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LIST OF ABBREVIATIONS 

LIDAR Stands for “Light Detection and Ranging”. It is a remote sensing 
method that uses light in the form of a pulsed laser to measure the 
ground or objects on the ground. Detecting how quickly the light 
returns to the object that is firing the laser can reveal how far the 
item is, and the coordinates can be plotted into a 3 dimensional 
cloud.  

Dune 
Ridge/Crest 

The top “line” of the dune, where the sand crests like a wave. This 
can be detected using LIDAR by detecting areas that are regionally 
higher than the rest of the dunes, using focal statistics.  

Interdune The areas between dune ridges, or dunes in general. These areas 
are defined by an area of almost no slope, and usually light 
vegetation.  

 

OMRRC The One Million Random Raster Cells model, or the secondary 
model created to check for bias in the Grid Based Model 
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ABSTRACT 

Sand Dune Geomorphology occurs much faster than most geological processes, 

and is heavily influenced by the small scale weather events and current climatology. 

Aeolian forces can be difficult to study directly, but they directly affect areas with large 

amounts of free sediment not restricted by vegetation. The Great Sand Dunes National 

Park was upgraded from a national monument in 2000, but the dunes themselves are 

thought to have formed as recently as 18,000 – 400,000 years ago after a large glacial 

lake receded from the valley. There is even evidence that large amounts of sediment 

joined the main dunefield 750 years ago due to a severe and prolonged drought. With 

improvements in technology, it is now possible to look at the dunes with LIDAR, seeing 

the changes from 2014 to 2021.  Using Lidar data, it may be possible to identify 

possible causes or variables that influenced the changes that occurred to the Great 

Sand Dunes over the course of 7 years. Large nearby features like the 14,000 foot 

(4267 meters) Sangre De Cristo Mountains with their effect on the weather, and 

creating ephemeral streams from snowmelt. This study tests and identifies variables to 

ascertain whether they influence the dunes, and may help us predict what may happen 

in the near future, as well as possibly the far future, and the dunes may reveal secrets 

about how the climate is changing as they are impacted by the climate. 

 
Keywords: Great Sand Dunes National Park, Aeolian Geomorphology, LIDAR, 

Climatology 
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ETHICS STATEMENT 

 
Maps have been extremely useful for millennia, and they have shaped the minds 

and ideas of people far and wide for just as long. Maps are made by people, and 

therefore assuming that they are inherently neutral is an incorrect assumption.  

For example, the mercator projection has been accused of disproportionately 

showing the western world, making Europe and locations with high degrees of latitude 

as much larger in area than they truly are in relation to countries and continents that lie 

along the Equator. While a geographer may understand the imperfections of the map, 

the less-informed may never truly grasp the complexities of the map. Other problems 

can arise from simple things such as using varying bins to display data. Misleading 

maps may not be the intention of most geographers, but it is always important to be 

wary when reading a scientific paper or a map due to possible bias. 

My project deals with Geomorphology, which is quite difficult to incorporate 

political bias, yet I still have to be careful because the pursuit of results can add bias to 

my paper. It is in most scientists’ best interest to not only post successful findings, but 

also to show where there was no correlation of data. Finding the absence of data can 

be important data in itself. That is why I am as transparent as possible when it comes to 

how I created my data, and the results of the data. Each process must be thoroughly 

reproducible, so that all results can be tested and verified. My attempts to be as 

accurate as possible led to many extra explanatory variables, which may seem like 

many slight variations of the same variable, but by picking a single way to deal with a 

variable, you can possibly introduce bias and completely alter the results. 
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CHAPTER 1 
INTRODUCTION 

The Great Sand Dunes National Park 

About the Study Area 

According to the USGS, The Great Sand Dunes is thought to have originated 

from a vast lake called Lake Alamosa around 440,000 years ago [5]. The Rio Grande 

Rift valley pulled apart slowly, creating a vast depression that allowed the water to back 

up from the melting of glacial activity in the region. When the waters became too high, 

and the extreme water pressure too immense, the waters broke through a natural dam 

of volcanic deposits to the south near to the Pinon Hills, and likely formed the Rio 

Grande Gorge near Taos, New Mexico. This left behind a vast amount of sediment and 

Prevailing 
Winds 
 

Storm 
Winds 

Spring 
Snowmelt 

Figure 1-1: Arial view of the Great Sand Dunes and the Crestone Mountains. Credit 
(earthobservatory.nasa.gov) Lines added by Joseph Wade 
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a wide area of much smaller lakes, which began to dry up as dramatic changes to the 

climate shrunk them. The Sangre De Cristo mountains are shaped like a bow with the 

more dramatic 14,000-foot peaks towards the ends of either side. The Crestones to the 

Northwest, and Blanca Peak to the South, forms a natural funnel in which air speeds up 

and passes through [3]. Predominant winds push northeast into the corner, funneling 

through the relatively low mountain passes, while storm winds come down the 

mountains, pushing the sediments back onto themselves. In addition, snowmelt from 

large mountain basins form two annual streams that force the sand that progresses too 

close to the mountains back down and to the backs of the dunes. Overtime, the 

sediment formed massive dunes, due to the equilibrium of the sand recycling process 

and the winds. 

The dunes tower up to 741 feet tall from the base. The dunes rest on a gentle 

slope, sitting at an elevation of 7,700 feet at their base towards the southwest, and 

8,300 feet at their base in the northeast. Despite looking a little like the Sahara desert, 

the dunes regularly get snow during the winter. 
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Figure 1-2: Looking Back at the Sangre De Cristo Mountains from the Dune. Credit: 
Joseph Wade 

The photo above was taken by me, facing northeast towards the low pass in the 

Sangre De Cristo mountains. All of those tiny dots are people clambering up the dunes 

around 10 am in the morning in mid July. The region is commonly used by people in 

Colorado Springs as a beach due to the park’s two hour proximity to the city.  

