinson and Gessler 1994). The derivation
of the semi-variogram in kriging is discussed in‘Armstrong (1984), Davis (1987), Russo
and Jury (‘1987)‘, Laslett and McBratney (1990), and Cressie (1991), and recent
comparisons with splines are presented in Hutchinson et al. (1993), Hutchinson and
Gqssler (1994), Laslett (1994), and Hutchinson (1996). The formal equivalence with
splines is discussed in Matheron (1981), Dubrule (1983, 1984), Watson (1984), and
Wahba (1990).

Although kriging extends easily to larger data sets, its “main limitation is that it

depends criticélly on first estimating a spatial covariance function or variogram. The

method is hampered by ad hoc assumptions about the form that the variogram should
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take and the computational difficulties in assessing the merit of different functional
forms” (Hutchinson 1991b, p..106-7). The main advantage of splines is the lack of a
requirement for prior estimation of a spatial autocorrelated covariance structure which
can be difficult to estimate and validate (Hutchinson 1995). Daly et al. (1994) point out
that kriging implicitly relies on the data to directly represent the spatial variability of the
actual precipitation field. If the variability is not representative (which will often be the
" case in complex terrain), the accuracy of the resulting in‘ter‘polated field will be
questionable. Although the modified kriging techniques such as elevationally detrended
kriging or cokriging show more topographically-felatedv spatial patterns in complex
terrain, these methods can only be applied to areas characterized by a strz)ng overall P/E
relationship. Furthermore, multiple semi-'vériogfarr'ls may be neéded to estimate -
precipitatior; at various time periods because of variations in the relativq importance of

different precipitation sources.

Area Description
A robust test of a model’s predictive capabilities is provided by the generation of
precipitation surfaces for a region which incorporates the Rocky Mountains aﬁd northern
Great Plains which display a large variety of precipitation regimes. The Bozeman,
Billings, Ashton, and White Sulphur Springs U.S.G.S. 3-arc-second quadrangles in
southwest Montana and the Cody Wyoming quadrangle cover 47,328 km” and contain
numerous national forests (NF) and parks, including all of Yellowstdne National Park

(YNP), as well as several wilderness areas. Split by the Continental Divide, the region
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includes multiple watersheds and mountain ranges, rangcl‘and, cropland, and -
intermontane plains and valleys (Figure 1). The elevations (as, recorded on the DEMs)
range from 2840 m above sea level northeast of Billings to 4197 m above sea level
(Grand Teton, W).

The amount of precipitation that is received dépends on the orientation of nearby
mountain ranges,'clcvation, rainshadows, the storm direction, intensity, and time of year.
Annual precipitation across the study area is as high as 152.1 cm (Black Bear, 2484 m)

on the Yellowstone Plateau, 130.8 cm in the Madison Rangc (Carrot Basin, 2743 m) and

148.9 cm at Fisher Creek (2774 m) in the Beartooth/Absaroka mountains, and as low as

'17.0 cm (Basin, 1170 m) in the plains region near Greybull WY and 30.0 cm at Canyon

Ferry Dam (11 19‘m) in the northeast corner.

The disparate precipitation distribution between valley and mountainous areas is
exemplified in the Gallatin Range where the valley stations, Ennis (1510 m) and Jack
Creek (2027 m), receive 32.4 cm and 36.8 cm, respectively, and the Sentinel Creek
(2530 m) and Bear Basin (2484 m) mountain stations receilve 91.4 cmand 116.8 cm,
respectively. The Bridger Bowl summit station (2210 m) receives 136.6 cm annually
whereas the Bozeman 12NE station at the base (18}4‘m) receives 89.2 cm and stationé
on the eastern side of the Crazy Mountains, Melville (1635 m) and Wilsall (1539 m),
receive only 42.4 cm and 39.2 cm, respectively due to the r.ainshadow effect. The
rainshadow effect, in which the intensity of a storm dissipates as it rises over a mountain
range, is further illustrated when the snowfallin the Madison Drainage (60-67 cm) is

compared to that of the Gallatin Drainage (44-49 cm).
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At high elevations, the spring component (April-June) of the annual precipitation
is much smaller than the winter component (October-March) and the summer/fall
componént (July-September) is generally only about 10 to 20% of the annual
precipitation (Farnes 1995). On the Yellowstone Piatéau, Black Bear receives 67% of its
annual pfecipitation in the winter, 21% in the spring, and 12% in the summer/fall period
whereas the Bridger Range summit station receives 52% in the winter, 32% in the spring,
and 16% in tﬁe summe‘r/fall period. Lower elevations, usually occupied valley areas, in
drainages east of the Continental Divide réceive the majority of their annual precipitation
in the spring (Greybull, 1155 m, receives 43% in spring, 31% in winter, and 26% in the
summer/fall period) while the majority of annual precipitaﬁon for lower elevations west
of the Divide such as Ashton, ID (1603 m). occurs in tﬁe winter (55%) followed by the
spring period‘ (28%). However, at some lower elevation $tations such as Townsend
(1170 m), the summer-fall component (3‘5'%’) is greater than the six-month winter
accumulation (25%) due to severe summer thundérstorms caused by convective air
movement (Farnes 1995). |

In the fall, Arctic incursions combine with the Aleutian Low to deliver dense,
cold air and srllowfall and displace the calm summertime North Pacific high pressure
systems. By Décember, precipitation from the Aleutian Low covers the Little Belts,
Bridger, and Crazy Mountains with snow while the Gréat Bz;sin hjgh pressure systems
ﬁoﬁ Idaho and Utah bring snow to the Yellowstone Plateau, Grayelly, Tobacco Root,
Madison, and Gallatin Ranges. Throughout the 'spring, the Aleutian Low dissipates, '

reducing the amount of precipitation drastically by June for the majority of stations and
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creating wéak westerlies. By July, the Aleut‘ian Low has been completelyj replaced by
. the North Pacific High cutting off the moist air from the southwest and dramatically
reducing precipitatién. Precipitation remains low in the early fall months as the high

pressure systems settle over the mountains and plains regions.
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CHAPTER 2
METHODS AND DATA SOURCES

