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ABSTRACT 

A fundamental knowledge gap in understanding land-atmosphere interactions is 

accurate, high-resolution soil properties.  Remote sensing and spatial modeling 

techniques can bridge the gap between site-specific soil properties and landscape 

variability, thereby improving predictions of soil attributes. Three studies were completed 

to advance soil prediction models in semiarid areas.  The first study developed a soil pre-

mapping technique using automated image segmentation that utilized soil-landscape 

relationships and surface reflectance to produce an effective map unit design in a 160,000 

ha soil survey area.  Overall classification accuracy of soil taxonomic units at the 

suborder was 58 % after including soil temperature regime.  Physical soil properties were 

not significantly different for individual transects; however, properties were significantly 

different between soil pre-map units when soils from the entire study area were 

compared.   

Other studies used a raster approach to predict physical soil properties at a 5 m 

spatial resolution for a 6,265 ha area using digital soil mapping.  The second study 

utilized remotely-sensed auxiliary data to develop a sampling design and compared three 

geostatistical techniques for predicting surface soil properties.  Ordinary kriging had the 

smallest prediction error; however, regression kriging preserved landscape features 

present in the study area and demonstrated the potential of this technique for quantifying 

variability of soil components within soil map units.   
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The third study applied quantitative data from soil prediction models in study 2 

and additional models of subsurface properties to a pedotransfer function for predicting 

hydraulic soil parameters at the landscape scale.  Saturated hydraulic conductivity and 

water retention parameters were used to predict water residence times for loss to gravity 

and evapotranspiration across the landscape.  High water residence time for gravitational 

water corresponded to both low drainage density and high clay content, whereas high 

residence of plant available water was related to increased vegetation response.   

These studies illustrate the utility of digital soil mapping techniques for improving 

soil information at landscape scales, while reducing required resources.  Resulting soil 

information is useful for quantifying landscape-scale processes that require constraint of 

spatial variability and prediction error of soil properties to better model hydrological and 

ecological responses to climate and land use change.   
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INTRODUCTION 

Intellectual merit and research context 

Soil acts as a living filter that strongly influences the energy, water and carbon 

cycles, the fate and transport of nutrients and pollutants, and atmospheric composition 

(Chorover et al., 2007).  Soils also serve as the foundation for the production of 

agricultural commodities, which ties soil to many social, economic, and environmental 

concerns (Yunlong and Smit, 1994).  Exponential increases in global population place 

tremendous demand on soil resources for food production, waste management, and water 

quality (Janzen et al., 2011).  Thus, information about the distribution of soil types and 

soil properties is imperative for managing our vital soil resource and mitigating problems 

associated with global changes (Sanchez et al., 2009).    

Measurement of soil properties is time and cost prohibitive, especially in remote 

areas with limited access, like many areas of the western US.  Soil survey has 

traditionally provided the most comprehensive soil datasets; however, recent advances in 

remote sensing and computing power have fostered the development of digital soil 

mapping.  Integrating remotely-sensed data with geostatistical techniques through digital 

soil mapping presents a unique opportunity to improve quantitative predictions of soil 

properties at landscape and regional scales (McBratney et al., 2003; Minasny et al., 2008; 

Saadat et al., 2008; Scull et al., 2003). Improvements in quantitative predictions of soil 

properties can help to fill the gaps of soil type distributions necessary for addressing 

issues such as food security, climate change, soil degradation, water resources, energy 
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demands, and biodiversity (Janzen et al., 2011; Sanchez et al., 2009).  Quantitative soil 

information is also necessary for the development of more robust land surface models for 

applications such as hydrologic modeling, erosion risk assessment, and carbon cycle 

dynamics (Carre et al., 2007; Hogue et al., 2005; Miller et al., 2007).  However, these 

models often require quantitative estimates of physical and hydraulic soil properties that 

are not readily available.   

Hydraulic soil properties are important for accurately modeling interactions of 

soil, water, air, and vegetation at the Earth’s surface.  Knowledge of these properties is 

especially important for quantifying the productivity and function of ecosystems in 

water-limited systems that are largely controlled by soil-water interactions.  Models that 

relate easily obtainable soil properties to  hard-to-measure properties, such as hydraulic 

conductivity and water retention, are called pedotransfer functions and are often used to 

provide estimates of hydraulic soil parameters (McBratney et al., 2006; Wosten et al., 

2001).  The available input data for pedotransfer function development largely influences 

model development; thus, reliable, quantitative data are necessary for the best possible 

models.  There is an overlap of digital soil mapping techniques and pedotransfer 

functions (McBratney et al., 2003) that should be addressed for future application of 

digital soil mapping to improve current datasets of soil properties for assessing soil 

degradation and  better quantify ecosystem services (Palm et al., 2007).  For example, 

both non-spatial statistics (Pachepsky et al., 2001; Rawls and Pachepsky, 2002) and 

spatial statistics (Liao et al., 2011; Motaghian and Mohammadi, 2011) have been used to 

predict hydraulic soil parameters at the landscape scale.  Recent advances in pedotransfer 
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function research have begun to incorporate remotely-sensed auxiliary data directly into a 

pedotransfer function model to estimate soil water characteristics across spatial scales 

(Jana and Mohanty, 2011; Sharma et al., 2006; Smettem et al., 2004);  however, 

development of spatial pedotransfer functions has been minimal.   

This research seeks to advance landscape-scale soil prediction models for 

improved estimates of soil information for both traditional survey applications and state-

of-the-art hydrology modeling.      
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Literature review 

1. Traditional soil mapping 

Soil mapping has a well-established history of providing highly valuable 

information for land assessment as applied to taxation, food production, and development 

purposes.  The development of thematic soil maps relies on large amounts of field work 

and hand drawing or digitizing of polygon boundaries to delineate unique soil types.  

Traditional soil mapping is a mental process that translates tacit knowledge of local soil 

scientists into soil-landscape components (Bui, 2004; Hudson, 1992).  This traditional 

approach is expensive and time consuming, especially in remote areas with little or no 

access.  Aerial photographs are the most practical base map for predictive soil survey 

applications (Soil Survey Division Staff, 1993); however, current soil surveys are 

transitioning away from the traditional, but costly and time consuming conventional 

methods toward newer methods that utilize remote sensing (Nanni and Dematte, 2006) 

largely because remote sensing techniques allow quantitative estimation of soils and 

landscapes (Minasny et al., 2008; Saadat et al., 2008) with reduced expenditure of 

resources.  This integration of traditional methods with more sophisticated methods that 

utilize remotely-sensed data has led to the development of digital soil mapping, a 

technique that is currently transforming the world of soil survey. 