Human impacts on the dunes exist [4] but aren’t as pronounced at the National 

park as some coasts due to the large size of the dunes covering more than 35 square 

kilometers, but there are heavier influences on the eastern side of the dunefield due to 

the proximity of the parking lots and visitor center being located there. 
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CHAPTER 2  
METHODS 

Initial Data 

For this project, I obtained LIDAR data from the US Geological Survey (USGS). 

The LIDAR from 2014 was less dense and had larger individual LIDAR files than the 

2021 LIDAR files. Even though both of the files downloaded cover roughly the same 

area, the 2021 files have about 110 million more points. 

Table 2-1: First LIDAR Data Set 
Official name of data set USGS Lidar Point Cloud (LPC) CO_San-Luis-Valley_2011_000259 2014-

08-27 LAZ (A total of 69 individual files compiled into one) 
Year of publication and/or last 
update 

2014/09/29 

Author and/or owner USGS- Department of the Interior 
URL or FTP address of the 
repository 

https://apps.nationalmap.gov/downloader/#/9/37.597406136666045/-
105.31024622070105/usgs_topo/elevation-source-data-lidar-isfa r/ 

Description LIDAR data  
Coordinate system NAD1983 
Projection system UTM Zone 13N 
Spatial resolution 430,717,645 points  

 

Table 2-2: Second LIDAR Data Set 
Official name of data set USGS Lidar Point Cloud CO_SanLuisJuanMiguel_2020 _D20 

13S_DB_5281 (A total of 119 individual files compiled into one, and a 
larger raster with 1 meter resolution with 1505 DEMS) 

Year of publication and/or last 
update 

2021/10/26 

Author and/or owner USGS- Department of the Interior 
URL or FTP address of the 
repository 

https://apps.nationalmap.gov/downloader/#/9/37.597406136666045/-
105.31024622070105/usgs_topo/elevation-source-data-lidar-isfa r/ 

Description LIDAR data  
Coordinate system NAD1983 
Projection system UTM Zone 13N 
Spatial resolution  543,501,270 points 
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Methodology 

 

 
First, after obtaining the LIDAR data from both 2014 and 2021 (see Figure 2-1, 

part a), we need to process the data so that it is readable by ArcGIS Pro. (b) The files 

downloaded from the website are LAZ extension files, or the compressed versions of 

the readable LAS extension files. Using the tool “Convert LAS”, we must select a folder 

containing all of the LAZ files we downloaded for each year, which in this case was 69 

files for the year 2014 and 119 files for the year 2021. This also does the necessary 

2021 
LIDAR 

Convert 
LAS (b) 

 (69 Files) 

Convert 
LAS 
(119 

Files) 
  

Convert 
LASD File to 

DEM (c) 

Convert 
LASD File to 

DEM 

Use Minus 
to Subtract 
DEMs to 

obtain 
movement 

(d) 

Use DEM’s 
to create 
Variable 
Rasters(e) 

Create Grid 
to 

Summarize 
Data (f) 

(h) 
Average 

Values and 
Sum 

Values into 
Grids 

(i)  
Extract Multi 

Values to 
Points using 

Grids 

Feature 
to 

Points 
for Grid 

(g) 

(k) Perform an 
OLS Regression 

on Variables 

(l) Perform a 
Geographically 

Weighted 
Regression 

(j)  
Summarize 
Within the 
Points to a 
Single Grid 

Analyze the Results 

2014 
 LIDAR 

(a) 

Figure 2-1: Flow Chart for all main Data 
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step of combining all the LAS files into a single point cloud file, or a LASD extension file. 

This is essentially a single database containing all the LIDAR files we need. 

After this, we can convert both the 2014 and the 2021 LASD files into Digital Elevation 

model or DEMs (c).The resolution for the DEMs are 0.5 meters which matches up with 

the current resolution provided by the NAIP imagery. The DEMs use the maximum 

points available, averaged, while all high and low noise points were removed. DEMs 

provided by the government were not used because they were preprocessed, and 

averaged, so vegetation and sharp ridges weren’t visible due to being averaged out. 

After obtaining DEMs for both 2014 and 2021, (e) multiple analyses can occur so that 

our variable rasters can be created. Table 2-3 explains in great depth the variables that 

will be used for analysis.  

In order to do an analysis of the data, I first created a grid over the region, using 

squares that were 300 meters by 300 meters (f). Half-meter resolution rasters are very 

useful for data when we are looking close at individual dunes, but this same resolution 

makes it nearly impossible to eyeball the dunefield as a whole. Summarizing the data 

over these 300 meter by 300 meter squares will show trends that aren’t nearly as 

obvious when it comes to raster data, which is significantly more detailed. Summarizing 

the data into larger squares will make the data much more readable, and larger overall 

trends will be more visible. Squares that contain no data from any single raster variable 

was completely removed, giving the grid a strange “Unicorn Head” shape. Then, in 

order for future data extraction, (h) the Feature to Points tool was used to obtain a grid 

of empty individual points each centered in a square. 
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The Zonal Statistics tool (h) takes the grid in, and a raster in, and outputs to each 

grid square the Average or Sum, depending on what is selected. It then outputs the data 

as a large, 300 by 300 meter resolution raster. We have to do this for each individual 

raster. Averaging the data was used significantly more often, due to the fact that the 

borders of the dunefield were not completely filling up the individual grid squares, 

leading to much lower values in those areas when summations occurred.  

Now with the grids and points available, we need to transform the raster data into 

vector data. Using the points, we can achieve this transformation by using the (i) Extract 

Multi-Values to Points tool. The tool takes in the set of points I made earlier in (g) and 

takes in the all the larger grid rasters, and then compiles all of the data into individual 

points. This means each point will contain all 14 variables, and for aesthetic purposes, 

we will transfer this data back to a vector grid using the Sum feature on the Summarize 

Within tool (j). Since the data was already processed, all that needs to occur is that the 

sum needs to selected for the statistic for each variable. 

