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High spatial and temporal resolution historical climate surfaces for the western of North America   
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ABSTRACT 

 Thin Plate Spline (TPS) is the leading interpolation technique used to generate climate 

surfaces. The extent of our analysis is from 49° to 32° latitude and 124.7° to 112.9° longitude, 

which includes multiple states in the Western United States. A comprehensive analysis was done 

to determine which covariates and polynomial function degree are best suited for each climatic 

variable (precipitation, minimum temperature, maximum temperature, and maximum 

temperature). Using TPS we ran a ten-fold cross-validation using elevation (DEM), slope, aspect, 

solar potential, radio detection and ranging (radar), and two different Normalized Difference 

Vegetation Index (NDVI) products derived from AVHRR and MODIS as covariates. We also 

tested a range of possible degrees for polynomial function to determine the best suitable one.  

We generated two monthly datasets: (1) an average of 1950-2000 and (2) a yearly average 

ranging from 1950 to 2000 at a spatial resolution of 1km2, which we name ClimSurf. Leading 

covariate candidates were: precipitation polynomial function degree of 2 with radar being the 

covariate, maximum temperature polynomial function degree of 2.4, mean and minimum 

temperature polynomial function degree of 1.8, for all three temperatures DEM was the 

covariate. A comparison to other products such as PRISM and WorldClim showed strong 

agreement across large geographic areas but ClimSurf varied at high elevation regions such as in 

the Sierra Nevada Mountains; a region that has great hydrological, cultural, and ecological 

importance. Our findings suggest when looking at the uncertainty base for an ecoregion or DEM 

classes, radar and DEM are the best covariates to generate climate surfaces. ClimSurf is the first 

climate surface to be produced at this spatial (1km2) and temporal (monthly) resolution and is 

available for download. 
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KEY WORDS: Climate, Surfaces, interpolation, temperature, precipitation, GIS, Thin Plate 

Spline.  
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INTRODUCTION 

 Historic and localized weather data are used by climatologist to indicate climate patterns 

in the past and to make predictions for the future. This is done by using points in geographic 

(weather stations) and temporal space to make assumptions about areas where we do not have 

historic weather data using a spatial analysis known as interpolation. The results of these 

analyses are known as climate surfaces. The application of climate surfaces is widespread in 

ecological studies (Bonan et al. 2003; Kalnay et al. 2003; Guo et al. 2005; Chen et al. 2007; 

Loarie et al. 2009; Mbogga et al. 2009); however, there is a need for finer spatial and temporal 

resolution surfaces to make meaningful inferences at regional and monthly scales (Heikkinen et 

al. 2006). Recent climate surface development has focused on incorporating a high number of 

weather station data points, but these have not fully accounted for the effect of spatial 

distribution on the validity and interpretation of their models (Thornton et al. 1997; New et al. 

1999; Daly et al. 2000; Maurer et al. 2002; New et al. 2002; Hijmans et al. 2005; Allan et al. 

2006).  In this paper we will describe how incorporating spatially dependent covariates can lead 

to more robust, mechanistic, and useful climate surfaces.  

 WorldClim is one of the most popular climate surfaces because of its extent and spatial 

resolution (global extent and at 1 km2), and it contains all four variables (precipitation, mean 

temperature, minimum temperature, maximum temperature). However, Worldclim lacks 

temporal resolution, having only a monthly average from 1950 to 2000 (Hijmans et al. 2005). 

Another popular climate surface is PRISM. It has relatively fine spatial and temporal resolution 

(up to 800 meters and for individual years ranging from 1900 to 2010). However, PRISM only 

covers the United States and is limited to three variables: precipitation, maximum and minimum 

temperature (Daly et al. 2000). Much effort has been invested in identifying what methods are 
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best suited for weather station interpolation.  The most popular of the currently available 

methods include Thin Plate Spline (TPS), Kriging, and Neural Networks (Hong et al. 2005; 

Hancock et al. 2006; Stahl et al. 2006; Hofstra et al. 2008).  A key concept that has not been 

considered, with a few exceptions (Diodato 2005; Daly 2006), is the incorporation of additional 

covariates to complement Digital Elevation Models (DEM). Spatial data exist for other fine scale 

and weather related independent variables (DEM-derived slope, aspect, and solar potential), 

dependent variables (Schultz et al. 1993), and actual correlative/proxy data near weather stations 

(radio detection and ranging, radar). In addition there are causal relationships between our 

dependent variables (precipitation and temperature) that should be accounted for as well. Past 

researchers (Hijmans et al. 2005) explicitly suggest that adding such covariates could improve 

current techniques. Moreover, lessons learned from geographic information science (GIScience) 

reiterate the importance of accounting for spatial uncertainty and unequal distribution during 

interpolation because some relationships between variables vary spatially.    

 The aim of this study was to evaluate the usefulness of including covariates with climate 

interpolation.  Based on our mechanistic understanding of climate factors and the spatial 

distribution of these factors, we tested the following hypotheses related to temporal resolution 

and uncertainty: 

1) Improving temporal resolution: If there are adequate weather station data 

available and appropriate statistical techniques for interpolation, then we can produce 

finer temporal resolution data without sacrificing spatial resolution. 

2) Decreasing uncertainty in climate surface models: If there are remote sensing 

products available that have meaningful causal and correlative relationships 
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(covariates) with local weather phenomena, then by using these data we can create 

more robust climate surfaces. 

 Rather than determining which interpolation method was best or creating a rich collection 

of weather station information, we focused on investigating what covariates and polynomial 

function degree (m) were best suited for each climatic variable. We demonstrate statistically why 

each variable should be interpolated using the corresponding covariate and polynomial function 

combination. In addition we provide a comparison to current climate surfaces such as 

Worldclim, explain how we maintained quality control on the observational data, which 

observation data was used, and how we processed the data that were used as covariates for the 

interpolation. Finally, we have developed a new climate surface (ClimSurf) that includes 

precipitation, minimum temperature, maximum temperature, and mean temperature for the 

Western United States at monthly and yearly (1950 – 2000) temporal resolutions at a spatial 

resolution of 1 km2. ClimSurf is the first climate surface to be produced at this spatial and 

temporal resolution and is available for download at https://gis.ucmerced.edu/ClimSurf. 

 

DATA and METHODS 

Study Area 

 Our area of interest is what we will refer to as the “Western US.” The area encompasses 

the conterminous United States (Figure 1), with a geographic extent of 49° to 32° latitude and 

124.7° to 112.9° longitude and area of 1710000 square kilometers. It fully covers California, 

Oregon, Washington, Nevada and partially covers Idaho (80%), Montana (15%), Utah (10%), 

and Arizona (10%).  The Western US is considered one of the most culturally and ecologically 

important regions in the world and contains 350+ wilderness areas, 20+ national parks, and 70+ 
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national forests. California in particular is recognized as having relatively high levels of 

endemism, and is one of only five areas with a Mediterranean climate in the world, characterized 

by warm to hot, dry to summers and mild to cool, wet winters (Cowling et al. 2009; Damschen et 

al. 2010; Mandelik et al. 2010).   

  

 

  

Figure 1. Study area is about 1710000 square kilometers, whose extent is 49° to 32° latitude and 124.7° to 112.9° 
longitude. It includes California, Oregon, Washington, Nevada, Idaho, Montana, Utah, and Arizona. 
 

Weather station data, processing, and quality control 
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 Weather station data was obtained from the Food and Agriculture Organization 

FAOclim2.0 and The Global Historical Climate Network Dataset (GHCN) version 2 

(ftp://ftp.ncdc.noaa.gov/pub/data/ghcn/v2/). After applying multiple filters (Figure 2 and see following 

sections) and removing any record that was not from 1950 to 2000, we obtained 552 stations for 

precipitation, 357 stations for maximum temperature, 381 stations for minimum temperature, and 

415 stations for mean temperature (Figure 3). 

 

GHCN FAO 

Standardize 
Database

Annual Monthly Algorithm 
outlier* outlier* outlier

Cross-check 
outliers*

Cross-check 
outliers*

Outlier?* 

Figure 2. Flow chart the process of cleaning data, * represents human checking. 

 

NO 

Outlier?* 

YES OR 
MAYBE* 

YES 
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We put the data through a series of filters and tests to detect erroneous points and outliers 

(Figure 2). The first pass compared each station's months in order to find annual outliers. An 

annual outlier would be a single month that didn't correspond with months from later years; for 

example, if at a certain station in March from a single year had a high variation from March in 

other years it would be considered an outlier. The second pass was to check for monthly outliers, 

which would be outliers within a single year, such as a single month within a year. We then 

cross-checked all possible annual outliers with possible monthly outliers in order to filter out 

outlying years that could have had extreme variation from the norm. The algorithm used to detect 

outliers was divided into three steps.  The first step was to compare the point's variation from the 

mean.  

In order to create an algorithm to flag possible outliers, we operated under the 

assumptions that a set of data would assume a normal distribution, and that there would be very 

few outliers in our databases. If a point was within two standard deviations, it would not be 

considered an outlier due to 90% of data falls within two standard deviations of a normal 

distribution. If it failed the first step, it would continue onto the next test, Chauvenet's Criterion, 

which compares a point's probability with the amount of points in the data set to a constant of 

0.5. It flags outliers are detected graphs of the points within its set of data are generated. The last 

step was a human check to judge whether or not the point was indeed an outlier. This filtered out 

possible outliers that were deemed to actually be valid data points. We also made sure that there 

were not spatial outliers by (1) comparing weather station elevation from the DEM surface and 

(2) making sure that the coordinate is within that country/state. The last step was to remove any 

station by climatic variable that had less than 10 years of data. 
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Figure 3. Weather Station localities for all four climatic variables (precipitation, maximum temperature, minimum 
temperature, maximum temperature) ranging from 1950 to 2000. A total of 552 stations for precipitation, 337 
stations for maximum temperature, 381 for minimum temperature, and 415 stations for mean temperature. 
 