 

2. Digital soil mapping 

Digital soil mapping is closely tied to the state factor approach presented by V.V. 

Dokuchaev in the late 19
th

 century and later modified by Jenny (1941) which states that 
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soils (and their respective properties) form as a result of processes constrained by parent 

material, climate, biota, relief, and time.  Recent advances in digital soil mapping have 

modified the basic factorial model for more quantitative prediction of soils by including 

spatial position of soil attributes.  This concept is illustrated with the SCORPAN model 

proposed by McBratney et al. (2003)  

 Sc or Sa = f (s, c, o, r, p, a, n)                      [Eq 1] 

where Sc is some soil class and Sa is some soil attribute, s represents soil or some soil 

property at a given point, c represents the climate or climatic properties at some point, o 

represents organisms (flora, fauna, or human activity), r represents topography and 

topographic attributes, p represents the parent material or lithology, a represents the age 

of the soil, and n represents the spatial position.  This predictive model accommodates 

much of the spatial information currently available for landscape analyses (e.g., 

reflectance and elevation) by considering the autocorrelation of soils and soil attributes 

across the landscape, thereby enhancing the probability of their prediction and spatial 

distribution.  These quantitative models can provide consistent, repeatable information 

for landscape and soil analyses, such as soil survey (Irvin et al., 1997).  Spatial 

predictions of soil classes and properties using digital soil mapping generally use 

auxiliary data layers, such as topographic indices and surface reflectance, as proxies for 

soil forming factors to aid in the prediction of soils at unknown locations (McBratney et 

al., 2003).   
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2.1. Topographic indices as soil predictors 

The relationships between soil properties, soil forming processes, and landscape 

position are well known (Egli et al., 2008; Gessler et al., 2000; Lee et al., 2003; Milne, 

1936; Pai et al., 2007; Rech et al., 2001).  Digital elevation models can provide numerous 

quantitative indices related to landform, landscape position, and the associated water, 

sediment, and energy fluxes.  As a result, digital terrain modeling has been widely used to 

aid in the quantitative prediction of soil properties in a wide array of settings.  For 

example, Galvao et al. (2008) found that soil properties varied with elevation in central 

Brazil.  A study conducted by Gessler et al. (1995) in southeastern Australia successfully 

utilized plan curvature, compound topographic index, and upslope mean plan curvature to 

predict depths of A horizons and solums, as well as the presence or absence of E 

horizons.  Based on the significant topographic indices used for modeling, they 

concluded that both local and hillslope scale processes influenced soil profile 

development.  Ziadat (2005) found that prediction of soil attributes over a large area in 

northern Jordan was somewhat difficult using topographic indices.  He suggested the 

heterogeneity of landscape processes taking place across the many sub-watersheds 

contributed to the low correlation between soil and terrain attributes.  Modeling of 

subdivided individual watersheds produced acceptable results; therefore, Ziadat (2005) 

proposed this method of predicting soil attributes for large areas.  Irvin et al. (1997) 

found that topographic indices (elevation, slope, profile and tangent curvature, compound 

topographic index, and solar radiation) were useful for the delineation of landforms in 

southwestern Wisconsin.  Moore et al. (1993) found that slope and wetness index were 
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the most important indices for the prediction of soil properties in a study conducted in 

northeastern Colorado.  Additional examples of using digital terrain modeling to predict 

soil and landscape attributes can be found in reviews by Florinsky (1998) and Moore et 

al. (1991).  In addition to improving the prediction of individual soil properties, 

quantitative models of landscape and soil attributes can provide information for the 

determination of sampling schemes in Earth systems research (Irvin et al., 1997; Moore 

et al., 1993).  These sampling schemes can be used in the field to validate the accuracy of 

the digital prediction models, which can be based on topographic indices, reflectance 

indices. 

 

2.2. Reflectance indices as soil predictors 

Soils have characteristic reflectance signals of electromagnetic radiation based on 

their composition.  The spectral signature of a given soil can be affected by a number of 

components such as the amount of primary and secondary minerals, iron oxides, organic 

matter, salts, and biological soil crusts and the moisture content, surface roughness, and 

texture (Ben-Dor, 2002).  Soil reflectance generally follows a linear increase from the 

visible to middle infrared wavelengths (Todd and Hoffer, 1998).   Spatial patterns of soil 

reflectance relate to spatial patterns of soil properties that account for reflectance 

variation across the landscape and are often visible in remotely-sensed images.  Unique 

reflectance signatures allow the development of reflectance indices for differentiating 

soils across the landscape.  Band ratios and normalized difference band ratios of 

reflectance data are often used as environmental covariates because they can remove 
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some topographic effects present in individual bands (Boettinger, 2010; Rajesh, 2004).  

Common band ratios for Landsat that delineate soils include bands 3/2, 3/7, and 5/7 

because they correspond to carbonate radicals, ferrous iron, and hydroxyl radicals, 

respectively (Boettinger et al., 2008).  Additional indices are often developed for specific 

uses.  For example, Neild et al. (2007) used Landsat data to develop indices for 

identification of gypsic and natric soils on the Colorado Plateau in Utah.  Surface 

reflectance indices can also be used to identify other important environmental covariates 

such as parent material and vegetation that are useful for digital soil mapping (Boettinger, 

2010; Boettinger et al., 2008).   

Arid and semiarid landscapes, sometimes referred to as drylands, often lack dense 

vegetation canopies common in humid or tropical regions.  The sparse vegetation allows 

other surface materials (e.g., soil, rock fragments, rock outcrops, biological soil crusts) to 

contribute substantially to the reflectance signal measured by remote sensing systems 

(Franklin et al., 1993).  Although drylands often have sparse vegetation, reflectance 

signals can be affected by non-photosynthetically active plant material often has a unique 

reflectance signature compared to the same species that is photosynthetically active.  In 

addition, arid and semiarid landscapes often have extremely bright soils that can lead to 

overestimates of soil and underestimates of vegetation cover (Asner and Heidebrecht, 

2002).   The relationships between soil and vegetation reflectance can be quite complex 

and dynamic (Huete et al., 1985) and must be considered when mapping and classifying 

soil and vegetation patterns in drylands.   
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In addition to mapping landscape-scale soil and vegetation patterns, remotely- 

sensed surface reflectance data can be used to estimate field-scale soil properties that are 

critical for advancing knowledge of soil property distributions, such as soluble salts 

(Eldeiry and Garcia, 2008; Garcia Rodriguez et al., 2007; Neild et al., 2007), organic 

matter (Chen et al., 2000; Sullivan et al., 2005), soil phosphorus (Rivero et al., 2007), and 

particle size separates (Sullivan et al., 2005; Zhai et al., 2006).  Understanding the 

relationships between soil properties and remotely-sensed surface reflectance is important 

for advancing soil predictions at landscape scales to improve land management decisions.   

