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ABSTRACT 

The ecological value and functionality of riparian systems along ephemeral, 

intermittent, and perennial streams in the Southwest is well established. In Pinal 

County, Arizona the existing datasets available to environmental managers and 

governing bodies drastically underestimate the extent and presence of riparian zones. 

This study addresses the issue through the use of remote sensing land cover 

classification techniques. Landsat 8 data, topographic data, and high-resolution color 

infrared (CIR) imagery, and several derived vegetation indices are used to construct a 

classification and regression tree (CART) model. Using training data, the CART model 

is used for the identification and delineation of basic land cover classes across the 

County. Woody annual and perennial species are identified and associated to riparian 

zones using a valley bottom model (VBM) developed by the United States Department 

of Agriculture. 

The CART model (kappa value of 0.76) found that 929 square-miles of annual 

vegetation and 651 square-miles of perennial vegetation are present across Pinal 

County. Annual and perennial vegetation classifications are assessed for density using 

a 0.33 acre moving window. The density values for both classes are then used in 

conjunction to differentiate upland, xeroriparian, mesoriparian, and hydropriarian 

vegetation zones. Vegetation zones are clipped to regions where the VBM identifies 

valley bottom probability to be 62 percent or greater. The results generated provide a 

sufficiently comprehensive dataset that gives County managers and environmental 

professionals improved insight into the presence and distribution of important riparian 

habitats. 
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INTRODUCTION 

Background 

The importance of riparian zones in arid and semi-arid regions of the southwest 

cannot be understated. While they comprise only an estimated 0.5 percent of the land 

areas, they provide essential services to environmental systems at both regional and 

local levels (Arizona Riparian Council 2004, 3; The University of Arizona 2007, 1). In 

Arizona, riparian zones support a disproportionately large number of plant and animal 

species compared to upland areas adjacent to them (Jones et al. 2007). Approximately 

80 percent of all vertebrates in Arizona spend a portion of their life cycle in riparian 

areas with a full 40 percent being totally dependent on riparian areas (U.S. 

Environmental Protection Agency 1993, 2). Additionally, acting as an interface, or 

ecotone, between upland and aquatic zones, riparian areas play an important role in the 

distribution of energy, material, and biological populations across regional landscapes 

(Naiman and Decamps 621-622). Because of the critical functional role that the areas 

play, the National Research Council recommends that restoration of degraded riparian 

areas and protection of healthy riparian areas be a national goal (National Research 

Council 2002, 2). The defining and delineation of riparian zones is a crucial aspect of 

management attempting to address this concern (Naiman and Decamps 1997, 623). 

 Just as with any ecosystem, it is a combination of the hydrologic, soil, and 

vegetative characteristics of a riparian area that define it. Uniquely, the health of a 

riparian area is dependent on disturbance events (primarily flooding) and on the greater 

availability of soil water than their upland counterparts (Jones et al. 2007). Simply put, 

riparian areas can be identified as the assemblages of vegetation along water courses 

that are unique with respect to their adjacent uplands. There does exist, however, 
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significant discrepancy in the specific definition of riparian. Within the paper 

Understanding Arizona’s Riparian Areas (The University of Arizona 2007, 5-9), fourteen 

varying definitions of riparian are identified from agencies at the state and federal level 

and from published sources. Although this list is not exhaustive, it demonstrates that 

riparian zones are defined not just by their content, but by the role they play on a local 

landscape level. Thus, variability in the criteria that are used to differentiate riparian 

areas from their surrounding upland areas is limited only by the scale at which the 

definition is to be applied. Because of this, when addressing riparian areas in Arizona, is 

it appropriate to adopt a regional perspective of the characteristics that constitute 

riparian. 

The Arizona Riparian Council (2004, 1) defines riparian as “vegetation, habitats, 

or ecosystems that are associated with bodies of water (streams or lakes) or are 

dependent on the existence of perennial, intermittent, or ephemeral watercourses.” 

Similarly, the National Research Council identifies riparian areas as adjacent to 

perennial, intermittent, and ephemeral streams (National Research Council 2002, 3). 

This is an important distinction as many definitions of riparian do not include ephemeral 

watercourses because the water table is well below the root zone for most of the year. 

However, in Arizona, nearly 81 percent of all watercourses are ephemeral and provide 

many of the same ecological and hydrological functions as perennial streams by moving 

water, nutrients, and sediment throughout the watershed (U.S. Environmental 

Protection Agency 2008, iii). Generally, despite only holding water seasonally or 

following a storm event, intermittent and ephemeral watercourses can still be 

characterized by having a higher soil moisture content and greater vegetation densities 
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than their adjacent terrestrial uplands (U.S. Environmental Protection Agency 2008, iii; 

Zaines et al. 2007). 

In Arizona, the transition between uplands and riparian zones is often abrupt and 

easily distinguishable, with the riparian zone being a conspicuous ribbon of dense, 

unique, and/or robust vegetation relative to the adjacent upland. The vegetation 

composing these ribbons are a combination of obligate (OBL), facultative wetland 

(FACW), facultative (FAC), facultative upland (FACU), and upland plant species (UPL) 

as identified by the National Wetlands Plant List (NWPL) (U.S. Army Corps of Engineers 

2012, 1). In general, the NWPL classification places obligate species as exclusive to 

wetlands under natural conditions, while upland species are typically exclusive to 

upland zones. It is noted that in arid regions, although most wetlands are dominated by 

species classified as OBL, FACW, and FAC, many wetland communities incorporate 

FACU species as well and should therefore not be identified by dominant species alone 

(US Army Corps of Engineers 2008, 14). This is an important factor to consider when 

attempting land cover classification using remote sensing methodologies. The more 

coarse the resolution, the greater the likelihood that a single pixel value will generalize 

the actual vegetation structure and content on the ground.  