Covariate Data 

Multiple remote sensing data were obtained from separate sources and data acquisition 

processes: 

1) Digital Elevation Model (DEM) was obtained from the Shuttle Radar Topography 

Mission (SRTM) at 1km2 spatial resolution (http://www2.jpl.nasa.gov/srtm/). 
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2) Slope and aspect were generated with the DEM from SRTM. 

3) Two different NDVI products were used: Moderate Resolution Imaging 

Spectroradiometer (MODIS) (Carroll 2004) (http://www.glcf.umd.edu/data/ndvi/) and the 

Advanced Very High Resolution Radiometer (AVHRR) 

(http://edc2.usgs.gov/1KM/1kmhomepage.php).  Both products are at 1km2 spatial resolution 

and generated using the following standard method (Tucker 1979; Jackson et al. 1983; 

Tucker et al. 1991):  

 

        (1) 

 

where NIR is the near-infrared band and RED is the red band. For MODIS the data are 

avaliable every 16-day from the years of 2000 to 2006. For AVHRR the data is a 

composite of 10-day periods ranging from April 1992 to May 1996. Both datasets were 

reduced by first taking the maximum of each month per year (if multiple images exist per 

month) then taking the average of all the years to obtain a monthly average for its 

corresponding time period.  

4) Solar radiation was generated using the hemispherical viewshed algorithm: 

 

      (2) 

 

where and are the sum of radiation of all the sectors (Rich 1994). 

Using the slope and aspect generated from SRTM and generated every 1 hour for the year 
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of 2010. First we turn the hourly data into daily then the daily into monthly at 1 km2 

spatial resolution  

5) Radio detection and ranging gridded surfaces, also known as radar. This is 

gridded rainfall data calculated from multi-sensor data (radar and rain gauge) coming 

from The National Oceanic and Atmospheric Administration (NOAA) National Weather 

Service (http://water.weather.gov/precip/download.php). The data ranges from 1997 to 2010 and 

was reduced to create an average for 1997-2010 with spatial resolution of ~4 km2; this is 

a problem in that our final product is at 1 km2. We used TPS to interpolate using DEM as 

a covariate with the polynomial function degree 2 to create a 1 km2 radar monthly 

surfaces (for better explanation refer to Discussion). 

6) For precipitation only, we use three temperatures variables: maximum, minimum, 

and mean. The surfaces were generated using TPS with DEM as a covariate and the best 

polynomial function degree (Table 1-3). 

 

 To compare our surfaces to PRISM and WorldClim we first needed to process all three 

datasets. We reduced the spatial resolution to match PRISM (4 km2) by upscaling ClimSurf and 

WorldClim, then reduced the temporal resolution to match WorldClim by creating an average 

from 1950 to 2000. Finally, the total annual precipitation (mm) was calculated. 

 

Climate Interpolation and Evaluation 

 To generate climate surfaces, we used TPS in the package ‘fields’ version 6.3 in R 

version 2.7.1 (http://cran.rproject.org/web/packages/fields/index.html). TPS was selected because it allows 

the use of multiple covariates, the change of polynomial function degree (m) and for its 
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computational effiency (Wood 2003).  TPS is used when trying to derive make coherent signals 

and remove noise from the interpolation (Wahba et al. 1980; Wahba 1990), and was first applied 

to climatology by Hutchinson et al. (Hutchinson et al. 1994; Hutchinson 1995). The following 

equation is for TPS for two independent position covariates and extra covariates: 

 

,  ∑     1, . . . ,     (3) 

 

and the smoothing function ,   and  are estimated by minimizing  

 

∑
 , ∑  

    (4) 

 

where ,  is the unknown smooth function,  is a set of unknown parameters, , ,  

are the independent variables,  is the independent random errors with zero mean and variance 

( ), are the known weights,  is a measure of the smoothness of f defined in terms of 

mth order derivates of f, and  is the smoothing parameter. 

 To evaluate which covariates and at what polynomial degree has the lowest uncertainty 

for each climatic variable, a ten-fold cross-validation approach (Kohavi 1995) was used on each 

climatic variable. Each climatic variable is first divided randomly into 10 sub-samples and then 

TPS is run with only 9 out of 10 sub-samples, retaining one sub-sample to validate the model. 

We repeated the process ten times, guaranteeing that all of the points are used for both training 

and validation. Model accuracy was determined using Root Mean Square Error (RMSE).  
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∑        (5) 

 

where  is the model prediction,  is the real value, and  is the total number of points. This is 

done monthly, having a total of 10 (runs cross-validation) * 12 (months) = 120 runs per climatic 

variable, covariate, and m parameter. After selecting the best covariate(s) and m parameter, all 

the points are then used to create the monthly average from 1950 to 2000 climate surfaces at a 

spatial resolution of 1km2. Then, using the same parameters, a monthly climate surface was 

generated for each year, creating 51 (years) * 12 (months) = 612 climate surfaces per climatic 

variable. 

 To determine if interpolation should be considered by an ecoregion or DEM instead of 

just ‘blindly’ separating the region, we calculated the uncertainty for precipitation based on that 

ecoregion and DEM. For the ecoregion classification we use Level I from the United States 

Environmental Protection Agency (EPA) (http://www.epa.gov/wed/pages/ecoregions.htm) where 

four regions fell in our study area: (1) Marine west coast forest, (2) Mediterranean California, (3) 

North American deserts, and (4) Northwestern forested mountains. For DEM classification we 

selected four classes using natural breaks: (1)  <  550, (2) 550 – 1174, (3) 1175 – 1822, (4)  > 

1822. Each weather station was then grouped based on its location and the total annual 

unceratinty for all weather stations in that region/class for precipation was calculated. 

  

RESULTS 

Climate data errors and Product Comparison 

 Most of the errors that were removed or corrected from stations were caused by incorrect 

units, equipment malfunction, and/or human errors. Most errors were obvious and easily 
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identified and corrected; for example where longitude and latitude for the station were swapped a 

condition made apparent by the weather station data being significant different from neighboring 

stations. Other weather stations had values that made sense for a period of time, but then 

appeared to have a multiplier; this was due to the fact that the units for the weather station were 

changed. Most of the weather stations for our study area also reported elevation, so we were able 

to cross check the record elevation with our DEM layer to make sure that the weather station was 

not at the wrong location.  After removing/correcting the weather station data we ended up with: 

281 904 records for precipitation, 225 128 records for mean temperature, 201 024 records for 

maximum temperature and 212 690 records for minimum temperature. Ultimately our climate 

surface generation techniques resulted in two sets of data: a monthly average for each year from 

1950 to 2000 and a monthly climate surface for each year from 1950 to 2000. This resulted in a 

total of 612 climate surfaces per climatic variable at a spatial resolution of 1km2. 

 Compared to other climate surface products, ClimSurf surfaces showed similar patterns 

in precipitation such as changes in the higher elevation regions (Figure 5, bottom row). The 

differences are located where we have no or low density of weather stations. 

 

 

Figure 4: Histograms for ClimSurf, PRISM, WorldClim for total annual precipitation (mm). The overall patterns of 
all three surfaces are similar. 
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Figure 5: (Top row) Comparison of PRISM, WorldClim, and ClimSurf for total annual precipitation. (Bottom row) 
The bitwise difference between all three climate surface products. Data was rescaled to match the highest spatial and 
temporal resolution which was 4km2 and average of 1950-2000. 

 

Covariate and Polynomial function 

Each climate variable and its respective covariate(s) have a unique polynomial function 

degree (m) that will reduce the uncertainty generated during the interpolation process. When 

using one covariate, we can determine (Table 1-4) that the polynomial function should be in the 

range of 1.6 to 2.4. When adding multiple covariates for a polynomial function of degree 3, the 

uncertainties will more than double. For both mean and minimum temperature the polynomial 

function value that has the lowest uncertainty is 1.8, and for maximum temperature, 2.4 or 3 

20 
 



 
 

(depending on the covariate). For precipitation the value for polynomial function with the lowest 

uncertainty is at degree 2, the second lowest is at degree 3. 

For maximum, minimum and mean temperatures, DEM as well as one or both NDVI products 

consistently had the lowest uncertainty across all polynomial functions degree (Table 1-3). 

Additional covariates that had low uncertainty for temperature values are: DEM/Radar, 

DEM/Solar Radiation, radar, and slope. For maximum temperature, lowest uncertainty was 

obtained using a combination of DEM and Solar Radiation and compared to DEM alone had a 

difference of approximately 7%. For precipitation, radar as a covariate has a lowest uncertainty, 

but increasing the polynomial function degree, uncertainty increases at a faster rate than DEM. 

DEM overtakes radar beyond polynomial function value of 2.8. 