 

2.3. Integration of topographic and reflectance indices as soil predictors 

In some cases, the prediction of soil properties can be improved by integrating 

topographic data with reflectance information.   These more complex classification 

approaches often produce higher accuracy results than individual approaches because 

they allow the incorporation of multiple types of auxiliary data necessary to describe soil 

forming factors.  Applications of remote sensing for soil information often incorporate 

topographic indices to improve predictions (Hengl et al., 2007b; Neild et al., 2007; Ziadat 

et al., 2003).  For example, Saadat et al. (2008) found that reflectance imagery was useful 

for visual separation of landforms that were difficult to separate using topographic 

indices.  Dobos et al. (2000) reported a significant increase in classification accuracy of 

soil types in Hungary by incorporating topographic variables with surface reflectance.  

These examples illustrate the need for integrating multiple data types for landscape-scale 

soil prediction models to produce the most accurate soil maps.    
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2.4. Soil prediction models 

Numerous approaches to digital soil mapping have been utilized including both 

deterministic and stochastic models (McBratney et al., 2000).  Forms of regression are 

some of the most common approaches, as they are relatively easy to implement (Gessler 

et al., 1995; Moore et al., 1993).  These approaches typically relate measured soil 

properties at point locations to auxiliary data layers, such as surface reflectance and 

elevation.  Another commonly used deterministic technique is expert knowledge, which 

utilizes the tacit knowledge of soil scientists to develop models of soil prediction (Zhu et 

al., 2001; Zhu et al., 2010).  Geostatistical approaches for soil prediction utilize the 

spatial correlation of soil properties to aid in estimates of values at unknown locations 

and provide a means to estimate errors associated with prediction at unknown locations 

(Goovaerts, 2001).  Ordinary kriging is a stochastic technique based on the regionalized 

variable theory and is one of the most commonly used geostatistical approaches in digital 

soil mapping (McBratney et al., 2000).  Because it is a commonly accepted technique, it 

is often used for comparison purposes against other methods (Bishop and McBratney, 

2001; Scull et al., 2005).  Auxiliary information is often available for a given area and 

opens the possibility of using hybrid prediction models that combine non-spatial 

prediction methods like regression with spatial methods such as kriging (Hengl et al., 

2007a; Hengl et al., 2004; McBratney et al., 2000).  The term regression kriging was first 

coined by Odeh et al. (1994) and refers to using regression to extract information from 

sampled locations using auxiliary data layers and then modeling the residuals with 

ordinary kriging.  Kriging of residuals can minimize problems associated with 
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uncertainty in the secondary information by smoothing extreme values (Bishop et al., 

2006).   

Regardless of approach, the goal of soil mapping is to predict soil properties at 

any point across the landscape, and our ability to estimate their spatial variability largely 

depends on our knowledge of the relationships between soil forming factors described by 

auxiliary data and soil properties present across the landscape (Moore et al., 1993; Scull 

et al., 2003).  Understanding the relationships between these soil forming factors and soil 

properties is of particular importance in water-limited ecosystems as they both have such 

high spatial heterogeneity in these systems, further complicating the process of model 

development for accurate estimation of soil properties.  As one might imagine, water is a 

primary driver of landscape dynamics in dryland ecosystems; as such, soil-water 

dynamics must be carefully considered when modeling soil properties in these systems. 

 

3. Pedotransfer functions across spatial scales 

 Understanding the dynamics of soil moisture balance in water-limited systems is 

one of the most important tools for linking climate patterns to vegetation and ecosystem 

changes across space and time (Rodriguez-Iturbe, 2000).  Hydraulic soil properties are 

important for accurately modeling catchment scale hydrology and are necessary input 

variables for climate and hydrology models (Miller and White, 1998).  Pedotransfer 

function models have been widely used to characterize soil hydraulic properties because 

their direct measurement is expensive and time consuming (Schaap and Leij, 1998; 

Schaap et al., 2001; Vereecken et al., 2010; Wosten et al., 1995; Wosten et al., 2001; 
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Hadzick et al., 2011).  Pedotransfer functions are models used to relate easy-to-obtain soil 

properties to hard-to-measure properties such as saturated hydraulic conductivity and 

infiltration rate (McBratney et al., 2006; Wosten et al., 2001).  These hard-to-measure 

hydraulic soil properties are important for accurately modeling interactions of soil, water, 

air, and vegetation at the Earth’s surface (Gutmann and Small, 2005).  Point 

measurements of in situ hydraulic parameters have low spatial and temporal resolution, 

which limits the prediction of these properties at unknown locations (Tseng and Jury, 

1993).  Furthermore, relationships between hydraulic parameters and soil predictors are 

affected by spatial scale (Zeleke and Si, 2005).  Yet another hurdle for predicting 

hydraulic soil properties is the nonlinear relationship between water content for different 

soil textures and parameters like hydraulic conductivity and soil water potential (Saxton 

et al., 1986).  Unsaturated flow is common in water-limited systems; thus, the nonlinear 

relationships between hydraulic soil properties and water content can exacerbate 

problems of landscape-scale predictions associated with spatial variability and scale 

(Romano, 2004). 

There is an overlap of digital soil mapping techniques and pedotransfer functions 

(McBratney et al., 2003) that should be addressed for future application of digital soil 

mapping to improve current datasets of soil properties for assessing soil degradation and  

better quantifying ecosystem services (Palm et al., 2007).  For example, both non-spatial 

statistics (Pachepsky et al., 2001; Rawls and Pachepsky, 2002) and spatial statistics (Liao 

et al., 2011; Motaghian and Mohammadi, 2011) have been used to predict hydraulic soil 

parameters at the landscape scale.  Recent advances in pedotransfer function research 
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have begun to incorporate remotely-sensed auxiliary data directly into a pedotransfer 

function model to estimate soil water characteristics across spatial scales (Jana and 

Mohanty, 2011; Sharma et al., 2006; Smettem et al., 2004).  The development of spatial 

pedotransfer function models has been minimal and is therefore recognized as a critical 

knowledge gap in the development of high-resolution models of surface processes.  