After all the variables are compiled into a single grid, exploratory regressions can 

occur to see if there are any noticeable variables (k). The exploratory regression is 

useful to see which variables are significant when compared to the dependent variable, 

and so we can prevent multicollinearity within the model when we run the 

Geographically Weighted Regression. 

In addition to making exploratory regressions for each grid variable, it was 

possible to directly turn each 0.5 meter by 0.5 meter raster cell into a point, and then 

use Extract Multi-Values to Point, so that a direct comparison could be made to see if 

there was bias in using the 300 meter grids. But since there are around 400 million 
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points, and around 10 variables for each point, it is essentially impossible to compute a 

Geographically Weighted Regression without a more powerful computer. 

Instead, I made a random sample of 1 million points using the “Create Random 

Points” tool and constrained it within the dunefield. The minimum distance between 

each point would be 0.707 meters, due to the fact each pixel is 0.5 meters by 0.5 

meters, so the closest a point could be without being in the same cell is the hypotenuse 

of that, or sqrt(0.52 + 0.52 ).  

The Variables on these points are slightly different from the grid variables, due to 

the fact that averages aren’t needed since we are going down to the highest possible 

resolution, therefore bypassing the need for summarizing areas with summations and 

averages. This also means that the variable “Dune Density” is different, since density is 

the amount per grid square, where at such a high resolution, the value will only be 1 for 

a ridge, or 0 for no ridge.  
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Output Raster  Variable Type  Raster Info Initial Data 1st Process 

2014 LIDAR DEM  Core Data 

 

The Elevations of the Dunes in Fall 
2014 

69 Individual .laz files from 
USGS Convert LAS(69.laz) = .lasd 

2021 LIDAR DEM Core Data 

 

The Elevations of the Dunes in Fall 
2021 

119 Individual .laz files from 
USGS Convert LAS(119.laz) = .lasd 

Stream_Distance Explanatory 

 
The Average Distance from nearby 
streams Stream Polygons = SP Euclidean Distance( SP) 

Parking_Lot Distance Explanatory 
 The Average Distance from nearby 
Parking Lots Parking Lot Polygons = PLP Euclidean Distance( PLP) 

Distance from 10000 Explanatory 

 

The Average Distance from 10,000 
feet of Elevation 

1505 USGS 2021 DEM's = 
DEMS Mosaic to New Raster(DEMS) 

Mountain  
Distortion Explanatory 

 

Where are mountains more 
prevalent? Adds more value for 
each nearby high elevation point 

1505 USGS 2021 DEM's = 
DEMS Mosaic to New Raster(DEMS) 

Dune Movement 
from 2014 to 2021 Dependent 

 
Where did the Elevation change 
from 2014 to 2021 

2014 LIDAR DEM, 2021 
LIDAR DEM Minus(2021DEM - 2014DEM) 

True Depth of Sand 
2021 and 2014 Dependent 

 

What is the estimated true depth 
of the sand column compared to 
the soil deep under the ground? 

Gather Example Points 
Using Create Feature Point 
Feature Class around  
Dunefield 

Extract Multi Values from Large 
Low Resolution Raster and 
Distance from 10,000 Feet 

Ridge Density 2014 Dependent 

 

How frequent are Dune Ridges in 
2014 2014 LIDAR DEM 

Use Focal Statistics Mean, 10 
meter circle 

Ridge Density 2021 Dependent 

 

How frequent are Dune Ridges in 
2021 2021 LIDAR DEM 

Use Focal Statistics Mean, 10 
meter circle 

Average Ridge 
Density Change Dependent 

 
How has the frequency of Ridges 
Changed From 2014 to 2021. 
Positive values indicated increased 
ridge density 

Ridge Density 2021 - Ridge 
Density 2014   

Aspect Change 
Average Dependent 

 

Where are aspects Changing the 
most frequently? Better for null 
data on edges Aspect 2014, Aspect 2021 Minus(Aspect_2014 - Apsect_2021) 

Aspect Change Sum Dependent 

 
Where are aspects changing the 
most frequently? Low values on 
edges due to null values Aspect 2014, Aspect 2021 Minus(Aspect_2014 - Apsect_2021) 

 

 Table 2-3: Raster Variables  
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Output Raster 2nd Process 3rd Process 4th Process 5th Process 

2014 LIDAR DEM 
Convert LASD to DEM(max .lasd with no 
noise, 0.5 meter) 

Zonal Statistics Average 
Values to Grid     

2021 LIDAR DEM 
Convert LASD to DEM(max .lasd with no noise, 
0.5 meter) 

Zonal Statistics Average 
Values to Grid     

Stream_Distance Zonal Statistics Average Values to Grid       

Parking_Lot Distance Zonal Statistics Average Values to Grid       

Distance from 3048, 
DISTFROM1000 Con(x>10000) = 1, else = 0 Raster to Polygon (RC) 

Euclidean 
Distance (RtP) 

Zonal Statistics 
Average Values 
to Grid 

Mountain Distortion, 
Mountain 
Interruption 

Reclassify DEM Values. X < 10,000 = 0, 
10,001 - 11,500 = 1.15, 11,501 - 13,000 = 1.3, 
13,001 - 14,500 = 1.4 

Use Zonal Statistics Annulus, 
inner Ring 4km, outer 15km. 
Sum All Values in that area for 
each pixel 

Zonal Statistics 
Average Values 
to Grid   

Dune Movement 
from 2014 to 2021  Zonal Statistics Average Values to Grid       

True Depth of Sand 
2021 

Determine Line of Best fit. Logarithmic Fits 
the best. (-137.2*LN(DistanceF10000) + 
3577.3). Error is about about 10 meters on 5 
test points 

Raster Calculator, Calculate 
values for new raster based off 
of line of best fit and distance 
from 10,000 feet = Nonsand 
Depth 