Climate Station Data

Precipitation means with at least 5 years of data within the 1961-1990 period for
National Weather Service (NWS), U. S. Department of Agriculture (USDA)-Natural
Resources Conservation Service (NRCS) SNOTEL (Snow Survey Telemetry) and snow
course stations were used as inputs (Table 1). The spatial distribution of stations is shown
in Figure 2. Stations located within a 0.5 decimal degrees latitude and longitude buffer
surrounding the study area were used to account for edge effects (Table 1). Inputs
provided by the author for each model consist of climate station latitude, longitude, | .
elevation, and one annual and twelve ménthly precipitation means per station (Appendix
1). Standard deviations and monthly means were calculated for months with at least five
years of data. Annual means were calculated for years with at least five complete years
(twelve months) of data. A digital file containing station locations (DMS) and elevations
(feet) was created and measurements were converted to decimal degrees and kilometers
depending on the model’s required input format.

The NWS precipitation data for climate stations in Montana was extracted from
the Lightning! Environmental Database Manager produced by JD. Softwére Developers,

Inc. (1995). The "redbook standard" used in the Lightning! database requires at least 75%
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Table 1. Number of climate stations by type. ,
NWS Stations SNOTEL Stations Snow Course Stations

Time Study Buffer Study Buffer Study Buffer

Period Area Region Area Region Area Region
January 71 51 57 22 - o
February 70 - 51 57 22 - -
March 7.1 51 57 22 - -
Apil . 72 51 57 22 . -
May 71 51 57 22 - L
June 73 50 57 22 -- -
Tuly 73 51 57 22 . -
August 72 51 .57 22 -- --
Sept. 72 51 57 22 - --
October 72 51 57 22 R -
November 71 51 57 22 - .
December 71 51 57 22 - -

Annual 73 58 57 22 38 12

of the days in each month to have recorded precipitation data. NW S precipitation data for
stations in Wyoming ar'ld Idaho, the SNOTEL data, and the snow course data were
captured via modem from the NRCS Centralized Database System (CDBS) in Portland,
Oregon.

NWS climaté stations are primarily located in valley and plains locations (Figure
2). Snow depth is included in the NWS precipitation measurements; howevef, the lack of
windscreens can cause measurement eITors as large as 50% primarily in the eastern plains

regions (Dingman 1994). Therefore, the inclusion of SNOTEL and snow course climate
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stations which are mostly located in mountainous regions is essential to maximize the
spatial distribution of climate stati‘ons and improve model predictions.

SNOTEL is a network of ;elutomated rédioteiémetry remote data collection sites’
for obtaining snow water equivalent, precipitation, air temperature, and other hydrologic
measurements throughout the western United States. There are 79 SNOTEL stations
within the study area and ‘sufroﬁnding buffer (Table 1) (Farnes 1995). The Federal, State,
and private cooperative snow course survey program directed by the USDA-NRCS
measures the extent and water content of the mountain snow cover.

The addition of snow course measurements to a data set caﬁ double or triple a,
database for mountain areas in Alost western states (Farnes 1995). The NRCS April 1st
snow course snow water equivalents (SWEs) were converted to annual precipitation
values by Phillip Farnes using site—speciﬁc algorithms correlating SWE and annual
precipitation at SNOTEL sites for specific mountain ranges. (Farnes 1971, 1995). The
April 1st SWEs were multiplied by 0.91 for the standard federal cutter or 0.94 for the
sharpened cutter to correct for overmeasurement with snow tubes (Farnes et al. 1983) and
stations in ID and WY were adjusted for canopy cover, if aﬁy, at the sites (Farnes 1971,
McCaughey et al. 1995). Farnes and Shaﬁer (1975) estimated canopy cover for sites
without previously recorded SCS Snow Survey Unit measurements (Custer et al. 1996).

Data quality assessment is as important as the factors which influence precipitation
distribution. Pata values must be evaluated for reasonableness both to assess data input
error (Hutchinson 1989a) and to evaluate the effectiveness of the prediction tebhnique ip

the mountains and at the mountains-plains interface. Data entry, measurement, Or
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conversion errors in published data sets can severely skew pre_cipitétion estimates
(Hutchinson 1989a). The data were exhaustively checked for locational and precipitatibn
errors, outliers, and completeness of record to minimize inaccurate model predictions.
Station locations and elevations were double-checked for conversion and input
errors several times. Some of these errors were identified with ANUSPLIN which prints |
ordered lists of ou.tlie;s from the fitted spline surface where potentially erroneous data, -
particularly those data with errors in geographic position or elevation, exist (Hutchinson
1995 , pers. comm.). Errors in precipitation totals were revealed by comparing the values
between nearby stations and stations at approximately e(;uivalent elevations. Large
calculated standard deviations also indicated errors in the original data setS in some
instances, and other errors were identified when the recorded station elevations were

compared with DEM elevations (as discussed in next section).

Digital Elevation Model Data

The success of many interpolation methods depends on the spatial scale of the
input DEM. ‘PRISM, for example, uses the DEM to delineate topographic facets and
other terrain characteristics. Spatial “shifting” of precipitation accqmulation dowpwind of
terrain features (i.e crest-line blow-over or leeside enhancement on ridgelines and
downwind of mountains) may occﬁ when a fine-grid DEM is used (Daly 1995, pers.
comm.).

| The USGS 3-arc-second (11250;000-scale) ﬁEMs for the five quadrangles were

obtained from the USGS DEM FTP site via the Internet. The DEMs were edgematched
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and joined in the ARC/INFO (Environmental Systems Research In:stitute, Inc., Redlands,
California) GRID module to create a single DEM with 245,542 cells (469 rows by 660
columns, 0.0063decimal degrees cellsize, minus tﬁe upper right corner). This DEM was
converted into an ARC/INFO point coverage with the gridpoint qommand and projected
into an equal area la';tice with a Lambert Conformal Conic projection. This step was
required because ARC/INFO works with square grids and changing the projection in the
GRID module would have added an additional and unwanted spatial interpolation.