Knowledge of landscape-scale hydraulic soil properties is especially important in water-

limited systems to improve our understanding of ecosystem response to changing climate 

and land use.   

 

4. Soil water balance in semiarid systems 

Drylands cover 41% of the land surface on Earth and are increasingly susceptible 

to degradation (Reynolds et al., 2007).  Productivity and function of water-limited 

ecosystems with low-latitude semiarid climates is largely controlled by soil-water 

interactions.  Soil moisture conditions in these systems have been described with a pulse-

reserve model, where soil moisture is affected by things such as soil type, climate, and 

vegetation (Reynolds et al., 2004; Schwinning and Sala, 2004).  Soil properties such as 

texture, infiltration rate, and organic matter are major controls on water transport and 

availability and strongly affect the productivity and function of soils in these water-

limited systems.  Surface soils serve as the primary reservoir for water storage and 

experience the greatest flux in soil moisture following precipitation events (Kurc and 

Small, 2004); therefore, the frequency of small rain events has a major control on soil 

water dynamics in dryland systems (Lauenroth and Bradford, 2012).  Quantifying surface 
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soil properties is critical for accurate models of soil-water-plant-atmosphere interactions 

(e.g., Noah land surface model (Hogue et al., 2005)) in semiarid ecosystems such as 

southern Arizona, which is the focus of the research described herein.   
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Dissertation format and collaborative contributions 

Research presented in this dissertation is discussed in detail in four appendices 

(A, B, C, and D).  A broad overview of the work is given in the chapter entitled “Present 

study”.  The work presented in all appendices was collaborative in nature and 

contributors to each appendix are listed on the respective title pages.  In all cases, the 

majority of field sampling, and laboratory work, spatial modeling, and writing were 

conducted by the author (Matthew Levi).  Dr. Craig Rasmussen made significant 

contributions to all studies in the form of data interpretation, intellectual guidance, 

experimental design, and text edits. Other collaborative contributions were as follows: 

 

For appendix A: Field data used for evaluation of soil pre-maps was provided by local 

USDA-NRCS soil scientists.  Expert knowledge of soil-landscape relationships, processing 

of image segmentations, and subsequent selection of appropriate data layers and model 

selection was provided by Nathan Starman.   

 

For appendix B: Dr. Mercer Meding assisted with laboratory analysis, specifically 

performing particle size analysis on the laser particle size analyzer.  Dr. Craig Rasmussen and 

Eva Levi assisted with the collection of field samples.  Dr. Craig Rasmussen also assisted 

with experimental design. 

 

For appendix C: Dr. Marcel Schaap assisted with model development, ran the pedotransfer 

function model Rosetta-SP, and assisted with model interpretation.   
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For appendix D: Dr. Willem van Leeuwen and Dr. Stuart E. Marsh provided assistance with 

atmospheric corrections.  Nathan Starman assisted with image interpretation, field validation, 

and provided landscape photographs.    
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PRESENT STUDY 

The methods, results, and conclusions of this study are presented in the papers 

appended to this dissertation. The following is a summary of the most important findings 

in this document.  

 Work presented here details various facets of digital soil mapping approaches in 

southeastern Arizona.  Methods address advances in landscape-scale soil predictions 

related to both traditional soil survey and high-resolution landscape modeling.  The first 

study addressed the problem of developing soil pre-maps in a vector format for reducing 

the time and money required to perform traditional soil survey.  Second and third studies 

focused on the incorporation of reflectance and elevation data for developing soil 

prediction models.  The fourth study was an offshoot of initial soil mapping efforts that 

evaluated the effect of atmospheric correction techniques for surface reflectance data, as 

they pertain to digital soil mapping.   

 The first study in this dissertation (Appendix A) focused on the use of automated 

image segmentation for the development of soil pre-maps used in conducting soil survey.  

We developed soil pre-maps using an integrated approach of multi-resolution image 

segmentations of slope and Landsat reflectance and hierarchical clustering for an area of 

southeastern Arizona’s Basin and Range (~ 160,000 ha) that was recently mapped by 

USDA-NRCS.  Landscape transects crossing automated segmentation lines were 

performed and soils characterized in the field according to National Cooperative Soil 

Survey standards were used for evaluation of soil pre-map development.  Physical soil 

properties were not significantly different within most individual transects; however, 



 

 

 

28 

comparison of all soil profiles by ANOVA showed significant differences between pre-

map units. Overall classification accuracy of soil taxonomic units at the suborder level 

was 49% with the initial segmentation and improved to 58% with the inclusion of soil 

moisture regime.  Soil premaps effectively captured major differences in soil properties, 

relative to the published soil map, albeit with more polygons.  Results illustrate the utility 

of this approach for improving soil survey procedures and reducing the time and energy 

required for detailed soil survey. 

 Appendix B presents a comparison of three geostatistical approaches for the 

prediction of physical soil properties at a 5 m spatial resolution.  We used an iterative 

data reduction technique of principle component analyses to select important auxiliary 

information from a suite of reflectance and topographic indices and combined this 

information with a conditioned Latin hypercube approach to develop a sampling design 

that effectively captured the variability of auxiliary variables present on the published soil 

map.  We sampled 52 field locations by genetic horizon to 30 cm and measured particle 

size distribution, percent coarse fragments, Munsell color, and loss on ignition. 

Comparison of prediction models of surface soil horizons using ordinary kriging and two 

regression kriging models indicated that ordinary kriging had greater predictive power; 

however, regression kriging using principal components of auxiliary data more 

effectively captured soil-landscape relationships relative to the soil survey.  Regression 

kriging demonstrated the ability to quantify the variability of soil components within soil 

map units.  Percent silt and soil redness rating had the smallest normalized mean square 

error and the largest correlation between observed and predicted values, whereas soil 
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coarse fragments were the most difficult to predict.  This research combines a novel 

approach for identifying important auxiliary data with digital soil mapping techniques for 

improving soil prediction. This approach can overcome limitations of regionally specific 

predictive mapping, allow incorporation of multiple data types, and provide accurate 

quantitative prediction of individual soil properties for improved land management 

decisions and ecosystem and hydrologic models. 

