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INTRODUCTION  

The Grand Mesa located in Western Colorado between the cities of Grand Junction and Delta 

and has an area of about 500 square miles (Figure 1). Snowfall on the Grand Mesa provides 

water for municipal and irrigation supplies in the Grand Valley as well as parts of the 

Gunnison Valley to the south. Snowmelt is stored in several hundred natural lakes as well as 

reservoirs on top of the Grand Mesa. Currently, reservoir management and water year plans 

are based on limited surface data, such as the two SNOTEL sites located on the Grand Mesa 

(NRCS 2019) (Figure 2). Snow water equivalent (SWE) measurements made at SNOTEL 

sites help water providers determine the quantity of water stored in the Grand Mesa’s 

snowpack each winter and spring. Some water providers also conduct their own snow 

course measurements (depth and SWE) in selected locations. However, SNOTEL sites and 

these adhoc snow surveys are sparse and do not cover the wide variety of factors and 

terrain that influence snow accumulation and snowmelt.  

The purpose of this study is to analyze spatial data in addition to surface data and relate this 

to estimates of water yield. Here we use a remotely sensed snow cover (presence/absence) 

data product from the MODIS Terra satellite (Rittger, Painter and Dozier, 2013). Snow 

sensitivity, defined as areas that are more inclined to a decrease of snowfall given an 

increase in temperature, increases due to climate change creating supply concerns in arid 

watersheds (e.g., Mankin & Diffenbaugh, 2015; Naz et al., 2016) such as the Grand Mesa. 

Hammond, Saavedra and Kampf (2018) examined snow persistence, defined as the 

percentage of time of snow covers the ground over a certain period, in smaller watersheds 

that have snowmelt dominant streams across the State of Colorado. They found that arid 

watersheds were colder rather than wet.  The Grand Mesa is a relatively lower elevation 

watershed, which is susceptible to becoming rain dominant rather than the traditional snow 

dominant in the future. As the Grand Mesa is the primary water supplier for the Grand 

Valley, its users depend on a large snowpack for the following water year.  

Using this paper as the basis of our study we: 

1) Examine the influence of topographic factors on snow persistence as measured with 

MODIS remotely-sensed data, and 

2) Relate snow persistence metrics generated from MODIS data to water yield in a 

data-sparse watershed within the Upper Colorado River basin. 

We investigate these relationships over water years 2016 to 2019, which span above and 

below average water years to understand how they are influenced by high and low snow 

years. 
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Figure 1. Grand Mesa study area. Mesa and Delta counties, Colorado. 

 

Figure 2. Study area displaying USGS stream gage sites and NRCS SNOTEL sites. 
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STUDY AREA 

The top of the Grand Mesa consists of volcanic basalt, while the steep cliff sides consist of a 

Cretaceous layer, composed of limestone and sands, known as the Mesaverde Group (Yeend, 

1969). Towards the bottom of the Grand Mesa the geology consists of Mancos Shale.  

During the last glaciation period (10,000 to 30,000 years before present) the entire surface 

of the Grand Mesa was covered by glaciers. This glaciation and subsequent retreat created 

the 100 + lakes on top of the Grand Mesa (Yeend, 1969).  

The Grand Mesa has a wide variety of vegetation as the region covers a wide elevation 

gradient. Juniper and Sagebrush shrublands cover areas below 2,200 meters.  Scrub brush 

transitional areas cover elevations around 2,286 meters. Rising above 2,500meters, the 

vegetation consists of spruce and fir forests. Aspen communities are present on the Grand 

Mesa as well (Yeend, 1969). 

Average annual precipitation is 76.2 cm on the Grand Mesa, not including winter snowfall. 

Precipitation occurring as rainfall occurs in the summer during thundershowers. Snowpack 

is greatest on the Grand Mesa in April and ranges between 124 cm to 205 cm (Yeend, 1969). 

Runoff begins in April and typically peaks in June (Yeend, 1969) (Figure 3).  

