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The purpose of this research is to look into the impact that rough topography 

combined with dense vegetation can have on a digital cellular phone signal.  The research 

area is the Deep Creek region of the Great Smoky Mountains National Park.  In addition 

to hosting an unmatched amount of biological diversity for its acreage, the Great Smoky 

Mountains National Park is the most visited U.S. national park. 

A classified vegetation map of the park was obtained from the National Park 

Service. An all returns LIDAR dataset was used to create a terrain model and a tree 

canopy model.  Field measurements were conducted in both leaf on and leaf off 

conditions along the trails of the Deep Creek region, located north of Bryson City and 

south of Clingman’s Dome.   

Significant relationships were found relating soil moisture and tree heights to 

attenuation.  Soil moisture was found to have a significant impact on the leaf on v. leaf 

off difference. The height of the tree canopy was a more significant contributor to 

attenuation than the species of the tree.  In this study the species of tree was only 

significant insomuch as it was an indicator of the tree height. 
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CHAPTER I 

 

INTRODUCTION 

 

 

Over the last decade the world has experienced an explosion in cellular phone 

technology and innovation.  In 1995, the number of cellular phones in the United States 

was 28 million.  In 2001, the estimate was 118 million.  In 2007 the numbers rose to 243 

million subscribers (CTIA 2007).  With this growing popularity, a demand has developed 

for access to information and communication at all times.  Some view their cellular 

phones purely as recreational tools, while many others take comfort in the possession of 

mobile technology as a safeguard.  Even the individual who does not regularly use a 

mobile phone may carry it with them “just in case.”  The assumption is that the 

technology will be fully functional when the user has a need.  With over 210,000 cell 

phone tower sites in the country, that assumption is often a reality (CTIA 2007).  

Whether for convenience or for emergency, the interest is greater now than ever before to 

accurately predict when and where one can make a call.  Engineers are collaborating with 

geographers to develop these prediction models quickly and accurately. 

 As individuals became increasingly dependent on mobile technology, the Federal 

Communications Commission (FCC) was forced to keep pace with innovation.  In 1996 

the FCC recognized the growing popularity of cellular communications when it passed 

rules establishing Enhanced 911 (E911).   E911 was divided into two phases.  In the first 

phase, wireless providers were required to report the phone number of callers dialing 911 
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along with the location of the antenna that handled the call.  In the second phase, wireless 

providers were required to have the ability to transmit the location of a caller with an 

accuracy of fifty to three hundred meters (FCC 2000).  Wireless providers had until 

September of 2003 to completely satisfy both phases of E911 (FCC 2005).  Five years 

later, with positioning technology now firmly embedded in the cellular world, cell phone 

users have begun to take E911 for granted. 

 In the last several years, research has flooded the communications engineering 

world related to signal transmission in urban environments.  Meanwhile stories continue 

to be published in the media related to rural accidents in which there was no cellular 

tower in range.  USA Today wrote that in August 2007 alone, four separate hiking 

incidents made headlines (Copeland 2007).  In one incident, hikers in New Jersey were 

able to use a cell phone to get help from the police.  Others were not so lucky.  In Oregon 

two hikers had to remain trapped for days in the wilderness before being reported missing 

by a concerned employer.  Even the best wireless positioning technology is of no use 

unless there is an antenna to receive both the location signal and the call for help.  

Therefore the need to accurately predict radio frequency transmission is important not 

only in the urban environment, but also in the rural context.   

The problem of weak cellular coverage in parks is a sensitive issue for many 

nature-lovers.  As much as hikers would enjoy the security of cell phone coverage on 

their journeys, the existence of cell phone towers inside a preserved park impairs the 

natural landscape.  Therefore if towers are to be placed inside or close to preserved parks, 

their numbers would have to be minimized and their appearances camouflaged as much 
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as possible.  In order for the number of towers to be minimized, a volume of research is 

important to predicting the behavior of the signal in a densely forested environment.   

The purpose of this research is to look into the impact that rough topography 

combined with dense vegetation can have on a digital cellular phone signal.  The 

hypothesis is that radio signal field measurements in densely vegetated areas will be 

weaker than predicted values.  If the hypothesis is confirmed, the subsequent goal is to 

determine how different environmental variables impact signal loss to different degrees.  

The research area is the Deep Creek region of the Great Smoky Mountains National Park.  

In addition to hosting an unmatched amount of biological diversity for its acreage, the 

Great Smoky Mountains National Park is the most visited U.S. national park, with eight 

to ten million visitors each year (NPS 2007).  The National Park Service credits its 

popularity to its central location on the East Coast as well as its situation at the end of the 

Blue Ridge Parkway.  Approximately one hundred and twenty-nine incidents occur in the 

park annually (NPS 2007), including at least one accidental fatality (Fraser 2002).   

Five sets of data are vital in the consideration of this research problem: 

- Cell phone tower sites, 

- Terrain elevation grid, 

- Vegetation height grid, 

- Vegetation classification data, 

- And a baseline pathloss prediction. 

 

Each data set adds a vital layer to the analysis of radio frequency signal loss.   
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CHAPTER II 

 

CELLULAR PHONE COVERAGE MODELING 

 

 

Cellular phone technology is based on the concept of dividing the landscape into 

coverage cells typically three miles in diameter.  Each cell can handle from five to fifty 

calls simultaneously (Molish 2005).  Each provider is granted a limited amount of 

bandwidth by the FCC.  By dividing and sub-dividing the landscape into cells, wireless 

providers are able to continuously increase capacity while maintaining the same small 

amount of bandwidth.  Since each tower only transmits across a limited distance, 

frequencies can be reused by non-adjacent cells without causing destructive interference.   

 

 

 

The network is purposely designed so that each cell overlaps in part with multiple 

others (see Figure 2.1).  The overlapping sections are referred to as “handoff zones”.  If 

 
Figure 2.1.  Ideal Cellular Network 
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the user is in motion and passes through a handoff zone, one tower will take over for the 

next in a seamless transition.  The user can be traveling as fast as 150 km/hr (92.5 mi/hr) 

and never know he or she is being handed from one tower to another (Molish 2005).  

 When determining the range and effectiveness of a cellular antenna, researchers 

calculate the path loss (also called attenuation) of the wave as it travels through space.  

Calculations are made using either milliwatts or decibels with respect to milliwatts 

(dBm).  Results are often reported in dBm’s, a convenient logarithmic unit.  Free space 

loss is the amount of fading a radio wave will experience in a perfect, clutter-free 

environment (Rappaport 2002).  Shown in Equation 2.1, free space loss can be derived 

mathematically.   

