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1 Introduction 

As the global climate changes, ecosystems across the world are responding to rising or, in rare 

cases, lowering temperatures and varying amounts of precipitation. In areas like the Santa Catalina 

mountain range and other sky islands, vegetation communities are expected to be forced upwards in 

elevation as a result of rising temperatures (Kelly and Goulden, 2008). Observing how vegetation 

communities respond over smaller spatial and temporal scales provides insight as to how larger regions 

may respond to more significant temperature fluctuations in the future. Historically, attempting to observe 

and analyze the patterns in vegetation communities across a mountain range would have been a colossal 

undertaking, requiring many individuals and hundreds of hours in the field and performing analysis.  

Advances in technology over the past forty years have provided researchers with new tools that 

make this process substantially easier; primarily the innovations in the field of remote sensing. By using 

satellite images and computer software, researchers are now able to perform analysis of large areas in 

fractions of the time that it used to take. This project seeks to utilize modern remote sensing techniques 

coupled with historical ecological data to assess the amount of change within the Catalina mountains 

related to gradual shifts in ecosystem boundaries. Establishing an effective methodology for this purpose 

would be useful for land management assessments across the world, allowing researchers to visualize 

changes from historical data. 

Sky islands face the potential of losing much of their diversity in higher elevations because they 

lack additional habitat to expand into. If climate change proceeds to alter ecosystems on a fast pace, some 

ecosystems may not even have the time to migrate. The warming climate poses a true danger to isolated 

ecosystems, as evidenced clearly by the Sky islands in southern Arizona. 
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Figure 1. Geographic location of the study sites: Santa Catalina Mountains (1) and Rincon Mountains (2). 

These two Sky Islands are located in southern Arizona to the north (1) and east (2) of the city of Tucson. 
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1.1 The potential impact of climatic changes on the Sky Islands of Southern Arizona 

Every natural system on the planet will be in some way influenced by climate change. Some studies 

have already observed spatial changes in vegetation communities over a limited timespan (Brusca et al., 

2013, Moore et al., 2013). There are also models predicting changes in the ocean, atmosphere, 

cryosphere, carbon cycle, and other biogeochemical cycles that will have dramatic impacts on human and 

non-human life. As climate change intensifies, there are four options for any species in an impacted 

location: adapt to survive in the new habitat, migrate to a more hospitable area, acclimate to the changing 

environment, or cease to exist (Corlett, Westcott, 2013). 

Average global temperatures in 2015 were higher than ever previously recorded (Hansen et al., 

2015). The global climate is changing at an unprecedented rate in human history resulting from several 

factors; both anthropogenic and natural influences are playing a role in these changes (IPCC, 2014). 

Current climate models predict that temperatures will continue to increase, climate change has reached a 

momentum that can only be mitigated instead of stopped completely (IPCC, 2014). In 2015, the global 

average temperature was over 1°C greater than the 1880-1920 mean used for comparison (Hansen et al., 

2015). 

It is impossible to predict exactly all the impacts that a changing global climate will have on 

ecosystems across the world, but it is well modeled that many areas will see decreased precipitation and 

increased temperatures (IPCC, 2014). Global models anticipate overall increases in average precipitation, 

but the distribution of that precipitation will shift (Hughes, 2000). Changes in precipitation patterns are 

not as confidently modeled as changes in temperature, but can be predicted with medium certainty.  
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Figure 2. Elevation change by species breakdown, demonstrating changes in habitat comparing original 

Whittaker and Niering (1963) data to observations from Brusca et al. 2013. The white bars are the 

historical 1963 data, with hashed segments indicating the outermost 1000 feet. Black bars are 

observations from a 2011 survey conducted by Brusca et al. This figure was originally published in 

Brusca et al.’s 2013 “Dramatic response to climate change in the Southwest: Robert Whittaker's 1963 

Arizona Mountain plant transect revisited”. 
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The IPCC models suggest that high latitudes, the equatorial Pacific Ocean, and mid-latitude wet 

regions will probably receive increased precipitation on average. On the other hand, current models 

predict that mid-latitude or dry regions in the sub-tropics will see decreased average precipitation as 

climate change continues (IPCC, 2014). Given that the Santa Catalina mountain range occurs in a mid-

latitude, already dry region, based on the model predictions it is safe to assume there will be a decrease in 

average total precipitation. 

It has been documented that some vegetation communities are already shifting upwards in elevation 

where climate change is believed to be the driving force. In Southern California, plant species in the Santa 

Rosa mountains have been surveyed and recorded as moving up approximately 65m over the past thirty 

years (Kelly and Goulden, 2008). Fire frequency and air pollution are two other potential drivers for these 

changes in California, but after analysis of the data, were ruled out by logical considerations (Kelly and 

Goulden, 2008). 