 

Figure 3. USGS stream gage (09143000) data from Surface Creek near Cedaredge, Colorado for the year 

2019. January1, 2019- December 31,2019.  
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DATA 
Snow Telemetry (SNOTEL) data from the Natural Resource Conservation Service (NRCS) 

provides surface point time series data of snow depth and SWE  

(https://www.nrcs.usda.gov/). There are SNOTEL stations across the western United 

States. These stations provide data such as snow depth, SWE, and temperature. There are 

two SNOTEL sites used for the Grand Mesa, Mesa Lakes (ID 622), which is stationed at 3,050 

m and drains into the Plateau Creek basin, and Park Reservoir  (ID 682), which is stationed 

at 3,030 m and drains into the Kannah Creek basin (Figure 2) (NRCS 2019). SNOTEL site(s) 

daily recordings were averaged to get a yearly SWE average. Daily recordings were 

gathered January 1 through July 3 of the study year.  

The United States Geological Service (USGS) has stream gages that provide runoff data 

(https://waterdata.usgs.gov/nwis/rt). Though, the USGS stream gages gather runoff data 

this does not include snowmelt runoff that has been diverted or stored on or off the Grand 

Mesa upstream of these gages. Plateau Creek (gage ID 09105000) is located on the Northern 

drainage of the Grand Mesa, below the town of Mesa, Colorado. Surface Creek (gage ID 

09143000) is located on the Southern drainage of the Grand Mesa, above the town of 

Cedaredge, Colorado (USGS).  It is believed that minimal diversions occur upstream of the 

Surface Creek gage. However, irrigation and municipal water supply reservoirs upstream of 

the Plateau Creek gage likely influence this gage. These two stream gages were used to 

approximate runoff volumes from the Grand Mesa. For this study, data from selected dates, 

January 1 through September 1 and daily runoff was averaged to get a single runoff number 

for each year.  

Topographic models were derived the National Elevation Dataset (NED) from the United 

States Geological Survey (USGS). (https://www.usgs.gov/) The NED was used to categorize 

slope, aspect, and elevation for our study. The original resolution of this dataset is 30m x 

30m; however, topographic raster data was re-sampled to match the approximately 500m x 

500m resolution of the MODIS data. 

MODIS/Terra Snow Cover Daily L3 Global 500m Grid (MOD10A1) from the National Snow 

and Ice Data Center (NSIDC) was the MODIS satellite imagery used in this study 

(https://nsidc.org/). This MODIS product determines if the area within a pixel has the 

following properties (mutually exclusive) snow, ice, cloud, day, night, and missing data 

(Rittger, Painter and Dozier, 2013). MODIS images over a certain area are sampled every 8 

days. MODIS technology assessing snowpack is sparse; therefore, product accuracy is not 

established (Hall et al., 2002).  

METHODS 
SNOTEL data were used to estimate maximum SWE for each study year by taking hourly 

measurements, averaging from the time frame January 1- July 3. These data were reported 

as daily depth and SWE sampled at a defined point in time each day. Snow depth and SWE 

data were averaged for the date range (January 1- July 3). 

Stream gage data were reported in cubic feet per-second, which were converted to cm 

following Equation 1. Stream flow was converted to depth to compare with SWE, which is 

https://www.nrcs.usda.gov/
https://waterdata.usgs.gov/nwis/rt
https://www.usgs.gov/
https://nsidc.org/
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also reported as a depth (cm).  Stream gage data were reported as average daily discharge. 

These daily values were averaged for the date range (January 1-September 30).  

Average daily discharge records for each stream gage over the runoff period using the 

following equation: 

𝐷𝑎𝑦𝑠 𝑜𝑛 𝑟𝑒𝑐𝑜𝑟𝑑 × 
𝑓𝑡3

𝑠
 ×  

𝑠

𝑑𝑎𝑦 
 ×  

1

𝐷𝑟𝑎𝑖𝑛𝑎𝑔𝑒 𝐴𝑟𝑒𝑎
𝑆𝑞𝑢𝑎𝑟𝑒 𝑀𝑖𝑙𝑒𝑠 

 × 
𝑚𝑖2

𝑓𝑡2
 ×  

𝑐𝑚

𝑓𝑡

= 𝑅𝑢𝑛𝑜𝑓𝑓 𝑑𝑒𝑝𝑡ℎ (𝑐𝑚) 
 

(1) 

MODIS data were processed in R (R Core Team, 2014) using the following packages; raster 

(https://CRAN.R-project.org/package=raster), rgdal (https://www.gdal.org) and gdalUtils 

(https://www.gdal.org). 