 

Covariate/polynomial 1.6 1.8 2 2.2 2.4 2.6 2.8 3 

DEM 24.20 21.52 21.13 21.05 21.02 21.28 21.78 22.68 

Radar 26.50 23.65 23.41 23.40 23.52 23.78 24.72 26.69 

Slope 26.81 24.12 24.07 24.28 24.64 25.17 25.87 27.26 

Solar Rad. 27.15 1470599 6.25366E+35 3.80369E+36 1.04143E+52 1.00383E+67 2.81235E+81 34.48 

Aspect 28.54 25.35 25.09 25.11 25.21 25.35 25.52 25.72 

AVHRR NDVI 27.30 24.27 23.90 23.83 23.88 24.00 24.16 24.44 

MODIS NDVI 27.79 24.90 24.63 24.72 24.89 25.12 28.15 33.50 

 

Covariate/polynomial 3 4  Covariate/polynomial 3 4 

DEM & Radar 21.81 41.39  Slope & Solar Rad. 23.29 200.79 

DEM & Slope 22.48 36.77  Slope & Aspect 26.69 157.78 

DEM & Solar Rad. 19.34 57.80  Slope & AVHRR NDVI 26.36 92.25 

DEM & Aspect 21.84 22.20  Slope & MODIS NDVI 26.76 134.65 

DEM & AVHRR NDVI 21.49 23.45  Solar Rad. & Aspect 23.61 112.57 

DEM & MODIS NDVI 21.97 30.08  Solar Rad. & AVHRR NDVI 22.28 82.45 

Radar & Solar Rad. 22.30 134.05  Solar Rad. & MODIS NDVI 23.45 121.06 
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Radar & Aspect 25.15 27.50  Aspect & AVHRR NDVI 25.69 28.61 

Radar & AVHRR NDVI 24.02 91.62  Aspect & MODIS NDVI 25.84 57.69 

Radar & MODIS NDVI 24.92 66.59  MODIS NDVI & AVHRR NDVI 25.16 51.67 

Slope & RADAR 25.17 73.88     

Table 1. The RMSE calculated from the ten-fold cross-validation for maximum temperature (Kelvin). For multiple 
covariates the polynomial function value from 1.6 to 2.8 are not valid to run. 
 

Covariate/polynomial 1.6 1.8 2 2.2 2.4 2.6 2.8 3 

DEM 19.79 18.66 18.72 18.92 19.43 20.68 23.77 26.92 

Radar 21.71 19.96 19.91 20.16 21.95 27.09 34.68 42.46 

Slope 21.62 19.98 51.02 52.99 64.80 134.58 307.22 38967.57 

Solar Rad. 22.31 20.35 22.28 22.89 24.13 26.88 34.29 397.20 

Aspect 23.61 21.30 21.13 21.47 22.06 27.51 53.13 94.57 

AVHRR NDVI 22.06 20.30 20.12 20.25 21.36 24.79 30.39 36.57 

MODIS NDVI 22.95 21.27 21.22 21.48 22.86 31.89 46.11 62.68 

 

Covariate/polynomial 3 4  Covariate/polynomial 3 4 

DEM & Radar 20.25 75.13  Slope & Solar Rad. 8444.77 13213542.03 

DEM & Slope 5850.76 11908957.91  Slope & Aspect 3121.82 5401656.55 

DEM & Solar Rad. 61.25 9768.25  Slope & AVHRR NDVI 6135.16 14053011.93 

DEM & Aspect 20.63 120.15  Slope & MODIS NDVI 4957.47 6728505.82 

DEM & AVHRR NDVI 19.58 74.07  Solar Rad. & Aspect 77.44 59515.59 

DEM & MODIS NDVI 20.17 79.94  Solar Rad. & AVHRR NDVI 93.22 8090.54 

Radar & Solar Rad. 116.71 5554.80  Solar Rad. & MODIS NDVI 109.54 9883.35 

Radar & Aspect 26.76 76.82  Aspect & AVHRR NDVI 23.70 171.67 

Radar & AVHRR NDVI 21.36 316.98  Aspect & MODIS NDVI 31.22 117.91 

Radar & MODIS NDVI 22.44 122.77  MODIS NDVI & AVHRR NDVI 30.11 162.77 

Slope & RADAR 5722.12 2881122.33     

Table 2.  The RMSE calculated from the ten-fold cross-validation for mean temperature (Kelvin). For multiple 
covariates the polynomial function value from 1.6 to 2.8 are not valid to run. 
 

Covariate/polynomial 1.6 1.8 2 2.2 2.4 2.6 2.8 3 

DEM 22.61 21.30 21.32 21.42 21.53 21.65 21.78 21.93 

Radar 24.85 22.65 22.50 22.62 22.80 23.06 23.43 24.13 

Slope 24.43 22.29 35.72 40.07 52.20 72.79 104.46 4875.66 
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Solar Rad. 25.47 23.09 22.95 23.14 23.69 27.00 31.49 35.28 

Aspect 26.74 24.38 24.49 24.86 25.31 28.13 32.39 36.92 

AVHRR NDVI 25.32 23.62 23.80 24.02 24.32 24.69 25.18 28.28 

MODIS NDVI 25.86 23.85 23.81 24.02 24.34 24.77 25.35 26.35 

 

Covariate/polynomial 3 4  Covariate/polynomial 3 4 

DEM & Radar 22.02 24.03  Slope & Solar Rad. 4024.36 1537791.93 

DEM & Slope 6469.98 1026969.51  Slope & Aspect 4433.48 3565765.01 

DEM & Solar Rad. 21.71 25.62  Slope & AVHRR NDVI 3829.63 2255050.43 

DEM & Aspect 22.82 25.15  Slope & MODIS NDVI 4526.02 1768774.78 

DEM & AVHRR NDVI 23.70 37.68  Solar Rad. & Aspect 25.35 34.13 

DEM & MODIS NDVI 22.29 25.92  Solar Rad. & AVHRR NDVI 25.28 100.09 

Radar & Solar Rad. 24.65 37.56  Solar Rad. & MODIS NDVI 24.99 96.31 

Radar & Aspect 25.84 63.97  Aspect & AVHRR NDVI 26.16 70.62 

Radar & AVHRR NDVI 24.81 61.01  Aspect & MODIS NDVI 27.08 31.28 

Radar & MODIS NDVI 24.89 33.51  MODIS NDVI & AVHRR NDVI 25.83 64.17 

Slope & RADAR 4614.08 2112550.23     

Table 3. The RMSE calculated from the ten-fold cross-validation for minimum temperature (Kelvin). For multiple 
covariates the polynomial function value from 1.6 to 2.8 are not valid to run. 
 
 

Covariate/polynomial 1.6 1.8 2 2.2 2.4 2.6 2.8 3 

DEM 264.71 205.53 191.72 189.56 190.30 193.32 199.27 210.00 

Radar 184.24 149.97 148.06 152.70 161.80 177.37 201.90 250.32 

Slope 244.14 195.01 1436.54 1694.60 1965.61 2115.21 2780.79 270471.30 

Solar Rad. 286.06 233.64 221.88 219.97 221.80 225.99 232.08 240.71 

Aspect 321.96 279.62 270.56 271.07 276.95 287.65 303.08 324.34 

AVHRR NDVI 263.16 218.02 214.02 216.05 221.30 230.17 246.54 296.29 

MODIS NDVI 283.18 242.51 235.63 237.19 242.19 250.05 261.34 283.72 

Tmax 261.01 196.07 187.51 187.94 191.10 196.10 203.91 218.18 

Tmean 265.08 200.92 188.75 187.11 190.52 197.07 207.66 227.95 

Tmin 273.03 205.70 193.66 192.37 194.44 198.81 205.70 215.57 

 

Covariate/polynomial 3 4  Covariate/polynomial 3 4 

DEM & Radar 162.23 284.67  Slope & Tmin 81532.56 15758980.16 
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DEM & Slope 51715.90 11604003.28  Solar Rad. & Aspect 297.66 401.73 

DEM & Solar Rad. 207.84 294.93  Solar Rad. & AVHRR NDVI 244.71 689.51 

DEM & Aspect 251.72 329.34  Solar Rad. & MODIS NDVI 265.66 366.39 

DEM & AVHRR NDVI 201.22 838.33  Solar Rad. & Tmax 212.98 543.02 

DEM & MODIS NDVI 218.43 308.47  Solar Rad. & Tmean 222.79 2750.36 

DEM & Tmax 196.69 996.43  Solar Rad. & Tmin 214.04 354.16 

DEM & Tmean 194.34 1796.65  Aspect & AVHRR NDVI 273.43 489.27 

DEM & Tmin 195.68 885.28  Aspect & MODIS NDVI 287.16 380.74 

Radar & Solar Rad. 184.88 411.57  Aspect & Tmax 260.72 479.66 

Radar & Aspect 171.69 282.24  Aspect & Tmean 267.95 2693.20 

Radar & AVHRR NDVI 172.53 460.92  Aspect & Tmin 253.33 419.16 

Radar & MODIS NDVI 164.99 252.04  MODIS NDVI & AVHRR NDVI 261.20 762.52 

Radar & Tmax 162.13 414.50  Tmax & AVHRR NDVI 213.42 998.91 

Radar & Tmean 167.55 1228.76  Tmax & MODIS NDVI 228.89 460.64 

Radar & Tmin 167.65 287.42  Tmax & Tmean 202.06 1411.11 

Slope & RADAR 25579.67 10209206.24  Tmax & Tmin 197.64 941.79 

Slope & Solar Rad. 158206.71 42428875.33  Tmean & AVHRR NDVI 213.42 1458.83 

Slope & Aspect 182557.27 62672318.44  Tmean & MODIS NDVI 238.45 1147.95 

Slope & AVHRR NDVI 131490.73 35039160.69  Tmean & Tmin 199.45 976.83 

Slope & MODIS NDVI 157832.00 32639971.23  Tmin & AVHRR NDVI 221.93 705.62 

Slope & Tmax 83680.19 26318043.20  Tmin & MODIS NDVI 227.64 433.06 

Slope & Tmean 89050.89 15860227.96     

Table 4. The RMSE calculated from the ten-fold cross-validation for precipitation (mm). For multiple covariates the 
polynomial function value from 1.6 to 2.8 are not valid to run. 
 

DISCUSSION and CONCLUSION 

Improvements in Climate Surfaces 

The pattern for all three climate surfaces were basically the same (Figure 4). With most 

of the differnces in places with higher elevation, such as the Sierra Nevada Mountains. This 

disagreement is likely due to the fact that all three datasets do not use the same weather station 

information. For ClimSurf only two sources of weather station data were used (see Methods). 

24 
 



 
 

Adding more weather station data and more years will reduce uncertaintly when creating climate 

surfaces.  