Subtract 
Nonsand Depth 
from 2021DEM 

Zonal Statistics 
Average Values 
to Grid 

Ridge Density 2014 Subtract Focal Statistics Mean from the DEM 

Isolate Values from 0.2 - 1.2, 
values above are 99% likely to 
be trees,  below not ridges. 
Con (0.2 – 1.2) = 1, all others 0 

Zonal Statistics 
Average Values 
to Grid   

Ridge Density 2021 Subtract Focal Statistics Mean from the DEM 

Isolate Values from 0.2 - 1.2, 
values above are 99% likely to 
be trees,  below not ridges. 
Con (0.2 – 1.2) = 1, all others 0 

Zonal Statistics 
Average Values 
to Grid   

Average Ridge 
Density Change         

Aspect Change 
Average Raster Math,  Absolute Value(Aspect_Minus) 

Con, If ABS(Value) > 180, then 
360 - ABS(Value) = result, else 
ABS(Value) = result 

Zonal Statistics 
Average Values 
to Grid   

Aspect Change Sum Raster Math,  Absolute Value(Aspect_Minus) 

Con, If ABS(Value) > 180, then 
360 - ABS(Value) = result, else 
ABS(Value) = result 

Zonal Statistics 
Sum Values to 
Grid   

Table 2-3: Raster Variables Continued 
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Creating Dependent and Explanatory Raster Variables  

Table 2-3, shown above, includes all the variables that will be explored to see if there 

are any trends or correlations in the variables. It then gives a rough example of what the 

raster variable is, and then shows us the flow of inputs and tools used to obtain that 

variable. The input is the initial data, the 1st process shows the first tool used, taking in 

the initial data, and then the 2nd process takes in the output of the 1st process, the 3rd 

process takes in the input of the 2nd process, and so on. The first two variables are the 

elevation in 2014, and the elevation in 2021, shown as 2014 LIDAR DEM and LIDAR 

2021.DEM. This data is considered core data, because it is used repeatedly to obtain 

most of the other variables. The variables for distance from the parking lots and creeks 

were relatively simple. I prepared the polygons based off of satellite imagery, and then 

did a simple “Euclidean Distance” from these locations to create a 0.5 resolution raster 

for each set.  
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Figure 2-2: Image Showing the locations of the creeks and the parking lots 

 

There was another larger DEM from 2021 that was used, consisting of 1,505 files that 

was 1 meter resolution instead of 0.5. Reducing the resolution down to 1 reduces the 

data by a fourth, significantly making processes run faster involving the raster. This 

raster was used to determine the proximity of each raster pixel to an elevation above 

10,000 feet, or 3,048 meters. The conditional tool was used to set the value of any pixel 

above 10,000 feet to 1, and all other values to 0. The Raster to Polygon tool was then 

used to obtain the polygons that were all elevations above 3,048 meters or 10,000 feet. 

The Euclidean distance tool was then run, giving us another raster variable. 
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Figure 2-3: High Peaks near the Great Sand Dunes National Park  

 
 Mountain distortion is similar to the distance from 10,000 but includes more of a 

weighting system. It would have been preferred to use a different method involving 

viewing angles, but for reasons later stated, it would have been way too computationally 

expensive. Using conditionals again, anything less than 10,000 feet was given a value 

of 0, anything from 10,000 feet to 11,500 feet (or 3,048 – 3,505 meters) was given a 

value of 1.15, anything from 11,501 – 13,000 (3,506 – 3,962 meters) was given a value 

of 1.3, and anything greater than 13,000 (or greater than 3,963 meters) was given a 

value of 1.4. Using the Zonal Statistics tool, an Annulus was used, and the sum of all 

the values within a radius of 4km to 15km was added together. This will essentially 
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show you how many “Mountains” are in the vicinity, making areas with significantly more 

high elevation nearby drastically higher than values with just a few high elevation points 

nearby. This means each nearby high elevation pixel affects the value as opposed to 

just doing a simple “Distance” from 10,000 feet of elevation. 

 Dune movement is a very simple, but very consequential variable. All that is 

necessary to obtain it, is to subtract the 2014 LIDAR DEM from the 2021 LIDAR DEM. 

This will give you positive values where the elevation increased, and negative values 

where the elevation decreased from 2014 to 2021. Looking at Figure 2-4 we can see 

that the dunes aren’t exactly standing still over 7 years. Negative values mean that the 

location lost elevation from 2014 to 2021, and positive values mean that the location 

gained elevation from 2014 to 2021.  
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Figure 2-4: Elevation Change in Meters on a selection of the Dunes 

  

After this, the variables begin to get more complex. True Dune Depth represents the 

estimated pure sand column depth, or trying to remove the bias from the nearby 

mountains. As we head North or East on the dunefield, we find ourselves heading 

towards mountains, and the elevation steadily increases, raising the overall height of the 

dunes. There is a strong correlation between the elevation of the nearby valley 

elevations and the distance from 3,048 meters (10,000 feet), so with a bunch of sample 
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points around the dunefield we could interpolate what the elevation raster might look 

like without the dunefield on top of it. This is extremely useful to see if there are any 

correlations that disregards the eastward and northern increases in elevation. Using 

extract-multi-values from points, values from both the distance to 3,048 meters, and the 

elevation from 2021.  

 

Figure 2-5: Sample Points collected to create True Depth Raster 

 

The values are then compared, exported to csv, and a logistic regression is 

calculated. The R^2 was 0.95, indicating a high correlation and that the values were 

statistically significant. Excel then produced a polynomial regression of best fit, and real 

life data values of the sand column depth was tested. For example, for the tallest dune 

in the Great Sand Dunes from base to top, Star Dune, is 225 meters tall. The formula 
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estimated that the dune had a true height of 215 meters, or an error of 10 meters. Areas 

across the dunefield gave a similar error value. Raster calculator was then used, taking 

in the values of the distance from 3,048 meters (10,000 feet) as the x value, and then 

returning the expected elevation value if the dunefield wasn’t there. I then subtracted 

this raster from the actual elevation, and it returned the “True Depth” raster.  