Packages were used to process the MODIS data into a format compatible with ArcGIS. R was 

used to re-classify the MODIS data as Snow / No Snow / No Data. We also used R to   

calculate the snow cover index, defined below in Equation 2.  

While MODIS snow cover data contain many categories related to snow cover, ice cover, 

could cover, etc. the following algorithm was used to reclassify the MODIS data into a simple 

binary raster indicating the presence of snow in the majority of a pixel (1) or no snow (0). 

MODIS data “MOD10A2” classifies pixels as snow (snow, ice) and no snow (soil, vegetation, 

water).  

Following Hammond, Saavedra and Kampf (2018), we calculated “snow cover index” (SCI) 

based on the percent of time a pixel was considered to contain snow from January 1- July 3. 

For a single pixel, SCI is calculated as follows: 

𝑆𝐶𝐼 = ∑ 𝑆𝑛𝑜𝑤 𝑃𝑟𝑒𝑠𝑒𝑛𝑡

𝑛

𝑖=1

𝑛⁄  

 

(2) 

Where n is the number of MODIS snow cover images evaluated over the study period for 

each year. This equals a percentage of time where a pixel was considered to be covered with 

snow. Rasters of SCI for the study area from 2016 to 2019 are shown in Figure 4, below. 

 

https://cran.r-project.org/package=raster
https://www.gdal.org/
https://www.gdal.org/
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Figure 4. Snow persistence index for the four study years. Points indicate the location of the two SNOTEL 

sites located on the Grand Mesa.  

Geospatial analysis was performed in ArcGIS Pro 2.3.0 (ESRI ,2018). We used spatial analyst 

tools to convert the original DEM into slope and aspect rasters. These topographic rasters, 

along with the DEM, were then resampled and binned into classes (Figure 5). Topographic 

rasters were resampled to match the 500-meter resolution of the MODIS data. Rasters of SCI 

were overlain topographic rasters such as elevation, slope and aspect. The Zonal Statistics 

tool was used to calculate SCI averages within each category of topographic data (i.e., bands 

of elevation and ranges of slope and aspect). 

 

2017	2016	

2018	 2019	
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Figure 5. Elevation (top), slope (middle), and aspect (bottom) rasters for study area.  
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The statistical correlation between SCI and topographic variables was evaluated in R using 

multiple linear regression models, summary statistics, and Tukey’s ‘Honest Significant 

Difference’ method for comparing the differences in mean values among groups of predictor 

variable values (e.g., ranges of slope or aspect values) (Miller 1981, Yandell 1997).  

RESULTS 

EMPIRICAL COMPARISON OF SCI AND TOPOGRAPHIC VARIABLES 
Our initial analysis compared the average value of SCI within categories or classes of 

topographic variables. The slope model (Figure 6) shows that snow had the longest average 

persistence, between 45% to 55%, at slopes between 60 to 70 degrees. Slopes higher than 

70 degrees had a severe drop in snow persistence, likely due to avalanches. Slopes lower 

than 60 degrees had a similar SCI of 30 to 50%, depending on the snow year. The aspect 

model (Figure 7) shows snow persistence with Northeast facing aspects had the longest 

persistence at 45-60% SCI. Southwest facing aspects had the lowest snow persistence with 

an SCI percentage of 25-55% depending on the snowfall amount. The elevation model 

(Figure 8) shows that snow had a longer persistence at 2500 m with an SCI near 100% for 

years 2016-2019. At 1400 m snow persistence was lowest with an SCI below 20% for years 

2016-2019.  

 

Figure 6. Slope raster topography with calculated SCI. Land area within each category of slope plotted 

in black. 
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Figure 7. Aspect raster topography with calculated SCI. Land area within each category of aspect 

plotted in black. 