An ASCII file With‘ the latitude, longitude, and elevation for‘ each céverage point
was generéted for input into ANUDEM, a program that interpolates source data to a user-
specified squa£6— gﬁd (Hutchinson 1989b). The user-directive file for input iqto
ANUDEM contains elevation and loc-ation bounds, an RMS residual (0.08), a centering
option (1), é drainage enforcement option (0), a roughness pénalty tradf;off (Q.25), the
desired output grid spacing (500 rﬁ), and several input/output file pararvneters.‘ ANUDEM
output the 0.5 ;km grid in ASCﬁ format which was converted back to an ARC/INFO point
coverage and then to a lattice with 0.5 km spacing. This lattice was used in the |
MTCLIM-3D model. This lattice was élso reprojected to a geographic projection and
converted to a 21.6-arc-second lattice in ARC/INFO for ‘use in the ANUSPLIN
(LAPGRD program) and PRISM models.

The discrepancies bétween recorded station and DEM elevations and their impact

~on ANUSPLIN m;)del predictions observed by Custer et al. (1996) demonstrate that
model performance is tied closely to the accurate deséﬁpﬁon of station locations.

However, recorded station locations are given only to the nearest arc-minute and it is not
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known if this location is a truncated or rounded minu‘té. The specification of station.
locations to £ 1 arc-minute correspdnds to a potential error of 3.7 km for latitude and 2.5
km for longitude (at 47° N) (Thornton et al. 1996), and may cause problems during
model development when recorded station eievations are used in conjunction with DEM
elevations (Custer et al. 1996). An average absolute difference between the smoothed
21.6-arc-second DEM and the recorded climate station elevations of 81.35 m with a
standard deviation:of 119.10 m demonstrated the need to Acheclk and, in some instances,
modify the locations of the climate stations and elevations in this study.

The scatterplot reproduced in Figure 3 shows the differences between the
recorded station elevations and those extracted from the DEMs at the recorded station
locations. These discrepancies (as measured by the magnitude of the deviation from the
45° line) tend to increase with elevation, although the two most prominent outliers denote
mid-elevation SNOTEL stations with incorrect station elevations (Figure 3). Two
methods were examined prior to the final model runs in an attempt to minimize these
discrepancies. One method used a 3 by 3 cell window search (each cell is 21.6 arc-
seconds on a side) centered on the station location to select the cell with the most similar
elevation to the station elevation aﬁd the sc;cond method (used here) utilized a similar
technique developed by Chris Da1§.1. Daly's subroutine, INTRP35, subdivides the + 1 arc-
" minute area into 100 cells, estimates an elevation value for each cell with a 1/
interpolation from the four surrounding DEM cell centérs (where 1 is the radial ciistance)v,
and selects the cell with the most similar elevation (Daly 1995, pers. comm.). The new

elevations and corresponding geographical locations found with Daly’s routine were used
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.in place of the recorded station locations and elevations. The average absolute difference
and standard devfation were reduced to 19.68 m and 77.97 m, respectively. Figure 4
shows the improved match between the new elevations and the DEM elevations at the
revised station locations, and Why recorded station locations and elevations were replaced

with those selected with Daly's routine for the model runs described in the next section.

" Model Runs

Fourteen runs of each model were required to answer the three questions
described in the opening chapter. One set of runs used the revised climate station data set
(minus 20 withheld stations) and smoothed DEM data to estimate mean annual
precipitation across the study area (Objective 1). The next series of runs (12 runs per
model) used the monthly climate station data to estimate mean monthly precipitation
across the study area (Objective 2). The final set of runs used the complete station data
and smoothed DEM to estimate mean annual precipitation across the study area. The
results from this last set of model runs represent the best possible model performancel and
they were generated so comparisons could be made with the 1961-1990 precipitatfon
contour maps prepared by Philip Farnes (Objective 3). The following subsections
describe the tasks that must be performed to run each model. The PRISM and
MTCLIM-3D model runs ‘Were performed by Chris Daly at the University of Oregon and
Peter Thornton at the University of Montané, respectively. The ANUSPLIN rhodel runs

were performed by the author at Montana State University.
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ANUSPLIN

.The ANUSPLH;I model runs utilized two separate programs. Thé first step
involved executing a FORTRAN program called'SPL]N A fourteen times to calculate the
precipitation distribution surfaces using partial thin plate smoothing splines for each of the
monthly and annual climate data sets. SPLINA was used because ther;a are less than 350
climate stations per data set; SPLINB is used for larger data sets (Hutchinson 1989a).
The second stage required the execution of a second FORTRAN program called
LAPGRD that used the SPLINA output surface coefficient file and the DEM‘ data to
interpolate mean monthly and annual precipitation across a geographic and elevation
graﬁient. |

The SPLINA runs required two input files. The first user-directive file contained
the number of independent spline variables, elevation and location bounds, error standard
deviation estimates, and input/output file parametérs. The second ASCII file contained
the monthly or annual precipitation means (cm), and the station locations (decimal
degrees, multiplied by -1), elevations (km) (both derived from Daly’s INTRP35 routine),
and weights (determined by the sample variance divided by the number of years of record
to account for the precipitation variance across the network of the study area) (see
Hutchinson 1995 for details). Stations with a greater number of years of 1:ecord receive a
higher weight. SPLINA lets the precipitation/elevation (P/E) lapse rate associated with
the fitted surface vary with both geographical position and elevation in response to local
conditions rather than being fixed at a constant average value similar to MTCLIM-3D and

]

PRISM.
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SPLINA generated numerous diagnostics in addition to an ASCII file containing
the surface coefficients sufnmarizing the relationship(s) between mean i)recipitation,
latitude/longitude and elevation, and a list of the 100 largest residuals (which was used in
some preliminary model runs to identify input data errors). These surface diagnostics
include a generalized cross validation (GCV) estimate, a mean square error (MSE) of the
smoothed data values, a mean square residual (MSR), a mean relative error variance
(VAR) estimate, their square roots (RTGCV, RTMSE, RTMSR, and RTVAR), and the
signal. These diagnostics are generated because the SPLINA error structure allows for
departures of observed rainfall means from standard period means to account for missing '
records and to account for deficiencies in the representation of mean rainfall as a smooth
function of position and elevation (Hutchinson 1995).