 The third study (Appendix C) applied quantitative predictions of soil physical 

properties to an existing pedotransfer function model to estimate hydraulic soil 

parameters necessary for landscape-scale hydrology and land surface modeling.  The 

main objective was to predict soil physical and hydraulic properties important for 

modeling soil-water dynamics in a semiarid ecosystem using digital soil mapping 

techniques and pedotransfer functions.  Landsat reflectance and elevation data were used 

to predict physical soil properties at a 5 m spatial resolution for a semiarid landscape of 

6,265 ha using regression kriging.  Predicted values of soil properties were applied to a 

neural network pedotransfer function to predict saturated conductivity and water retention 

parameters and estimates of water residence time.  Values of sand, silt, clay, and coarse 

fragments predicted with regression kriging were moderately correlated to observed 

values (R
2
 of 0.62 – 0.84) and reflected soil-landscape relationships.   Estimated 

residence time for water lost to groundwater and evapotranspiration corresponded to 

channel drainage density and vegetation response, respectively. Our findings suggest 

digital soil mapping can be integrated with pedotransfer functions to produce realistic 

maps of soil hydraulic properties that can be used in hydrologic models to better 
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understand changes in soil-water-vegetation dynamics at landscape scales.  Adopting 

similar models has the potential to improve predictions of hydrological and ecological 

responses to changing temperatures and shifts in the timing and amount of precipitation 

by linking available water to regional climate models.   

 Research presented in Appendix D compares atmospheric correction techniques 

commonly used for Landsat surface reflectance and has a specific focus on the use of 

Landsat in soil survey.  Two atmospheric correction methods were compared: (i) COST 

(cosine theta) dark object subtraction and (ii) Rayleigh scattering correction with 6S 

(Second Simulation of a Satellite Signal in the Solar System) which uses radiative 

transfer code.  Comparison of corrected bands using COST and 6S methods indicated 

significant differences in band reflectance among corrected data and uncorrected apparent 

reflectance for all bands, except for band 3.  Landsat band 1 was most sensitive to the 6S 

method due to effects of Rayleigh scattering.  Pixel values corrected with the COST 

method were significantly different from apparent reflectance and Rayleigh correction in 

bands 4, 5, and 7.  Lack of a true dark object in this scene likely contributed to 

differences in pixel values of the COST method; therefore, it was not selected for 

atmospheric correction.  These data indicate that the 6S method provides the more robust 

atmospheric correction when reasonable constraint on atmospheric conditions is 

available, and is suggested as the appropriate correction technique for incorporating 

Landsat data into soil survey.      



 

 

 

31 

REFERENCES 

Asner, G.P., Heidebrecht, K.B. 2002. Spectral unmixing of vegetation, soil and dry 

carbon cover in arid regions: comparing multispectral and hyperspectral 

observations. International Journal of Remote Sensing 23(19), 3939-3958. 

Ben-Dor, E. 2002. Quantitative remote sensing of soil properties. Advances in 

Agronomy, 75, 173-243. 

Bishop, T.F.A., McBratney, A.B. 2001. A comparison of prediction methods for the 

creation of field-extent soil property maps. Geoderma 103(1-2), 149-160. 

Bishop, T.F.A., Minasny, B., McBratney, A.B. 2006. Uncertainty analysis for soil-terrain 

models. International Journal of Geographical Information Science 20(2), 117-

134. 

Boettinger, J.L. 2010. Environmental Covariates for digital soil mapping in the western 

USA. In: J.L. Boettinger et al. (eds.), Digital soil mapping: bridging research, 

production, and environmental application. Progress in soil science 2. Springer, 

Dordrecht; London, pp. 17-27. 

Boettinger, J.L., Ramsey, R.D., Bodily, J.M., Cole, N.J., Kienast-Brown, S., Nield, S.J., 

Saunders, A.M., Stum, A.K. 2008. Landsat spectral data for digital soil mapping. 

In: A.E.Hartemink et al. (eds.), Digital soil mapping with limited data. Springer, 

pp. 193-202. 

Bui, E.N. 2004. Soil survey as a knowledge system. Geoderma 120(1-2), 17-26. 

Carre, F., McBratney, A.B., Mayr, T., Montanarella, L. 2007. Digital soil assessments: 

Beyond DSM. Geoderma 142(1-2), 69-79. 

Chen, F., Kissel, D.E., West, L.T., Adkins, W. 2000. Field-scale mapping of surface soil 

organic carbon using remotely sensed imagery. Soil Science Society of America 

Journal 64(2), 746-753. 

Chorover, J., Kretzschmar, R., Garcia-Pichel, F., Sparks, D.L. 2007. Soil biogeochemical 

processes within the Critical Zone. Elements 3(5), 321-326. 

Dobos, E., Micheli, E., Baumgardner, M.F., Biehl, L., Helt, T. 2000. Use of combined 

digital elevation model and satellite radiometric data for regional soil mapping. 

Geoderma 97(3-4), 367-391. 

Egli, M., Merkli, C., Sartori, G., Mirabella, A., Plotze, M. 2008. Weathering, 

mineralogical evolution and soil organic matter along a Holocene soil 



 

 

 

32 

toposequence developed on carbonate-rich materials. Geomorphology 97(3-4), 

675-696. 

Eldeiry, A.A., Garcia, L.A. 2008. Detecting soil salinity in alfalfa fields using spatial 

modeling and remote sensing. Soil Science Society of America Journal 72(1), 

201-211. 

Florinsky, I.V. 1998. Combined analysis of digital terrain models and remotely sensed 

data in landscape investigations. Progress in Physical Geography 22(1), 33-60. 

Franklin, J., Duncan, J., Turner, D.L. 1993. Reflectance of vegetation and soil in 

Chihuahuan desert plant-communities from ground radiometry using spot 

wavebands. Remote Sensing of Environment 46(3), 291-304. 

Galvao, L.S., Formaggio, A.R., Couto, E.G., Roberts D.A. 2008. Relationships between 

the mineralogical and chemical composition of tropical soils and topography from 

hyperspectral remote sensing data. ISPRS Journal of Photogrammetry and 

Remote Sensing 63(2), 259-271. 

Garcia Rodriguez, P., Perez Gonzalez, M.E., Guerra Zaballos, A. 2007. Mapping of salt-

affected soils using TM images. International Journal of Remote Sensing 28(12), 

2713-2722. 