Ridge Density is another complex measurement that tries to quantify if there are 

multiple dunes in an area, or very few. Ridges can be identified by taking the focal 

statistics of an area. The focal averages are circles with a radius of 10 pixels, or 5 

meters. After obtaining the focal statistics, we can subtract the focal mean from the 

actual DEM, to determine the areas where there is the greatest deviation from the 

mean. The ridges will be areas of high value, while the ditches or trenches will be 

represented by low values. A large percentage of the values on the dunefield are from 

negative 1.5 to 1.5. Anything greater tends to be a value from a tree, so we can ignore 

those values. 
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Figure 2-6: Ridges before being processed. Most values are actually simply from -1.5 to 
1.5. 

After creating the raster, we can simply reclassify any values that are from 0.2 – 

1.2 to 1, and all other values to 0. Then we can calculate the average of each area, and 

this will give us how “Dense” the ridges are in a certain area. We can do this for the 

2014 DEM and the 2021 DEM. For example, if a grid will have a value of 0.036, this 

means that there is a 3.6% chance likelihood that if you pick a random raster cell from 

that grid cell, you will pick a ridge.  
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 To find the ridge change, we simply have to subtract the 2014 Ridge Density 

raster average from the 2021 Ridge Density Raster average. This will give us the 

change of the ridge density average change. If an area is positive, that means more 

ridges appeared from the 2014 to 2021, and if the area is negative, that means the area 

lost ridge density. 

Aspect change is simply the change in degrees from the 2014 Aspect Raster to 

the 2021 Aspect Raster. For example, if the initial value was 359° and the secondary 

value was 1°, the output was a change of 2°. The same output would occur in the 

opposite direction for 359° and 357°. This was achieved by first subtracting the 2021 

Aspect Raster from the 2014 Aspect Raster. Raster math was then used to make all 

output values positive. The maximum value that can exist is a perfect 180-degree 

change, but if we subtracted 1° from 359° we would end up with a change of 358°, even 

though the change was only really 2°. This can be fixed by using a conditional. If any 

values are greater than 180, we automatically know that the value is incorrect. If the 

value is greater than 180, obtain the correct value by subtracting the Absolute Value of 

the value from 360, else return the absolute value of the current value. In Figure 2-7, 

you can see that the areas where the dunes moved forward near the ridges had drastic 

changes to the aspect, shown in yellow. This makes sense, because on the windward 

side of the dune, it may be facing Northeast, but the leeward or downwind side faces 

Southwest. As the dune moves, these slopes on the side where the dune is moving 

rapidly switch directions. 
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Figure 2-7: Aspect Change by Degrees, Yellow values show where drastic changes 
occurred 
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CHAPTER 3 
RESULTS 

Ordinary Least Squares 

Elevation Change  

The first variable that was used as a dependent variable was Elevation Change. 

Elevation change literally defines the movement of the dunes from 2014 to 2021. By 

looking at the elevation change, we can see what direction the dunes are moving. 

 

Table 3-1: OLS Results for Elevation Change for the GRID 

 

 
The initial OLS only had a few variables that showed any signs of a correlation, a 

near perfect negative correlation with the 2014 DEM and a near perfect positive 

correlation with 2021 DEM, with both coefficients being -0.999 and 0.999 respectively. 

This was expected though, because both variables were used to create the elevation 

change raster, so the significance is nearly meaningless. This is further supported by 
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the fact that the Variance Inflation Factor, or VIF is greater than 1,000 for both variables. 

When the VIF is greater than 10, this typically suggests high multicollinearity.  

Using one million random raster cell points from the dunefield, the OLS was run 

again, and the results were very similar.  

 

Table 3-2: OLS Regression for Elevation Change for One Million Random Raster Cells 

 

The coefficients became more defined, with both DEMs becoming more correlated, and 

every other variable becoming less correlated.  

 It is important to keep in mind that low coefficients don’t necessarily mean there 

isn’t a correlation, it means that there isn’t a high value increase or decrease in that 

explanatory variable for each value of 1 that the dependent variable increases. For 

every meter of positive elevation change, it typically means a rise of 1 meter in the 2021 

DEM or an decrease of 0.000002 ridge density in 2021.   

The StdError, or the Standard Deviation, is low on all of the values. In the 2nd run 

through with the raster cells in polygon A, all of the values are so close to 0, that the 
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decimals shown are all 0 except for the intercept. A low standard deviation simply 

means the values are clustered around the mean. The values cannot be truly 0 in this 

instance, because a value of 0 means that all of the values in that explanatory variable 

are the same. This just means that the variables don’t vary that greatly in their 

respective scales in comparison to the variance on the elevation change.  

The t statistic is simply the Coefficient divided by the StdError, which shows that the 

StdErrorvalues aren’t truly 0, due to the values. This value doesn’t mean much by itself, 

but it’s used to obtain the P-value, or the Probability. 

The p value is essentially 0 in every example, whether using the grid or the raster cell 

values from polygon A. The p-value indicates whether the coefficient is statistically 

significant, and since they are all below 0.01, every coefficient is statistically significant. 

If the p-value is low, this means that the chance of the coefficient being essentially zero 

is very small too, indicating the coefficient is significant, even if it is very low. 

Where these two tables disagree is the Variance Inflation Factor (VIF). The VIF 

indicates the redundancy of each variable. As a general rule, you should typically 

remove explanatory variables with a VIF greater than 7.5 one by one from the 

regression model, rerunning the model each time. Both models show that both the 

DEMs, and the True Depth DEMs have extremely high VIF values. This makes sense, 

seeing that the elevation change was made from subtracting the 2014 DEM from the 

2021 DEM.  

Rerunning the model with all of the high VIF values removed gave vastly different 

results.  
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Table 3-3: Rerun Grid Based OLS with High VIF values removed for Elevation Change 

 

Some of the coefficients are visibly higher, such as the 2021 ridge density and the 

ridge change density. Where the StdError was essentially 0 on all previous values, they 

are now visibly higher. 