These diagnostics were used to evaluate model performance and may require brief
descriptions. The GCV is a measure of the predictive error of the fitted surface,
calculated by removing e€ach data point in turn and summing the square of the discrepancy ‘
of each omitted data point from a surface fitted to all the other data points. The MSR is a
measure of data infidelity between observed and predicted values weighted according to
variance estimates. The VAR is an assessment of the spatial variability of the true mean
rainfall field or the amount of noise associated with the data. Large inconsistencies across
the network would lead to larger RTVARs and GCVs than expected. The signal is
defined as the trace of the influence matrix or the number of points needed to adequately
describe the spatial distribution of the annual rainfall. The number of points needed to

generate a surface is generally not more than about half of the number of data points in the
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data set. This result ensures that there is a certain amount of redundancy in the data.

The LAPGRD program runs required three input files: the surface coefficients file
output from SPLINA, the DEM in ASCII format, and a user-directive file containin g
elevation and location bounds, grid cell size, special value options for cells with no data,
and input/output file parameters. LAPGRD combines the surface coefficients with the
DEM to estimate precipitation values at each DEM grid node. This program generated a
series of ASCII files with precipitation estimates tied to grid cells that were transferred to

ARC/INFO for further analyses and the generation of maps.

MTCLIM-3D

The MTCLIM-3D model runs were performed by Peter Thornton at the University
of Montana. The foilrteen climate station data filés (12 monthly and one annual data set
with 20 withheld stations and a complete annual data set) and smoothed DEM file were
prepared at MSU and transferred across the Internet. The results were sent back to the
author using the same transfer medium.

MTCLIM-3D is comprised of two subroutines. Subroutine A is a two-ste;p spatial
filtering process which determineés a station’s weight based on the distance from the point
of Rrediction (grid cell) and modifies the \;\/eight based on the topographically weighted
density of stations near that point. This subroutine requires a DEM, an ASCII file with
station locations and monthly and annual precipitation means (cm), the number of station
density iteration$ (3), a user-specified initial filter truncation radius (100 km), a unitless

Gaussian shape parameter (8), the average number of stations to be used for making
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predictions (30), and a maximum value for P/E regression slopes (0.45) as inputs. ‘The
spatigl domain is divided into proximal polygons (either Voronoi or Dirichlet) subh that
each grid cell is. associated with a single station based on a nearness algorithm (Running
and Thornton 1996).

The second step of the spatial filtering process selects the s‘tations to include in the
interpolation for each cell and assigns apprdpriate weights usmg a linearly ramped 7 x 7
(3.5 x 3.5 km) filter kernel. The circular kernel, defined on'a regﬁlar grid of the same
resolution as the DEM, is .weigh*ted' by the truﬁcated Gaussian filter where the weights are
greatest at the center and decrease radially outward until at a certain radius, the weight is
zero. Initially, each grid cell is assigned a value defined by the radius of the circular
kernel, the distance from the center of the ‘cell to the center of the kernel, and a shape
parameter. A station wﬂl be included in a cell’s “list” if any part of its pfoximal polygon
lies within the non-zero région of‘the kernel. ‘Station weights aré defined as the sum of the
kernel weightings for each grid cell within the proximal polygon. If part of the kernel
extends outside the domain whic;h is common at the edges, weights are sumined over all‘
included stations at a point and normalized to that sum, forcing the normalized sum of
weights for all stations at a given point to 1.0. As a result, the method favors stations that
are near the point of prediction and weights are distributed in proportion to the local
-density of stations. ' |

Subroutine B employs élinearly ramped window smoothing algorithm to estimate
the P/E relationship and uses a linear regression function to derive precipitation

predictions. For monthly and annual precipitation means, a semi-logarithmic
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transformation is applied. The relationship is developed with a linear formulation for daily
estimates as described in Running and Thornton (1996). This subroutine requires the

width of the smoothing window (3.5 km) and the sum of the station weights in each cell’s

list as inputs. The final gridded precipitation predictions are generated from the DEM

smoothed with the same filter kernel. MTCLIM-3D outputs monthly and annual average
errors, descriptive grid statistics for Withheld statioln predictions, and mean absolute end;
(MAE) and Bias in cms of annual/monthly total precipitation and percent of oBserved total
precipitation (Running and ’Ihomton 1996) in addition to the final map products.

PRISM

The PRISM runs were performed by Chris Daly at Oregon State University. The
input data were prepared by the author and tfansferred to OSU écross‘the Internet. The
results were sent back to the author using the same medium.

Three programs comprise PRISM: 1) FACET, which generates arrays of
topographic facets from the DEM; 2) PRISM, which assimilates the DEM, facet grids, and
station data to estimate precipitation; and 3) GRAD, an optional postprocessor to the
grids (Daly et al. 1994). |

The FACET progfam produces six fa;cet grids at successi;/ely larger spatial scales
by smoothing the unsmoothed (original) DEM (leQel 1 facet) to regularly increasing
resolutions (levels 2 through 5) until the resolution‘ specified by the user for the maximum

cutoff diameter for filtering (1.0°) is reached (level 6). Next, FACET employs the

 INTRP35 routine to search within a user-specified radius (i.e. 1 arc-minute of latitude and
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longitude) for a better match between each station elevation and thé DEM or orographic
elevatigns. Finally, FACET delineates contiguous group‘s‘ of cells or facets within ;che -
same user-defined radips which havg arelatively constant siope. The MINSTA module is
employed to select addit_ioﬁai stations by ’searcilin;g smoother grids if facets are cémposed
of less than two DEM cells. The topographic facets are best delineated with a DEM
resolution that closely matches the smallest orographic scale suﬁporteci by the data,
thereby redﬁcing the number of facets delineated at scales too small to be resolved by the
data and overaggregation of orographically important facets (Daly and Taylor 1996).