As with any climate surface there were limitations with ours. The main one was that we 

did not include all possible observational dataset due to the fact that heavy manual processing is 

needed to ensure confidence that outliers/errors are removed. One thing to consider though when 

adding weather station data is that it does not always improve the climate surfaces. For instance, 

if the data is located in regions of existing high station density, then we are unlikely to gain any 

unique information. Based on this information, we might be able to reduce the datasets we have 

and apply a gap filling approach to augment regions of low station density in the future. Other 

limitations are the extent of which ClimSurf covers and time period. 

There are many future directions for improving climate surfaces other than simply adding 

more weather station data or generating a set of global climate surfaces. A key objective of this 

study was to probe more effective approaches than using the traditional covariates (DEM) and 

explore other potential sources of co-varying environmental influences. We did not use all 

possible remote sensing and/or other such data that might have an influence on the climatic 

variables.  One key finding was that adding multiple covariates directly was in most cases not 

optimal for adding meaningful data to our analysis.  However, adding multiple covariates 

indirectly maybe the best solution (see Methods). Other possible future research is to take our 

method and apply different interpolation algorithms to determine if TPS is the best. The last 

thing is not a future research idea, but a product that would help the entire climate research field. 

Due to the fact that many organizations have their own proprietary protocols for maintaining 

weather station data, data quality inspection/assurance is costly in terms of human resources. 

Here, we offer a spatial climate dataset that has been cleaned, merged, and verified, and can 
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assist the community of bioclimatic researchers Creating such a standard will be critical for the 

future of creating meaningful climate surfaces. 

 

Uncertainty 

 Uncertainty, with regards to precipitation values, was not reduced using DEM alone. 

Interestingly, NDVI had a higher uncertainty than DEM when using it as a covariate for 

precipitation. We were not expecting these results since NDVI should have a high intrinsic 

correlation with precipitation, the greener the color the more precipitation (Ichii et al. 2002). We 

found that while both products, MODIS and AVHRR, are a good covariates, they are do not 

produce better results than DEM. This required finding other sources of data, in this case radar. 

However, one problem with using radar data (as mentioned in methods section) is the coarse 

spatial resolution (4 km2). To solve this problem we ran multiple interpolation algorithms 

including kriging, IDW, regular Spline, and TPS, yet on visual inspection we noticed that the 

new interpolated radar surface did not contain much detail. Based on previous processing 

attempts with different covariates, we found that adding multiple covariates in most cases 

increased the total uncertainty. We then ran the radar 4 km2 data with TPS and DEM as a 

covariate (Figure 6). We indirectly included two covariates in interpolating precipitation, adding 

DEM as a covariate to refine the radar resolution problem and were able to decrease the 

uncertainty in precipitation. For the three different temperatures the current climate surfaces do 

not improve significantly using other covariates. Unlike precipitation, temperature is known to 

have a high correlation with DEM (Hudson et al. 1994; Buckley et al. 1997; You et al. 2008) due 

to adiabatic factors. Simply stated, the Earth’s surface is heated by the sun and this heat is 

transferred to the air. The sun’s rays themselves do not adequately heat the air directly. At higher 
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elevations there is a lower air pressure surrounding the surface of the Earth and therefore air is 

more easily cooled. Therefore, the only factor that has to be taken into consideration is the 

polynomial function value, since maximum perform better at m = 2.4 rather than m = 1.8 which 

both mean and minimum have the lowest uncertainty. 

 

Figure 6. Comparison of interpolating radar data from 4km2 to 1km2 using multiple algorithms (Universal Kriging, 
Regular Spline, Inverse Distance Weighted, and Thin Plate Spline) for the month of Janauary.  
 

 No matter how we analyzed precipitation, we consistently observed that radar was the 

strongest covariate. This is an intrinsic relationship as radar is essentially a measurement of 

moisture in the air which leads to precipitation. Radar is a known proxy for precipitation which 

is why it is a strong candidate for covariation. The difference from the lowest (radar) to the 
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highest (most of the time aspect) uncertainty varies from 5% to as high as 60%.  As shown in 

Figure 7 we see that  radar covaries with the observed weather station data more closely than 

DEM, even though both covariates have a strong corelation. 
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Figure 7.  Plot of all the months for values retain when generating the ten-fold cross-validation x-axis observer 
station data, y-axis interpolated model prediction for precipitation (mm). (Top) radar as a covariate with polynomial 
function of 2 (Bottom) DEM as covariate with polynomial function of 2.2. 
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During wet months (November, December, January, and February) the uncertainty from 

using  radar as a covariate is decreased by as much as 33% compared to the secound lowest 

uncertainty (Figure 4). During warmer, drier months the uncertainty is not as low, but radar is 

still the lowest uncertatinty covariate. Aspect and solar potential have the highest uncertatinty for 

each month, aspect is has high as 50%  than radar during wet months and solar potentatial as 

high as 40%. During warnmer months the uncertatinty for both covariate are reduce significant, 

they are closer to the other covariates but still at the bottom of having the highest uncerainty.

Figure 8. The uncertainty of total monthly precipitation (mm) for each covariate, using the best polynomial 

function. 

 

Precipitation by Elevation and Eco-region classes  

 For both analyses when we separate by eco-region and elevation classes, the data 

consistently supports that incorporating radar as a covariate yeilds the lowest uncertainty (Figure 

5). A monthly analysis indicated that aspect had the highest uncertanty no matter the class 
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(Figure 4). The only class in which aspect was not the highest was in elevation class 4, which 

was higher than 1833 meters, NDVI derive from AVHRR is the highest. For the Marine west 

coast forest eco-region there is a cluster of covarites that are almost identical, but those cluster 

covariates are approximately 20% higher than radar. For the elevation classes we notice the same 

pattern as for the Marine west coast forest eco-region, a cluster of covariates which are about 

40% higher than radar. For class 3 (1175 to 1822 meters) we can see that slope is actually better 

than DEM, it is very close to radar. The class that is interesting is class 4, which is the highest 

elevation class (more than 1822 meters). We see that all the points are scattered over the range of 

15 to 50 uncertainty, this might have to do with the fact that we have less points obserration in 

those high elevation areas.  
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Figure 9.  The uncertainty for total annual precipitation (mm), for multiple covariates (TOP) by dividing elvation 
into four different classes: (1)  <  550 (3062 points), (2) 550 – 1174 (5998 points), (3) 1175 – 1822 (936 points), (4)  
> 1822 (168 points) (BOTTOM) by eco-region, four classes are in located in our study area, (1) Marine west coast 
forest (752 points), (2) Mediterranean California (1307 points), (3) North American deserts (2027 points), (4) 
Northwestern forested mountains (1864 points). 
 

 We made significant progress in elucidating the role of proximate covariates in the 

creation of climate surfaces. This approach can be extended using additional remote sensing 

products with the potential to further reduce uncertainty in the next generation of climate 

surfaces. ClimSurf has the finest temporal and spatial resolution of all the large scale climate 

surfaces currently available. 

  

31 
 



 
 

REFERENCES 

Allan, R. and T. Ansell (2006). "A new globally complete monthly historical gridded mean 
sea level pressure dataset (HadSLP2): 1850-2004." Journal of Climate 19(22): 5816-
5842. 

Bonan, G. B., S. Levis, S. Sitch, M. Vertenstein and K. W. Oleson (2003). "A dynamic 
global vegetation model for use with climate models: concepts and description of 
simulated vegetation dynamics." Global Change Biology 9(11): 1543-1566. 

Buckley, B. M., E. R. Cook, M. J. Peterson and M. Barbetti (1997). "A changing 
temperature response with elevation for Lagarostrobos franklinii in Tasmania, 
Australia." Climatic Change 36(3-4): 477-498. 

Carroll, M. L., C.M. DiMiceli, R.A. Sohlberg, and J.R.G. Townshend (2004). "250m 
MODIS Normalized Difference Vegetation Index." The Global Land Cover Facility. 

Chen, H., S. L. Guo, C. Y. Xu and V. P. Singh (2007). "Historical temporal trends of 
hydro-climatic variables and runoff response to climate variability and their 
relevance in water resource management in the Hanjiang basin." Journal of 
Hydrology 344(3-4): 171-184. 

Cowling, R. M., S. Proches and T. C. Partridge (2009). "Explaining the uniqueness of the 
Cape flora: Incorporating geomorphic evolution as a factor for explaining its 
diversification." Molecular Phylogenetics and Evolution 51(1): 64-74. 

Daly, C. (2006). "Guidelines for assessing the suitability of spatial climate data sets." 
International Journal of Climatology 26(6): 707-721. 

Daly, C., G. H. Taylor, W. P. Gibson, T. W. Parzybok, G. L. Johnson and P. A. Pasteris 
(2000). "High-quality spatial climate data sets for the United States and beyond." 
Transactions of the Asae 43(6): 1957-1962. 

Damschen, E. I., S. Harrison and J. B. Grace (2010). "Climate change effects on an 
endemic-rich edaphic flora: resurveying Robert H. Whittaker's Siskiyou sites 
(Oregon, USA)." Ecology 91(12): 3609-3619. 

Diodato, N. (2005). "The influence of topographic co-variables on the spatial variability of 
precipitation over small regions of complex terrain." International Journal of 
Climatology 25(3): 351-363. 

Guo, Q. H., M. Kelly and C. H. Graham (2005). "Support vector machines for predicting 
distribution of sudden oak death in California." Ecological Modelling 182(1): 75-90. 

Hancock, P. A. and M. F. Hutchinson (2006). "Spatial interpolation of large climate data 
sets using bivariate thin plate smoothing splines." Environmental Modelling & 
Software 21(12): 1684-1694. 

Heikkinen, R. K., M. Luoto, M. B. Araujo, R. Virkkala, W. Thuiller and M. T. Sykes 
(2006). "Methods and uncertainties in bioclimatic envelope modelling under climate 
change." Progress in Physical Geography 30(6): 751-777. 