Johnson et al. (Johnson et al. 1984, 378-380) developed a three-part 

classification of riparian subsystems which was created to accommodate the 

characteristics of riparian systems in the arid regions of the West. These subsystems, 

hydroriparian, mesoriparian, and xeroriparian, are defined to roughly coincide with 

perennial, intermittent, and ephemeral streams, respectively. Although this classification 

system was developed when obligate, preferential, facultative, and non-riparian 
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classifications were used, they translate well to the OBL, FACW, FAC, FACU, and UPL 

classifications used by federal agencies today (Johnson et al. 1984, 380).  

 

Table 1-1. Subsystems of riparian as identified by Johnson et al. (1984). 

Subsystem Definition 

Hydroriparian Wetlands with hydric soils or whose substrates are never dry or are 
dry for only a short period; usually associate with perennial or 
intermittent water. Vegetation, when present, consists of a 
predominance of obligate and preferential wet riparian plants. 

Mesoriparian Wetlands with non-hydric soils and whose substrate is dry 
seasonally; usually associated with intermittent water or high-
elevation ephemeral wetlands. Vegetation, when present, consists 
of a mixture of obligate, preferential, and facultative riparian plants. 

Xeroriparian Mesic to xeric habitat-type with average annual moisture higher 
than surrounding uplands, but provided with surface moisture in 
excess of local rainfall only on infrequent occasions (usually for less 
than one month per year). Vegetation, when present, consists of a 
mixture of preferential, facultative, and non-riparian plants. 

 

Existing Datasets 

Although the losses of riparian areas in Arizona are as high as 95 percent, few 

attempts to comprehensively map the current extent of riparian areas in Pinal County 

have been made (Poff 2011, 9). A review of previous efforts to map riparian areas in 

Arizona and Pinal County found four existing datasets: the Arizona Game and Fish 

Department’s (AZGFD) State Wildlife Action Plan (SWAP), the Southwest Regional Gap 

Analysis Project (SWReGAP), the United States Forest Service’s Regional Riparian 

Mapping Project (RMAP), and the United States Fish and Wildlife Service National 

Wetland Inventory (NWI). 

 In developing their own model, AZGFD reviewed the riparian zones identified in 

the SWReGAP and found that riparian areas in much of the state were 

underrepresented in some areas and misclassified in others. A review of the SWReGAP 
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maps in comparison to high resolution imagery found similar issues with over- and 

underestimation. In addition, the SWReGAP assessment looked only at the dominant 

life form in a 30x30 meter area. This medium-spatial resolution fails to account for 

higher densities of FAC, FACU, and UPL species which may exist along ephemeral 

water courses, but may not represent dominance in the scene. 

The SWAP assessment supplemented a 1993 assessment made by AZGFD for 

riparian areas along perennial streams by estimating riparian areas with a cost weighted 

distance measurement from perennial and intermittent streams with slope acting as the 

cost surface (Arizona Game and Fish Department 2012, 49). Recognizing that xeric 

riparian vegetation was underrepresented in the SWReGAP data, all named washes 

were buffered based on presence above or below an elevation of 4000 feet (Arizona 

Game and Fish Department 2012, 35). 

Unfortunately, because this methodology relies on an existing dataset of named 

ephemeral washes, this method does not explicitly incorporate all ephemeral 

watercourses. Also, it does not take vegetation characteristics into account, and uses 

only a single parameter evaluation of the distance from watercourse to delineate 

potential riparian areas along the ephemeral washes identified. A review of this dataset 

found that riparian areas were overrepresented in the defined areas, and 

underrepresented across the county as a whole. 

The RMAP project currently being developed and implemented by the USFS 

utilizes high resolution aerial imagery in conjunction with a valley bottom model and 

wetness index layer to identify potential riparian zones that are then mapped into 

twenty-six vegetation classes through heads-up digitization. Although this provides a 
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comprehensive analysis of riparian vegetation along perennial, intermittent, and 

ephemeral watercourses, vegetation was mapped only if it was identified as obligate or 

facultative using the US FWS plant classification system. Additionally, the project was 

only applied to 5th level HUC watersheds that incorporate at least 10 percent US Forest 

Service Land, which does not include a majority of Pinal County (Triepke et al. 2014). 

The National Wetlands Inventory (NWI) provided by the US Fish and Wildlife 

Service (USFWS) also provides useful information regarding potential riparian zones. 

While comprehensive, the NWI only identifies riparian areas with respect to the 

hydrologic classification of the watercourse, and while hydrologic activity is associated 

with riparian areas, it is not functionally or spatially equivalent and cannot be directly 

correlated. A comparison of the NWI dataset to high resolution imagery shows that the 

inventory has not incorporated a majority of the ephemeral watercourses in Pinal 

County. 

Given the current issues identified in the existing spatial data identifying riparian 

zones, it was found that a more comprehensive and inclusive analysis was necessary. 

This project aimed to utilize remote sensing land-use land-classification (LULC) 

techniques in conjunction with a valley bottom model to identify xero-, meso-, and 

hydroriparian zones. High resolution NAIP imagery (1 meter resolution), Landsat 8 

Operational Lands Imager (OLI) (30 meter), and topographic information were 

incorporated into a Classification and Regression Tree Model (CART) to the basic land 

cover classes. The classified image was then clipped to the areas existing inside the 

valley bottom model. 
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The data provided from this study will allow interested agencies and persons a 

comprehensive dataset of riparian zones throughout Pinal County. The information 

generated will prove useful in a variety of fields including planning, wildlife movements 

and distributions, stormwater management, and environmental conservation. 

Land Classification Techniques 

Several important distinctions differentiate this approach from previous studies. 

Primarily, the intent will be to discriminate areas of dense vegetation along ephemeral 

watercourses. Because these areas may be relatively narrow, it is necessary to use the 

high resolution, CIR imagery available through The National Agriculture and Imagery 

Program (NAIP). NAIP data is collected once every three years using high altitude aerial 

photography with a ground resolution of 1 meter. Imagery covering Pinal County was 

collected on varying dates between June 3rd and June 18th. 