The topographic facet grilds, DEM, and an ASCT file with monthly and annual
precipitation means (cm) are input into the PRISM program. PRISM searches within the
input maximum radius of influence (maxrad, in grid cells) and Witll'xin vertical distance of
influence limits (m) for stations to include in the P/E regression function at each grid cell.
The minimum number of stations (minsta) on each facet shouid match the topographic
facet scale with the density and representativeness of the station data. The optimal
combination of maxrad (158) and minéta (12) vélueé for'the incomplete annual and
monthly data sets were determined by PSTAT, a statistical version of PRISM, to produce
both a low mean absolute error in cross-validation for ail stations and a low mean absolute
error for predicting the 20 deleted stations. Thé combination for the complete anﬁuai data
set which produced the lowest cross-validation error was chosen (maxrad 168, minsta 4).
The limited vertical cell search (the PRISM defaults, 500 to 1500 m from the grid cell,
were used for all runs) allows PRISM to be more sensitive to vertical changes in the P/E

slope. Searching too far upwards in semi-arid areas where high-elevation precipitation
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may be several times larger than low-elevation precipitation can cause a high P/E slope
bias by including very wet stations (Daly 1995, pers. comm.). Because the P/E slope is
closely tied to the mean precipitation (i.e., slope is g?eater in wet areas and smaller in dry
areas), a normalized slope is much more stable over a wide range of precipitation regimes
than is its unnormalized counterpart.

If the slope of the P/E regression falls outside specified bounds (b'lmin 0.1, blmax
1.7 (1/km)), which als-ouvary with DEM resolution, PRISM begins to delete stations from
the regression data set for the grid cell, startiﬁ g With the lowest v;/eighted station, until
either the slope falls within the valid range, or a speéified minimum number of stations is
left (isubfac). If the P/E regression slope cannot be ﬁoved into compliance through
station deletion, a default slope (dbl) in layer 1 is substituted. The value of db1 (0.7 for
all runs) varies' with the resolution of the DEM, usually higher for coarse grids because
they exhibit less elevational variability than fine grids and thus less elevation change per
unit precipitation changé (Daly 1995, pers. comm.).

The weighting coefficients can then be determined for each station in a ceil’s
regression function based on the maximum distance weighting exponent (2.0) and
importance factor (0.8), an elevation weighting exponent (i.O) and importance factor
0.2), .and a maximum facet Weighﬁng exponent (1.0). If the variability of precipitation
values exceeds a user-specified amount (0.05 or 5%), PRISM begins to drop stations with
outstanding precipitation values until either the variability is at or below the maximum or
the minimum number of stations left on the facet (minsta) is reached. This procedure

attempts to control for situations in which the facet groupings have erroneously mixed




32
stations from different precipitation regimes. This prbblem arises when sharp changes in
precipftaﬁon regime occur at scales smaller than the facet grid can resol;/e (Daly 1995,
pers. comm.).

The precipitation prediction for each cell is< a proportion of tﬁe cell’s P/E
regression slope. PRISM calculates 95% prediction intervals for the estimates (Daly and
Neilson 1992) and outp.uts’a gridded preéipitation distribution rﬁap with MAE and bias
estimated in cm of annual/monthly total precipitation and perceﬁt of observed total
precipitation.

GRAD is a postprocessor which makes vertical extrapolation adjustménts when
possible to eliminate sharp discontinuities betvs//een cell estimates (Daly et al. 1994).
GRAD ensures that between-cell gradicnts of p;edicted precipitation follow the éarﬁe rules
as were applied for the P/E élopes in the regression functions in PRISM. If the slope
between two cells falls outside the limits, GRAD smooths the gradient to fall within the
minimum and maximum allowable slopes. This procedure is repeated for every grid cell
on the prediction grid until all cell pairs pass the gradient test. Two lower limits ‘to the
gradients, the percentage gradient (%/grid cell) and the absolute gradient in precipitation
(mm/grid cell) below which GRAD does not-do any postprocessing were set to the
PRISM‘defaults; of 10% and 10 mm. A cell-to-cell change of 10 mm or 10% or more,
whichever applies, is consider‘ed “in the noise‘ levei” and is changed by GRAD ;n order to

avoid both very small and very large precipitation amounts. GRAD outputs the final

gridded precipitation predictions and mean error estimates (Daly 1995, pers. comm.).
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Model Evaluation

The withheld data were used to evaluate model pei‘formanee in three ways:

(1) A difference of means test or matched pairs t test was performed to evaluate
whether or not the mean difference between ;:he observed values and model predictions
was significantly different than zero at the 0.05 significance level for the 20 withheld data
points. The requirements and assumptions for the test were met in all cases.

2) The mean absolute error (MAE), the average absolute difference between
observations and predictions at the 20 Withheld station locations was computed. Larg,e
MAE values indicate larger discrepancies between predicted and observed values at.the 20
withheld stations.

(3) - The bias, or sum of the actual differences divided by the number of stations, wae

| computed. Large bias estimates indicate systematic (high/low) discrepancies between
predicted and observed values at 20'wit'hhe1d stations.

The model predictions were also checked to evaluate whether or not they
generated the same spatial ﬁatterns of precipitation across the entire study area. This
analysi§ was necessary because the final maps may have similar statistical properties and
yet predict differeﬁt spatial patterns. Th_ese patterns were checked by generating a series
of difference maps (grids) using grid subtraction in the ARC/INFO GRID module to

'identify regions where model predictions varied. Moﬁthly precipitation was divided into
25 mm (1") clesses and annual precipitation was di\{ided into 100 mm (4") and 200 mm -

(8") classes to compute percent agreement between different sets of predictions.
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Comparison of Complete Annual Model Surfaces with Hand-Drawn Maps