Gessler, P.E., Chadwick, O.A., Chamran, F., Althouse, L., Holmes, K. 2000. Modeling 

soil-landscape and ecosystem properties using terrain attributes. Soil Science 

Society of America Journal 64(6), 2046-2056. 

Gessler, P.E., Moore, I.D., McKenzie, N.J., Ryan, P.J. 1995. Soil-landscape modeling 

and spatial prediction of soil attributes. International Journal of Geographical 

Information Systems 9(4), 421-432. 

Goovaerts, P. 2001. Geostatistical modelling of uncertainty in soil science. Geoderma 

103(1-2), 3-26. 

Gutmann, E.D. and Small, E.E. 2005. The effect of soil hydraulic properties vs. soil 

texture in land surface models. Geophysical Research Letters 32(2). 

Hadzick, Z.Z., Guber, A.K., Pachepsky, Y.A., Hill, R.L. 2011. Pedotransfer functions in 

soil electrical resistivity estimation. Geoderma 164(3-4), 195-202. 

Hengl, T., Heuvelink, G.B.M., Rossiter, D.G. 2007a. About regression-kriging: From 

equations to case studies. Computers & Geosciences 33(10), 1301-1315. 

Hengl, T., Heuvelink, G.B.M., Stein, A. 2004. A generic framework for spatial prediction 

of soil variables based on regression-kriging. Geoderma 120(1-2), 75-93. 



 

 

 

33 

Hengl, T., Toomanian, N., Reuter, H.I., Malakouti, M.J. 2007b. Methods to interpolate 

soil categorical variables from profile observations: Lessons from Iran. Geoderma 

140(4), 417-427. 

Hogue, T.S., Bastidas, L., Gupta, H., Sorooshian, S., Mitchell, K., Emmerich, W. 2005. 

Evaluation and transferability of the Noah land surface model in semiarid 

environments. Journal of Hydrometeorology 6(1), 68-84. 

Hudson, B.D. 1992. The soil survey as paradigm-based science. Soil Science Society of 

America Journal 56(3), 836-841. 

Huete, A.R., Jackson, R.D., Post, D.F. 1985. Spectral response of a plant canopy with 

different soil backgrounds. Remote Sensing of Environment 17(1), 37-53. 

Irvin, B.J., Ventura, S.J., Slater, B.K. 1997. Fuzzy and isodata classification of landform 

elements from digital terrain data in Pleasant Valley, Wisconsin. Geoderma 77(2-

4), 137-154. 

Jana, R.B., Mohanty, B.P. 2011. Enhancing PTFs with remotely sensed data for multi-

scale soil water retention estimation. Journal of Hydrology 399(3-4), 201-211. 

Janzen, H.H., Fixen, P.E., Franzluebbers, A.J., Hattey, J., Izaurralde, R.C., Ketterings, 

Q.M., Lobb, D.A., Schlesinger, W.H. 2011. Global prospects rooted in soil 

science. Soil Science Society of America Journal 75(1), 1-8. 

Jenny, H. 1941. Factors of soil formation; a system of quantitative pedology. McGraw-

Hill publications in the agricultural sciences. 1st ed. McGraw-Hill book company, 

Inc., New York, London. 

Kreznor, W.R., Olson, K.R., Banwart, W.L., Johnson, D.L. 1989. Soil, landscape, and 

erosion relationships in a northwest Illinois watershed. Soil Science Society of 

America Journal 53(6), 1763-1771. 

Kurc, S.A., Small, E.E. 2004. Dynamics of evapotranspiration in semiarid grassland and 

shrubland ecosystems during the summer monsoon season, central New Mexico. 

Water Resources Research 40(9), W09305, doi:10.1029/2004WR003068.. 

Lauenroth, W.K., Bradford, J.B. 2012. Ecohydrology of dry regions of the United States: 

water balance consequences of small precipitation events. Ecohydrology 5(1), 46-

53. 

Lee, B.D., Sears, S.K., Graham, R.C., Amrhein, C., Vali, H. 2003. Secondary mineral 

genesis from chlorite and serpentine in an ultramafic soil toposequence. Soil 

Science Society of America Journal 67(4), 1309-1317. 



 

 

 

34 

Liao, K.H., Xu, S.H., Wu, J.C., Ji, S.H., Lin, Q. 2011. Assessing soil water retention 

characteristics and their spatial variability using pedotransfer functions. 

Pedosphere 21(4), 413-422. 

McBratney, A.B., Minasny, B., Rossel, R.V. 2006. Spectral soil analysis and inference 

systems: A powerful combination for solving the soil data crisis. Geoderma 

136(1-2), 272-278. 

McBratney, A.B., Odeh, I.O.A., Bishop, T.F.A., Dunbar, M.S., Shatar, T.M. 2000. An 

overview of pedometric techniques for use in soil survey. Geoderma 97(3-4), 293-

327. 

McBratney, A.B., Santos, M.L.M., Minasny, B. 2003. On digital soil mapping. Geoderma 

117(1-2), 3-52. 

Miller, S.N., Semmens, D.J., Goodrich, D.C., Hernandez, M., Miller, R.C., Kepner, 

W.G., Guertin, D.P. 2007. The automated geospatial watershed assessment tool. 

Environmental Modelling & Software 22(3), 365-377. 

Miller, D.A. and White, R.A. 1998. A conterminous United States multilayer soil 

charistics dataset for regional climate and hydrology modeling. Earth Interactions 

2, 1-26.  

Milne, G. 1936. Normal erosion as a factor in soil profile development. Nature 138, 548-

549. 

Minasny, B., McBratney, A.B., Salvador-Blanes, S. 2008. Quantitative models for 

pedogenesis - A review. Geoderma 144(1-2), 140-157. 

Moore, I.D., Gessler, P.E., Nielsen, G.A., Peterson, G.A. 1993. Soil attribute prediction 

using terrain analysis. Soil Science Society of America Journal 57(2), 443-452. 

Moore, I.D., Grayson, R.B., Ladson, A.R. 1991. Digital terrain modeling - a review of 

hydrological, geomorphological, and biological applications. Hydrological 

Processes 5(1), 3-30. 

Motaghian, H.R., Mohammadi, J. 2011. Spatial estimation of saturated hydraulic 

conductivity from terrain attributes using regression, kriging, and artificial neural 

networks. Pedosphere 21(2), 170-177. 