 

Friis Free Space Equation 
( ) Ld

GGP
d rtr

22

2

4
)Pr(

π

λ
=  

 

Pr(d) = received power (mW) as a function of distance 

d = distance in m 

Pt = transmitter power (mW) 

Gt = transmitter gain (unitless) 

Gr = receiver gain (unitless) 

L = system loss factor 

 

 

Since such a perfect environment does not exist in experience, practical formulas used to 

predict path loss in the real world are empirical in nature.  Each formula has been derived 

and refined through repeated field tests.  The results of field tests are plotted and a fitted 

curve generated.  The equation of the curve is published along with the appropriate 

frequency range and environmental situation under which it can be reliably applied.  

Empirical equations have been generated and refined to reflect the amount of loss that 

(2.1) 
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will be generally experienced in urban and suburban environments at various frequencies 

(Hata 1980; Walfisch and Bertoni 1988).   

 

L = 46.3 + 33.9 log f – 13.82 log hB +  

[44.9 – 6.55 log hB] log d – CH + C 
 

CH = 3.2 [log (11.75 hB )]
2
 – 4.97 

 

L = path loss in dbm 

f = frequency in MHz 

d = distance in km 

hB = antenna (base station) height 

C = 0 db for medium and suburban, 3 db for for urban 
 

Where f is between 1500 and 2000 MHz, receiver height is up to 10m, base station antenna height is 30 to 100m  

and distance between receiver and antenna is up to 20km, and ground clutter is open, urban or suburban. 

 

 

Equations 2.2.1 and 2.2.2 are the COST-231 formula, which is applicable in urban and 

suburban areas with frequencies between 1500 and 2000 MHz (Walfisch and Bertoni 

1988).    

The major drawback to this type of model is the assumption that the ground cover 

across one’s entire area can be classified uniformly.  In the example of the COST-231 

model, C (known as the clutter value) is a constant.  When used in application, the 

COST-231 suggests one of two C values for urban or suburban.   

GIS has the capacity for making this type of calculation more robust with the 

entrance of land cover classes.  Publicly available land cover datasets can be used to 

differentially calculate the path loss across the coverage map.  Within the same map areas 

classified as urban can be calculated differently than areas classified as suburban.     

The incorporation of geospatial datasets has produced an impetus to move beyond 

these average empirical formulas to more precise propagation calculations.  Researchers 

(2.2.1) 

(2.2.2) 
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are increasingly interested in quantifying to what extent more specific forms of ground 

clutter interfere with the signal.  For example, how does a wooden structure interfere with 

the signal compared to a concrete structure?  Given this kind of information, the “urban” 

class can be broken down into innumerable sub-categories, each with its own clutter 

value.  As technology and research progresses, the goal is to create a model that begins 

with a free space calculation and from there adds each known variable, from weather to 

building materials to vegetation types, to produce increasingly accurate path loss 

predictions.   

Rubinstein took a step in this direction in his 1998 research.  He overlaid Land 

Use Land Cover (LULC) data over his measurement points.  He calculated the difference 

between measured and predicted values for three separate band-widths.  The differences 

within each LULC class were averaged to arrive at an estimated clutter value for each 

class located within the research area.  Although this study takes a strong step by using 

national geospatial data to predict signal strength, the choice of using the LULC dataset 

for this application was slightly problematic.  A radio wave is impacted most by the 

physical nature of the land cover and not by the way the land is being used.  For example, 

LULC distinguishes between a lake or reservoir, and industrial or commercial.  The 

behavior of a radio signal will be no different based solely on the cultural usage of a body 

of water or building.  There can also be wide land cover variations within land use 

categories that could throw off the results, especially in urban and suburban applications. 

Existing research has primarily focused on urban and suburban areas, where most 

of the cellular customers reside.  A smaller body of research has attempted to pinpoint the 
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impact of vegetation on wave attenuation.  These studies unanimously agree that 

vegetation has a strong impact on the fading of a radio wave (Vogel and Goldhirsh 1986; 

Tewari, et al. 1990; Goldman and Swenson 1999; Dal Bello, et al. 2000).  Unlike 

research conducted in urban environments, there have been limited attempts to quantify 

the impact of various forms of vegetation. 

One such attempt was made in 2002, at the behest of the United Kingdom 

Radiocommunications Agency.  The company QinetiQ attempted to create a generic 

model of propagation through vegetation.  In their research, they used five specific types 

of trees as benchmarks – sycamore, silver maple, London plane, horse chestnut and 

common lime.  The excess loss as a wave passes through these types of trees (or trees 

with similar leaf sizes and leaf area indices) can be calculated under this paradigm.  

Unfortunately its application is limited to environments with similar tree types and no 

undercanopy.  Additionally, this study made no attempt to measure differences between 

leaf on and leaf off situations.   

The door is open for further investigation into the impact of vegetation on the 

fading of radio waves.  Past research has been limited to one or few vegetation types per 

study.  The National Park Service has completed a massive vegetation classification 

project for the Great Smoky Mountains.  The dataset divides this region into forty classes 

of over and undercanopy.  This detailed classification scheme combined with the 

vegetative diversity of the area makes it an ideal location for research focusing on 

vegetation native to the United States.   

 



9 

 

 

 

CHAPTER III 

 

TERRAIN AND CANOPY MODELING 

 

Line of Sight Calculations 

In addition to free space attenuation, other factors impact signal strength across 

space.  Without line of sight or near line of sight access to an antenna, the cellular phone 

will not receive a signal, regardless of its distance to the transmitter.  The GIS viewshed 

has been adopted as the logical first step for predicting where radio waves can physically 

reach.  The goal of the viewshed is to classify each elevation model cell as either visible 

or invisible from a predefined vantage point (see Figure 3.1).    

 

 

 

 

The principle of viewshed analysis is to look at each intermediate cell between the 

observation point and the destination point and to determine the elevation slope.  If the 

slope between the source and an intermediate cell is greater than the slope between the 

 

   Figure 3.1.  Viewshed Classification                  
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source and the destination, then the view must be at least partially blocked (Sorenson and 

Lanter 1993).  Either a raster or vector model can be used in such an analysis. 