Because the resolution of this imagery is 900 times that of a traditional Landsat 

scene (30 meter), the NAIP pixel is more likely to associate to a single plant species or 

material than a Landsat pixel. This, in turn, reduces the mixed pixel problems 

associated with medium and course resolution areas (Fisher 1997, 679-683). However, 

for plant structures larger than 1 meter, the smaller resolution is more likely to reveal 

variations in individual components of the object such as shadows and branches. The 

additional detectable spectral variability within a single plant canopy makes it more 

difficult to differentiate between species (Lu and Weng 2007, 17). This study is more 

concerned with distribution and presence of riparian vegetation across Pinal County 

rather than species presence or absence and simplified the vegetation types the 

classes of herbaceous, woody annuals, and perennials. Other land cover classes 
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identified are bright structures, light impervious, dark impervious, water, barren (dark), 

barren (light), and shadows. 

Through the use of a high resolution dataset in conjunction with a decision tree 

model, the goal is to yield refined accuracies similar to those produced from heads-up 

digitization that is often done with orthophotography. The accuracy of a decision tree 

classifier relies on the quality and type of training data used to create the tree. Decision 

trees have been shown to be considerably faster in production versus other comparable 

classification approaches such as artificial neural networks (ANNs) and provide better 

predictive accuracy than traditional classification approaches such as supervised 

maximum likelihood (Pal and Mather 2003, 554-555; Hansen et al 1995, 1080-1081). 

Study Area 

Although it is only the seventh largest of the fourteen counties in Arizona, Pinal is 

the third largest by population and is estimated to be one of the fastest growing counties 

in Arizona. Situated between the cities of Tucson and Phoenix, Pinal County comprises 

a major portion of the “Sun Corridor,” one of the ten megaregions that is projected to 

hold the next 100 million U.S. residents (Pinal County Comprehensive Plan 2012, 15). 

With 5,374 mi² of land within its borders, the county currently averages only one person 

per 10 acres, with a vast majority of people residing in the Western half of the county 

between Interstate 10 and State Highway 79. The three cities of Casa Grande, 

Maricopa, and Apache Junction encompass more than 41 percent of the current 

375,550 residents in the county (US Census Bureau 2014).  

The SWReGAP analysis identified twenty-six naturally occurring ecological 

systems inhabiting five distinct biomes represented in the county: Madrean Evergreen 

Woodland, Interior Chaparral, Semi Desert Grassland, Upland Sonoran Desert Scrub, 
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and Lower Colorado River Sonoran Desert Scrub (Lowrey et al. 2007, Pinal County 

Comprehensive Plan 2012, 255). The elevation profile of the county ranges from 980 

feet where the Gila River exits the county in the Northwest to the highest point at 6,441 

ft. on the northern slopes of the Catalina Mountiains in the Southwest. Major 

watercourses within the county include the Gila River, San Pedro River, Santa Cruz 

River, Queen Creek, and Aravaipa Creek. Although historically perennial, the Gila River 

is now regulated by Coolidge Dam through most of Pinal County. Of the major rivers 

and creeks, only portions of the San Pedro and the headwaters of Aravaipa remain 

perennial (The Nature Conservancy 2010). 

The climate ranges from arid to semi-arid across most of the county with 

precipitation averages ranging from 7.3 in. in the lower western areas up to 29 in. in the 

mountainous highland region. Temperatures range from an annual maximum mean of 

30.7°C in the West and North to an annual minimum mean of 6.7°C in the higher 

elevations in the East. The county landscape is dominated by Mojave-Sonoran Semi-

Desert Scrub (60.7 percent) with most of the developed regions and agricultural lands in 

the west (Lowrey et al. 2007). 

CART Model 

A univariate CART model was used in this study due to the number of noted 

successes the approach has had in previous LULC classifications in the region (Friedl 

and Brodley 1997; Villarreal et al. 2011; Lawrence and Wright 2001). CART models 

utilize a non-parametric approach that has been shown to produce better results when 

modeling complex phenomena when compared to other types of common spatial 

distribution models (Gutierrez et al. 2009, 2).  
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A CART Tree utilizes predictor variables and a list of a priori selected classes to 

create a dichotomous ‘tree’ by recursively partitioning data (Villarreal et al. 2012, 4271). 

When applied to remote sensing studies, input variables can be either ancillary (such as 

topography, soils, etc.) or spectral data. Using a set of points for each class as training 

data, the tree is created by evaluating class values and generating splits, or branches, 

where appropriate. The result is a recursively dichotomous structure whose final nodes 

represent the most probable class based on the branching pattern before it (Figure 1-1). 

The tree is then applied back to the variable layers as a set of rules to produce a 

classified image composed of the defined classes (Villarreal et al. 2012, 4271; 

Lawrence and Wright 2001, 1137). 

Model accuracy was improved through the use of boosting, bagging, and 

winnowing techniques. Boosting works off of an initial tree and places weights on 

incorrectly classified training data with the weight being proportional to the number of 

misclassifications. The model then uses these weights to treat these misclassified 

classes with greater importance during the creation of a number of successive 

iterations. From the iterations, the correct classification is selected from a plurality 

occurrence within the trees (Lawrence et al. 2004). The winnowing technique removes 

the predictive variables that may be unhelpful, while the pruning removes any sub-tree 

that has a high error rate and replaces it with either a leaf or sub-branch (See5/C5.0). 

Use of these parameters in creation of the model has been shown to improve predictive 

accuracy of CART models (Villarreal et al. 2011, 4271). 

Because regression trees make no assumptions about the frequency 

distributions of the data in each class, they are flexible and able to handle  
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Figure 1: Example of the general structure of a classification and regression tree. The 
nodes, or leaves (represented in grey) at the end of each branch represent 
the classification decision produced by the tree.  