Hijmans, R. J., S. E. Cameron, J. L. Parra, P. G. Jones and A. Jarvis (2005). "Very high 
resolution interpolated climate surfaces for global land areas." International 
Journal of Climatology 25(15): 1965-1978. 

Hofstra, N., M. Haylock, M. New, P. Jones and C. Frei (2008). "Comparison of six methods 
for the interpolation of daily, European climate data." Journal of Geophysical 
Research-Atmospheres 113(D21): -. 

32 
 



 
 

Hong, Y., H. A. Nix, M. F. Hutchinson and T. H. Booth (2005). "Spatial interpolation of 
monthly mean climate data for China." International Journal of Climatology 
25(10): 1369-1379. 

Hudson, G. and H. Wackernagel (1994). "Mapping Temperature Using Kriging with 
External Drift - Theory and an Example from Scotland." International Journal of 
Climatology 14(1): 77-91. 

Hutchinson, M. F. (1995). "Interpolating Mean Rainfall Using Thin-Plate Smoothing 
Splines." International Journal of Geographical Information Systems 9(4): 385-403. 

Hutchinson, M. F. and P. E. Gessler (1994). "Splines - More Than Just a Smooth 
Interpolator." Geoderma 62(1-3): 45-67. 

Ichii, K., A. Kawabata and Y. Yamaguchi (2002). "Global correlation analysis for NDVI 
and climatic variables and NDVI trends: 1982-1990." International Journal of 
Remote Sensing 23(18): 3873-3878. 

Jackson, R. D., P. N. Slater and P. J. Pinter (1983). "Discrimination of Growth and Water-
Stress in Wheat by Various Vegetation Indexes through Clear and Turbid 
Atmospheres." Remote Sensing of Environment 13(3): 187-208. 

Kalnay, E. and M. Cai (2003). "Impact of urbanization and land-use change on climate." 
Nature 423(6939): 528-531. 

Kohavi, R. (1995). "A Study of Cross-Validation and Bootstrap for Accuracy Estimation 
and Model Selection." INTERNATIONAL JOINT CONFERENCE ON 
ARTIFICIAL INTELLIGENCE 14: 1137-1145. 

Loarie, S. R., P. B. Duffy, H. Hamilton, G. P. Asner, C. B. Field and D. D. Ackerly (2009). 
"The velocity of climate change." Nature 462(7276): 1052-U111. 

Mandelik, Y., U. Roll and A. Fleischer (2010). "Cost-efficiency of biodiversity indicators 
for Mediterranean ecosystems and the effects of socio-economic factors." Journal of 
Applied Ecology 47(6): 1179-1188. 

Maurer, E. P., A. W. Wood, J. C. Adam, D. P. Lettenmaier and B. Nijssen (2002). "A long-
term hydrologically based dataset of land surface fluxes and states for the 
conterminous United States." Journal of Climate 15(22): 3237-3251. 

Mbogga, M. S., A. Hamann and T. L. Wang (2009). "Historical and projected climate data 
for natural resource management in western Canada." Agricultural and Forest 
Meteorology 149(5): 881-890. 

New, M., M. Hulme and P. Jones (1999). "Representing twentieth-century space-time 
climate variability. Part I: Development of a 1961-90 mean monthly terrestrial 
climatology." Journal of Climate 12(3): 829-856. 

New, M., D. Lister, M. Hulme and I. Makin (2002). "A high-resolution data set of surface 
climate over global land areas." Climate Research 21(1): 1-25. 

Rich, P. M., R. Dubayah, W.  A. Hetrick, and S.  C. Saving (1994). "Using Viewshed models 
to calculate intercepted solar radiation: applications in ecology." American Society 
for Photogrammetry and Remote Sensing Technical Papers: 524-529. 

Schultz, P. A. and M. S. Halpert (1993). "Global Correlation of Temperature, Ndvi and 
Precipitation." Advances in Space Research 13(5): 277-280. 

Stahl, K., R. D. Moore, J. A. Floyer, M. G. Asplin and I. G. McKendry (2006). 
"Comparison of approaches for spatial interpolation of daily air temperature in a 
large region with complex topography and highly variable station density." 
Agricultural and Forest Meteorology 139(3-4): 224-236. 

33 
 



 
 

Thornton, P. E., S. W. Running and M. A. White (1997). "Generating surfaces of daily 
meteorological variables over large regions of complex terrain." Journal of 
Hydrology 190(3-4): 214-251. 

Tucker, C. J. (1979). "Red and Photographic Infrared Linear Combinations for 
Monitoring Vegetation." Remote Sensing of Environment 8(2): 127-150. 

Tucker, C. J., W. W. Newcomb, S. O. Los and S. D. Prince (1991). "Mean and Inter-Year 
Variation of Growing-Season Normalized Difference Vegetation Index for the Sahel 
1981-1989." International Journal of Remote Sensing 12(6): 1133-1135. 

Wahba, G. (1990). Spline models for observational data. Philadelphia, Pa., Society for 
Industrial and Applied Mathematics. 

Wahba, G. and J. Wendelberger (1980). "Some New Mathematical-Methods for 
Variational Objective Analysis Using Splines and Cross Validation." Monthly 
Weather Review 108(8): 1122-1143. 

Wood, S. N. (2003). "Thin plate regression splines." Journal of the Royal Statistical Society 
Series B-Statistical Methodology 65: 95-114. 

You, Q. L., S. C. Kang, N. Pepin and Y. P. Yan (2008). "Relationship between trends in 
temperature extremes and elevation in the eastern and central Tibetan Plateau, 
1961-2005." Geophysical Research Letters 35(4): -. 

 
 

   

34 
 



 
 

TITLE 

Accounting for uncertainty in environmental variables in ecological niche models of four alpine 
mammals in the western United States  
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ABSTRACT  

 Ecological niche models have been an important tool in trying to understand species 

distributions, yet there has been a lack of consideration for uncertainty, especially for 

environmental surfaces. The objective of this study was to determine how uncertainty in 

environmental surfaces influenced predictions from ecological niche models for four alpine 

mammal species in the Sierra Nevada mountain range. We produced Maximum Entropy models 

from hundreds of unique current climate surfaces where uncertainty was generated with Monte 

Carlo methods. We also generated a future climate dataset using a bias-corrected spatially 

downscaled algorithm to 1 km2. We found that both datasets had similar known patterns but with 

higher variation in high elevation localities. Compared to the baseline case with no uncertainty, 

our ecological niche models tended to overestimate the distribution of the species when 

uncertainty was factored in.  By running a sensitivity analysis on American Pika, we determined 

that January precipitation had the greatest impact on predicted distributions; while October’s 

maximum temperature and June’s precipitation had the greatest variability. Our future downscale 

and the uncertainty surfaces will be available to download for our reader. 

KEYWORDS: Uncertainty, ecological niche modeling, alpine mammals, climate, downscale 
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INTRODUCTION 

 The use of species distribution models (SDM), also known as ecological niche models 

(ENM) has been key in understanding potential impacts of climate change on species (Feria et al. 

2002; Graham et al. 2004; Chefaoui et al. 2005; Guo et al. 2005; Rodriguez et al. 2007; Lenoir et 

al. 2010). ENM builds a statistical relationship between the occurrences of the species and 

environmental variables, allowing predictions of future distribution under climate change. There 

are many ENM algorithms, including BioClim, Genetic Algorithm for Rule-set Production 

(GARP), Support Vector Machine (SVM), Background Learning Algorithm (PBL), Maximum 

Entropy (MaxEnt), and Generalized Linear Models (GLM) (Busby 1986; Carpenter et al. 1993; 

Stockwell et al. 1999; Guisan et al. 2002; Guo et al. 2005; Phillips et al. 2006; Li et al. 2011). 

ENM are not limited to predicting species distribution; they have also been used to predict other 

scenarios, such as classifying land cover from remote sensing images and determining suitable 

helicopter landing areas (Li et al. 2010; Li et al. 2011). Unfortunately, there are many issues 

related with uncertainties in the data feed to generate the predictions. A major step forward has 

been achieved by removing the bias/uncertainty in training the model by only selecting 

background points from the sampling area (Elith et al. 2006; Phillips et al. 2009). 

 To create ENM, data such as climate surfaces (i.e. mean, maximum, minimum 

temperature and precipitation) are related to species locations (Peterson et al. 2008). A major 

step forward in the use of ENM has been reduction in the bias/uncertainty in training the model 

by only selecting background points from the sampling area (Elith et al. 2006; Phillips et al. 

2009). Unfortunately, there are still many issues related to uncertainty in the data used to 

generate the predictions.  Climate surfaces are generated using weather station data and applying 

an interpolation algorithm such as Thin Plate Spline or Kriging (Hijmans et al. 2005; Hong et al. 
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2005; Hancock et al. 2006; Stahl et al. 2006; Hofstra et al. 2008).  Climate surface uncertainty is 

critical since the model is making its predictions from those surfaces. By understanding how the 

uncertainties propagate from the algorithms and the surfaces, we can build models that better 

represent the niche or distribution of species. 

  Because it is believed they will be particularly vulnerable to changes related to climatic 

shifts, alpine ecosystems are considered top priority by international and national organizations 

(Parry et al. 2007). Climate-related changes in temperature, precipitation, snowpack, and 

hydrology in the Sierra Nevada have been detectable for over a decade (Dettinger et al. 1995; 

Cayan et al. 2001; Mote et al. 2005), but there has been little study on the relationship between 

climate and potential range shifts in alpine animals.  This is particularly so for alpine 

mammals(Smith 1974; Smith 1974; Bronson 1979; Sherman et al. 1984).. An exception to this is 

a recent study on changes in mammal ranges along an elevation gradient in Yosemite National 

Park (Moritz et al. 2008),  which showed patterns generally consistent with expectations based 

on a warming climate. However, this study was restricted in in its geographic extent and did not 

include many alpine mammal species. .  