1.2 Ecology of the Sky Islands 

The Catalina mountains contain many different life zones that naturally occur in larger areas at 

different latitudes across the earth. By observing the shifts in these life zones on a smaller scale, it is 

possible that some information may be obtained which could be useful for understanding how the 

communities in larger areas may also respond in terms of latitudinal shifts. The density of vegetation in an 

area may also be influenced by the changing global climate. 

Early studies of the Catalina mountains provide a wealth of information regarding vegetation 

communities and variance along elevation gradients. At the base of the mountain range, desert scrub 

vegetation dominates the landscape; high water use efficiency plants thrive in the dry environment. As 

elevation increases, the desert scrub cedes land to desert grassland species, which in turn are replaced by 

oak woodlands. The upper elevations in the Catalina mountains transition into pine-oak forests, and then 

eventually pine and fir forests at the highest points (Figure 2) (Whittaker, Niering, 1965). 
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Figure 3. A graphic representation of the original ecosystem variation with elevation in the Santa 

Catalina Mountains. The dashed line at the top of the figure indicates the highest peak (Mt. Lemmon) 

within the Catalinas. This figure was originally published in Whittaker and Niering’s 1965 “Vegetation of 

the Santa Catalina Mountains, Arizona: A Gradient Analysis of the South Slope”.  
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These vegetation community changes are controlled by several different factors including 

precipitation, temperature, animal activity, and soil parent materials. (Whittaker, Niering, 1965). Larger 

herbivores are present at higher elevations which helps deter smaller species of plants from establishing, 

whereas in lower elevations there are fewer grazing animals due to the higher temperatures and decreased 

water availability. 

Historical data also suggests that a trend exists between elevation and precipitation: for every 

hundred meters increased in elevation, precipitation in the Catalinas increased by 1.60cm in the summer 

and by 1.30cm per hundred meters in the winter (Turnage, Mallery, 1941). The increase in precipitation 

with elevation explains in part the link between large, high-water usage plants in the peaks of the 

mountain range compared to the small scrub plants located at the base of the mountain. The larger tree 

species (pine and fir, primarily) are also much more cold-resistant than the small plants at the bottom of 

the mountain range; many different competitive advantages and disadvantages play roles in the 

distribution of these vegetation communities. 

Soil composition has a significant effect on the types of vegetation that can grow within its 

confines; in the lower elevations of the Catalina mountains, roots are limited by the presence of cemented 

petrocalcic horizons (colloquially referred to as “caliche”) (Breazeale, Smith, 1930). In addition to these 

concentrated areas of calcium carbonate, salt concentrations are higher at the bottom of the mountains 

which can change the drainage properties of the soil to the detriment of vegetation (Yang, Lowe, 1956). 

These characteristics change up the mountain slope, where the percentage of rock fragments is typically 

higher and there is more available pore space for water and roots when compared to silt- and clay-rich 

soils below. Increased amounts of organic matter in the higher elevations (Whittaker, Niering, 1965) 

provide more nutrients to the soil, which increases the productivity of microbes and vegetation in the area. 

Finally, the soil moisture content was shown to increase significantly with elevation above 2,100m from 

2-3% below 2,100m to 9% on south-facing slopes and 28% on north-facing slopes (Whittaker, Niering, 

1965). 
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The Santa Catalina mountain range and other similar sky islands offer habitat for many species that 

could not otherwise tolerate the harsh climate of the region. From the foothills of the mountain range to 

the summit (3,000 – 9,000 ft.), one can find plants residing in scrublands, grasslands, woodlands, and 

forests (Whittaker, Niering, 1965). These vegetation communities are delineated by elevation boundaries, 

generally corresponding to temperature and precipitation gradients. As elevation increases, the species 

which can best tolerate cold dominate the environment, while at the bottom, the heat- and drought-

tolerant species thrive. As climate changes and temperatures increase along those elevation gradients, it is 

presumed that the more competitive grassland and scrubland species will shift upwards and disrupt the 

current ecosystems. 

Sky islands are specifically at risk of losing their diversity because ecosystems at higher elevations 

have nowhere to migrate once temperatures exceed their tolerable range. It is also possible that the rate of 

climate change is so rapid, even ecosystems that have neighboring territories which are suitable for 

expansion may not completely persist. Species with long life cycles and lower rates of dispersal may be 

lost in regions where they could not migrate fast enough. 

1.3 Remote Sensing as a tool for ecosystem composition change 

Remote sensing relies on observing the interaction between light and an object. When light interacts 

with a particle, it can be reflected, transmitted, or absorbed, depending on the characteristics of the 

particle with which it is interacting (De Jong and Van der Meer, 2005). Instruments can observe the 

amount of light reflected by an object and generate metrics which can be used for a variety of purposes, 

including the classification and identification of vegetation, soil, and other landscape components. Soil 

vegetation indices are created to observe specific features of a landscape or vegetation by using different 

portions of the electromagnetic spectrum that are not visible to the human eye. By creating ratios of the 

intensity of reflected light in different wavelengths, formulae can be generated that quantify a wide 

variety of features in an area.  
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The normalized difference vegetation index (NDVI) and modified soil adjusted vegetation index 

(MSAVI) are two commonly used vegetation indices for monitoring the status and health of ecosystems.  