 

 

 

Figure 8. Elevation raster topography with calculated SCI. Land area within each category of elevation 

plotted in black. 
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Figure 9, 10, and 11 compare area-weighted SCI, calculated as the average value of SCI in 

each topographic variable class multiplied by the percent of total study area within that 

class. This analysis identifies the ranges of topographic variables most influential for 

snowpack. For example, snow persistence increases monotonically with elevation, peaking 

at the highest elevation, around 3,000 m. However, the area-weighted SCI peaks around 

2,500 m due to a greater percentage of total area within that elevation band. 

In Figure 9, slope bands with a small area, such as 30 degrees and greater, have a much 
lower SCI percentage. Therefore, areas with a slope of 10 to 20 degrees had the highest 

snow persistence, likely due to the large area that is between 10 and 20 degrees. In Figure 

10, aspect bands with the highest area percentage had the highest SCI percentage when 

looking at the size of the area. Figure 11 shows little correlation of a larger area having 

longer snow persistence. Snow persistence between elevations differ due to average 

temperature; therefore, the elevation bank with the largest area, 1750 m, does not have the 

highest area-weighted SCI, which falls at 2,500 m.  

Snow persistence and raster band relationships varied from year to year, showing that 

snowfall amount increases/decreases persistence on specific slopes, aspects, or elevations. 

However, the overall pattern or relationships between these topographic variables and SCI 

does not appear to change from year to year. SCI percentage for peak slope (60-70 degrees) 

had a difference of 10%, between the low snow year of 2018 and the high snow year of 

2019. SCI percentage for peak aspect (Northeast aspect) has 20% difference between 2018 

and 2019. SCI percentage for peak elevation (2500m) had a 20% difference between 2018 

and 2019.  Although, both years were relatively high, 80% for 2018 and 100% for 2019, 

showing that snowfall amount has less of an impact on persistence between elevations. 

 

Figure 9. Area-weighted SCI (percentage) for slope raster. 
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Figure 10. Area-weighted SCI (percentage) for the aspect raster. 

 

 

 

Figure 11. Area-weighted SCI (percentage) for elevation raster. 
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Figure 12. Average SWE, Water Yield, and average SCI across the study area for the Plateau Creek USGS 

stream gage and the 622 SNOTEL site. 

 

 

Figure 13. Average SWE, Water Yield, and average SCI across the study area for the Surface Creek USGS 

stream gage and the 682 SNOTEL site. 

SNOTEL SWE data and USGS runoff data is collected for water users and managers to get the 

most accurate prediction of water amounts for the following year. Both Plateau Creek and 

Surface Creek are heavily diverted water sources from the Grand Mesa. Therefore, it is safe 

to assume that runoff is lower than the actual yield, since water has been diverted before 

reaching gage stations. Plateau Creek comes from a larger drainage basin than Surface 

Creek, therefore runoff number is higher in Plateau Creek versus Surface Creek. 2016-2019 

SWE averages fall on the 30-year average for the Plateau Creek SNOTEL stations that is 

Mesa Lakes (Figures 12 and 13). The Mesa Lakes SNOTEL station is relatively sheltered 

(Yeend, 1969), compared to other SNOTEL stations on the Grand Mesa, this causes less but 
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more consistent yearly snowfall than other spots on the Grand Mesa. The Mesa Lakes 

SNOTEL station stayed consistent with SWE averages, though 2018 was barely under the 

30-year average, while 2019 was barely above the 30-year average.  

The pattern of average SCI for the study area followed the SWE and runoff depths fairly well 

from year to year (Figures 12 and 13). This means it is likely a relatively informative 

indicator of snowpack status. It is interesting to note that the very low snowpack year of 

2018, which showed low runoff depth and SWE compared to other years, only showed a 

slight dip in SCI. This may indicate that SCI is not very sensitive to low snow years. 

STATISTICAL ANALYSIS OF SCI AS A FUNCTION OF TOPOGRAPHIC 
VARIABLES. 
We first consider the continuous relationship between SCI and our topographic variables in 

general and year to year (Figure 14). This is a similar analysis as was shown in Figures 6, 7, 

and 8; however instead of using classes and average SCI, we consider SCI values and 

topographic variable values as continuous variables. Note that degrees for the aspect 

variable are defined as north at 0°, east at 90°, south at 180°, and west at 270°.  