 Our main objectives were to examine the effect of current climate surfaces uncertainty 

and to determine which of the climatic variables or DEM had the highest uncertainty in ENM for 

four alpine mammals in the Sierra Nevada range, including the American pika (Ochotona 

princeps), Yellow-bellied marmot (Marmota flaviventris), Belding’s ground squirrel 

(Spermophilus beldingii), and Golden-mantled ground squirrel (Spermophilus lateralis).  We 

also created ENM for future climate scenarios utilizing downscaled climate surfaces generated 

using a bias-corrected and spatially downscaled algorithm (Wood et al. 2002; Wood et al. 2004; 
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Maurer 2007) Lastly, we will  run the Monte Carlo simulation to determine the uncertainty of 

current climate on future downscaled climate. 

DATA and METHODS 

Collection of species point locality 

  The Sierra Nevada is located in the eastern part of California and west of Nevada (Figure 

1), with an area of roughly 63,100 km2. It is divided into multiple biotic zones,  including 

Foothill Woodland, Chaparral, Lower Montane Forest, Upper Montane Forest, Subalpine Forest, 

and Alpine.  We collected data on distribution of the four mammals with line transect sampling 

(Buckland et al. 2001; Buckland et al. 2004).  Twelve 10-km transects were sampled 3-4 times 

each year from mid-June through late August in 2009 and 2010.  The transects were separated by 

a minimum of 15 km and spanned an elevation gradient from 2700 m to 3700 m and a latitudinal 

gradient of 320 km.  There were four transects each in the southern, central, and northern regions 

of the Sierra Nevada. 
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Figure 1. Sierra Nevada region located on the eastern part of California and western of Nevada, approximated 
63,100 km2 area. 

 
Climate Surfaces 

 For the current climate surfaces we use ClimSurf, which was created using observational 

weather stations from Food and Agriculture Organization (FAO) and The Global Historical 

Climate Network (GHCN) version 2. After removing all outliers, we obtained a total of 552 

stations for precipitation, 357 stations for maximum temperature, 381 stations for minimum 

temperature, and 415 stations for mean temperature were used. We used Thin Plate Spline 

regression (TPS) in the ‘fields’ package version 6.3 in R version 2.7.1 

(http://cran.rproject.org/web/packages/fields/index.html), the point weather stations were interpolated. We 
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interpolated all four climatic variables and used a ten-fold cross-validation to determine which 

combination of covariates and at what polynomial function was best suited for each variable. For 

maximum, minimum, and mean temperature we used DEM as a covariate, while for precipitation 

we used radio detection and ranging (radar). The polynomial function for precipitation was 2, 

maximum temperature 2.4, and for both mean and minimum temperature it was 1.8. Because 

TPS uses longitude and latitude coordinates by default, we did not consider them as covariates. 

ClimSurf was interpolated to ~140 km2 and 1 km2 for the average of 1950-2000 and to a fine 

temporal resolution of a yearly range from 1950 to 2000. All data were at monthly slices (For 

more information please refer to Chapter 1). 

 The future model data was obtained from the IPCC’s WCRP CMIP3 Multi-Model Data 

(https://esg.llnl.gov:8443/index.jsp). The GCM’s that the IPCC has downscaled are: csiro_mk3_0, 

bccr_bcm2_0, ncar_ccsm3_0, csiro_mk3_5, and miroc3_2_medres. Only these GCMs have been 

downscaled, because they have to meet three criteria. First, the 20th century experiment (20c3m) 

had to be provided for each GCM. Second, all four climatic variables (precipitation, mean 

temperature, minimum temperature, and maximum temperature) had to be available for each 

GCM. Finally, all of the GCMs had to match within the two scenarios (sresb1 and sresa2).  

 We used R to read the data in netCDF format, and we included only the points that fell 

inside our extent within a buffer of 10 km . We then apply the Statistical Downscale and Bias 

Correction algorithm (Wood et al. 2002; Wood et al. 2004; Maurer 2007). The algorithm 

determines the bias between the past model (20c3m) and the current climate surfaces (ClimSurf). 

This approach assures that the past bias will be the same as the future bias regardless of what 

time period is analyzed. 
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 We first interpolated the two different scenarios (sresa2 and sresb1), the 20th century 

experiment, and ClimSurf for all the months, years, GCMs, and variables to ~140 km2 using 

TPS. ClimSurf at 140 km2, which we refer to as data (1), and the 20th century experiment at 140 

km2, referred as data (2), were used to create two sets of histograms (N = 2,640 histograms). The 

histograms were created by GCM, variable, month, and each cell for 51 years (Figure 1, 

Appendix B). To produce the histograms we created cumulative distribution functions (CDF) for 

data sets (1) and (2), then generated the bias for each future scenario (rsesa2 and sresb1). We 

located the future value of the model in the histogram for the 20th century, then obtained the 

CDF number in the current histogram to replace the old value with the new one (referred to as 

Adjustment GCMs). For example, using Table 1, Appendix B as our full histogram range, the 

value for csiro_mk3_0 for variable minimum temperature, year 2031, month of January, and cell 

2; is 264.3813. We try to find that value in the 20c3m Val column in Table 1 and get the CDF 

value (0.624102). We then try to find the CDF for the model in the CDF column for the 

observational data (2nd column from left to right in Table 1). In the case that we do not find the 

exact CDF value, we find the closest values available and apply the Inverse Distance Weight 

algorithm (IDW) (Shepard 1968) to get an approximation of the CDF value. We used the same 

method if the value of the model did not exist. This algorithm gives more weight to the number 

that is closest. For example, if we were searching for 0.624102 and the closest numbers available 

are 0.623712 and 0.74913, we then applied the equation: 

. 74913  .624102
. 74913 .623712 263.1143

. 624102  .623712
. 74913 .623712 263.2417 
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NV in the above equation equals 263.1146962, which will replace 264.3813. After generating 

the Adjustment for all of the future data we calculated the delta as in Equation 1 or 2 depending 

on the variable, which we refer to as factors 

Adjustment       (1) 

Adjustment – 1950 2000    (2) 

We then took the factors and interpolated them to our final resolution of 1 km2 using TPS. The 

final step was to apply the following Equations (3, 4) for each type of variable: 

   1950 2000    (3) 

1950 2000     (4) 

This step was done at 1 km2 resolution. The end product consisted of yearly surfaces from 2010 

to 2099 (monthly) and also a summary dataset representing decadal time period. 

 We compared our future downscale surfaces with the “Bias Corrected and Downscaled” 

(BCD) (Maurer et al. 2007) dataset which is at ~12 km2 for mean temperature and precipitation 

from 2000 to 2010. We rescaled our surfaces to the same spatial resolution of BCD (12 km2) for 

the two variables available.  

 

Generation of current ENM  

 We generated uncertainty for our current climate and DEM surfaces by calculating the 

standard deviation for points that fell inside of California with a buffer of  20 km for each 

climatic variable and month, then used Monte Carlo methods with each variable having a 
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Gaussian probability distribution function (PDF) with known mean ( =0) and standard deviation 

( ) for each cell (Equation 5) . This was done 100 times for each month and climatic variable, 

creating 100 unique current climate surfaces sets. We obtained the DEM data from the U.S 

Geological Survey (USGS, http://seamless.usgs.gov/data_availability.php?serviceid=Dataset_12) at a spatial 

resolution of 10 m, then rescaled the 10 m DEM to 1 km DEM obtained from the Shuttle Radar 

Topography Mission (SRTM, http://www2.jpl.nasa.gov/srtm/). We calculated the difference between 

both datasets and calculate the RMSE; the same method was run for ClimSurf. 

 

√
      (5)  

Environmental Niche Models  

 We produced ENM for the four mammal species with Maximum Entropy, which is one 

of the most popular ENM algorithms currently available (Warren et al. 2011). We first generated 

a baseline ENM for all four species without uncertainty so that we could compare and determine 

the significance of climate surface uncertainty. The environmental layers used in the current 

model were precipitation, maximum temperature, minimum temperature, and mean temperature 

for January, April, June, and October, as well as the DEM.  Utilizing the 100 unique climate 

surface sets we then created ENM for each of the four species. To visualize the agreement of all 

the runs we converted the output, which is continuous, to binary utilizing a 5% omission rate as 

the threshold.  Summing up all 100 simulations for each species and applied a threshold of 50% 

confidence.  
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Projection into the future 

 For the future we reduced the number of simulations to 10 of out 100 unique current 

climate surfaces because of excessive computational expenses. We ran five GCMs, three time 

slices (2030s, 2050s, and 2080s), and two scenarios, utilizing the four climatic variables 

(precipitation, maximum temperature, minimum temperature, and mean temperature) for 

January, April, June, and October and DEM. We applied a similar approach as the current ENM 

in regards to thresholds, a 5% omission, summing all the simulations, then applying a 50% 

confident threshold (< 5 to 0, > 5 to 1), then summing all GCM’s together to create a surface of 

potential range of 0 to 5 for each species. The DEM’s in the current and future scenarios were 

the same. 

  

Sensitivity Analysis 

 To determine which of the uncertainty climate surfaces had the greatest influence on the 

ENM we ran a sensitivity analysis for 10 simulations on the ClimSurf data for American Pika. 

Starting with the original ClimSurf data without considering uncertainty, we removed one of the 

17 variables (4 months per climatic variable and DEM), inserted the variable from the 

simulation, created an ENM, and repeated the process for all the simulations. The process 

yielded 10 ENM for each replacement of the variables, resulting in a total of 170 ENM. We then 

applied the 5% omission threshold and calculated Kappa as: 

 
 

      (6) 
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where  is the probability that an item will be placed in the same category by two different 

classifiers and  is the probability that two different items classified independently will have the 

chance to be placed in the same category. Kappa was calculated for each  simulation and 

compare to the baseline creating 10 Kappa values per variable. 