These two indices are centered around the NIR and Red band values for a pixel. When coupled a with 

long-term temporal dataset like Landsat, these indices can be observed for the study area in attempts to 

observe changing trends associated with the movement of vegetation types.  

NDVI is a calculated from observable biophysical characteristics that directly correlates to the 

photosynthetic activity of the vegetation in question (Xie, Sha, & Yu, 2008). By observing a scene 

containing NDVI data, researchers can approximate the density of vegetation in a specific area. When 

combined with classification data, this can be used to make powerful statements about the changes in a 

location over time with respect to both vegetation type and amount of vegetation present. Classification 

methods have been developed using computer software that assigns values to pixels based on their 

spectral reflectance. 

While NDVI is simple to calculate and can be done with a reasonable accuracy, it fails to account 

for surface properties like the impact of soil on the pixel reflectance values. As an attempt to address 

some of the shortcomings of using NDVI to monitor vegetation, a “soil-adjusted vegetation index” 

(SAVI) was created by A. R. Huete in 1988. This technique modified the equation for calculating NDVI 

to incorporate an additional term to account for the influence of soil in pixel reflectance. Huete suggested 

that there may be multiple ideal adjustment factors depending on the density of the vegetation being 

observed (very low, intermediate, or high density). For typical purposes, an adjustment value of 0.5 is 

used. 

In 1994, Qi, Chehbouni, Huete, Kerr, & Sorooshian released a paper discussing a “modified soil-

adjusted vegetation index” (MSAVI) in which an inductive method is used to derive MSAVI with less 

noise than when using a constant L value or even an adjusted L value based on the soil line slope and 

weighted difference vegetation index. The authors determined that this MSAVI was less sensitive to soil 

backgrounds as they changed spatially and temporally when compared to NDVI and SAVI methods. The 
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MSAVI was constructed to reduce the influence of a soil background on the observation of vegetation 

reflectance. This however comes at a cost of reduction in the detection of vegetation itself when 

compared to other indices, such as NDVI. For assessing vegetation density change in areas with high, 

medium, and low amounts of visible soil, the MSAVI is the superior index. 

To apply these remote sensing techniques, a high-quality aerial or satellite image (or series of 

images) is required. The National Aeronautics and Space Administration (NASA) in the United States has 

maintained satellites to collect global images for over forty years. The Landsat series, launched in 1972, 

has been observing and recording images on a medium spatial and temporal resolution that are used by 

researchers around the world for a wide variety of projects (Roy et al., 2014). Many improvements have 

been made to the Landsat satellite series over time, including modifications that increase the capabilities 

of the sensors spectrally and spatially. To utilize the entire timespan of the Landsat project, it is necessary 

to apply corrections to the imagery to ensure that the spectral reflectance values are properly comparable 

(Xie et al., 2008). 

After an image has been corrected (or “pre-processed”), it can be used for analysis. Using a 

standalone image can be useful for observing limited information related to a snapshot of a place in time, 

but much of the power of vegetation indices comes from employing methods which directly compare 

multiple vegetation index imagery. However, by using the NDVI Image Differencing technique, an 

individual can take two NDVI images of the same location under similar environmental and temporal 

conditions and create a composite image. This process involves subtracting the pixel values (NDVINew – 

NDVIOld) from each image to determine the change in NDVI at each pixel. This differenced image can 

then be used as a tool to understand how the vegetation has changed during a specific time span. 

To determine if the change was significant, different thresholds are commonly applied to the 

differenced image. Using the standard deviation to identify significant changes in vegetation is one of the 

most commonly used methods, and is done so by reclassifying the NDVI differenced image into three 

categories. Each segment corresponds to either the left tail of the distribution, the right tail of the 
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distribution, or the area between the tails. The values in the left tail of the distribution indicate areas that 

have undergone vegetation decrease, while the right tail indicates significantly higher amounts of 

vegetation (Mancino et al. 2014). 

Classifying vegetation into categories by their spectral reflectance is a common practice for 

observing spatial changes. An unsupervised classification is a method wherein the software observes 

trends in the data and assigns classes to similar reflectance values with no initial user input (Xie et al., 

2008). Users must then observe the software-generated classes and determine which class corresponds to 

which vegetation type in the field. After doing any kind of classification, the user must also determine its 

reliability in terms of accuracy, which is typically done by creating an error matrix. 