Most importantly though, the p-values changed. When the p-values are smaller than 

0.05 (95% confidence), this indicates that the coefficient is not likely to be zero, and is 

important to the model. But when they are greater, this indicates that the variable may 

not be helping the model. Only two variables ended up being statistically significant 

when using the GRID, parking lot distance, and the 2021 ridge density.   

Simply put, typically as the elevation change increased positively, the distance from 

the parking lots decreased, and as the elevation change was increased positively, there 

was an increase in the ridge density in 2021.  

Testing this against the one million random raster cells model (OMRRC) with the high 

VIF Values removed, we see different results as well.  
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Table 3-4: 2nd Run of OMRRC for Elevation Change 

 

Every single variable is significant when compared to the grid. The 2021 DEM, 

DistFrom3048, Ridge 2021, Parking Lot Distance, and Aspect change all positively 

correlate with Elevation Change, while Mountain Distortion, both the 2014 and 2021 

Aspects, and the 2014 Ridge values correlate negatively.  

The Adjusted R Squared value, not shown on both tables, was 0.034 for the Grid 

Model for Elevation Change, and 0.124 for the Random raster cell values. This means 

that the random raster cell values model is a better fit. But this also means that both 

models are missing explanatory variables, since an R squared value of 0.124 means 

that the explanatory variables modeled using linear regression explains approximately 

12.4 % of the variation in the dependent variable, or Elevation change in this instance. 

But in this instance, 100% of the variance can be explained by subtracting the 2014 

DEM from the 2021 DEM, so 12.4% isn’t that low, but it could be mostly coming from 

the 2021 DEM, since it was used to create the raster. 
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Aspect Change  

The second variable that was used as a dependent variable was Aspect Change 

Average. Seeing if more drastic changes in direction correlates with certain variables 

such as creek distance, or elevation changes, is useful if we want to try and identify 

which variables affect changes in direction the most. This time to make things simpler 

though, the tables will be shown after the removal of high VIF values.  

Table 3-5: Grid Based Aspect Change OLS after high VIF Removal 

 

The grid model performs very well, achieving an R squared value of 0.34, again 

showing that the explanatory variables explain about 34% of the dependent variable. 

The Grid model indicates that there is a negative correlation with Aspect Change 

against the 2021 DEM. This means, that as we increase the degree change by 1, we 

can expect a decrease in elevation by about 0.078 meters. We can also expect the 

distance from x >= 3048 meters of elevation to decrease by 0.003 meters for each 

increase of 1 degree change, as well as a decrease of 0.002 meters from each creek 

and 0.002 meters from each parking lot. The ridge density drastically changes with each 

increase in a degree change, we can expect a decrease in the likelihood of 

encountering a ridge on that cell by 8,028% in 2021. This makes sense though, 
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because what was a ridge in 2014 is likely to have moved, completely flipping the 

aspect, and now it 2021, there is no ridge there. This is further reflected as well in the 

ridge change variable, which shows that for every increase in a degree change, there 

was an increase in the ridge change chances from 2014 to 2021 by 15,357%.  

 The One Million Random Raster Cells (OMRRC) model performed worse than 

the grid model in this instance, achieving an R squared value of 0.04.  

Table 3-6: OMRRC Aspect Change OLS with high VIF Values Removed 

 

 Every variable was statistically significant with every p value being essentially 0. 

Due to the low overall model performance though, the values are likely insignificant. 

October 2021 Elevation 

Elevation by itself is important because it removes the change aspect of the dunes. 

Could there be a long-term influence on the current elevation that’s due to elevation of 

the neighboring mountains, or distance from the creeks, that isn’t directly affecting 

things in a 7-year period?  

 With the 2014 DEM being included in the final table, the Grid based model had 

an Adjusted R squared value of 1, which means the model’s explanatory variables 
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explained 100% of the dependent variable, the 2021 DEM. The coefficient was a 

positive 1:1 correlation. A correlation between both DEM’s is hardly surprising though, 

so to let the other variables shine more, I removed the 2014 DEM as well.  

Table 3-7: Grid Based Elevation 2021 OLS results after removal of High VIF Values 

 

For every meter of elevation increase in the 2021 DEM, the Average aspect change 

decreased by 1.18 degrees, the distance from 3,048 meters of elevation decreased by 

0.03 meters. While the decrease in the distance from the mountains leading to an 

increase in elevation was expected, the aspect change is rather large. Keep in mind that 

the maximum change that can occur is 180 degrees, and the least is 0, so a decrease 

of 1.18 degrees per 1 meter increase is rather steep. Most of the changes will occur 

near the ridges at the top of the dunes, or at the frontward foot of the dune on the 

leeward side. This means that there may be more movement on the leeward sides of 

the dunes than on the upper parts, due to less surface area.    

The distance from a creek increased by 0.03, the parking lots decreased by 0.01 

meters, and the mountain interference increased by 0.00005 meters for every 1-meter 

increase in the 2021 DEM. The ridge density for 2021 decreased by 13,678% for each 
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increase meter increase, and the amount of ridges that changed from 2014 to 2021 was 

a positive correlation. 

 For the OMRRC Model, the overall model performance was 55%, compared to 

the Grid based model’s 75% after removing the 2014 DEM. This model again showed 

very low p-values for each variable, making every remaining variable’s coefficient 

statistically significant.  