RESULTS 

Future downscale surfaces 

 Future downscale surfaces 

 The future downscaled climate surfaces showed similar patterns to the BCD product 

(Figure 2). The main differences occurred in high elevation regions, likely because both products 

used different current climate surfaces.  This is very important since the bias-corrected and 

spatially downscaled algorithm builds a relationship between the current interpolated surfaces 

and the current simulated surfaces (see Methods). This was especially apparent when subtracting 

both climate surfaces datasets (Figure 2, Appendix B). The most differences between the BCD 

and our downscale dataset occurred in the Sierra Nevada for January’s precipitation. Our future 

surfaces predict higher precipitation than BCD surfaces. For mean temperature we noticed that 

the BCD surfaces predict higher mean temperature than our products. 
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Figure 2. A close up of the Sierra Nevada. The new data downscaled at 1 km2 using ClimSurf is shown on the left, 
and the BCD at 12 km2 is shown on the right.. Image represents scenario B1, GCM bccr_bcm2_0 for 2050. 

 

ENM current and future 

 The The current baseline ENM predicted a more ‘realistic’ area of distribution  for each 

of the four species (Figure 3, Top). For the models with uncertainty, the ecological niche 
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envelope remained intact but the overall prediction surface covered a larger area (Figure 3, 

Bottom). Applying the 50% confidence on the simulation had little effect, removing only the 

surrounding areas with low predicted suitability (Figure 3, Appendix B). 

 

 

Figure 3. (Top) Baseline current ENM without considering uncertainty, apply a 5% omission threshold, (Bottom) 
100 simulation considering uncertainty, apply a 5% omission threshold, and then apply a 50% confidence on all 
simulation. 

 

 For the sensistity anaylsis for the current ENM for American Pika, October, June and 

January  maximum temperature and June precipitation had the greates variablity for models 
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where uncertainty in the predictor variables was included (Figure 4). Three of those surfaces also 

had the largest contribution/influnce to the model’s distribuation (Table 2, Appendix B). January 

precipitation had the lowest kappa value and lowest variability,  contributing only 7.7% to the 

ENM. 

 

Figure 4.  A sensitivity analysis for American Pika for ten simulations which includes one uncertainty surface to 
determine which climate surface has the biggest impact on ENM. 

 

 For The baseline future ENM started with high agreement across GCMs while the 

simulations had fairly good agreement with the GCM (Figure 5, Figures X-X Appendix B). The 

changes are noticed when moving through the decal time periods making the simulation 

distribution to overtake the baseline in terms of GCM agreement. For American Pika, both 
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baseline ENM scenarios predicted more suitable habitat area than the simulation as well as 

higher agreement with the GCM. By 2080 suitable pika habitat was predicted to virtually 

disappear for the pessimistic scenario (sresa2).  For the more optimistic scenario the niche 

envelope was reduced but suitable habitat was predicted to remain (Figure 5, Figure 5 Appendix 

B). In the case of the marmot, the baseline ENM indicated no suitable habitat for both scenarios 

and across all years (Figure 6 and 7, Appendix B). However, for the simulation there was high 

agreement with the GCM for the optimistic scenario, although there was still a decrease in the 

amount of suitable habitat across years. The baseline ENM for the golden-mantled ground 

squirrel had high agreement with the GCM under the optimistic scenario and also maintained a 

strong envelope across years. For the simulation ENM, there is variability across GCMs (Figure 

9 and 10, Appendix B) having a bigger niche envelope and disappearing throughout the years. 

Belding squirrel has very interesting results for the baseline because the optimistic scenario starts 

with variability for GCM agreement (Figure 11 and 12, Appendix B), then the niche envelope is 

reduced, but the GCM agreement is increased. For the simulation ENM, the GCM agreement is 

low, and the potential suitability of the Belding squirrel disappears.  
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Figure 5.  ENM for American pika  base on optimistic scenario (sresb1) agreement of five GCM (Top) baseline not 
considering uncertainty, (Bottom) ten simulations utilizing uncertainty on climate surfaces using Monte Carlo 
method. 

 

DISCUSSION and CONCLUSION 

Future downscale climate surfaces 

 The main cause of the two products not matching 100% is due to the improvements of the 

observational data. Both future climate datasets used different products for current climate 

surfaces. BCD is the only climate dataset currently available that comes close to the product that 

we have created, and with a few modifications we made the two ‘comparable’ (see Methods). 

The BCD downscaled data used climate surfaces created by Maurer et al (2007), which only 

used FAO weather stations running the PRISM algorithm. ClimSurf is derived from two 

different data sources including FAO and running TPS with the lowest uncertainty covariate and 
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polynomial function degree (see Chapter 1). This is very important since the bias algorithm 

assumes that the bias from the current observer surfaces and the current model surfaces will be 

the same for any time period in the future. Other advantages of ClimSurf include the resolution 

and rescaling of the data to be able to match BCD and our making a few changes to the 

algorithm, such as instead of using Inverse Distance Square interpolation we used TPS. 

Consequently, ClimSurf has. has 12 times finer resolution than the BCD (Figure 2), giving better 

detail and likely more accurate results for ENM. 

 The limitation of the future downscaled climate surfaces is that they depend on current 

surfaces, all of which certain limitations.  Many other things could be improved as well. One 

particularly critical improvement would be avoiding the assumption that the relative bias from 

the current surfaces and the future model surfaces will remain the same . Another improvement 

would be inclusion of covariates when deriving future downscaled climate surfaces.  

Unfortunately, this is difficult because we do not have any type of ‘real data’ for the future. 

However, adding DEM as a covariate would likely produce better predictions. 

 

Ecological Niche Models 

 Overall, the current ENM produces a niche envelope for each of the species, and as 

expected the baseline ENM shows lower possible suitability for each species compared to the 

simulations (Figure 2). This indicated that including uncertainty in the climate surfaces does not 

necessarily produce a completely different niche, but it creates a buffer effect on the baseline 

ENM. The results from the sensitivity analysis to determine which climate surface uncertainty 

has the biggest impact in ENM compared to the baseline is very interesting because the top three 
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surfaces that have the most variability  (Figure 3) (October, June and January  maximum 

temperature) are the ones contributing more in the  baseline (Table 2, Appendix B)  ENM. While 

January precipitation surface contributes fourth  to the baseline ENM, it is the lowest kappa 

value (Figure 4), indicating the most different ENM from the baseline’s ENM.  

 To the best of our knowledge this was the first attempt to include uncertainty in current 

climate surfaces for ENM. The method we used could be improved in many ways, including 

calculation of the standard deviation for smaller areas. A problem with this is that we would need 

to have enough weather stations for deriving accurate values. Also, our  method was basically 

one of brute force in the sense that we were running many simulations. This was a problem in 

terms of computation, and there may be a more efficient method for generating the simulations. 

 Despite these limitations our results demonstrate that inclusion of unceratinty is 

important in the development of ENM. Our sensitivity analysis was helpful in understanding 

which uncertainty climate surface had the biggest influence in ENM. Producing a finer statistical 

downscaled product has significantly improved our understanding in species ENM and how 

climate is changing. 
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APPENDIX A: 

 

Figure 1. RMSE base on covariate which each marker represents the total annual precipitation (mm) for each 
polynomial function degree value. Some values were remove since they made y-axis too large (refer to Table 
4, Chapter 1 for more information). 

 

Figure 2. RMSE base on covariate which each marker represents the total annual maximum temperature (Kelvin) 
for each polynomial function degree value. Some values were remove since they made y-axis too large (refer to 
Table 1, Chapter 1 for more information). 
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Figure 3. RMSE base on covariate which each marker represents the total annual mean temperature (Kelvin) for each polynomial 
function degree value. Some values were remove since they made y-axis too large (refer to Table 1, Chapter 1 for more 
information). 

 

Figure 4. RMSE base on covariate which each marker represents the total annual minimum temperature (Kelvin) for each 
polynomial function degree value. Some values were remove since they made y-axis too large (refer to Table 1, Chapter 1 for 
more information). 
 

library(fields) 
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var <- "precip" 

weather <- read.table(paste ROOT /",var,"_avg_all_nfold.txt",sep=""), header=T,sep="") 

weather2 <- weather[weather[,5]>0,] 

for (Dm in seq(1.6,4,.2) ) { 

 for (nstp in seq(1,11,1)){ 

  root <- paste("ROOT",Dm,"/SUB_FOLDER/",sep="") 

  DEM <- 5 

  Aspect <- 6 

  Slope <- 7 

  weather3 <- weather2[weather2[,68]!=nstp,] 

  Radar <- 44 

  NDVIavhr <- 8 

  NDVImod <- 20 

  PSI <- 32 

  for (month in seq(56,68,1){ 

   weather2_1 <- weather2[weather2[,Radar]>0,] 

   weather3_1 <- weather3[weather3[,Radar]>0,] 

   weather4 <- data.frame(weather3_1[2:3], weather3_1[DEM]) 

   grid <- data.frame(weather2_1[2:3],weather2_1[DEM]) 

   pre <- predict(fit,grid) 

   write.table(pre,paste(root,'nfold',nstp,'avg',month,sep="_")) 

   NDVIavhr <- NDVIavhr + 1 

   NDVImod <- NDVImod + 1 

   PSI <- PSI + 1 

   Radar <- Radar + 1 

  } 

 } 

}  
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APPENDIX B: 

 

 

 

 
Figure 1. Shows histograms for all four variables for one cell from 1950 to 2000 time period, x-axis are the variable 
value range and y-axis are the calculated cumulative distribution function (CDF). The left column represents the 20th 
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century experiment for bccr_bcm2_0 GCM and the right column represents the same location and time span for the 
observational data create. 
 