 Light Detecting and Ranging (LIDAR) data has been increasing in popularity as 

an alternative to the photogrammetrically-derived USGS DEMs.  A LIDAR system 

mounted on an aircraft will measure the time it takes a pulse of laser to hit the earth and 

return backscatter.  The more laser pulses emitted from the aircraft, the higher the 

resolution of the subsequent elevation model.  The USGS photogrammetrically-derived 

topographic maps claim a vertical accuracy of half of one contour interval (5 feet for 10-

foot contour lines) for 90% of the points surveyed (USGS 2006).  In contrast, LIDAR-

derived DEMs boast accuracies as small as 7 cm (NCFM 2003).   

In addition to its high accuracy level, another benefit of this technology is its 

ability to measure both ground and canopy heights simultaneously.  As the scanner 

measures the backscatter of the laser pulses, multiple returns from the same laser pulse 

will indicate multiple levels of ground cover.  The first return reflects the elevation of the 

top of the canopy, while the last return generally indicates the ground elevation (Roberts 

et al. 2004; Hyde et al. 2006).  There will also be last returns which never reach the 

ground, bouncing off buildings, tree trunks, and other ground clutter.  These points can be 

differentiated from ground points using filtering algorithms.   

Several filtering algorithms have been proposed to eliminate false ground 

readings.  Most operate on the conservative premise that since these scanners are so 

prolific in their number of returns, throwing out some good returns along with the outliers 

is better than leaving outliers in the dataset.  Since wooded areas have an abundance of 
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problematic points above the ground, the result can be the removal of most of the points 

by the end of the filtering algorithm.   

In the filtering process, both falsely high and falsely low readings must be 

eliminated.  Falsely high elevation values are largely due to canopy obstructions.  Falsely 

low elevation values are a result of multipath.  If part of the emitted energy bounces 

between surfaces before returning to the scanner, the scanner will calculate a value that 

actually lies below the earth’s surface. 

Most filtering algorithms are based on the principle that drastic height changes 

between two relatively close LIDAR points are suspicious.  Some algorithms use slope as 

a measure (Zhang et al. 2003; Zaksek and Pfeifer 2006; Kilian et al. 1996).  Others use 

the principle of linear prediction, in which strong outliers are iteratively removed until a 

good approximation of the ground is obtained (Kraus and Pfeifer 1998).  Yet another 

group of methodologies involves segmentation of the terrain.  Using region growing 

principles, the LIDAR point cloud is divided into segments representing various terrain 

and canopy elements such as buildings, trees and ground.  The assumption is that, at the 

end of the procedure, the largest segment must be the ground (Jacobsen and Lohmann 

2003; Verma et al. 2006).  A few years ago Sithole and Vosselman set out to evaluate 

various algorithms.  They discovered that the segmentation method was most robust 

(2004).  However they concluded that in wooded areas with steep terrain all the 

algorithms tended to fail, including segmentation. 

Kobler et al. chose to develop an algorithm suited to wooded areas with steep 

terrain (2007).  Their resulting technique is called repetitive interpolation (REIN).  First 
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the strongly positive and negative outliers are removed from the data.  Citing previous 

research showing that an intelligent analyst can remove outliers through simple 

observation (Sithole and Vosselman 2004), they recommend visually removing the 

obvious errors.  To remove additional outliers, the slope between each point and its 

nearest neighbor is calculated.  Those points with slopes significantly higher than the 

steepest slope expected in the area are eliminated.  In the final filtering stage, independent 

random samples are taken from the LIDAR data.  An elevation model is created from 

each sample.  The result is a distribution of elevations at each location in the model.  

Since LIDAR data is most plagued with positive canopy outliers, the lowest elevation at 

each point is assumed to be closest to the truth.  An adjustment value called the global 

mean offset (gmo) is calculated based on the differences between the independent random 

sample interpolations.  The gmo is added to the minimum elevation at each point to 

determine the elevation value of the final output terrain model (Kobler et al. 2007). 

Whatever the algorithm used to determine the ground elevation points, a choice 

must be made about the spatial resolution of the output DEM.  A balance needs to be 

struck between the necessary accuracy and the processing time.  The more points 

included in the interpolation, the greater the accuracy and the longer the processing time.  

Anderson et al. proposed solutions for determining the best mix of accuracy and data 

reduction (2006).  In their study they performed random data reduction methods.  After 

each data reduction and subsequent interpolation, they compared the output to a DEM 

created from the entire set of points.  They show that a 5-meter DEM with about 143 data 

points per hectare (representing 50% of their original dataset) will not be statistically 
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different from a 5-meter DEM created from 100% of the points.  On the other hand, only 

40 data points per hectare would be necessary (10% of their original dataset) to create a 

similar 30-meter DEM.  Anderson et. al. showed that it is valid to randomly select a 

portion of the entire dataset to create a DEM in a fraction of the time.   

 

Tree Canopy Model 

Using all returns LIDAR data, it is possible to create an elevation grid 

representing the ground in addition to a grid modeling the upper tree canopy.  Such grids 

are typically made through linear interpolation of the LIDAR points, potentially yielding 

a vertical accuracy as small as 0.5 m (Roberts et al. 2004; Hyde et al. 2006).  This 

technique is best employed with LIDAR collected in leaf on conditions.  It remains to be 

seen if leaf off LIDAR could produce a canopy model approximating the ground truth.   

The benefit of a canopy model for this research would be the incorporation of a 

new independent variable – distance through ground clutter.  In the past, the vegetation 

ground clutter values used in propagation algorithms have been absolute numbers 

(Rubinstein 1998).  Some work has been done testing construction materials for 

determining building penetration (Rappaport 2002), however this type of research has not 

yet been widely extended to rural features like forests.  Schwering et al. made some 

observations of which frequencies better penetrate vegetation (1988), but made no 

inferences that could be incorporated into a robust computer model.   

If GIS could be used to model the distance traveled through the vegetation 

canopy, research could determine clutter in terms of dBm’s lost per meter.  The 



14 

assumption is that the attenuation of the wave should be less severe on the edge of a 

forest than several meters into the forest (Schwering et al. 1988).  Modeling the canopy 

cover would produce new opportunities to examine radio wave behavior.   

 

Diffraction Estimates 

Unfortunately line of sight using the viewshed analysis does not give a complete 

picture of cellular coverage.  Diffraction not only allows radio waves to travel across the 

curved surface of the earth, but it also gives radio waves the ability to propagate around 

obstacles to some extent.  These areas outside the line of sight are called “shadowed.”  