Each model was implemented with the complete annual climate station data set .
and compared with the unpublished hand-drawn 1961-90 annual average precipitation
contour maﬁs. Five 1:250,000 hand-drawn maps were digiu'zed in PC ARC/INFO,
edgematched, ,ﬁnd joined to produce a single ARC/J?N FO contour-line coverage. The
contour maps were converted to polygon coverages in which each polygon was assigned a
value that representeq the midpoint between fhe two contour values. For example, if the |
two bounding contours were 6 inches and 8 ir;ches of precipitation the polygon was
assigned a precipitation value of 7 inches. If the two bounding contours were 30 inches
and 40 inches a value of 35 inches was assigned. The contour interval on the hand-drawn
mai)s is 2 inches fromO to 20 inches of Iﬁrgcipitaﬁoh (generally plains regions) and 10
inches betwe;n 20 and 80 inches of precipitation (mountainous regions). The difference in
interval arisés because useful contour-based poritrayals of precipitation in low elevation
areas are unreadable when c%u*ried into mountainous areas with high precipitation and
large precipitation gradients. . The coverage was converted to a square-grid with
precipitation in mm, changed to a geographic projection %rom a U'ni\'/‘e‘rsal‘ Tfansvéfse
Mer;:ator (UTM) projection, and resampled to a cellsize of 0.0063 dd (196,093 cells) to
facilitate the éomparisons with the model predictions.

Farne’s 1941-70 maps are currently used by the State of Moﬁtana for annual
precipitation estimates. The unpublished 1961-90 maps have been created for the study
area with the same climate station data set used in this study. These maps also incorporate

. Farne’s extensive knowledge of regional weather behavior. These maps were used by
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Custer et al (1996) in a pilot study to evaluate the feasibility and performance of the
ANUSPLIN model. Another series of difference grids was created to illustrate the
contrast between the hand-drawn mab and annu‘al surfaces generated with the

ANUSPLIN, MTCLIM-3D, and PRISM models.
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CHAPTER 3
RESULTS

Annual Predictions

Table 2 summarizes the mean annual precipitation predicted by the three models
ona ccil-by—cell basis using the 0.5 km DEM and climate station data (minus the 20
stations withheld for model evaluation). ANUSPLIN predicted slightly larger
precipitation amounts on avera’ge across the entire study area (5.6% and 4.0% higher than
MTCLIM-3D and PRISM, respectively), although PRISM and to a larger extent,
MTCLIM-3D, predicted much higher Vélues in some cells (Figure 5). The coeffigient of
variation removes the influence of the magnitude of the mean aﬁd indicates the relative
variability of AN USPLIN surface predictions is approximately equivalent to the other
models (Table 2). The histogram reproduced in Figure 6 shows how ANUSPLIN
predicfed moderate to high precipitation quantities in more cells than the other two
models. Values on the X-axis represent the midpoints of the class intervals.

The three models produce similar maps at first glance (Figure 5). The spatial
pattefn is very cloéely tied to major topographic features in all three instances. Lower
precipitation values, represented by yellow and red, found chiefly in the southeastern
plains and Canyon Ferry Lake area, effectively delineate the series of river valleys in the

study area, such as the Madison, Smith, and Shoshone forks. The extent of the
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Table 2. Mean annual precipitation predictions for individual cells (mm).

Cell value(s) ANUSPLIN MTCLIM-3D PRISM
Minimurm 154 199 170
Maximum 1582 1668 2243
Mean 607.8 574.6 5829
Std. Dev. 2984 266.7 - 2881
Coeff. of Var. 049 0.46 -~ 0.49

Yellowstone River is easily traced from its source in Yellowstone National Park, up
Paradise Valley, and east to the étudy area boundary. All models produce high
predictions, shown in dark blue and purple, in the Madison range. Large ANUSPLIN
predictions also occur in the Tetons to the south and Little Belts in the north. ._Peak values
on the MTCLIM-3D and PRISM maps are found in the'Beartooth and Bridger mountains.
PRISM also predicted large values in the Gallatin, Bridger,.and Teton ranges. The-
MTCLIM-3D values are slightly lower in the Teton and southern Absaroka mountains
south(east) of YNP. The differences between the three models erﬁphasize the need to
examine model performance and the magnitude and pattern of these differences more
closely.

The results summarized in Table 3 show that the mean annual precipitation values
predicted for the 20 withheld stations with the Fhree models were not significantly different
from the reported station quantities. The test is based on a new variable representing the
differencés between the precipitation predicted with the different models and the |
measurements by climate station and testing whether the mean difference was signiﬁcantly

different from zero at the 0.05 significance level. ANUSPLIN has the highest MAE values
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for the 20 With'held stations followed by MTCLIM-3D and PRISM (Table 4). The bias
estimates indicate that PRISM and to a lesser extent, MTCLIM-3D, underestimates
precipitation éompared to the climate station measurements while ANUSPLIN tends to
overestimate mean annual precipitation.

The results summarized in Tables 2 and 3 indicate that the models could not be
distinguished in terms of their performance using comparisons with observed data at
withheld stations and typidal statistical measures. The model predictions were also .
compared with one another to assess whether or not they generated similar.spatial
patterns. The model predictioné were ciivided into 100 and 200 mm increments for this
purpose in ARC/INFO and cells wére designated equivalent in pairwise comparisons of
the models if their predicted values fell in the same class. Table 5 indicates that
approximately 60% of the cells fall‘ in the same 100 mm class and that the percent
agreement increased to 80% when 200 mm class intervals were used.

Difference grids were produced with the grid subtraction tools in the ARC/INFO
GRID module to identify the existence of spatial similaritigs and differences between
model predictions (Figure 7). ANUSPLIN predicts higher precipitation than the other
models (baséd on orange and red colors displayed in top and bottorn maps; Figure 7) in
the Madison range, the mountains on both sides of the Paradise Valley, in the Little Belt
mountains to the north, and south of the Continental Divide (following ID/MT state
border). MTCLIM-3D predicied higher values .compared to ANUSPLIﬁ (blue colors in
top map; Figure 7) and PRISM (réd colors in middle map; Figure 7) in the vicinity of

Yellowston Lake and along the eastern margins of the Absaroka Beartooth Range.
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Table 4. Mean absolute errors (MAE) and bias measurements for 20 withheld climate
stations.