Unsupervised classifications are less difficult to perform because they require no ground-truthing, 

and can be done entirely by the image processing software. They are also simple to interpret, provided 

that a high-quality image of the area is available for validation. However, unsupervised classifications 

have been shown to be less accurate than their alternative, supervised classifications (Alrababah & 

Alhamad, 2005).  

Supervised classification techniques are more effort-intensive than unsupervised classifications, but 

commonly improve overall accuracy. The primary difference between the two methods is that when a 

user performs a supervised classification, they select “training sites” to guide the classification algorithm 

used by the software. An individual will select a group of pixels that are known to be a specific class 

(validated in the field) and the software will use that selection to generate the rest of the class throughout 

the image based on similarities in reflectance. 

This classification technique often utilizes a maximum likelihood classification (MLC) algorithm, 

which calculates the probabilities of each pixel to be within a given class, then assigns it to the class with 

the highest probability (Ahmad & Quegan, 2012). The MLC algorithm assumes that the distribution of 
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classes follows a Gaussian distribution, which is not always the case in complex environments, and is one 

potential downside to using supervised classifications with MLC (Xie et al., 2008). 

Error matrices are constructed by randomly selecting a significant number of points within the 

classified image. Each point that has been selected is then validated to ensure that the vegetation class 

within is the true class as found in the real world. The discrepancies between classifications and what 

truly exists are then used to determine the overall accuracy of the classification scheme. 

1.4 Ecology and Remote Sensing in the past 

Humanity has never had the tools to observe environmental changes of this magnitude when they 

occurred in the past, and as a result there is little data to work with. By compiling as much information 

about the rates of change occurring in as many ecosystems as possible, researchers are better informed to 

make predictive models for how the global environment will change. Advances in technology are also 

necessary to improve climate response models; with more advanced sensors that can take collect data at 

higher temporal and spatial resolutions, higher accuracy in model predictions can be achieved (Schimel, 

Asner, Moorcroft, 2013). 

The use of remote sensing to solve ecological problems is especially complex, given their vast 

number of components. Before the advent of remote sensing technology, addressing large ecosystem-

wide issues was often prohibitively expensive in terms of labor or time cost to acquire the necessary data. 

With free or cheap satellite and aerial imagery now available via various government entities, more and 

more large-scale ecosystem questions can begin to be addressed. 

There are many ecological studies which utilize remote sensing methods in creative and useful 

ways, and these studies are being used to drive further development of techniques for addressing the 

questions of the future. These studies vary by focus and complexity, from assessing biomass and vigor by 

using multispectral imagery and its influence on land cover (Cakir et al. 2008), to observing landscape 
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management practices and assessing how urban development differs from agricultural growth (Alphan, 

Yilmaz 2005). 

Landsat satellites have specifically been used to perform time-series analysis of land use/land cover 

in many examples, establishing a precedent for an effective methodology to compare two distinct points 

in time using the same satellite platform. Remote sensing methods for ecological studies are typically 

preferred over paper maps or field surveys due to their relatively inexpensive nature by comparison 

(Alrababah and Alhamad, 2006). Combining remote sensing methods with field data has also been done 

in the past with success. The 30 x 30m spatial resolution Landsat imagery, when run through 

classification algorithms using ground data, could distinguish between different biomes in the 

Mediterranean (Alrababah and Alhamad, 2006). 

Remote sensing data products are also being used in the development of models and other tools to 

be used in ecological studies to come. Classified Landsat images were used in a study of the Santa 

Catalina area to observe the distribution of vegetation types (Kupfer et al., 2000). Ultimately, the results 

of this model highlighted the need for further investigation and higher resolution data to create a more 

accurate model (Kupfer et al., 2000). 

Vegetation indices are commonly used within an ecological framework to assess the biophysical 

characteristics of a landscape. NDVI has been embraced worldwide as an index of note for performing 

studies related to vegetation health, often linking the greenness observed via NDVI with plant stresses 

from environmental influences (Pettorelli et al., 2005). NDVI is not a perfect index, however, and 

depending on the type of landscape that a study area is in, other indices are more applicable. Areas where 

vegetation is sparse and landscapes are dominated by soil or rock are often better suited to be viewed 

using the SAVI or MSAVI indices when using remote sensing methods to observe vegetation (Pettorelli 

et al., 2005). 
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Long-term trends have been difficult to observe using remote sensing techniques due to a lack of 

historical data. Every year that passes now strengthens the foundation of remote sensing in ecology by 

providing more and more data points for future projects and studies to use. Remote sensing scientists are 

attempting to identify the factors involved in large ecosystem-altering processes like climate change or 

widespread ecological interactions (Kennedy et al. 2014). Completion of a set of methods that can quickly 

and accurately model how large-scale ecological processes will potentially happen over time would be a 

monumental step towards being able to effectively manage the landscapes of the future. 