 

Table 3-8: OMRRC Elevation 2021 OLS Model after Removal of High VIF Values 

 

Most coefficients remained quite similar when comparing the significant coefficients, but 

some stand out. Elevation Change for example, decreased by a whole 1 meter 

compared to the Grid Model. Ridge Density for 2021 was completely inverted, showing 

an increase of 409 % in ridge density for every meter increase. Either model could be 

correct in this instance, because the smaller dunes tend to be at lower elevations, due 

to a lack of a large supply of sand, but they also consist of more ridges due to the small 

size of the dunes. This pushes the correlation more negative, but at the same time, 
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ridges are the highest locations in the local area, so they would make the correlation 

more positive.  

October 2021 Ridge Density 

The final dependent variable’s value represents the likelihood that you will pick a 

ridge raster cell in a random assortment in that area. Visually, ridge density seems to 

increase in areas with less sand, because there tends to be more dunes. Ridge density 

also visually appears to increase as we approach the creeks, and then rapidly decrease 

due to the flow of the creek.  

Table 3-9: Grid Based Ridge Density 2021 OLS results after removal of High VIF 
Values 

 

The 2021 Ridge density was positively correlated with the elevation change from 

2014 to 2021 which was expected since this was determined earlier, though the 

coefficient here is lower. The aspect change was negatively correlated, which also 

agreed with the previously run grid-based model. The True Depth averages was just on 

the edge of having a significant coefficient but didn’t pass since it’s p-value was greater 

than 0.05. The distance from the creeks and 3,048 meters of elevation were both 

negatively correlated and had very low coefficients. Mountain distortion shows no 
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coefficient yet is still positively correlated. Ridge Changes from 2014 to 2021 showed a 

positive correlation that can be interpreted as for every increase in a 1% chance 

likelihood of encountering a ridge of a 2021 DEM Raster, there is a 0.62% increase in 

the chance of that ridge changing. This can be more easily understood as that for every 

current ridge in 2021, there is a 62% chance that ridge wasn’t there in that location in 

2014. This means that the dunefield is moving, and few ridges remain in the same 

place.  

 

Table 3-10: OMRRC Ridge Density 2021 OLS Model after Removal of High VIF Values 

 

The Grid based model showed a 34% model performance after removing the high 

VIF values, while the OMRRC model has an adjusted R Squared value of 0.028, 

meaning it the explanatory variables only explains 2.8% of the dependent variable.  

Geographically Weighted Regressions 

 
While the coefficients are useful by themselves, a Geographically weighted 

regression or GWR will show if the coefficients change as we head in a direction 

spatially. Only variables/coefficients deemed to be significant were used in each GWR, 

as well as variables not removed through the VIF process to remove multicollinearity. 
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Only the Grid Model was able to properly be run through a GWR due to the 

computational restraints.  

 Running the first set of significant variables with the dependent variable as 

Elevation change, we ended up with a map for each variable. 

  

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3-1: GWR of Elevation Change against 2021 Ridge Density 

In Figure 3-1, you can see that as we head south in the dunefield, the coefficient 

for ridge density against the dependent variable Elevation change, increases. This 

means that for every meter of positive elevation change, the ridge density for 2021 

increases by roughly 0.1 more in the southern part of the dunefield. Most of the 

variables didn’t show drastic changes for the coefficients over the entire map. For 

example, Elevation 2021 increased as we headed from northwest to southeast, but the 
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coefficient only increased from 0.0000125 to 0.0000131. Mountain Distortion remained 

so low that we can’t see the visual increase displayed on the map.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3-2: GWR of Aspect Change against 2021 Elevation Change 

In Figure 3-2, we can see that the coefficient for elevation change increased as 

we moved west. Below, for Table 3-11, I filled out the direction in which the coefficient is 

increasing in strength. This coefficient clearly is increasing west southwest, or WSW.  

But for Figure 3-3, the coefficient is negative, so for the increasing trend, the direction 

put into the table will be northeast, or NE (-).  
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Figure 3-3: GWR of Aspect Change against the Ridge 2021 

 

Table 3-11: Geographically Weighted Regressions Showing direction of strongest 
coefficient from Grid Based Model 

  Dependent Variables 

  DEM 2021 
Elevation 
Change 

Aspect 
Change Ridges 2021 

Local R Squared SW NNE SSW SE 
DEM 2014 VIF VIF VIF VIF 
DEM 2021 1 SE SSE (-) VIF 
Elevation Change NS 1 WSW N 
Aspect Change SE (-) WNW 1 NE (-) 
Ridges 2014 VIF VIF VIF VIF 
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Ridges 2021 NS S SSE (-) 1 
Ridge Changes NW SE (-) NNW S 
Mountain Int W WSW * NS ESE * 
Dist From 3048 NE (-) SW SSE (-) WSW (-) 
Creeks ESE WSW NW (-) NNE (-) 
Parking  SW (-) NE (-) SSW (-) E 

 

Some of the variables weren’t tested again due to VIF values being too high, or 

they weren’t statistically significant. Both true depths weren’t tested again at all due to 

multicollinearity. Two variables, both mountain interference, had coefficients so small, 

that there was no visible change from the values displayed across the GWR, but the 

map still displayed a spatial change for the coefficients. 

 
Errors 

Aspect Change was by far the most complicated out of the variables. Aspect is 

the direction that a slope is facing on a 360 degree circle, with 0 degrees being north, 

90 ° being east, 180 ° being south, 270 ° being west, and 359 ° being one degree west 

from north. Averaging Aspect values may sound easy, but this flip from 359 to 0 poses 

difficulties. If you average 359° north and 1° north simply, you’ll end up with 180° south, 

which is obviously incorrect. Another problem that consistently shows up is the 

averaging of two aspects that are perfectly 180 ° from each other. If you average 270° 

west and 90° east, technically, you can end up with 2 values, both perfectly north and 

perfectly south at the same time, even if we fix the first problem mentioned. This was 

fixed using python, and essentially viewing the aspects as vectors, giving them both a 

magnitude and a direction. If an aspect was 90° east, it had a coordinate of (1,0), and it 

flipped to 270° west (-1,0), the average would simply be the addition of each individual x 

and y components, or (0,0). This means that the distance the origin (0,0) and the final 



 

44 

coordinate values would be the magnitude. The program successfully worked, 

outputting a magnitude raster, and an average aspect, but for some reason, it couldn’t 

seem to output the final 1/10 of the data for both rasters, leading to incomplete data. 