 

nonlinear relationships between features and classes. An additional major advantage in 

earth science applications is that they are explicit, interpretable, and tractable through 

the decision tree output which allows for modifications of inputs based on model 

handling (Friedl and Brodley 1997, Pal and Mather 2003, 555). 

In comparison to the accuracies of the more traditional supervised Maximum 

Likelihood Classification, CART models have been found to be considerably more 

accurate (National Park Service 2011, 13). As well, it was found that CART models can 

successfully classify land cover using large numbers of input variables, which are 

necessary when using high resolution data. The data variables used in this model 
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included NAIP imagery, Landsat 8 OLI imagery, vegetation indices derived from NAIP 

data, and topographic information. 

NAIP, Landsat, and Radiometric Corrections 

When addressing the vegetation distributions within a semi-arid landscape using 

remote sensing techniques, it is important to consider the influence of both annual and 

perennial plants on vegetation indices. Rainfall in arid and semi-arid regions is often 

distributed seasonally in pulses of localized rainfall events (Noy-Meir 1973, 28-29). 

While perennial plant species maintain a near constant level of productivity throughout 

the year, the growth and life cycle of annuals is limited to the rainy season, when they 

will only germinate following substantial weather events. This phenological change of 

vegetation can have a significant impact on seasonal reflectance dynamics (Schmidt 

and Karnieli 1999, 45). Schmidt et al. found that the contributions of annuals to the 

values of the normalized difference vegetation index (NDVI) were significant with 

highest values being determined after a few weeks of rainfall (Schmidt and Karnieli 

1999, 52-55). 

Like much of southern Arizona, the weather pattern in Pinal County is reflective 

of a bimodal precipitation regime in which a majority of the precipitation falls in July and 

August during monsoonal storms, with most of the rest falling in the winter months 

between December and March. Precipitation coverages derived by the PRISM Climate 

Group covering a thirty year period indicate that the driest months of the year are May 

and June with county wide averages of 6.2 mm and 3.6 mm, respectively. Also 

important is that the geographic variability in precipitation is at its lowest in in May and 

June. When mapping areas as large and topographically dynamic as Pinal County, this 

is an important consideration. Using imagery taken in June when the soil water content 
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across the county is at its annual minimum helped to minimize the potential for 

variability in values within classes that could be caused by increased plant productivity 

in some areas due to a localized rainfall event. In addition, utilizing data from the driest 

portion of the year just prior to the monsoonal months reduced the likelihood that 

senescent plant material could be confused with perennial species.  

 

Identification of Potential Riparian Zones 

Differentiating vegetation structures between upland and riparian zones was 

done using a valley bottom model technique. Previous studies have used valley bottom 

models (VBM) to supplement riparian mapping efforts as well be used as the sole 

identifier in riparian mapping efforts (Triepke et al. 2014, Walterman et al. 2006). 

Because the size of a riparian zone is dependent on the topography, soils, vegetation 

and hydrologic characteristics of the associated stream, the widths are highly variable 

(Walterman et al. 2006).  

 A number of variations of VBMs attempt to address the complications of 

delineating riparian zones by deriving a variety of topographic parameters from digital 

elevation models (DEM), readily available through the National Elevation Dataset 

(NED). In some cases, models are supplemented with precipitation data. 

The model used in this study was developed by the United States Forest Service 

Remote Sensing Application Center (U.S. Department of Agriculture, 2013). This model 

utilizes topographic data, R (version 3.1.2) statistical software, and a set of user-

identified binary training points identifying areas that are either in valley bottoms (1) or 

upland areas (0). Values of the input rasters are extracted to the training points and fit to 

a logic function using the generalized linear model in R. The regression coefficients 
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produced are used as input variables in the logic function, which is used in ArcGIS map 

algebra to produce a new raster layer. The range values in the output raster (between 

zero and one) are reflective of the probability of the pixel being associated with a valley 

bottom. (U.S. Department of Agriculture, 2013)  

 

 

METHODS 

Topographically Derived Landform Data 

A combination of landform data, spectral data, and vegetation indices were used 

for inputs into the CART model, while the VBM relied strictly on landform data. 

Hydrologic and landform data were derived from a seamless mosaic of six 10 meter 

resolution DEMs. Because they rarely occur in natural environments, sinks, or low 

spots, were identified and filled. Additionally, to provide more hydrologically accurate 

models, drainages and canals identified in the National Hydrologic Dataset (NHD) were 

burned into the DEM. Flow direction and accumulation were computed using the 

r.terraflow algorithm with a multi-directional flow parameter provided with the GRASS 

GIS software package (version 7.0.0 beta3). All other hydrologic and topographic data 

was computed with ArcMap (version 10.2) or ArcMap python modules. 

Additional variables used exclusively in the VMB were the compound topographic 

wetness index (CTWI), the height above the channel (HAC), the Euclidean distance 

(EUC), the Euclidean distance times the slope (EUCxSL), the topographic position 

index (TPI) computed for a circular neighborhood with radii of 100, 150, 200, and 300 

meters, and the z-score of the TPI within the neighborhood (TPIz) (Ian Desmond, e-mail 

message to author, November 13, 2014). These parameters provide information about 
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potential soil wetness (CTWI), terrain roughness (TPI), relative position of elevation 

(TPIz), and position relative to stream (EUC, EUCxSL). 

Spectral Data 

Landsat Imagery 

Spectral data used included all four bands of the NAIP imagery as well as data 

from bands two through seven of the Landsat 8 OLI. The Landsat imagery, despite 

being of much lower spatial resolution than the NAIP imagery, was included because of 

the two additional short wave infrared bands it provides (bands six and seven), and 

because it was hypothesized that its coarser resolution might provide a local context to 

the values of the high resolution NAIP imagery. 