As with Figures 6, 7, and 8, the patterns between SCI and topography hold year to year. SCI 

has a weak linear correlation with aspect (p = -0.03 to 0.05, Table 1), but a stronger 

sinusoidal correlation (Figure 7), SCI appears to peak around a slope range of 10-20°then 

taper off at steeper slopes and is slightly linearly correlated (p = 0.06 to 0.1). Finally, SCI 

increases with elevation with a strong correlation (p > 0.9). 

Table 1. Pearson correlation coefficient values between topographic variables and mean SCI across all 

study years. 

 2016 2017 2018 2019 

Slope 0.06 0.10 0.09 0.10 

Aspect -0.03 -0.05 -0.03 -0.04 

Elevation 0.96 0.97 0.93 0.97 

Mean SCI 48 38 36 54 
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Figure 14. Scatterplots of SCI as a function of topographic variables (grey dots, from 2016). Colored 

lines are locally estimated scatterplot smoothing (LOESS) lines showing a smoothed trend of the SCI 

data for each year in the study. 
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Figure 15. Boxplots of SCI by Aspect and Slope Classes. Note that aspect classes represent a 90° window 

centered on each cardinal direction. Color groupings represent categories whose mean SCI are 

statistically not different (different colors are statistically significantly different). These boxplots were 

generated from 2016’s SCI data. 
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In Table 1, we consider how inter-annual variability in snowpack or SCI influences the 

correlation between the topographic variables and SCI. In our low snow year (2018), the 

correlation with slope was strong but less strong than in higher snow years. This may be 

due to an overall lack of snow thereby diluting this signal. Correlation values between 

aspect and SCI were not noticeably influenced by higher or lower average SCI values. 

We compared the differences among mean SCI values across topographic categories of 

aspect and slope (Figure 15). Not surprisingly, we found that the mean SCI value for north 
facing slopes (315° to 45° azimuth) was the highest and significantly different than the 

other categories. South facing slopes were significantly different from the others with the 

lowest mean SCI value. East and west slopes were not significantly different and had mean 

SCI values that fell in between north and south. For slope categories, the highest mean SCI 

value fell in the 10-20° bin and the lowest in the 0-10° bin. This was surprising because so 

much of the top of the Grand Mesa is relatively flat. Both of these slope categories were 

significantly different from each other and slopes > 20°, all of which were significantly 

different from the first two slopes categories but not from each other.  

Finally, we created linear, multiple regression models with the three topographic variables 

as continuous predictor variables and SCI (2019) as a continuous response variable. The 

datasets used were the co-located 500 m grid cells of topographic raster and SCI data. We 

began with a single predictor variable of elevation and then created and compared two 

more additive models: the second with elevation and aspect and the third with elevation, 

aspect, and slope: 

• Model 1: SCI ~ elevation 

• Model 2: SCI ~ elevation + aspect 

• Model 3: SCI ~ elevation + aspect + slope 

In each model, all intercepts and predictor variable coefficients were significant (p < 2E-16 

for all, see model diagnostics in Appendix). Though aspect and slope show weak 

correlations, the great number of data pairs we used to fit these models likely influenced the 

statistical significance of all coefficients (26,986 degrees of freedom).  

By adding aspect and then slope as predictor variables, the adjusted R2 values increased 

from 0.9403 to 0.9405 and 0.9408, respectively. This indicates only a very marginal 

increase in explanatory power by adding these variables to the model. Nevertheless, each 

model showed a small, albeit statistically significant increase in predictively ability of SCI as 

determined in an analysis of variance calculation (Table 2). Regardless of the statistical 

significance of aspect and slope as predictor variables of SCI, elevation accounts for most of 

the variability in predicting SCI.  

Table 2. Multiple linear regression model comparison. 

 

 Linear Regression Statistics ANOVA Statistics 

Model Residual SE Adjusted R2 F Pr(>F) 

1 6.41 0.9403   
2 6.40 0.9405 85 < 2.2E-16 

3 6.38 0.9408 174 < 2.2E-16 
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DISCUSSION AND CONCLUSIONS 
This project examined four snow years, comparing snowfall from each year to various 

topographic features. Snow persistence for each year was derived from remotely-sensed 

MODIS imagery. The MODIS data were used to better understand how remotely-sensed data 

represents a snowpack over a watershed, and how accurate it is when matched with runoff 

gage stations. The MODIS data were broken into single pixels then layered with 

topographical features such as elevation, slope, and aspect to single out factors that may or 

may not influence snow persistence within a watershed. Various statistical analyses were 

used to find significant patterns between the topographical features and the snow 

persistence for the given year. Patterns between topographic features and snow persistence 

were calculated through various statistical methods. Finding connections between 

topographic features and snow persistence are used to better understand watershed 

function.  