This rendered the data useless, despite me putting almost a week into getting the 

program to work. This would have been useful, since average direction would have 

incorporated what the direction was, not just the change.  

Another possible problem was using elevation change on the scale from negative 

values to positive values. This ignores the possible correlations of just change. For 

example, if the true correlation of vegetation growth was where the least elevation 

change occurred, most of the values would be centered around 0, so there wouldn’t be 

a correlation between negative-to-positive elevation change, but there would be a 

correlation between least-change to most-change. This is similar to the previous 

problem, but essentially the reverse. 

The real problem I had over the course of this study, was sorting through which 

variables to use and which ones to ignore. Trying to select the right variables, while 

trying to also not overwork my computer so that each process took ten hours, was a fine 

line to walk. When it comes to dealing with the environment, there are so many 

variables that could be influencing the study area, it is sometimes difficult to make the 

right decisions on which variables to use, and which ones to throw away. 
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CHAPTER 4 
CONCLUSIONS 

Table 4-1: Coefficients of Significant Variables for Grid Based OLS Model 
  Dependent Variables 

  DEM 2021 
Elevation 
Change 

Aspect 
Change 

Ridges 
2021 

Adjusted R 
Squared 0.75 0.034 0.34 0.34 
DEM 2014 VIF VIF VIF VIF 
DEM 2021 1 NS -0.077549 VIF 
Elevation Change NS 1 NS 0.00776 
Aspect Change -1.186355 NS 1 -0.000239 
Ridges 2014 VIF VIF VIF VIF 
Ridges 2021 NS 2.914694 -80.282307 1 
Ridge Changes 742.01721 NS 153.570618 0.62168 
Mountain Int 0.000048 NS NS N0>0 
Dist From 3048 -0.035938 NS -0.002893 -0.000002 
Creeks 0.028042 NS -0.001674 -0.000001 
Parking  -0.011945 -0.000014 -0.002038 0.000002 
True Depth 2014 VIF VIF VIF VIF 
True Depth 2021 VIF VIF VIF NS 

 

Table 4-2: Coefficients of Significant Variables for OMRRC Based OLS Model 
  Dependent Variables 

  DEM 2021 
Elevation 
Change 

Aspect 
Change 

Ridges 
2021 

Adjusted R 
Squared 0.55 0.124 0.04 0.03 
DEM 2014 1 VIF VIF VIF 
DEM 2021 1 0.001797 -0.090569 0.000053 
Elevation Change 0.79241 1 0.771107 0.009849 
Aspect 2014 0.005908 -0.004381 -0.0254 VIF 
Aspect 2021 0.018809 -0.006186 0.005618 0.000015 
Aspect Change -0.161229 0.003114 1 0.000252 
Ridges 2014 4.931614 -1.553058 26.2832 VIF 
Ridges 2021 4.093176 2.221479 10.044583 1 
Mountain Int 0.00004 N0<0 -0.000002 N0>0 
Dist From 3048 -0.024694 0.000047 -0.003379 -0.000001 
Creeks VIF VIF VIF VIF 
Parking  -0.00921 0.000048 -0.002471 0.000002 
True Depth 2014 VIF VIF VIF VIF 
True Depth 2021 VIF VIF VIF VIF 
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The Grid-based model was efficient, but the results were inconclusive. The data 

conflicted against the One Million Random Raster Cells model, making it undetermined 

whether there was bias in the data through the arbitrary selection and averaging of each 

300 meter by 300 meter cell. 

Tables 4-1 and 4-2 summarize the results from the OLS regressions. 4-1 is the 

results from the grid-based model, and 4-2 is the OMRRC model. VIF indicates that the 

explanatory variable was removed due to a high variance inflation factor, and NS means 

the p-value was not within the 95% confidence interval, so the coefficient was rejected. 

Mountain interference was the only variable that ever had a coefficient so small, it 

showed only zeroes, so N0>0 means 0<x<0.0000001, and N0<0 means                          

-0.0000001<x<0. 

Both models consistently rejected the True Depth variables I created, due to the 

multicollinearity it shared with the general DEMs. The same occurred with the 2014 

DEM, seeing that it was almost mathematically identical to the 2021 DEM. Ridges 2014 

was constantly removed as well due to extreme similarities with the ridges 2021 raster. 

This consistently led to there being around six less explanatory variables for each OLS 

regression for either model. 

Using the 2021 DEM as the dependent variable produced the best model for both 

the Grid-based model and the OMRRC model. The adjusted R squared values were 

both above 0.5, but the grid-based model was a whole 0.2 higher. The only instance 

where the OMRRC model performed better was when elevation change was used as 

the dependent variable, but it still only achieved a R squared value of 0.12.  
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In the future, it may be a good idea to average the randomly selected raster cell 

values and compare the values to the grid values to see how well of a representation 

the one million random values were in comparison. The low performance of the 

OMRRC model could simply be that the sample size was too low, allowing smaller 

things like ridge density to be under-represented.   

The GWR values do indicate that there is spatial influence on the dependent 

variables, which could be due to factors that are hard to measure. The topography of 

the region varies greatly, leading to heavy precipitation during the summer, and extreme 

winds near the mountains. [3] These forces cannot be continuously measured since 

they only have a single weather station at the main visitor center. Looking at these 

spatial influences could point to what variables may be missing from the models.  

Overall, I believe that my work proves that this will be a complicated process, and 

finding a good model is imperative to finding and discovering the missing variables that 

influence the sand dunes as a whole.
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