The Landsat scenes used are path 36, row 37 (S1) and path 37, row 37 (S2). S1 

was acquired on June 27th, 2013 while S2 was acquired June 18th, 2013. Although 

capture dates existed which corresponded more closely with the dates of the NAIP 

imagery, these dates were chosen because of the relatively small difference in 

collection between them (7 days) and because there were fewer clouds seen in the 

dataset that could skew training values and model output. Also, despite being collected 

one to several weeks after the NAIP imagery, no significant rainfall events transpired 

which would have otherwise impacted localized cell values. 

To convert the digital number (DN) values read at the sensor to reflectance of 

radiation at the ground, a cosine of the solar zenith model (COST) was applied. COST 

was developed by Chavez (Chavez 1996) as a means of atmospheric correction that 

was shown to be more accurate than previously used methods such as Dark Object 

Subtraction (DOS) (Chavez 1988). Because of additional values provided with each 

scene the calculation to convert the DNs to surface reflectance has been greatly 
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simplified in Landsat 8 data as compared to Landsat 7. Although little research has 

been done regarding expedient methodology to convert Landsat 8 DNs to surface 

reflectance, GISAgMaps (2014) has provided a methodology that uses a lowest valid 

value (LVV) methodology to determine the darkest object in the scene. The LVV is 

determined as the lowest pixel value in the image that has a difference between itself 

and the next highest number of less than 100. This 100 points threshold is determined 

to correspond to 0.25 percent reflectance (GISAgMaps 2014). 

Once the surface reflectance had been determined for each band, the two 

images were corrected for variations in reflectance value between each other using a 

linear regression technique. Two hundred fifty points were dropped in the overlapping 

area between the two scenes to determine the relationship between their values. Values 

from S1 were plotted against S2 and a line of best fit was determined for the point 

spread. The equation for this line was then applied to S2 to correct the values to fit 

those in S1, the majority scene. Once corrected against each other, the two scenes 

were mosaicked together to form a single image and then georeferenced to the NAIP 

data to a root mean square error value of 9.3 feet in an image-to-image correction using 

23 control points. 

NAIP Imagery 

This study utilized one-meter resolution, orthorectified, four band (CIR) imagery 

made publicly available by the USDA’s NAIP program to allow for the fine scale 

assessment of land cover values necessary for delineation of the distinct and often 

narrow riparian zones in the region (The University of Arizona 2007, 22). The NAIP 

imagery utilized in this study was acquired via aerial photography between June 3rd and 

June 18th in 2013. Each of the 412 quarter-quadrangle CIR NAIP images were 
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combined into single image mosaic in ArcMap (Version 10.2) to allow for processing as 

a single raster. 

Although the fine resolution of the NAIP imagery reduces the mixed pixel 

problem of larger resolution imagery, it does introduce the potential for spectral variation 

within classes that either do not fit the grid structure of a raster or that span across 

multiple pixels (Lu and Weng 2007, 17). To account for this issue, a low pass filter was 

applied to each NAIP band, with each resulting image being incorporated into the CART 

model. Additional bands were also derived with a 10x10 meter focal mean to further 

smooth the imagery. 

A textural variable layer was also established from the composite of the four 

band NAIP image. The texture analysis, which was produced through a range function 

in a 5x5 meter moving window, provides a means of quantifying the spatial patterns of 

the reflectance values in an image (Behee 2012; Ryherd and Woodcock 1996, 182). 

Deriving the range (difference between maximum and minimum) from a moving window 

provides a basic conception of shape in an area. A low range would indicate a more 

uniform surface across the window, such as pavement or grasses, while a high range 

indicates a rougher class, such a tree canopy. 

While the Landsat imagery is intentionally collected close to nadir to minimize 

shadow effect in variable terrain, the NAIP imagery is collected at multiple times during 

multiple days. Because of this, shadow length and direction across the county are highly 

variable and introduce a land use classification problem. To attempt to account for this, 

a shapefile provided with the imagery detailing the collection times and dates for the 

imagery was used in conjunction with equations provided by the National Oceanic and 
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Atmospheric Administration to calculate the solar azimuth (degrees) and altitude 

(degrees) at the time of collection for the 508 flight paths that were flown over Pinal 

County (National Oceanic and Atmospheric Administration 2011). Using ArcMap, 

hillshade rasters were calculated for each flight path from the DEM and mosaicked to 

form a single layer representing variability generated from sampling time (Figure A-1). 

The resulting output was included in the model to help compensate for shadow effect 

that would influence LULC classification. 

Vegetation Indices 

Numerous vegetation indices have been developed in previous studies that 

attempt to provide accurate detection of vegetation within remotely sensed scenes. 

Most indices utilize the sharp contrast in reflectance of photosynthetically active 

vegetation between the red and near infrared (NIR) bands known as the red edge. The 

ratios developed between these values have been shown to correlate well with 

parameters such as green leaf area and photosynthetic activity (Colwell 1974, 6; Sellers 

2007, 1335; Purevdorj et al. 1998, 3520-3521). However, the accuracy of these indices 

suffer from complications including the plant leaf area index (LAI), leaf angle, and soil 

background values (Rondeaux et al. 2006). The normalized difference vegetation index 

has been widely applied in LULC studies because of its simplicity and simple 

parameters, but has been shown to be less effective in characterization at very high and 

very low densities (Purvedorj et al. 1998, 3529-3534; Rondeaux et al. 1996). A variety 

of other indices have been developed which attempt to address the complications 

influencing index accuracy such as soil background values and leaf angle. A total of five 

were selected for use in this study (Table 2-1). 
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Table 2-1. Vegetation Indices derived from the reflectance-converted NAIP imagery and 
used in the CART model. 