1.5 A proposed experiment 

The Santa Catalina mountain range has a relatively long historical record for vegetation 

distribution, primarily coming from the work done by Whittaker and Niering in the 1960s and ‘70s. 

Coupled with Landsat and high-resolution aerial imagery, I sought out to demonstrate the hypothesized 

migration of vegetation upwards in elevation along primarily the southern slopes of the mountains. 

The techniques to be employed included attempting to classify the vegetation types using either 

supervised or unsupervised classification methods in high resolution aerial photographs, then applying the 

spectral characteristics to medium-resolution Landsat images. By starting with the high-resolution 

imagery, a more accurate classification could be generated to guide the lower resolution methods later in 

the experiment. 

If the classification of individual biomes was not possible, a secondary objective was to quantify 

the vegetation and its relative greenness using NDVI and MSAVI techniques. Using field data and 

literature, NDVI and MSAVI values could ideally be linked to the specific biomes. 

Once the biome locations had been mapped out with confidence, the spectral characteristics of each 

biome was to be applied to a time series of Landsat imagery and processed using the image differencing 

technique. 
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Ultimately, we hoped to demonstrate that vegetation communities were moving or changing in 

some quantifiable way to help understand how the real world was responding in comparison to the 

models predicting movement upwards in elevation. 

2 Methods 

2.1 Field Work 

Field work in the Santa Catalina mountains involved performing site verification of vegetation 

types at different elevations within the mountain range. Transects from Moore et al. 2013 were used as 

initial areas of investigation. Several transects from their study were revisited and major plant species 

were identified and described as either major or minor constituents in the area. Areas where major 

constituents were amassed in significant numbers were denoted as potential training sites for supervised 

classifications using satellite and aerial imagery. 

During these field visits, evidence of fire was observed nearby some of the Moore transects and was 

taken note of. Initial project plans included attempting to mask the effects of fire on the observation of 

transitioning biomes by excluding the denoted areas from classifications. After discovering the severity 

and ubiquity of fire influences in the Catalinas, the study site was shifted to the Rincon mountains, which 

contain similar vegetation communities moving along an elevational gradient. 

2.2 Satellite and Aerial Imagery Acquisition and Processing 

To address the main question regarding the ability to use remote sensing to resolve climate change-

driven vegetation migration up-slope in the Sky Islands of Southern Arizona, we collected satellite and 

aerial imagery from the USGS Earth Explorer website. The images that were selected contained less than 

ten percent cloud cover, and were selected to cover the widest possible timespan. To address landscape 

change over time, we acquired the Landsat 4 scenes which were created on August 14, 1985 for 
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comparison with Landsat 8 imagery obtained in 2015. National Agriculture Imagery Program (NAIP) 

images were selected from 2015 to be the starting point for analysis. 

The Landsat scenes are large images which encompass around 12,000 square miles of land surface 

area per scene. Two scenes were selected to represent the study area (Path 35, Row 37; Path 36, Row 38), 

and were mosaicked together using ERDAS Imagine software. Following the successful mosaicking, the 

scenes were clipped using ESRI ArcGIS software to include only the study area. By decreasing the size of 

the images, future processing times were dramatically quickened. 

After creating the Landsat mosaic and clipping it to the correct extent, the NAIP imagery was 

gathered from EarthExplorer. Due to the NAIP image sizes being much smaller (approximately 225 

square miles per scene), the study area required over 40 different images being downloaded and stitched 

together within ESRI ArcGIS software. This is the primary difference in processing methods which 

complicated the project; due to the filetype of the NAIP imagery, it could not be processed using ERDAS 

Imagine natively. To observe and interact with the data from NAIP, it was necessary to change the 

filetype and use different software, adding a degree of complexity to the process. 

The NAIP scene was mosaicked within ArcMap 10.4 and exported as an .img file to be opened 

within ERDAS Imagine. Future projects attempting to use both NAIP and Landsat imagery in conjunction 

would likely be better served by solely using ESRI ArcGIS software instead of attempting to use both 

ERDAS Imagine and ArcMap. Decreasing the number of filetype changes will diminish the risk of 

processing errors and potentially changing the results of future work. 

2.3 Creation of vegetation index scenes (NDVI, MSAVI) 

NDVI and MSAVI images were created for the Rincon mountains study area using surface 

reflectance data. The Catalinas were briefly observed, test change detection analysis revealed the areas 

influenced by the Aspen and Bullock fires were severely altered and had effectively hidden any gradual 

changes within their extent. Two of each vegetation index were created using two different methods, one  
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Figure 4. Landsat and NAIP side-by-side comparison images. The Landsat imagery (left column) 

displays better when zoomed out compared to the NAIP imagery (right column), but suffers when zoomed 

in. The NAIP imagery was selected to complement the Landsat scenes; with two data sources, the goal 

was to balance out the weaknesses of the other. 
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using ERDAS Imagine and one using ESRI ArcMap. The rationale behind utilizing two distinct 

methodologies for this approach was to validate the final results; without multiple methods, it is possible 

that a data product could be produced with less-than-desirable accuracy. Because the surface reflectance 

imagery was delivered in individual band images, the relevant bands (NIR and Red) were stacked using 

ERDAS Imagine. 