ANUSPLIN MTCLIM-3D PRISM
MAE (mm) 119.8 88.7 47.2
MAE (%) 17.2 13.2 6.7
Bias (mm) 22.3 -10.7 -25.5

Bias (%) ' : 1.7 -0.49 3.5

Table 5. Percent agreement between ANUSPLIN, MTCLIM-3D, and PRISM model
predictions within 100 mm and 200 mm. '

Class interval used

Model pairs . 100 mm 200 mm
MTCLIM-3D-ANUSPLIN 59 82
MTCLIM-3D-PRISM 62 84
PRISM-ANUSPLIN 57 - | 79

%
)

MTCLIM-3D predictions also exceed the AN USPLII?\I and PRISM predictions in the
Madison Valley and Elkhorn Mountains, respectively. PRISM predicts higher
precipitation in the Shoshone and Greybull River regions and in almost all mountain
ranges, partiéularly in the Big Belt mountains northwest of Canyon Ferry Lake, on the
Beartooth Plateau, and in the northern Tetons. The tendency for the largest variations
between model predictions to be concemrateci in the Absarokas, on the Yellowstone
Plateau, and in the Tetons can be attributed to a lack of climate stations at high elevations

(Figure 2).
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Monthly Predicti

Many applications and users of spatially diStIibl-lted precipitation data need
monthly as opposed to annual estimates which warrants an examination of model
performance using monthly data. Diverse trendé arise on monthly surfaces because snow.
dominates winter season precipitation, rain dominates summer season precipitation, and
the fall and spring precipitation favors rain at lower elevations and snow at higher
elevations. |

Table 6 summarizes mean monthly precipitation predicted by the three models on a
cell-by-cell basis using the 0.5 km DEM and climate station data (minus the 20 stations
withheld for model evaluation and snow course stations). The three models predicted the
most precipitation in May and June and to a lesser’extent in April. The MTCLIM-3D
mean values are higher in winter and early spring while PRISM predictions are greater in
the late spring-summer months and ANUSPLIN generally has the lowest predictions
overall although the djfferences are not very large. Both MTCLIM-3D and PRISM
exhibit noteworthy differences (in tens or hundreds of mm) for cells with the highest
predictions. MTCLIM-3D has the highest maximum values in the winter-spring (Figures
8 and 9), PRISM in the summer-fall (Figures 10 and 11), while ANU SPLIN generated the
10w§:sf~maxima every month. There is little difference in the minimum values although |
MTCLIM-3D values are consistently higher than the other models.

The presence of primarily snowfall measurements makes spatial interpolation of
precipitation values more difficult in the fall and winter monthé causing increased variation

between model predictions, illustrated by the 57% and 44% increases in the
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Table 6. Mean monthly precipitation for individual cells (mm).

Months
Cellvalue(s) J F M A M J J A S 0] ' N D
ANUSPLIN .
Minimum 5 2 3 13 31 27 11 15 5 8 8 3

Maximum 103 102 149 149 167 110 71 64 90 96 90 109
Mean 351 319 470 559 768 626 384 376 466 386 333 357

Std. Dev. 228 238 291 257 239 155 120 102 137 178 173 2438

Co.of Var. 065 075 062 046 031 025 031 027 029 046 052 0.69
MTCLIM-3D '

Minimum - 7 4 7 14 ' 35 29 16 16 16 11 11 6

Maximum 408 356 383 243 326 162 83 78 113 153 177 421
Mean 46.1 - 38,5 520 552 772 644 401 377 461 383 375 4438
Std. Dev. 42,1 373 420 282 268 172 128 105 133 105 23.6 419

Co. of Var. 091 097 081 051 035 027 032 028 029 027 063 094

PRISM

- Minimum 6 3 5 13 22 26 11 15 20 10 6 5
Maximum 272 199 243 201 237 216 109 110 143 137 226 229
Mean 427 356 482 528 772 659 412 390 47.6 383 439 409
Std. Dev. 368 32.0 335 260 245 179 137 11.7 141" 173 356 349

Co. of Var. 086 090 070 049 032 027 033 030 030 045 0.81 0.35

coefficient of \}ariation (CV) estimates in November for the MTCLIM-3D and PRISM
surfaces, respectively (Table 6). Higher CV values throughout the winter months indicate
high prediction variability relative to the magnitude of precipitation. |

A matched pairs t test was performed to test whether the observed and predicted

values for the 20 withheld stations were significantly different. The results are listed in
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Tables 7, 8, and 9. The null hypothesis was rejected (indicating the differences between
predicted and observed values were different than zero at the 0.05 significance level) in
Eebruary, Novembér, and December for ANUSPLIN (Table 7), November for MTCLIM-
3D (Table 8), and in December for PRISM (Table 9). These months have high MAE
estimates for the 20 withheld station locations indicating (once again) larger discrepancies
between predicted and observed values (Table 10). ANUSPLIN exhibits the highest bias
estimates in months where the null hypopthesis was rejected followed by MTCLIM-3D
and PRISM. The ANUSPLIN and PRISM monthly predictions tend to be negatively
biased, indicating systematic underprediction at the 20 station locaﬁoﬁs, and the
MTCLIM-3D bias estimates indicate overprediction. The lowest MAE and bias estimates
occur in the ‘late- summer and early fall months. |

Difference grids were produced once again with the grid subtraction tools in the
ARC/INFO GRID module to ide.ntify the existence o.f s'ﬁatial similarities and aifférénces
between these sets of model predictions. A reclassification was then performed on each
difference grid and cells within 25 mm (1") were designated equivalent in pairwise
comparisons of the models if their predicted values fell in the same class (Table 11). Late
fall and winter months display the least agreement between models. Only 75% of the cells
were classified in the same 25 mm classes on the January MTCLIM-3D-ANUSPLIN
difference grid (Figure 12). This is most likely due to poor snow measurements at NWS
sites, a deqrth‘of stations at higher elevatioﬁs, and the increase in the complexity of the
spatial patterns of precipitation in these months. The MTCLIM-3D and PRISM

predictions in January are more than 87.5 mm greater than ANUSPLIN on the Beartooth

. C
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Table 7. T test results comparing ANUSPLIN mean monthly predictions with 30 year
means at 20 withheld stations.