Nanni, M.R., Dematte, J.A.M. 2006. Spectral reflectance methodology in comparison to 

traditional soil analysis. Soil Science Society of America Journal 70(2), 393-407. 



 

 

 

35 

Neild, S.J., Boettinger, J.L., Ramsey, R.D. 2007. Digitally mapping gypsic and natric soil 

areas using Landsat ETM data. Soil Science Society of America Journal 71(1), 

245-252. 

Odeh, I.O.A., McBratney, A.B., Chittleborough, D.J. 1994. Spatial prediction of soil 

properties from landform attributes derived from a digital elevation model. 

Geoderma 63(3-4), 197-214. 

Pachepsky, Y.A., Timlin, D.J., Rawls, W.J. 2001. Soil water retention as related to 

topographic variables. Soil Science Society of America Journal 65(6), 1787-1795. 

Pai, C.W., Wang, M.K., Chiu, C.Y. 2007. Clay mineralogical characterization of a 

toposequence of perhumid subalpine forest soils in northeastern Taiwan. 

Geoderma 138(1-2), 177-184. 

Palm, C., Sanchez, P., Ahamed, S., Awiti, A. 2007. Soils: A contempoary perspective. 

Annual Review of Environment and Resources. 32, 99-129. 

Rajesh, H.M. 2004. Application of remote sensing and GIS in mineral resource mapping 

- An overview. Journal of Mineralogical and Petrological Sciences 99(3), 83-103. 

Rawls, W.J. and Pachepsky, Y.A. 2002. Using field topographic descriptors to estimate 

soil water retention. Soil Science 167(7), 423-435. 

Rech, J.A., Reeves, R.W., Hendricks, D.M. 2001. The influence of slope aspect on soil 

weathering processes in the Springerville volcanic field, Arizona. Catena 43(1), 

49-62. 

Reynolds, J.F., Kemp, P.R., Ogle, K., Fernandez, R.J. 2004. Modifying the 'pulse-reserve' 

paradigm for deserts of North America: precipitation pulses, soil water, and plant 

responses. Oecologia 141(2), 194-210. 

Reynolds, J.F., Stafford Smith, D.M., Lambin, E.F., Turner, B.L., Mortimore, M., 

Batterbury, S.P.J., Downing, T.E., Dowlatabadi, H., Fernandez, R.J., Herrick, 

J.E., Huber-Sannwald, E., Jiang, H., Leemans, R., Lynam, T., Maestre, F.T., 

Ayarza, M., Walker, B. 2007. Global desertification: Building a science for 

dryland development. Science 316(5826), 847-851. 

Rivero, R.G., Grunwald, S., Bruland, G.L. 2007. Incorporation of spectral data into 

multivariate geostatistical models to map soil phosphorus variability in a Florida 

wetland. Geoderma 140(4), 428-443. 

Rodriguez-Iturbe, I. 2000. Ecohydrology: A hydrologic perspective of climate-soil-

vegetation dynamics. Water Resources Research 36(1), 3-9. 



 

 

 

36 

Romano, N. 2004. Spatial structure of PTF estimates. In: Y. Pachepsky and W.J. Rawls 

(eds.), Development of Pedotransfer Functions in Soil Hydrology. Developments 

in Soil Science. Elsevier, Amsterdam, pp. 295-319. 

Saadat, H., Bonnell, R., Sharifi, F., Mehuys, G., Namdar, M., Ale-Ebrahim, S. 2008. 

Landform classification from a digital elevation model and satellite imagery. 

Geomorphology 100(3-4), 453-464. 

Sanchez, P.A., Ahamed, S., Carre, F., Hartemink, A.E., Hempel, J., Huising, J., 

Lagacherie, P., McBratney, A.B., McKenzie, N.J., Mendonca-Santos, M.d.L., 

Minasny, B., Montanarella, L., Okoth, P., Palm, C.A., Sachs, J.D., Shepherd, 

K.D., Vagen, T.-G., Vanlauwe, B., Walsh, M.G., Winowiecki, L.A., Zhang, G.-L. 

2009. Digital soil map of the world. Science 325(5941), 680-681. 

Saxton, K.E., Rawls, W.J. Romberger, J.S., Papendick R.I. 1986. Estimating generalized 

soil-water characteristics from texture. Soil Science Society of America Journal 

50(4), 1031-1036. 

Schaap, M.G. and Leij, F.J. 1998. Database-related accuracy and uncertainty of 

pedotransfer functions. Soil Science 163(10), 765-779. 

Schaap, M.G., Leij, F.J., van Genuchten, M.T. 2001. ROSETTA: a computer program for 

estimating soil hydraulic parameters with hierarchical pedotransfer functions. 

Journal of Hydrology 251(3-4), 163-176. 

Schwinning, S. and Sala, O.E. 2004. Hierarchy of responses to resource pulses in and and 

semi-arid ecosystems. Oecologia 141(2), 211-220. 

Scull, P., Franklin, J., Chadwick, O.A., McArthur, D. 2003. Predictive soil mapping: a 

review. Progress in Physical Geography 27(2), 171-197. 

Scull, P., Okin, G., Chadwick, O.A., Franklin, J. 2005. A comparison of methods to 

predict soil surface texture in an alluvial basin. Professional Geographer 57(3), 

423-437. 

Sharma, S.K., Mohanty, B.P., Zhu, J. 2006. Including topography and vegetation 

attributes for developing pedotransfer functions. Soil Science Society of 

America Journal 70(5), 1430-1440. 

Smettem, K., Pracilio, G., Oliver, Y., Harper, R. 2004. Data availability and scale in 

hydrologic applications. In: Y. Pachepsky and W.J. Rawls (eds.), Development of 

pedotransfer functions in soil hydrology. Developments in soil science. Elsevier, 

Amsterdam, pp. 253-272. 



 

 

 

37 

Soil Survey Division Staff. 1993. Soil survey manual. Soil Conservation Service. U.S. 

Dept. of Agriculture Handbook No. 18, Washington, D.C. 

Sullivan, D.G., Shaw, J.N., Rickman, D. 2005. IKONOS imagery to estimate surface soil 

property variability in two Alabama physiographies. Soil Science Society of 

America Journal 69(6), 1789-1798. 