For method 1, the NIR and Red bands were designated as such within the ERDAS Imagine 

Vegetation Indices tool, then the application was run to create NDVI and MSAVI images. Method 2 

utilized manual calculation and creation of the vegetation indices in ESRI ArcMap 10.5. After creating 

the stacked image in ERDAS Imagine, the .img file was loaded into a blank ArcMap document. The 

original values of the surface reflectance were scaled by 10,000 above the expected range of -1 to 1; the 

process of manually creating the vegetation indices began by descaling the surface reflectance data to the 

appropriate range. Upon receiving advice from the ARSC, the equations were structured such that the 

results would be displayed as Float data for more precision.  

 

2.4 Imagine Classification 

An early attempt at categorizing the vegetation of the study area was done using both supervised 

and unsupervised classification methods within ERDAS Imagine. Supervised classifications were 

performed, guided by field work, and supported by the NAIP high resolution true color imagery. 

Using unsupervised classification methods, the software could identify patterns within the spectral 

signatures and group pixels together with similar pixels, but required manual interpretation following 

completion of the classification. After running unsupervised classifications with thirty classes, ten 

maximum iterations to 0.95 convergence, the resulting classes were manually merged together based on 

field observations. 
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Figure 5. NDVI of the Rincon Mountains calculated using ERDAS Imagine (1), NDVI of the Rincon 

Mountains calculated manually within ESRI ArcMap (2), MSAVI of the Rincon Mountains using ERDAS 

Imagine (3), MSAVI of the Rincon Mountains using ESRI ArcMap (4). The two NDVI methods appear to 

highlight similar regions, though the manually calculated image is obviously depicting less contrast. The 

first MSAVI image highlights similar areas as the NDVI, which is expected, but the manual MSAVI image 

fails to clearly distinguish between vegetated and non-vegetated pixels in a predictable manner.   
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Despite being much finer than Landsat, the resolution of the NAIP imagery was still too coarse to 

classify individual species successfully across the board. The focus of the project transitioned to broader 

groupings of vegetation: grassland, woodland, and forested area. Vegetation indices were created and 

analyzed to observe the trends of these three vegetation types. Changes over time could potentially then 

be quantified by comparing early NDVI and MSAVI images with modern NDVI and MSAVI images. 

Preliminary vegetation index tests were conducted to ensure that the scenes were not compromised 

following data processing. NDVI and MSAVI indices were created for each study area image, and 

assessed for expected similarities and differences across the source data. General trends (highly vegetated, 

scarcely vegetated, not vegetated, urban, etc.) were observed throughout the study area and compared to 

determine if the trends were similar. 

3 Discussion 

 Projects involving remotely sensed data require a high level of expertise to execute accurately, 

and knowledge of the potential obstacles and pitfalls when pursuing a remote sensing project is crucial. 

The researchers must be aware of the data processing needs for each dataset, including spatial and 

spectral transformations that may be necessary for each product. An in-depth understanding of the 

fundamentals of remote sensing is critical to ensure that each step is completed in a way that will not 

confound the results or prohibit the analysis of the data.  

Every remote sensing project will additionally require a varying amount of time for processing and 

analysis. Allowing for the appropriate amount of time to complete the project is also very important. 

During this project, I found that there was neither a sufficient remote sensing background for overcoming 

unexpected obstacles nor an appropriate timeline for completing the desired study.  
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Figure 6. Early supervised classification of the Santa Catalina mountains; categories adapted from 

LANDFIRE data. The original concept was to separate the study area into categories based on spectral 

reflectance. This image was the best product using NAIP imagery, but eventually could not be analyzed 

due to the issues with banding remaining unresolved. 
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Confounding errors and unanticipated changes to the study area resulted in many significant 

changes to the project scope and goals over time. Eventually, it was determined that the detailed analysis 

that was required exceeded the amount of time available. As a result, the project was cut short and 

converted into this synthesis document. The desired outcome for this report is to assist others in planning 

and preparing for other similar remote sensing projects. 