The signal strength will rapidly decrease in these shadowed regions, but often enough 

useful signal will still remain (Rappaport 2002).  Some simple situations can be 

calculated, among which are knife-edge diffraction and multiple knife-edge diffraction 

(Deygout 1966; Bullington 1947; Epstein and Peterson 1953).  Signal strength 

approximations can be made from these cases and applied to a propagation model.   

 

 

 

 

 

 
 

Tx = Transmitter, Rx = Receiver 

 

Figure 3.2.  Multiple Knife-Edge Diffraction 
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One of the most widely-used diffraction algorithms was described by Deygout in 

1966.  He presented a formula that could be used iteratively for multiple obstructions.  

Figure 3.2 shows an example of two obstructions.  Deygout’s method is to first compute 

the diffraction loss of the main obstacle (path TxM1Rx in Figure 3.2).  The next step is to 

compute the secondary diffraction loss by applying the same calculations to the path 

M1M2Rx.  Those loss values are added together.  Finally, a correction factor is 

incorporated into the equation, completing the total diffraction loss calculation (TDL).   

 

TDL = ML + SL - TC 
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f = frequency of the signal 

λ = wavelength of the signal 

 

Equations 3.1.1 to 3.1.8 show the complete set of calculations involved in computing 

TDL.  

(3.1.1) 

(3.1.2) 

(3.1.3) 

(3.1.4) 

(3.1.5) 

(3.1.6) 

(3.1.7) 

(3.1.8) 
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Some say it is not possible to accurately model the diffraction losses that occur 

from terrain.  For this reason many researchers choose to omit diffraction effects from 

their studies, eliminating all shadowed areas from their results (Schwering et al. 1988; 

Dal Bello et al. 2000).  Deygout defends his diffraction methodology as sound in his 

1991 paper.  Based on applying his own algorithms for 21 years, he asserts that the mean 

error of his cumulative data collection is 1 dB, with a standard deviation of 4-5 dB.  He 

speculates that the errors people tend to have with his methodology are largely due to 

inaccurate terrain models.  He notices that the greatest errors tend to occur with the 

greatest transmitter-receiver separation.  Since his methodology is iterative, each error in 

the elevation of an obstruction compounds, generating gross errors at far distances.   
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CHAPTER IV 

 

AVAILABLE DATA 

 

 

Cell Phone Tower Data Set 

 A confidential cell phone tower data set was obtained for one Provider for the 

state of North Carolina.  All locations are for digital towers, which fall in the 1850 to 

1990 MHz range.  The towers are divided into sectors, with three per tower in most cases.  

The data set consists of latitude and longitude in the datum World Geographic System 

(WGS) 1984, antenna heights and sector azimuths.  Most antennas for Provider have 

three sectors with azimuths 120 degrees apart.  By having three sectors, the antenna 

achieves coverage approximating the shape of a circle.  The azimuth is measured in 

degrees from north.  Figure 4.1 shows a typical antenna propagation pattern with sector 

azimuths 120 degrees apart.   

 

 

  
 

Figure 4.1.  Three Sector Antenna 

Propagation Pattern 
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Figure 4.2.  Geographic Research Area 
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An area of interest was chosen just north of Bryson City, North Carolina.  The 

park refers to this area as Deep Creek.  Three Provider towers impact this area, with their  

locations shown in Figure 4.2.  The towers vary in height and elevation, while each 

supports three sectors at azimuths 0, 120 and 240.   

 

LIDAR Data Set 

An all returns LIDAR data set for the area of interest was obtained from the North 

Carolina Floodplain Mapping Program.  This LIDAR was flown at the beginning of 2005 

in leaf off season to facilitate the acquisition of bare earth data, particularly in forested 

areas (NCFM, 2006).  Earthdata International performed a proprietary filtering of the data 

points.  An independent accuracy assessment found that the DEMs generated from the 

filtered LIDAR points located in the park had an RMSE of 1.42 ft (0.43 m), with the 

standard deviation of the vertical errors being 1.44 ft (0.44 m) (NCFM 2006).   

 

Vegetation Classification Data Set  

A classified map of the Great Smoky Mountains National Park was obtained from 

the National Park Service (NPS).  The NPS Vegetation Map is comprised of forty classes.  

Each class is a combination of over- and undercanopy types.  The NPS began its 

vegetation mapping in the Cades Cove and Mount Le Conte quads because they believe 

the vegetation contained in these regions to be representative of the diversity of the park 

(ESRI 2000).  The classification was supervised, involving the advance collection of field 

observations prior to photointerpretation (The Nature Conservancy 1999).  The remainder 
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of the park was classified by comparing a variety of aerial imagery to the classes in the 

pilot quads.  The park finished its accuracy assessment at the beginning of 2007.  They 

estimate the overall accuracy of the map to be 80%.  The assessment points collected 

within the area of interest had a lower accuracy of 78% (Jenkins 2007). 
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CHAPTER V 

 

METHODOLOGY 

 

 

Field Data Collection 

Field measurements were conducted along the trails of the Deep Creek region, 

located north of Bryson City and south of Clingman’s Dome.  It was determined that 

three towers could be impacting this area based on their distances and elevations.  As this 

research is interested in visualizing the reception hikers can expect in the park, data 

collection was conducted along the roads and trails.  A stratified random sample of trail 

segments was selected representing approximately 20% of the trails within the area of 

interest.  Using a 10-meter DEM acquired from the USGS, a preliminary viewshed 

showed which trails had areas within the line of sight and which trails were completely 

outside the line of sight.  Half the sample was taken from each of these categories in 

order to ensure that measurements would include trails within the line of sight for post 

processing.    

The FCC Universal Licensing System was consulted to determine the frequency 

bands reserved by Provider in the geographic area of interest.  Two band widths were 

reserved in the area, 1870-1885 MHz and 1950-1965 MHz.  A spectrum analyzer survey 

of the three antenna sites concluded that each of these antennas was operating within the 

1950-1965 MHz band.   
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Figure 5.1.  Field Data Collection Locations   
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Along each randomly selected road or trail, measurements were taken at equal 

intervals, approximately 300 meters apart.  A total of 148 points were visited.  At each 

point the following data were collected: GPS coordinates, and received signal power.  At 

73 of the 148 locations, the approximate tree canopy height was also measured.  The GPS 

device had a horizontal accuracy of one meter and an estimated vertical accuracy of two 

meters.  The tree canopy heights were calculated using a clinometer to measure the height 

of a typical tree in the area.  The accuracy of this methodology is approximately 4 meters.  