Vegetation 
Index 

Equation Reference 

EVI 
2.5 ∗

(𝑁𝐼𝑅 − 𝑅𝐸𝐷)

(𝑁𝐼𝑅 + 𝐶1 ∗ 𝑅𝐸𝐷 − 𝐶2 ∗ 𝐵𝐿𝑈𝐸 + 𝐿)
 

Huete et al. 
(2002) 

NDVI (𝑁𝐼𝑅 − 𝑅𝐸𝐷)

(𝑁𝐼𝑅 + 𝑅𝐸𝐷)
 

Tucker (1979) 

SAVI (𝑁𝐼𝑅 − 𝑅𝐸𝐷)

(𝑁𝐼𝑅 + 𝑅𝐸𝐷 + 𝐿)
∗ (1 + 𝐿) 

Huete (1988) 

MSAVI2 2 ∗ 𝑁𝐼𝑅 + 1 − √(2 ∗ 𝑁𝐼𝑅 + 1)2 − 8 ∗ (𝑁𝐼𝑅 − 𝑅𝐸𝐷)

2
 

Qi et al. (1994) 

OSAVI (𝑁𝐼𝑅 − 𝑅𝐸𝐷)

(𝑁𝐼𝑅 + 𝑅𝐸𝐷 + 0.16)
 

Rondeaux et al. 
(1996) 

 

 
  

Another commonly used index, the enhanced vegetation index (EVI), was 

established to optimize the vegetation signals with improved sensitivity in regions of 

high biomass (Huete et al. 2002, 196). With the incorporation of the blue band into the 

index, the EVI becomes more responsive to canopy structural variations, including LAI, 

canopy type, plant physiognomy, and canopy architecture (Huete et al. 2002, 195). 

Although the index performs poorly in areas of low vegetation density, EVI was included 

in this model to allow for better differentiation of the denser, more productive areas 

typically associated with riparian vegetation. 

In areas of moderate to low vegetation cover, soil background conditions can 

have a significant impact on vegetation indices (Huete 1988). This lack of accuracy led 

to the creation of the soil adjusted vegetation index (SAVI) which incorporates a soil 

correction value, L, into the calculation to account for soil background variation (Huete 

1988, Rondeaux et al 1996). SAVI has been shown to improve accuracies in arid 

regions. Subsequent adaptations of SAVI led to the creation of a variety of similar 

indices that expand upon the soil background value by using values derived from a soil 
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line. The soil line is based on the near linear relationship between near-infrared and red 

reflectance values and provides a slope and intercept (offset) value that can be 

incorporated into index calculations (Yoshioka et al. 2010, 546). 

The modified soil adjusted vegetation index (MSAVI) replaces the constant L in 

the SAVI equation with a variable L function. The variable L can be derived by induction 

(MSAVI) or as a product of NDVI and the weighted difference vegetation index (WDVI) 

(MSAVI2). In either iteration, MSAVI has been shown to improve the dynamic range of 

the vegetation signal while minimizing soil background influences (Qi et al. 1994, 119). 

Also, an additional layer variable was constructed from the MSAVI values using a 3x3 

meter focal mean calculation. This slightly smoothed vegetation index variable was 

introduced to help minimize variation in vegetation signal within a single land use class. 

In their study on optimizing SAVI and SAVI-derived indices, Rondeaux et al. 

(1996, 99-102) found that SAVI and MSAVI maintain near constant sensitivity to soil 

across the range of LAI values and that they showed lowest standard deviation in 

values for the same vegetation over multiple soil types. In the same study, an additional 

index call OSAVI was introduce which replaced the L factor in SAVI with the constant 

0.16, which was determined to minimize the standard deviations of values across a full 

range of cover densities (Rondeaux et al. 1996, 102). 

Because of the documented success that each vegetation index have displayed, 

NDVI, EVI, SAVI, MSAVI, and OSAVI were all incorporated as predictive variables into 

the model. In order to utilize the higher resolution NAIP imagery with these indices it 

was necessary to convert the digital number (DN) values to reflectance for the VI 

calculation. This was done through a linear regression from the values in the Landsat 



 

30 

reflectance imagery using 10,000 randomly placed point samples. After conversion to 

reflectance the NAIP imagery was used to derive each of the 5 vegetation indices. 

Construction of the Models 

As a form of supervised classification, CART models require training data be 

identified so that the model can correlate values to the classes. Generally, the greater 

the number of training points per class, the better the predictive accuracy from the 

model. The final iteration of the CART model used between 22 and 332 training points 

per class with twenty-eight image derived raster variables (Table 2-2). The National 

Land Cover Dataset Plugin for ERDAS Imagine (2013) was used to construct the 

training data for the model and See5 software was used to generate the tree with 

boosting (ten trials), winnowing, and global pruning (25 percent) techniques employed 

for construction of the tree. The NLCD plugin for ERDAS Imagine (2013) was again 

used to generate a classified image from the See5-generated tree. 

To assess the accuracy of the model, randomized points were assessed against 

high resolution imagery. Within the predicted areas of each class, 30 randomly stratified 

points were created using ArcMap’s “Create Random Points” tool. Each point was 

compared against the original natural-color NAIP imagery to assess the accuracy of the 

prediction at that location. 

 Following the creation of the classified image, a density analysis was performed 

for both the annual and perennial vegetation classes. The independent density layers 

created were used in conjunction to classify riparian areas into upland and the 

xeroriparian, mesoriparian, and hydroriparian classes specified by Johnson et al. 