Mean
precipitation
difference Standard
Month (mm) Error . T Prob. > ITI

January -3.50 3.53 . -0.992 0.334
February -6.30 3.13 -2.015 0.058
March ' 635 3.99 -1.591 0.128
April 030 420 T 0071 0.944
May 535 329 -1.626 0.121
June -2.85 2.92 -0.976 0341
Tuly 0.85 . 1.14 -0.745 0.465
August - -2.75 1.67 -1.648 1 0.116
September © 315 2.52 11252 0.226
October 075 - 2.03 10.370 0.716
November -11.65 3.64 -3.196 0.005

December - -8.60 ‘ 3.59 . -2.393 0.027
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Table 8. T test results comparing MTCLIM-3D mean monthly predictions with 30 year
means at 20 withheld stations.

Mean
precipitation
difference
Month (mm) Standard error T ~ Prob>I1Tl
January 0.60 3.52 0.170 0.867
February -0.10 2.73 -0.037 0.971
March 2.05 3.21 0.638 0.531
Apil 0.35 3.50 0.100 0.921
May -9.1-5I 5.59 -1.637 0.118
June - -0.95 3.36 -0.282 0.781
Tuly | -0.20 1.20 -0.166 © 0:870
August $-1.95 1.59 -1.228 | 0.235
September -3.30 249 -1.325 0.201
October -0.90 1.60 -0.563 0.580
November -71.75 3.07 -2.526 0.021

December -0.65 3.35 -0.194 0.848
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Table 9. T test results comparing PRISM mean monthly predictions with 30 year means .
at 20 withheld stations.

Mean
precipitation
difference \

Month (mm) Standard error T Prob. > IT!
January 0.05 3.76 0.013 10.989
February -3.55 2.14 -1.660 0.113
March -4.65 3.28 -1.418 0.172
April -2.70 3.57 -0.757 0.458
May -4.60 2.76 - -1.669 0.112
June -0.25 3.92 -0.064 0.950
July 0.00 1.43 0.00 - 1.000
August -2.25 1.78 -1.265 0.221
September -1.70 2.13 -0.799. 0.434
October -1.45 1.60 -0.908 0.375
November -3.35 1.77 -1.896 0.073
December -5.55 . 2.34 -2.371

0.029
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Table 10. Monthly surface mean absolute errors (MAE) and bias estimates.
ANUSPLIN 7 F M A M 7 I A s o} N D

MAE (mm) 149 102 . 131 122 111 103 41 59 71 62 130 124
MAE (%) 251 261 226 206 128 137. 99 133 116 152 239 255
Bias (nm) -104 63 63 03 53 29 09 27 32 07 -117 -87

Bias (%) -11.5 -11.5 -108 00 60 29 20 51 42 02 -193 -160

MTCLIM-3D J F M A M J J A S 0 N D

MAE (mm) 11.0 i0.2 119 132 106 123 4.6 5.8 6.9 6.1 102 107
MAE (%) 239 279 207 227 12,0 165 11.1 133 11,5 142 185 232
Bias (mm) 1.0 2.1 04 20 23 0S5 04 -13 -24 -09 -81 -12
Bias (%) 6.7 70 03 6.6 22 23 18 -16 -24 07 106 -2.6

PRISM J]  F M A M J 3 A S O N D

MAE (mm) 8.4 7.0 9.8 9.2 83 122 5.1 5.0 56 49 5.1 8.3
-MAE (%) 149 212 169 147 9.6 161 128 111 92 112 105 17.1
Bias (mm) -50 35 47 27 46 -02 01 -22 -17 -15 -34 -56

Bias (%) 41 34 -52 02 -45 07 00 -45 -20 -12 -68 -9.9

Plateau and in the northern Tetons (Figure 12).

Summer months were the most similar due to low rainfall (Table 11) and a
stronger dependence on geographic’position and/or elevation: The May surfaces exhibit
very high agreement shown by the large areas of light green and yellow in Figure 13.
Differences greater than * 37.5 mm between model predictions are restricted to
mountainous regions, and the largest differences occur on the Beartooth Plateau and in the
Bridger and Tobacco Root mountains. MTCLIM-3D predicted higher values on the
Beartooth Pass and m the Tobacco Root, Gallatin, and Bridger ranges than PRISM aﬁd

ANUSPLIN (Figure 13). The large areas of light green and yellow on the J uly difference
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Table 11. Percent agreement between AN USPLIN, MTCLIM-3D, and PRISM model
predictions within 25 mm. ‘

Months
Modelpats, J F M A M J J A S O N D
iilfngm 76 80 79 8 8 88 95 97 96 95 71 79
ﬁgﬁfﬁ” 75 80 80 88 o2 95 99 100 9 97 89 78
;RTI;S:II‘J‘IMGD 1 s 79 81 8§ 92 9 98 9 95 7582

grids demonstrates the extremely high levels of agfeement between models in the summer
months (Table 11, Figure 14).

Agreement values drop again in November to 71% for ANUSPLIN and PRISM,
89% for ANUSPLIN and MTCLIM-3D, and 75% agreement for MTCLIM-3D and
PRISM (Table li). PRISM predicts higher precipitation in November on the Yellowstone
Plateau, in the northern Tetons, and especially in the Absaroka mountains where PRISM
predicts up to 156 mm and 141 mm more than ANUSPLIN and MTCLIM-3D,
respectively (Figure 15).

Table 12 compares the mean annual precipitation in the study area predicted with
the three models using the sum of the monthly estimates and the annual climate data. The
ANUSPLIN, MTCLIM-3D, and PRISM monthly predictions were 10.9% lower, 1.7%
lower, and 0.6% higher, respectivély. The larger variation reported for ANUSPLIN may
be attributed to the change in user-specified input standard deviation values from 1 for the
annual ANUSPLIN runs to -1 for the monthly ANUSPLIN runs.

N
Difference grids were created using the gﬁd subtraction tools in the ARC/INFO











































































































