The received signal level measurement had an accuracy of 3 percent according to 

equipment specifications.  Figure 5.1 shows the locations of each data collection point.  

 

Elevation Model Creation 

           The all returns LIDAR data from the North Carolina Floodplain Mapping Program 

was divided into two data sets – last returns and first returns.  All points with the same 

geographic coordinates were separated between the maximum elevation and the 

minimum elevation.  The data was then evaluated for outliers.  Typical outliers are first 

returns that capture birds, clouds, or any other elevation that is above the ground canopy 

(Hyde et al. 2007).  Any point greater than 100 meters above or below others in the 

geographic vicinity was eliminated by a visual survey. 

The minimum elevation does not necessarily represent the ground level, as tree 

crowns may stop the signal entirely before it hits the ground.  With this situation in mind, 

the minimum elevation values were further filtered according to the methodology devised 

by Kobler et al. (2007).  Six independent random samples with replacement were taken 
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from the last returns dataset, each representing 23% of the entire dataset.  The resulting 

six sample datasets had an average of 145 points per hectare.  According to Anderson et 

al., at least 143 points per hectare can be used to create a 5-meter DEM (2006).  They 

determined that a smaller cell size would result in unnecessary computer processing time 

with no additional accuracy.  Each of the six samples was interpolated to a 5-meter DEM 

using the inverse distance weighting algorithm.   

These grids were processed to obtain a local minimum for each grid cell in the 

area of interest.  The output grid containing the local minimums was then used along with 

the six sample grids to calculate the gmo.  The local gmo for each cell is represented by 

the average differences across all six grids (Equation 5.1).   

 

dij = zij – zj,min 
 

Where zij is the i-th elevation estimate at the j-th location  

and zj,min is the lowest elevation estimate at the j-th location. 

 

 

The gmo for the entire dataset is the average of all the local gmo’s.  The gmo for the area 

of interest was calculated to be 1.83 meters.  The gmo was added to each cell in the 

minimum elevation grid to produce the final REIN elevation grid.   

This methodology was repeated with the first returns, to create five sample grids.  

The maximum, instead of the minimum, was calculated at each grid cell location.  

Similarly the gmo (2.7 m) was subtracted from the maximum elevation grid to produce a 

final canopy grid.  Kobler et al. did not test the REIN algorithm as a methodology for 

creating a tree canopy model (2007).  Therefore an error analysis will be key in 

determining the usefulness of the canopy grid. 

(5.1) 
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Predicted Signal Strength Calculations 

In order to obtain a predicted signal strength for each field collected point, the 

first step was to calculate the free space loss.  If the transmitted power level of the 

antenna is known, the Friis free space formula (Equation 2.1) can be used to approximate 

the amount of power remaining in the radio wave when it reaches the receiver.  

Unfortunately Provider did not respond to inquiries related to the power level of their 

antenna systems.  Therefore additional field work was conducted to create a reference 

point from which additional free space calculations could be derived.  If the researcher 

has a known power level at a known distance from the antenna, additional power values 

can be calculated relative to that reference power level (Molish 2005, Rappaport 2002).  

Equation 5.2 shows that the measured power from a reference distance Pr(d0) can be used 

to predict the signal power at another distance from the antenna.    

 
 

2

0

0 )()( 







=

d

d
dPdP rr   d ≥ d0 ≥ df 

 

Pr = receiver power in milliwatts 

d = transmitter-receiver separation in meters 

d0 = received power reference point 

 

where df = 2D
2
 / λ 

and D  = largest physical linear dimension in meters  

on the transmitter antenna 

 

 

Tables 5.1 and 5.2 show the results of the measurements taken to calculate the reference 

power of each transmitter.  An average was taken of the measurements around each tower 

and used in Equation 5.2 as d0. Using this value combined with the actual distance 

(5.2) 
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Table 5.1. Measurements for Reference 

Power Calculation  
 

Tower Received Signal 

Levels (dBm) at 1 km 

Bryson City -50.4 

 -58.4 

 -61.2 

 -60.0 

 -76.8 

 -68.4 

Sylva -70.8 

 -81.6 

 -61.2 

 -69.2 

 -79.2 

 -87.2 

 -66.0 

 -73.2 

 -75.2 

 -67.2 

 -63.6 

 -71.2 

Franklin -67.2 

 -70.4 

 

 

 

 

 

 

 

 

 

Table 5.2.  Reference Power Values 
 

Tower Average 

Power in dBm 

at 1 km 

Average 

Power in mW 

at 1 km 

Bryson City -62.5 5.62 x 10
-7
 

Sylva -73.1 4.90 x 10
-8
 

Franklin -68.8 1.32 x 10
-7
 

 

 

 

 

 

 

 
 

Figure 5.2.  Sample Profile Between Transmitter and Receiver 
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separations, Pr(d) was evaluated for each point from the perspective of each tower, 

resulting in three predictions at each site.   

The output ground elevation DEM from the LIDAR analysis was then input into 

Cellular Expert along with the locations and heights of the towers of interest.  A profile 

was created between each tower and each data point (see Figure 5.2).  Each profile shows 

how far the radio wave would travel and the location and height of each terrain obstacle.  

Most importantly, the profile also calculates the Deygout diffraction for each path.  The 

Deygout diffraction value was added to the free-space value, resulting in a loss prediction 

including terrain as a variable.   

 Three predictions were available for each data collection point, accounting for the 

independent variables of frequency, distance and terrain.  The received signal level 

measurements collected in the field represented the strongest signal available within that 

bandwidth at that location.  Therefore the highest of each of the three predicted values 

was gleaned from the calculations for comparison to the field collected data.  Differences 

between observed and measured values were analyzed, with the hopes that the residuals 

could be attributed to land cover attributes. 
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CHAPTER VI 

 

ANALYSIS AND RESULTS 

 

 

Accuracy Assessments 

 

GPS Terrain Heights 

 The REIN terrain elevation grid was assessed for accuracy based on the GPS 

collected points from the field data collection.  The average absolute error between the 

GPS readings and the REIN grid was 4.17 meters, and the standard deviation 4.44 meters.  