3.1 Environmental Complexities 

3.1.1 Fires and the Catalina Mountains 

 Global temperature increases are likely influencing both fire severity and frequency. During the 

period from 1986 to 2003, fire frequency in the western United States increased by almost four times the 

average fire frequency of 1970 to 1986 (Westerling et al., 2006). The length of the hot and dry seasons 

increased as well from 1986 to 2003, increasing the amount of fuels available to be consumed by a 

wildfire (Westerling et al., 2006). The Catalina Mountains are heavily traveled by Tucson locals and 

visitors alike, and where many people congregate for recreational hiking and camping, the incidence of 

fire is likely to increase. Both anthropogenic and natural fires have ravaged the Catalinas over the past 

two decades, severely impacting the ecosystems that occur along the elevational gradients. Of particular 

note are the Aspen (2003) and Bullock (2004) fires, which together burned a significant portion of the 

Catalinas. 

 The relatively high frequency of fires over the past twenty years in addition to their high severity 

work together to dramatically reshape the distribution of vegetation, favoring fire-adapted species of 

plants and beginning periods of succession in other landscapes. While regular low-intensity fires are 

believed to be beneficial to the overall ecosystem on a long-term, they contribute a large amount of 

uncertainty to remote sensing efforts to observe gradual changes over a large time period. In regions 

which were burned severely, any slow changes would be immediately destroyed and hidden behind the 

encroachment of grasses and shrubs in the short-term, followed by early succession plants over time. 
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 Given the recent high-intensity fires in the Catalina Mountains, a clear majority of the study site 

was concluded to be burned at a severity which dramatically influenced vegetation distribution. NDVI 

image differencing revealed significant changes in areas affected by high severity fires, which 

complicated the process of quantifying pixel changes related to the project goals. Given that the goal of 

the project was to detect and demonstrate the presence of long-term gradual change, these intensely-

burned areas were no longer viable for inclusion in the analysis. 

3.2 Technical Complexities 

3.2.1 NAIP Banding 

 After completing the mosaicking and vegetation index calculations (MSAVI and NDVI) on the 

resultant NAIP imagery, I noticed an odd ‘banding’ pattern in several areas within the composite scene. 

The bands are most apparent on the MSAVI images, but still clearly distinguishable within an NDVI 

image. As depicted in figure 7, the artifacts could be interpreted as varying changes in vegetation along 

some gradient. In areas where the banding pattern is present, it becomes harder to accurately define which 

pixels reside within which vegetation class. Pixel values fluctuated within the banded regions by a 

significant amount, and increased the uncertainty of attempted classifications to exceed levels that I was 

comfortable with. Potential sources for the artifacts I considered included cloud interference, data 

processing errors, human management techniques, or topology influencing vegetation in the regions 

afflicted. 

The most obvious potential source of the banding artifacts would be if they were created during the 

data processing, and the most likely point for an error to occur would be during the mosaicking process of 

multiple NAIP image tiles. This concern was addressed by acquiring a single tile from within the banded 

area and creating an MSAVI image for the lone, unaltered scene. The banding appeared again, in the 

exact same place and pattern as the mosaicked imagery. Because of this demonstration, it was concluded 

that the bands were not being generated from improper data processing. 
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NAIP data is very rigorously collected, flying only on days where there are no or very few clouds 

present. Each NAIP tile is guaranteed to have fewer than 10% cloud cover and shadow. The exact 

percentage of pixels influenced within the banding areas is difficult to determine, but encompasses a 

significant amount of the scenes involved. Due to the many individual instances of the banding pattern 

occurring in an almost-uniform distribution across the area, we determined that cloud interference was an 

unlikely cause of the banding. 

When consulting with individuals from the Arizona Remote Sensing Center (ARSC), they 

suggested that the landscape may be actively managed in a way that evoked some type of vegetation 

response in this pattern. If the banding had been isolated to a single location with a known management 

regime in place, this explanation could have been the answer for the banding. However, the banding was 

relatively widespread across the study area, including bands appearing on opposite sides of the Catalinas. 

A management effort on such a wide scale would likely be obvious upon investigation, but no such 

process was discovered. 

The bands change in pixel value abruptly, and could be a result of topological or geologic 

differences in the area influencing vegetation patterns. Two pixels were selected less than 50 meters apart 

along a flat surface northeast of the Catalina mountains, straddling the edge of one band. The pixels were 

both verified to be the center mass of similarly-sized mesquite trees. The pixel within the band had an 

NDVI value of 0.053 while the pixel outside of the band had an NDVI of 0.227 (the banding caused a 

difference of -0.174). When comparing MSAVI values, the difference increased (0.101 within the band; 

0.369 outside of the band; difference of -0.268). These differences vary across each band, and are large 

enough to cause uncertainty in the classification of a pixel. Shrubland and grassland pixels are typically 

within about 0.1 of each other, so introducing an artificial shift of pixel value like the banding does 

strongly reduces the likelihood of an accurate classification within the banded areas (Weier, Herring 

2000). Investigating the affected areas did not reveal a change in soil series across the band, indicating 

that the lithology was likely not responsible for the changes in perceived vegetation density. The aspect of  
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Figure 7. Two demonstrations of the banding artifacts present within the NAIP imagery. In the area 

northwest of the Catalinas (top), the banding pattern is especially visible. The extent of the bands varies 

both horizontally and vertically, making it difficult to predict other areas that may be affected (bottom). 