(1984). 
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Table 2-2: Variable layers used the CART model and VBM 

Variable Data Type Number of bands Variable in Model 

Aspect Topographic 1 CART, VBM 

Slope Topographic 1 CART, VBM 

Elevation Topographic 1 CART, VBM 

Hillshades Mosaic Topographic 1 CART 

Landsat 8 OLS 
Surface Reflectance 

Spectral 
6 CART 

NAIP Spectral 4 CART 

NAIP - Low Pass Filter Spectral 4 CART 

NAIP - Focal Range Spectral 1 CART 

NAIP - Focal Mean Spectral 2 (bands 3 and 4) CART 

NDVI Spectral 1 CART 

EVI Spectral 1 CART 

SAVI Spectral 1 CART 

MSAVI2 Spectral 1 CART 

MSAVI2 – Focal Mean Spectral 1 CART 

OSAVI Spectral 1 CART 

Flight Zones Temporal 1 CART 

CTWI Topographic 1 VBM 

TPI 20 Topographic 1 VBM 

HAC Topographic 1 VBM 

EUC Topographic 1 VBM 

EUCxSL Topographic 1 VBM 

 

 The resulting image of classified areas was then clipped to valley bottoms as 

identified by the probability layer created from the valley bottom model. The valley 

bottom probability (VBp) was determined through an assessment of high resolution 

imagery against the VBp values across the whole County to find the best fit probability to 

the observed extent of riparian areas in the imagery. 
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RESULTS 

Model Results and Accuracy 

Land cover classifications were derived from a set of spectral, topographic, and 

temporal data from 2013 for Pinal County, Arizona using a CART model. Ten LULC 

classes with a variable number of training points were created for each class across 

Pinal County. The number of training points created per class varied between 22 

(barren - dark) to 332 (herbaceous). Numerous iterations of the regression tree were 

run with the removal and/or introduction of new variable layers until the overall accuracy 

of the confusion matrix was determined to have reached its potential maximum. A pre-

classification error matrix for the regression tree was derived from the training data that 

possessed a kappa value of 0.76 (Table 3-1). 

A classified image was produced from the regression tree using the Multi-

Resolution Land Characteristic Consortium National Land Cover Database Mapping 

Tool with ERDAS Imagine (2013). The classified image was assessed again to provide 

an accuracy assessment of the classification results using thirty randomly stratified 

sample points per class. The classified values at these points were compared against a 

visual assessment of high resolution imagery to produce a confusion matrix for the 

sample points (Table 3-2). The kappa value, for this matrix was observed to be lower 

(0.38) with a predominance of confusion existing within non-vegetation and herbaceous 

classes.  

The difference in kappa values between the regression tree and the classified 

image demonstrate the high level of variability within classes and the difficulty in 

providing training data across a landscape as large as Pinal County that demonstrates 

that variability. Considerable misclassification was identified between the impervious 
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Table 3-1: Confusion matrix derived for the supervised training points 

  
Struc. 
(Light) 

Imper. 
Light 

Imper. 
Dark 

Water 
Barren 
(Dark) 

Barren 
(Light) 

Shadow 
Herba-
cious 

Annual 
Veg 

Peren. 
Veg. 

Totals 
Producer 
Accuracy 

Struc. 
(Light) 

49     1     50 98.00% 

Imper. 
Light 

10 58 9 1  7  12 3  100 58.00% 

Imper. 
Dark 

 9 30 4    2 4 1 50 60.00% 

Water 1 1 5 80 1    1 5 94 85.11% 

Barren 
(Dark) 

  1 2 6  1 1   11 54.55% 

Barren 
(Light) 

5 4 2   20  16 1  48 41.67% 

Shadow    1   59    60 98.33% 

Herba-
cious 

1 13 1  2 5  132 9 1 164 80.49% 

Annual 
Veg 

 4  1 1  1 3 85 8 103 82.52% 

Peren. 
Veg. 

 3     1   105 109 96.33% 

Total 66 92 48 89 10 33 62 166 103 120 789  

User 
Accuracy 

74.24% 63.04% 62.50% 89.89% 60.00% 60.61% 95.16% 79.52% 82.52% 87.50%   

Overall 
Accuracy 

0.7909            

Kappa 0.7602                       

 

light and dark classes, the shadow class, and the water class with the annual and 

perennial vegetation classes. However, because these three non-vegetated classes 

occupy a relatively small percentage of the total classified land area (8.9% combined) 

and because the vegetation classes presented much greater classification accuracy, the 

model was identified to be sufficiently accurate (Figure 3-1). 

A raster image representing the probability of Valley Bottoms was produced 

using a VBM developed by the USFS. The Model was run using 843 training points 

identifying either valley bottom or not-valley bottom areas in conjunction with a set of 

topographically derived variable layers to produce the valley bottom probability raster.  
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Table 3-2: Confusion matrix derived from sample points of classified image 

  
Struc. 
(Light) 

Imper. 
Light 

Imper. 
Dark 

Water 
Barren 
(Dark) 

Barren 
(Light) 

Shadow 
Herba-
ceous 

Annual 
Veg 

Peren. 
Veg. 

Totals 
Producer 
Accuracy 

Struc. 
(Light) 

5          5 100.00% 

Imper. 
Light 

1 2  3   1    7 28.57% 

Imper. 
Dark 

  7 1       8 87.50% 

Water   1 10       11 90.91% 

Barren 
(Dark) 

 1 3 3       7 0.00% 

Barren 
(Light) 

21 1  2  17     41 41.46% 

Shadow   3 7 25  19    54 35.19% 

Herba-
cious 

3 21 5  2 12 5 22 1 2 73 30.14% 

Annual 
Veg 

 5 6  1 1 2 4 29 6 54 53.70% 

Peren. 
Veg. 

  5 4 2  3 4  22 40 55.00% 

Total 30 30 30 30 30 30 30 30 30 30 300  

User 
Accuracy 

16.67% 6.67% 23.33% 33.33% 0.00% 56.67% 63.33% 73.33% 96.67% 73.33%   

Overall 
Accuracy 

0.7909            

Kappa 0.7602                       

 

This raster provided a range of values between zero and one corresponding to the 

probability of the valley bottom. Through a visual assessment of this layer against high 

resolution imagery, values greater than 0.62 (representing 62% probability) was found 

to most accurately correspond to actual valley bottoms. While this value provided the 

best overall accuracy across the County, significant variability was seen to exist 

depending on the local topography (Figure 3-2). 