A histogram of the elevation errors is shown in Figure 6.1.  The skewness is -0.391, 

indicating that the mass of the distribution is concentrated on the right side of the 

histogram.  This would indicate that more often than not, the observed value was greater 

than the value predicted by the REIN grid.  An average absolute error of 4.17 meters is 

greater than expected considering the 0.43 m accuracy asserted by the North Carolina 

Floodplain Mapping Program.  However the observed values being more often greater 

than predicted values could indicate that the REIN algorithm did what it claimed, in that 

it eliminated the impact of tree crowns from the final DEM.    
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Over-Canopy Grid 

Next the REIN canopy elevation grid was assessed for accuracy based on the 

clinometer calculations of an average tree at 73 GPS collected points.  The average 

absolute error between the clinometer readings and the REIN grid was 10.08 meters, and 

the standard deviation 6.55 meters.  A histogram of the elevation errors is shown in 

Figure 6.1.  The skewness is -0.141, indicating that the mass of the distribution is slightly 

concentrated on the right side of the histogram.  This would indicate that more often than 

not, the observed value was greater than the value predicted by the REIN grid.  Only 7 

points were over-estimated by the model, while 93 points were underestimated by the 

model.  Therefore for 89% of all the points, the canopy grid gave a value lower than the 
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Figure 6.1.  Histogram of Elevation Errors  

(Observed Minus Predicted) 
 



30 

ground truth.  This would indicate that despite the density of the trees in this area, LIDAR 

points collected in leaf off conditions are not sufficient for creating a canopy grid using 

the REIN algorithm.   

 

 

 

Signal Strength Calculations 

 The noise floor published in the specifications of the spectrum analyzer is -110 

dBm.  As the signal approaches -110 dBm, the likelihood increases that the any reading 

would only reflect environmental noise or noise internal to the unit.  Close to -108 dBm, 

the cell phone tower signal becomes indiscernible from that noise.  Therefore any signal 

strength that was recorded as less than -108 dBm is suspect.  In such a case the truth 

could be -108 dBm, or the truth could be lower.  It would be impossible to tell with this 

set of equipment.  In order to avoid this type of suspect data, all observations less than  
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Figure 6.2.  Histogram of Canopy Height Errors  

(Observed Minus Predicted) 
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-108 dBm were removed from all signal strength analyses.  The remaining dataset 

consisted of 103 points. 

 For each data point there was a leaf on and leaf off reading.  These observations 

were compared to the computer model which was calculated based on the Friis and 

Deygout equations.  As discussed earlier, Cellular Expert, and extension of ESRI’s 

ArcMap, aided in the complex Deygout calculations.  Signal strength calculations 

involving terrain were based on the REIN final terrain map. 

 Seven observations were calculated to be within the direct line of sight of the 

tower contributing the strongest signal at that location.  Figure 6.3 shows how the leaf-on 

and leaf-off observations compare to the Friis free space model.   

 

 

 
 

Figure 6.3.  Line of Sight Signal Strength Readings 

Compared to Free Space Model   
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 In five of the seven cases, the measured value was less than the free space value.  

This follows the hypothesis that field collected measurements within dense vegetation 

would be lower than a free space calculation.  It is interesting to note that the two last 

anomalous points are both much farther from their antenna than the other five.   

 Figure 6.4 shows how closely the field measurements came to the ideal predicted 

value for all 103 cases.  It shows that as the predicted signal strength decreases, the gap 

between the model and the reality increases.  The mean leaf-on error was -37.6, while the 

mean leaf-off error was -40.3.  The standard deviations were similar, 27.5 and 28.6  
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Figure 6.4.  Ideal Free Space Plus Diffraction Model Compared to  

Observed Values 
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respectively.  Both have a -0.7 skewness, showing once again that the observed values 

tended to be greater than the predicted values (See Figure 6.5). 

 The ideal model compared well in cases where diffraction around ridges was not a 

factor.  However the ideal model did not do nearly as well in the other 96 cases where 

Deygout diffraction was calculated.  Since the elevation model had an average error of 

about 4 meters, it is probable that the prediction accuracy was strongly impacted by the 

quality of the REIN grid.  This problem, documented by Deygout and his critics has 

created an experimental obstacle here as well (Deygout 1991).  The proposed 

methodology was to compute free space and diffraction for each point, then to assume 

that the difference between that computation and reality was solely due to other variables.  

Without conducting much more extensive field measurements, it is impossible to know 

the exact elevation of each ridge which lies between each point and its antenna.  The 
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Figure 6.5.  Ideal Free Space Plus Diffraction Model Error, Leaf On and Leaf Off 
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relative inaccuracy of the terrain model now renders this approach impossible since the 

data are not available at this time to have an accurate Deygout calculation for each point.   

 

Vegetation Classification 

 In classifying the Great Smoky Mountains National Park, the National Park 

Service used the Community Element Global Codes (CEGL) from the National 

Vegetation Classification Standard.  Since the vegetation of this area is among the most 

diverse in the world, the ecologists found that certain CEGL classes were prone to be 

misconstrued.  Although they observed 58 distinct CEGL classes, they chose to combine 

several classes that were indistinguishable in the remotely sensed data.  The result was 40 

distinct classes, 31 of which are CEGL classes, and the remaining 9 of which fell outside 

this classification system (ex. roads, rock, gravel, etc.).   

 For the current data analysis, the remaining 31 CEGL classes were consolidated 

into four distinct categories: evergreen, northern hardwood, oak-hickory, and cove 

hardwood.  The polygons which fell outside the classification system were invariably 

small. For the sake of analysis, the closest class within the NPS system was observed and 

applied.  Table 6.1 shows how the NPS classes contained in the AOI were consolidated to 

become four analysis classes. 

 Of the 103 points remaining in the sample, 11 were evergreen, 18 were northern 

hardwood, 69 were oak-hickory, and 6 were cove hardwood.  Table 6.2 shows the 

distribution of the points compared to the actual distribution of the vegetation classes 

within the area of interest.  In this table the population statistics include the entire area of 

interest, whereas the data collection points were limited by trail access. 
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Table 6.1.  Consolidation of Analysis Categories 
 

Analysis Categories NPS Code 

Evergreen 

250 – 2000m elevation, mesic soil 

Includes formerly mixed spruce-fir forests, where some or 

nearly all the firs have been killed by the balsam wooly 

adelgid. Evergreen areas with pine  also include  various 

kinds of oak and hickory. 

1013 – spruce-fir  

1001 – yellow pines 

7517 – eastern white pine 

Northern Hardwood 

1000 – 1500m elevation, mesic soil 

Traditionally birch, beech and buckeyes.  Birch is most 

prolific, but also has spruce, hemlock and red maple. 