This study contributes to the research on the use of remotely-sensed data to determine a 

watershed’s holding capacity and snowmelt rates. It contributes to the effectiveness of 

using spatial data rather than on-the-ground data. Snow modeling is not only important for 

water yield, but can be used to model flooding in areas where the watershed capacity is full. 

This study shows that while snowfall amount is a crucial indicator on snow persistence, 

elevation is the biggest factor determining snow persistence within the Grand Mesa 

watershed. Water supply on the Grand Mesa is at risk of shrinking in the future due to 

warming temperatures because the high elevation that holds onto snow is a small area 

when looking at the watershed as a whole.   

Throughout this study, I have learned about the complexity of sensitive watersheds, and 

how climate change will affect these watersheds in the future. This research had moving 

parts, which has created new paths I was not expecting to take, like writing code.  This has 

taught me how to become adaptable to various research and analytical methods. I hope to 

pull together the information I have learned and use them to not only benefit my scientific 

basis, but provide education to others on how important our snowpack is.  
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APPENDIX – STATISTICAL TESTING AND MODEL OUTPUTS 

ANALYSIS OF VARIANCE AND TUKEY MULTIPLE COMPARISONS TESTS               
FOR ASPECT 
 

> asp.aov <- aov(MOD10A2_SCI_2016 ~ asp.class, data = sci.data) 
> summary(asp.aov) 
               Df   Sum Sq Mean Sq F value Pr(>F)     
asp.class       3    54860   18287   36.89 <2e-16 *** 
Residuals   26964 13365252     496                    
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
21 observations deleted due to missingness 
 
> TukeyHSD(asp.aov) 
  Tukey multiple comparisons of means 
    95% family-wise confidence level 
 
Fit: aov(formula = MOD10A2_SCI_2016 ~ asp.class, data = sci.data) 
 
$asp.class 
              diff       lwr        upr     p adj 
90-0    -1.3920707 -2.414537 -0.3696047 0.0026445 
180-0   -3.9078431 -4.876138 -2.9395487 0.0000000 
270-0   -1.7398728 -2.706825 -0.7729207 0.0000225 
180-90  -2.5157724 -3.526218 -1.5053270 0.0000000 
270-90  -0.3478021 -1.356961  0.6613570 0.8124621 
270-180  2.1679703  1.213738  3.1222027 0.0000000 

 

ANALYSIS OF VARIANCE AND TUKEY MULTIPLE COMPARISONS TESTS               
FOR SLOPE 
 
> slope.aov <- aov(MOD10A2_SCI_2016 ~ slope.class, data = sci.data) 
> summary(slope.aov) 
               Df   Sum Sq Mean Sq F value Pr(>F)     
slope.class     5    97184   19437   39.33 <2e-16 *** 
Residuals   26983 13335667     494                    
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
> TukeyHSD(slope.aov) 
  Tukey multiple comparisons of means 
    95% family-wise confidence level 
 
Fit: aov(formula = MOD10A2_SCI_2016 ~ slope.class, data = sci.data) 
 
$slope.class 
            diff         lwr        upr     p adj 
20-10  4.2139582   3.3357101  5.0922062 0.0000000 
30-10  1.6270959   0.3306781  2.9235138 0.0046914 
40-10  0.3487465  -1.8034054  2.5008985 0.9973859 
50-10 -3.8008299  -9.3597856  1.7581257 0.3725024 
60-10  3.0524767 -15.2429803 21.3479337 0.9969965 
30-20 -2.5868622  -3.9735924 -1.2001321 0.0000016 
40-20 -3.8652116  -6.0729434 -1.6574799 0.0000090 
50-20 -8.0147881 -13.5954967 -2.4340795 0.0006082 
60-20 -1.1614814 -19.4635597 17.1405968 0.9999734 
40-30 -1.2783494  -3.6832317  1.1265330 0.6547055 
50-30 -5.4279259 -11.0895236  0.2336718 0.0690559 
60-30  1.4253808 -16.9015243 19.7522858 0.9999271 
50-40 -4.1495765 -10.0660575  1.7669045 0.3429487 
60-40  2.7037302 -15.7035105 21.1109708 0.9983667 
60-50  6.8533067 -12.2541981 25.9608114 0.9107211 
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MULTIPLE LINEAR REGRESSION MODEL DIAGNOSTIC STATISTICS 
 