  Areas with little topographic variability, or unconfined valley bottoms, were often 

either overestimated or underestimated. Areas presenting this characteristic were often 

associated to current or former agricultural and housing developments, though did  
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Figure 3-1: The classified image generated from the CART model. 
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Figure 3-2: Valley bottom probability as identified by the VBM. A) Model performance in 
moderately varriable terrain. B) Model performance (overestimation) in an 
agricultural area where terrain possessed little topographic variability. C) 
Model performance (underestimation) in a large floodplain where terrain 
possessed little topographic variability. D) Model performance in highly 
variable terrain. 
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also include some undisturbed environments, including the large floodplains of the lower 

San Pedro and Gila Rivers. 

Classification of Vegetation Zones 

Density coverages were generated for the annual and perennial vegetation 

classes using a circular moving window of approximately 0.33 acres in size with each 

square-meter pixel value representing either the vegetation class (1) or unoccupied by 

that vegetation class (0). The calculation provided an easily assessable density range 

from zero to one. The density coverages were assessed to determine density ranges 

that would constitute upland, xeroriparian, mesoriparian, or hydroriparian. 

The upper edge of the density range determined for annuals in upland areas (Au) 

was identified to be at one standard deviation from the mean density (0.345). Because 

the distribution of perennials is less frequent, it was determined that the average of the 

density values for perennials across the whole County was a good approximation of 

maximum density to be associated with upland perennials (Pu) (0.121). The upper end 

of ranges for xeroriparian and mesoriparian were determined to be 0.500 and 0.900, 

respectively, for both classes (Ax, Px and Am, Pm). In both classes, any density value 

greater than .900 was assessed to be hydroriparian (Ah and Ph). The density values 

were assessed concurrently to provide the final assessment of vegetation zone 

classification (Figure 3-3). 

To restrict the vegetation classifications to the topographically determined 

potential riparian zones, in the final characterization, vegetation classes were restricted  
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Figure 3-3: The classification tree used to differentiate between upland, xeroriparian, 
mesoriparian, and hydroriparian vegetation zones based on the density of 
perennial and annual vegetation. 

 
to areas where valley bottoms were at least 62 percent probable. To reduce file size 

and provide a more accessible and transferable dataset, this final raster was converted 

to a feature class (Figure 3-4)
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Figure 3-4: Density calculated riparian zones associated to valley bottoms where 62% probability was determined by the 
VBM
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DISCUSSION 

 
Establishing the presence and extent of riparian zones within a management 

area is a critical first step to addressing management strategies for these zones. The 

existing datasets which covered riparian zones in Pinal County were evaluated and 

seen to underrepresent riparian zones throughout the County, particularly where 

ephemeral and intermittent streams were present. By focusing on the phenological 

characteristics of plant structures, this study uses remotely sensed imagery and 

topographic data to address the need for a comprehensive riparian dataset for Pinal 

County. 

A CART model is used to establish LULC classification in conjunction with a VBM 

to provide upland, xeroriparian, mesoriparian, and hydroriparian vegetation zones. The 

high resolution four-band NAIP imagery used in the CART model provides the means of 

differentiating between vegetation classes at small scales. This allows for more effective 

and precise identification of variations in the narrow ribbon-like patterns of ephemeral 

and intermittent reaches. 

The regression tree (kappa 0.76) is used to produce a classified image of land 

cover (kappa 0.38). The annual and perennial vegetation classes were evaluated for 

density and used together to derive the four vegetation zones. These zones were then 

clipped to the valley bottoms that represented potential riparian areas. 

While the use of the high resolution imagery in the CART model provides the 

means of differentiating between individual vegetation structures, the resolution of the 

imagery also introduces more detected variability within classes. Vegetation structures 

spanning more than a single pixel, or across pixels, create variability that makes it more 
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difficult for the model to identify and differentiate between classes. This is reflected in 

the low kappa value derived from the confusion matrix generated for the classified 

image. 

The confusion seen between classes is also likely to exist because of the 

relatively low number of training points used. While an average of 158 training points 

per class were used, half of these points are reserved to serve as the control group to 

test the accuracy of the tree. Because of this, only an average of 79 points per class 

(789 total) are available to be used to differentiate more than thirteen billion pixels of 

imagery covering Pinal County into the ten determined classes. 

While the hillshade mosaic variable layer provides a means to address shadow 

effects produced from the topography, it isn’t able to account for the additional variability 

that is introduced through shadows produced by smaller biological and engineered 

structures. Scattering effects represented in the soft shadows of rooftops and in 

vegetation canopies produces reflectance values that are not representative of the 

actual structure on the ground, leading to skewing of separation values in the regression 

tree or misclassification in a produced image. 

A potential solution that could be used to address these difficulties would be to 

resample the imagery into a resolution that was small enough to provide a single value 

for a larger area without compromising the ability to differentiate between vegetation 

structures. Another possible solution would be to provide an ample number of training 

points that would give the CART model algorithms more data to evaluate. The initial 

classified image produced using the regression tree could be used to guide future 
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training data. Given the amount of computational time necessary to produce the image, 

this was not feasible for this study.  

However, despite classification confusion between the classes, the results 

generated from the study provide a much more comprehensive dataset representing the 

location and type of riparian areas in Pinal County. While a full assessment of accuracy 

hasn’t been conducted by either land survey or image inspection and comparison, initial 

result of this methodology provide a promising framework to approach to the mapping of 

riparian areas in the southwest. The data generated from this study will help guide 

county managers and environmental professionals to evaluate and provide appropriate 

land management strategies that reflect the hydrological and ecological importance of 

riparian areas. Additionally, studies using these methodologies could be employed to 

assess changes in riparian cover over time that would further riparian health 

assessments. 
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APPENDIX 

 

 

Figure A-1: Mosaic of hillshades determined for the collection times provided in the 
NAIP imagery grid. From the day and time provided for each polygon in the 
GRID, the azimuth and altitude angle of the sun was determined and a 
hillshade produced for the area with those values used as inputs in the tool. 
The resulting mosaic of individual hillshades was used in the CART model to 
help identify variability in values within classes across Pinal County.  
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