6124 – forested boulderfield 

1010 – northern and acid hardwoods 

1011 – northern hardwoods and 

boulderfields 

Oak-Hickory 

250 – 1500m elevation, sub-mesic soil 

Various kinds of oak and hickory, with some birch and red 

maple. 

6192 – oak hardwood with red maple 

7230 – oak hardwood with hickory 

7692 – oak hardwood rich type 

1007 – chestnut oak 

1008 – high elevation beech and red oak 

1009 – high elevation red and white oak 

Cove Hardwood 

250 – 1000m elevation, mesic soil 

Maple, tuliptree and birch abound.  Hemlock is fairly 

common. 

7543 – cove hardwood acid type 

7710 – cove hardwood typic 

1003 – floodplain forest 

1006 – successional hardwood 

 

 

Table 6.2.  Distribution of Sample by Vegetation Analysis Class 
 

Analysis Category Sample Frequency 

(# of points) 

Sample 

Percent 

Population 

Frequency (ha) 

Population 

Percent 

Evergreen 11 10.6 2,352 10.1 

Northern Hardwood 18 17.3 6,238 26.7 

Oak-Hickory 69 66.3 9,828 42.1 

Cove Hardwood 6 5.8 4,947 21.2 

TOTAL 104 100 23,365 100 

 

  

 

For each of its vegetation classes, the park has an inferred soil moisture category 

(Madden 2004).  Those categories were recorded for each NPS code and related to each 

data collection point.  They describe the overall moisture trends of that particular 

vegetation class across time.  The high moisture category gets plenty of precipitation in 

prime growth times.  The low moisture category gets much less precipitation, and the 

little it gets is in the winter. 
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Statistical Analysis 

 The differences between observed and predicted signal strength values proved to 

be great, and could probably be attributed to the quality of the terrain modeling.  

Although it may not be possible at this time to attribute all the residuals to land cover 

variables, it is still useful to look at how the environmental attributes could have 

contributed in part to the signal strength measurements.  To that end, three sets of 

comparisons were run.  Each one assessed the contributions that the land cover variables 

made to leaf on measurements, leaf off measurements and the difference between local 

leaf on and leaf off measurements.  Independent variables included vegetation type, soil 

moisture content, measured tree canopy height, and distance from the dominant antenna.  

  

ANOVA Tests 

 ANOVA tests were run to test the impact of the independent variables of 

vegetation type and soil moisture content on the signal strength measurements.  The soil 

moisture levels reported by the NPS were nominal, distinguishing between dry, wet and 

medium soil types. As seen in Table 6.3, the only significant result seen in these 

ANOVAs is the impact of soil moisture on the difference between leaf on and leaf off 

measurements.  Figure 6.6 shows the differences in means graphically.  While the 

medium and low moisture categories had similar means, the high moisture category was 

significantly different. 

 There was no significant difference in means between the four vegetation 

categories and the difference between the leaf on and leaf off measurements.  The 

ANOVA results for this test are shown in Figure 6.7. 
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Table 6.3.  ANOVA Test Results With Signal Strength as the Dependent Variable 
 

Dependent Variables Independent Variables 

 Vegetation Type Soil Moisture 

 F-Value P-Value F-Value P-Value 

Leaf On Signal Strength 0.66 0.5790 0.24 0.7860 

Leaf Off Signal Strength 2.58 0.0582 2.30 0.1054 

Leaf Off – Leaf On  2.09 0.1061 5.83 0.0041* 

* p-value is significant (α = 0.05) 
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Figure 6.6.  Soil Moisture as the Main Effect for the Difference Between Leaf Off  

and Leaf On Measurements. The different symbols indicate a significant difference 

between each category. 



38 

 
 

 

 

In order to test the possibility of the independent variables being correlated in 

some way, ANOVAs were also run testing the impact of vegetation type and soil 

moisture content on tree canopy height and distance from the dominant antenna.  The 

results are shown in Table 6.4.  Significant differences in means were found in all cases.   

Tree canopy height varies by vegetation type and by soil moisture, while distance also 

varies by vegetation type and soil moisture.  Figures 6.8 and 6.9 graphically show the 

difference in means of the tree canopy heights, with vegetation type and soil moisture 

respectively as the main effects. 
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Figure 6.7.  Vegetation Class as the Main Effect for the Difference Between Leaf Off  

and Leaf On Measurements.  
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Table 6.4.  ANOVA Test Results With Tree Canopy Height and Distance from 

Dominant Antenna as the Dependent Variables 
 

Dependent Variables Independent Variables 

 Vegetation Type Soil Moisture 

 F-Value P-Value F-Value P-Value 

Tree Canopy Height 6.00 0.0040* 7.46 0.0080* 

Distance from Dominant Antenna 8.12 <0.0001* 11.32 <0.0001* 

* p-value is significant (α = 0.05) 
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Figure 6.8.  Four Vegetation Classes as the Main Effect for the Measured Canopy 

Height.  The different symbols indicate a significant difference between each category. 
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Correlation Tests 

 Since the independent variables of tree canopy height and distance are 

interval/ratio data types, it was possible to use a correlation to test their relationship to 

signal strength.  Table 6.5 shows that a significant negative correlation exists between 

leaf off signal strength and distance.  Tree canopy height has a positive correlation to the 

leaf on leaf off difference, however distance has a negative correlation to the leaf on leaf 

off difference.  For every meter the tree canopy increases, the signal strength gap 

increases by 0.283 dBm.  Conversely, for every meter the transmitter-receiver distance 

increases, the signal strength gap decreases by 0.290 dBm.   
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Figure 6.9.  Soil Moisture as the Main Effect for the Measured Canopy Height.  The 

different symbols indicate a significant difference between each category. 
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Table 6.5.  Correlation Test Results With Signal Strength as the Dependent Variable 
Dependent Variables Independent Variables 

 Tree Canopy Height Distance 

 R-Value P-Value R-Value P-Value 

Leaf On Signal Strength -0.108 0.3638 -0.085 0.3915 

Leaf Off Signal Strength 0.106 0.3710 -0.298 0.0022* 

Leaf Off – Leaf On  0.283 0.0154* -0.290 0.0030* 

* p-value is significant (α = 0.05) 

  

 The possibility of a correlation between distance and tree canopy height was 

investigated.  The r-value was -0.210, indicating a potential negative correlation.  

However the p-value was 0.0742, which is not small enough to indicate a significant 

relationship between the two variables. 