Call: 
lm(formula = MOD10A2_SCI_2019 ~ elv, data = sci.data) 
 
Residuals: 
     Min       1Q   Median       3Q      Max  
-25.7338  -3.6646   0.3189   4.2329  23.1294  
 
Coefficients: 
              Estimate Std. Error t value Pr(>|t|)     
(Intercept) -5.531e+01  1.718e-01  -321.9   <2e-16 *** 
elv          4.760e-02  7.303e-05   651.9   <2e-16 *** 
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
 
Residual standard error: 6.414 on 26987 degrees of freedom 
Multiple R-squared:  0.9403, Adjusted R-squared:  0.9403  
F-statistic: 4.249e+05 on 1 and 26987 DF,  p-value: < 2.2e-16 
 
>  
> lm2 <- lm(MOD10A2_SCI_2019 ~ elv + asp, data = sci.data) 
> summary(lm2) 
 
Call: 
lm(formula = MOD10A2_SCI_2019 ~ elv + asp, data = sci.data) 
 
Residuals: 
     Min       1Q   Median       3Q      Max  
-25.6326  -3.6608   0.3395   4.2192  23.4139  
 
Coefficients: 
              Estimate Std. Error  t value Pr(>|t|)     
(Intercept) -5.455e+01  1.899e-01 -287.301   <2e-16 *** 
elv          4.758e-02  7.294e-05  652.339   <2e-16 *** 
asp         -3.778e-03  4.100e-04   -9.214   <2e-16 *** 
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
 
Residual standard error: 6.404 on 26986 degrees of freedom 
Multiple R-squared:  0.9405, Adjusted R-squared:  0.9405  
F-statistic: 2.132e+05 on 2 and 26986 DF,  p-value: < 2.2e-16 
 
>  
> lm3 <- lm(MOD10A2_SCI_2019 ~ elv + asp + slope, data = sci.data) 
> summary(lm3) 
 
Call: 
lm(formula = MOD10A2_SCI_2019 ~ elv + asp + slope, data = sci.data) 
 
Residuals: 
     Min       1Q   Median       3Q      Max  
-25.0431  -3.7178   0.2614   4.1972  23.9479  
 
Coefficients: 
              Estimate Std. Error  t value Pr(>|t|)     
(Intercept) -5.413e+01  1.920e-01 -281.976   <2e-16 *** 
elv          4.770e-02  7.324e-05  651.302   <2e-16 *** 
asp         -3.901e-03  4.088e-04   -9.543   <2e-16 *** 
slope       -5.904e-02  4.471e-03  -13.204   <2e-16 *** 
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
 
Residual standard error: 6.384 on 26985 degrees of freedom 
Multiple R-squared:  0.9409, Adjusted R-squared:  0.9408  
F-statistic: 1.431e+05 on 3 and 26985 DF,  p-value: < 2.2e-16 
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MULTIPLE LINEAR REGRESSION MODEL ANOVA STATISTICS 
  
> anova(lm1, lm2, lm3) 
Analysis of Variance Table 
 
Model 1: MOD10A2_SCI_2019 ~ elv 
Model 2: MOD10A2_SCI_2019 ~ elv + asp 
Model 3: MOD10A2_SCI_2019 ~ elv + asp + slope 
  Res.Df     RSS Df Sum of Sq       F    Pr(>F)     
1  26987 1110251                                    
2  26986 1106769  1    3481.6  85.436 < 2.2e-16 *** 
3  26985 1099665  1    7104.3 174.335 < 2.2e-16 *** 
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
 

 

 

 