 

 

Figure 2: Left column is the difference between our downscale and the BCD product for GCM model bccr_bcm2_0 
for year 2050. The resolution is 12km by 12km. Right column is the histogram of the image on the left, we can see 
that both data are very similar and the differences can be explained because of the improvements made on the 
observational data. Redline represents the mean. 
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Figure 3. All 100 simulations predictions with overlay (red) binary classification of 50% confidence. 

 
 

 
Figure 4.  Baseline and 100 simulations without threshold 
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Figure 5. ENM for American pika base on pessimistic scenario (sresa2) agreement of five GCM (Top) baseline not 
considering uncertainty, (Bottom) ten simulations utilizing uncertainty on climate surfaces using Monte Carlo 
method. 
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Figure 6. ENM for Marmot base on optimistic scenario (sresb1) agreement of five GCM (Top) baseline not 
considering uncertainty, (Bottom) ten simulations utilizing uncertainty on climate surfaces using Monte Carlo 
method. 

 
Figure 7. ENM for Marmot base on pessimistic scenario (sresa2) agreement of five GCM (Top) baseline not 
considering uncertainty, (Bottom) ten simulations utilizing uncertainty on climate surfaces using Monte Carlo  
Method 
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Figure 8. ENM for golden-mantled base on optimistic scenario (sresb1) agreement of five GCM (Top) baseline not 
considering uncertainty, (Bottom) ten simulations utilizing uncertainty on climate surfaces using Monte Carlo 
method. 

 
Figure 9. ENM for golden-mantled base on pessimistic  scenario (sresa2) agreement of five GCM (Top) baseline 
not considering uncertainty, (Bottom) ten simulations utilizing uncertainty on climate surfaces using Monte Carlo 
method. 
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Figure 10. ENM for Belding squirrel base on optimistic scenario (sresb1) agreement of five GCM (Top) baseline 
not considering uncertainty, (Bottom) ten simulations utilizing uncertainty on climate surfaces using Monte Carlo 
method. 

 
Figure 11. ENM for Belding squirrel base on pessimistic scenario (sresa2) agreement of five GCM (Top) baseline 
not considering uncertainty, (Bottom) ten simulations utilizing uncertainty on climate surfaces using Monte Carlo 
method. 
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ClimSurf Val  CDF  20c3m Val CDF 

258.8344 0.123319 262.5904 0.124353

261.675 0.247991 262.5904 0.248707

262.7406 0.37317 264.1426 0.373796

262.7488 0.498354 264.1771 0.4989

263.1143 0.623712 264.3813 0.624102

263.2417 0.74913 264.4668 0.749344

263.2537 0.874555 264.5694 0.874635

263.2981 1 264.7266 1
Table 1. A sample  for minimum temperature calculation basis. 

 
Variable  Tmax  

Oct 
Tmax  
Jun 

Tmin  
Jun 

Pr  
Jan 

Tmax 
 Jan 

Pr 
 Apr 

Pr
Jun 

Tmean 
Apr 

Dem Pr 
Oct 

Tmin
 Jan 

Tmax 
Apr 

Tmean 
 Jan 

Tmean 
Oct 

Tmean
 Jun 

Tmin
 Apr 

tmin 
Oct 

Percent 
contribution 

27.4  20.9  11.4  7.7  5.4  5.3  5.1 3.7 3.3 3.2 3.2 2.2 0.7  0.4  0.1 0 0

Table 2.  Relative contributions of the environmental variables to the Maxent model for the current baseline without 
considering uncertainty for American Pika. 
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Figure 1. Study area is about 1710000 square kilometers, whose extent is 49° to 32° latitude and 
124.7° to 112.9° longitude. It includes California, Oregon, Washington, Nevada, Idaho, 
Montana, Utah, and Arizona 

Figure 2. Flow chart the process of cleaning data, * represents human checking. 

Figure 3. Weather Station localities for all four climatic variables (precipitation, maximum 
temperature, minimum temperature, maximum temperature) ranging from 1950 to 2000. A total 
of 552 stations for precipitation, 337 stations for maximum temperature, 381 for minimum 
temperature, and 415 stations for mean temperature. 
 
Figure 4: Histograms for ClimSurf, PRISM, WorldClim for total annual precipitation (mm). The 
overall patterns of all three surfaces are similar. 
 
Figure 5: (Top row) Comparison of PRISM, WorldClim, and ClimSurf for total annual 
precipitation. (Bottom row) The bitwise difference between all three climate surface products. 
Data was rescaled to match the highest spatial and temporal resolution which was 4km2 and 
average of 1950-2000. 
 
Figure 6. Comparison of interpolating radar data from 4km2 to 1km2 using multiple algorithms 
(Universal Kriging, Regular Spline, Inverse Distance Weighted, and Thin Plate Spline) for the 
month of Janauary.  
 
Figure 7.  Plot of all the months for values retain when generating the ten-fold cross-validation 
x-axis observer station data, y-axis interpolated model prediction for precipitation (mm). (Top) 
radar as a covariate with polynomial function of 2 (Bottom) DEM as covariate with polynomial 
function of 2.2. 
 
Figure 8. The uncertainty of total monthly precipitation (mm) for each covariate, using the best 
polynomial function. 
 
Figure 9.  The uncertainty for total annual precipitation (mm), for multiple covariates (TOP) by 
dividing elvation into four different classes: (1)  <  550 (3062 points), (2) 550 – 1174 (5998 
points), (3) 1175 – 1822 (936 points), (4)  > 1822 (168 points) (BOTTOM) by eco-region, four 
classes are in located in our study area, (1) Marine west coast forest (752 points), (2) 
Mediterranean California (1307 points), (3) North American deserts (2027 points), (4) 
Northwestern forested mountains (1864 points). 

CHAPTER 2: Reducing the uncertainty in ecological niche modeling for four alpine mammals 
in the western United States  

69 
 



 
 

Figure 1. Sierra Nevada region located on the eastern part of California and western of Nevada, 
approximated 63,100 km2 area. 

Figure 2. A close up of the Sierra Nevada. The new data downscaled at 1 km2 using ClimSurf is 
shown on the left, and the BCD at 12 km2 is shown on the right.. Image represents scenario B1, 
GCM bccr_bcm2_0 for 2050. 

Figure 3. (Top) Baseline current ENM without considering uncertainty, apply a 5% omission 
threshold, (Bottom) 100 simulation considering uncertainty, apply a 5% omission threshold, and 
then apply a 50% confidence on all simulation. 

Figure 4.  A sensitivity analysis for American Pika for ten simulations which includes one 
uncertainty surface to determine which climate surface has the biggest impact on ENM. 

Figure 5.  ENM for American pika  base on optimistic scenario (sresb1) agreement of five GCM 
(Top) baseline not considering uncertainty, (Bottom) ten simulations utilizing uncertainty on 
climate surfaces using Monte Carlo method. 

APPENDIX A. 

Figure 3. RMSE base on covariate which each marker represents the total annual precipitation 
(mm) for each polynomial function degree value. Some values were remove since they made y-
axis too large (refer to Table 4, Chapter 1 for more information). 

Figure 4. RMSE base on covariate which each marker represents the total annual maximum 
temperature (Kelvin) for each polynomial function degree value. Some values were remove since 
they made y-axis too large (refer to Table 1, Chapter 1 for more information). 

Figure 3. RMSE base on covariate which each marker represents the total annual mean 
temperature (Kelvin) for each polynomial function degree value. Some values were remove since 
they made y-axis too large (refer to Table 1, Chapter 1 for more information). 

Figure 4.. RMSE base on covariate which each marker represents the total annual minimum 
temperature (Kelvin) for each polynomial function degree value. Some values were remove since 
they made y-axis too large (refer to Table 1, Chapter 1 for more information). 

APPENDIX B:  

Figure 1. Shows histograms for all four variables for one cell from 1950 to 2000 time period, x-
axis are the variable value range and y-axis are the calculated cumulative distribution function 
(CDF). The left column represents the 20th century experiment for bccr_bcm2_0 GCM and the 
right column represents the same location and time span for the observational data create. 
 
Figure 2: Left column is the difference between our downscale and the BCD product for GCM 
model bccr_bcm2_0 for year 2050. The resolution is 12km by 12km. Right column is the 
histogram of the image on the left, we can see that both data are very similar and the differences 
can be explained because of the improvements made on the observational data. Redline 
represents the mean. 
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Figure 3. All 100 simulations predictions with overlay (red) binary classification of 50% 
confidence. 

Figure 4.  Baseline and 100 simulations without threshold 
 
Figure 5. ENM for American pika base on pessimistic scenario (sresa2) agreement of five GCM 
(Top) baseline not considering uncertainty, (Bottom) ten simulations utilizing uncertainty on 
climate surfaces using Monte Carlo method. 

Figure 6. ENM for Marmot base on optimistic scenario (sresb1) agreement of five GCM (Top) 
baseline not considering uncertainty, (Bottom) ten simulations utilizing uncertainty on climate 
surfaces using Monte Carlo method. 
 
Figure 7. ENM for Marmot base on pessimistic scenario (sresa2) agreement of five GCM (Top) 
baseline not considering uncertainty, (Bottom) ten simulations utilizing uncertainty on climate 
surfaces using Monte Carlo  
Method 
 
Figure 8. ENM for golden-mantled base on optimistic scenario (sresb1) agreement of five GCM 
(Top) baseline not considering uncertainty, (Bottom) ten simulations utilizing uncertainty on 
climate surfaces using Monte Carlo method. 
 
Figure 9. ENM for golden-mantled base on pessimistic  scenario (sresa2) agreement of five 
GCM (Top) baseline not considering uncertainty, (Bottom) ten simulations utilizing uncertainty 
on climate surfaces using Monte Carlo method. 
 
Figure 10. ENM for Belding squirrel base on optimistic scenario (sresb1) agreement of five 
GCM (Top) baseline not considering uncertainty, (Bottom) ten simulations utilizing uncertainty 
on climate surfaces using Monte Carlo method. 
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