 

Discussion of the Results 

 There were few significant findings relating the independent variables directly to 

the field measured values.  None of the independent variables significantly impacted the 

leaf on measurements.  Distance was found to be the only significant predictor of leaf off 

measurements, with a p-value of  0.0022.  Not surprisingly, the closer the receiver, the 

higher the signal strength.  In light of that finding, it is interesting to note that distance 

was not a significant predictor of leaf on signal strength.  This lack of significance 

actually bolsters the hypothesis that leafy vegetation does indeed play an independent 

role on signal attenuation. 

 An analysis of the differences between the seasonal values at each data collection 

point reaped the most interesting results.  There was no significant difference in means 

between the four vegetation categories.  Figure 6.7 shows that although at face value the 

four classes appear to be different, the p-value for the ANOVA was 0.1061.   



42 

 If the vegetation categories were to be consolidated into two classes, a different 

story would emerge.  Figure 6.10 shows that there is a significant difference in means 

between the two categories of Northern Hardwood and Evergreen, and Oak-Hickory and 

Cove Hardwood.   

 

 
 

 

The first category is dominated by spruce, fir, pine, beech, birch and red maple.  

The second category is dominated by various types of oak (red, white and chestnut), tulip 

poplar, and hickory.  These categories might seem arbitrary, but they are actually 

connected to other environmental characteristics.  The first category has an average 
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Figure 6.10.  Vegetation Class as the Main Effect for the Difference Between Leaf On 

and Leaf Off Measurements.  The different symbols indicate a significant difference 

between each category. 
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canopy height of 9 meters, while the second has an average canopy height of 15 meters.  

The ANOVA showing the effect of the vegetation category on canopy height shows that 

Northern Hardwood and Evergreen as a group have significantly different canopy heights 

than Oak-Hickory and Cove Hardwood (Figure 6.8).    This trend implies that canopy 

height by itself could tell more of the story than tree species.  

 A correlation comparing the measured canopy height to the seasonal differences 

showed a significant positive correlation of 0.28, with a p-value of 0.0154.  The higher 

the canopy, the more the signal improved in the winter.  For every meter increase in the 

canopy, the signal improved by 0.28 dBm when the leaves fell. 

 Distance was also found to be a predictor of the magnitude of the change between 

leaf on and leaf off.  A negative correlation of -0.29 was found between the two, with a p-

value of 0.003.  For every meter increase in distance between the antenna and the 

receiver, the gap between leaf on and leaf off diminished by 0.29 dBm.  Since there was 

no significant correlation between canopy height and distance, distance could be having 

its own unique impact on the signal.  The farther the distance, the less the leafy 

vegetation impacts further attenuation.   

 Finally, soil moisture was found to have a significant impact on the leaf on v. leaf 

off difference.  It was also shown to be linked to tree canopy height and distance.  It is 

unlikely that distance from the antenna is plays a direct role in the composition of the 

soil, or in the signal strength differences.  In all the studies that have looked at distance as 

a variable, one was not found that correlated short distances with the potential for high 

clutter interference.  It is possible that a causal connection exists between soil moisture 
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and tree height.  How the soil moisture and canopy height combine to predict signal 

strength loss is not entirely clear.  The higher the moisture content, the less the signal 

strength gap.  The higher the canopy, the more the signal strength gap.  The higher the 

soil moisture, the lower the canopy.  The results seem counterintuitive.  They may have 

been impacted by the number of observations in each class.  Whereas high and medium 

moisture contain 29 and 71 points respectively, low only holds 4 sample points.  Soil 

moisture could also easily be a barometer for another environmental variable not 

considered here.   
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CHAPTER VII 

 

CONCLUSION 

 

 

 Up to this point radio propagation research involving vegetation has focused on 

determining differing loss values for different tree species.  This study has uncovered a 

significant new angle of research, indicating a need to focus on other environmental 

attributes.  Significant relationships were found relating soil moisture and tree heights to 

attenuation.  According to the data collected, the height of the tree canopy was a more 

significant contributor to attenuation than the species of the tree.  In fact, the vegetation 

classes were not found to be indicators at all until they were grouped according to mean 

heights.  In this study the species of tree was only significant insomuch as it was an 

indicator of the tree height.   

 In light of this discovery it was disappointing that the tree canopy grid proved to 

be inadequate for modeling.  Leaf on LIDAR data would certainly yield a much better 

digital model, however this data is harder to find and often has not been collected.  An 

alternative to creating a model through LIDAR would be to use generalized tree height 

data regularly collected by the National Park Service and other entities.  Each vegetation 

category could be given an approximate canopy height to input into a path loss 

calculation. 

 The soil moisture variable deserves further consideration in future studies.  It is 

unlikely that the soil in an of itself is impacting signal loss.  It is much more plausible 
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that the soil moisture content is impacting other aspects of the physical environment.  

This study did not differentiate between successional and old growth forests.  

Successional forests are going through a process of regrowth.  They can have plenty of 

annual precipitation but a low canopy of young tree stands.  If a correlation were found 

between successional forests and high soil moisture, that might account for the finding 

that moisture impacts signal attenuation.  It is also possible that the undercanopy is 

playing a role, as bushes were often taller than the height of the field data collection 

equipment.  The makeup of the undercanopy can also vary according to the precipitation.  

Ideally further studies would include a greater volume of points within the line of sight of 

the antenna.  Removing the variable of terrain diffraction could help clarify some of these 

questions.   

Finally, in the interests of creating excellent propagation maps without the need 

for expensive field data collection, greater attempts should be made to improve the 

accuracy of elevation modeling in this context.  Different algorithms for LIDAR filtering 

could yield improved diffraction calculations.  There is value in comparing the 

performance of various LIDAR filtering and terrain modeling techniques. 

Every improvement of wireless modeling in rural settings is a step toward a better 

understanding of how radio waves interact with the environment.  Improved 

understanding creates better management of resources and minimization of the visual 

impact of towers.  As urbanization continues to eliminate green spaces in the United 

States, the popularity of park recreation will only increase.  Concerns over safety have 

always been and will continue to be an issue in the future.  Rural areas experience the 
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same public health and emergency concerns as urban areas.  Popular recreation spots with 

regular incidents and poor coverage are particularly disadvantaged in the face of a crisis. 

Predicting cell phone coverage for wilderness areas frequented by novice hikers 

makes good sense.  The National Park Service has grown in the last hundred years from a 

few hundred thousand visits to 275 million visits each year (NPS 2007).  Incidents will 

happen.  An understanding of how to predict and visualize wireless coverage in parks 

will be an asset for the future. 
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