Boxes highlight regions where banding influences vegetation across different elevations (top), while the 

sharp boundaries and presence in a variety of circumstances (N- and S-facing slopes; along waterways) 

is illustrated below. 
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the hillslopes within the bands may also influence the vegetation density and distribution, but the 

bands did not conform to the expected pattern when observing the hillslopes in the affected areas. 

Ultimately, none of the investigated potential confounding factors were seen to be likely as the 

source of the banding errors. While the bands appeared to be localized, there was not a method available 

to detect if there were other bands occurring in areas of dense vegetation that were being masked by high 

pixel values. Without being able to say definitively that the areas of interest were not being affected by 

these bands, we decided to discard the NAIP dataset for this project. 

3.2.2 Vegetation indices complications 

 Vegetation indices like NDVI and MSAVI are relatively straightforward to compute. These two 

indices were selected for this project because of their ease of use and their accuracy at conveying valuable 

information about vegetated areas. Additionally, the resulting imagery from an NDVI or MSAVI 

calculation is simple to interpret. Ranging from -1 to 1, a higher value indicates a more “green” 

(vegetated) pixel. The expected results of these index images were standalone data products that clearly 

conveyed the vegetation density across the study area as we know it to be true. 

 Generating NDVI imagery for the Catalinas and Rincons went smoothly and provided a clear 

picture of the vegetation composition within the mountains, verified by field visits. MSAVI imagery was 

only created for the Rincon mountains study area, as the Catalinas had already been ruled out for analysis 

at the time of MSAVI methodology refinement. MSAVI images in the Rincons were starkly different 

than anticipated, with MSAVI values of near 0.3 in areas where NDVI and true-color high-resolution 

aerial imagery confirmed there was dense vegetation with little soil background. A typical forested pixel 

will have an MSAVI value of ≥ 0.8, so a value of 0.3 for a verified forested-pixel is clearly indicative of 

some issue taking place. (Lu et al., 2015). 

 The Arizona Remote Sensing Center was consulted again, and after validating the methods by 

which the imagery was generated, there was no discernable reason for the discrepancy between the 

MSAVI results and what was physically present on the mountains. The discovery of this complication  
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Figure 8. Two mesquite trees of similar size and density, and in relatively close proximity (<50 m) were 

selected for their presence on either side of the band (top). NDVI (middle) and MSAVI (bottom) indices 

were computed for the region to observe the influence of the band on pixel values. See Table 1 for specific 

pixel values.   
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  Mesquite 1 Mesquite 2 Difference 

NDVI 0.227 0.053 0.174 

MSAVI 0.369 0.101 0.268 

Table 1. Maximum pixel value within each selected mesquite tree. Mesquite 1 was located outside of the 

banding; Mesquite 2 was located within the banding. See Figure 8 for visualization. 
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and the following inability to rectify the problem was an inflection point, where the project could not 

continue without further education on the more advanced analysis of the imagery. This was determined to 

be prohibitively taxing on the project team, and again, the project was adjusted to create this document. 

3.3 Future Work 

While the methodology employed in early stages of this project did not pan out as effectively as 

desired, the conceptual approach remains valid and could be useful in the future. Studies utilizing the 

temporal record of Landsat satellites in conjunction other data sources as time progresses will become a 

very powerful analytical tool. Identifying a method to filter out or mask areas that are known to have 

undergone high-severity burns will allow research to be conducted within study areas that are frequently 

disturbed, and could provide valuable information about the rate of change in vegetation distribution. 

Once historical datasets of other imagery are available, such as LiDAR or NAIP, where like-to-like 

comparisons can be made, the methodology employed here may be viable for detecting long-term patterns 

in land cover change. However, further investigation into the cause of the banding issues and unexpected 

MSAVI values is necessary before these newer methodologies are developed. 

4 Conclusion 

Remote sensing as a science offers an astounding number of useful tools and datasets for research 

projects, but also presents unique challenges and difficulties along the way. Performing a thorough study 

of the entire study area and available data products as early as possible is critical, and will prevent many 

errors from occurring. The historical dataset provided by the Landsat satellite series is valuable for 

performing time-series analysis and will likely be of critical importance as future change detection 

methods are developed using new remote sensing platforms. NAIP datasets will also continue to be 

valuable as they too continue to accumulate time-series data, though some questions remain regarding the 

source of the banding issues noted earlier. Until methods are created which can detect or prevent areas 

from being influenced by these bands, there is additional uncertainty added to every data product created 

using a compromised scene.  
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