Todd, S.W., Hoffer, R.M. 1998. Responses of spectral indices to variations in vegetation 

cover and soil background. Photogrammetric Engineering and Remote Sensing 

64(9), 915-921. 

Tseng, P.H., Jury, W.A. 1993. Simulation of field measurement of hydraulic conductivity 

in unsaturated heterogeneous soil. Water Resources Research 29(7), 2087-2099. 

Vereecken, H., Weynants, M., Javaux, M., Pachepsky, Y., Schaap, M.G., van Genuchten, 

M.Th. 2010. Using pedotransfer functions to estimate the van Genuchten – 

Mualem soil hydraulic properties: A review. Vadose Zone Journal 9, 795-820. 

Wosten, J.H.M., Finke, P.A., Jansen, M.J.W. 1995. Comparison of class and continuous 

pedotransfer functions to generate soil hydraulic characteristics. Geoderma 66(3-

4), 227-237. 

Wosten, J.H.M., Pachepsky, Y.A., Rawls, W.J. 2001. Pedotransfer functions: bridging 

the gap between available basic soil data and missing soil hydraulic 

characteristics. Journal of Hydrology 251(3-4), 123-150. 

Yunlong, C. and Smit, B. 1994. Sustainability in agriculture - a general-review. 

Agriculture Ecosystems & Environment 49(3), 299-307. 

Zeleke, T.B. and Si, B.C. 2005. Scaling relationships between saturated hydraulic 

conductivity and soil physical properties. Soil Science Society of America Journal 

69(6), 1691-1702. 

Zhai, Y., Thomasson, J.A., Boggess, J.E., III, Sui, R. 2006. Soil texture classification 

with artificial neural networks operating on remote sensing data. Computers and 

Electronics in Agriculture 54(2), 53-68. 

Zhu, A.X., Hudson, B., Burt, J., Lubich, K., Simonson, D. 2001. Soil mapping using GIS, 

expert knowledge, and fuzzy logic. Soil Science Society of America Journal 

65(5), 1463-1472. 

Zhu, A.X., Qi, F., Moore, A., Burt, J.E. 2010. Prediction of soil properties using fuzzy 

membership values. Geoderma 158(3-4), 199-206. 



 

 

 

38 

Ziadat, F.M. 2005. Analyzing digital terrain attributes to predict soil attributes for a 

relatively large area. Soil Science Society of America Journal 69(5), 1590-1599. 

Ziadat, F.M., Taylor, J.C., Brewer, T.R. 2003. Merging Landsat TM imagery with 

topographic data to aid soil mapping in the Badia region of Jordan. Journal of 

Arid Environments 54(3), 527-541. 

 

 

  



 

 

 

39 

APPENDIX A 

 

CAPTURING SOIL-LANDSCAPE RELATIONSHIPS WITH IMAGE 

SEGMENTATION AND AUXILARY DATA 

 

Matthew R. Levi
a*

, Nathan Starman
b
, and Craig Rasmussen

a 

 

*
Corresponding Author

 

a
 Department of Soil, Water, and Environmental Science; University of Arizona  

1177 E. Fourth St. PO Box 210038  

Tucson, AZ 85721-0038 

mrlevi21@email.arizona.edu 

Phone: 520-621-1646, Fax: 520-621-1647 

 

b
 USDA-NRCS, Arizona State Office,  

230 N. 1st Ave., Suite 509,  

Phoenix, AZ  85003-1733 

Phone: 602-280-8826  

 

 

Prepared for submission to the Soil Science Society of America Journal  

  



 

 

 

40 

Abstract 

The traditional approach of soil survey is time and cost prohibitive, especially in 

remote areas with little or no access like the western US. Digital soil mapping techniques 

and automated image segmentation provide a means to quantitatively capture the spatial 

variability of soil classes, thereby reducing necessary resources and improving soil 

survey data.  The objective of this research was to test the efficacy of soil pre-map 

development using readily available remotely-sensed data, and image segmentation to 

assist soil mapping efforts in a previously unmapped area by evaluating 1) soil map unit 

delineation and 2) differences in soil physical properties. We developed soil pre-maps 

using an integrated approach of multi-resolution image segmentations of slope and 

Landsat reflectance and hierarchical clustering for an area of southeastern Arizona’s 

Basin and Range (~ 160,000 ha) that was recently mapped by USDA-NRCS.  Landscape 

transects crossing automated segmentation lines were performed and soils characterized 

in the field according to National Cooperative Soil Survey standards were used for 

evaluation of soil pre-map development.  Physical soil properties were not significantly 

different within most individual transects; however, comparison of all soil profiles by 

ANOVA showed significant differences between pre-map units. Overall classification 

accuracy of soil taxonomic units at the suborder level was 49% with the initial 

segmentation and improved to 58% with the inclusion of soil moisture regime.  Soil 

premaps effectively captured major differences in soil properties, relative to the published 

soil map, albeit with more polygons.  Results illustrate the utility of this approach for 
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improving soil survey procedures and reducing the time and energy required for detailed 

soil survey.   
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1.0 Introduction 

The development of thematic soil maps relies on large amounts of field work and 

hand drawing or digitizing of polygon boundaries to delineate unique soil types.  

Traditional soil mapping is a mental process that translates tacit knowledge of local soil 

scientists into soil-landscape components (Bui, 2004; Hudson, 1992).  This traditional 

approach is expensive and time consuming, especially in remote areas with little or no 

access.  Digital soil mapping techniques that use remotely-sensed reflectance and 

elevation data provide a means to quantitatively capture the spatial variability of soils 

across the landscape (Heuvelink and Bierkens, 1992; McBratney et al., 2003), thereby 

reducing necessary resources and improving soil survey data.  Image segmentation is a 

method of producing polygons by grouping neighboring pixels in a raster dataset 

according to the values and patterns of spectral information (Rahman and Saha, 2008).  

Polygons can represent discrete landscape scale units that raster cells do not capture (i.e., 

large cell size cannot effectively capture landform complexity) (Dragut and Eisank, 

2011).  A polygon network produced with image segmentation represents discrete, 

irregularly shaped units with similar spectral characteristics, which parallels traditional 

soil maps.  Therefore, integrating quantitative remotely-sensed data and tacit knowledge 

of local soil-landscape relationships through image segmentation can produce quick, 

reliable soil pre-maps to decrease costs and advance soil survey efforts.   

Although most digital soil mapping efforts are focused on the development of raster 

soil property maps (Hengl et al., 2004; Sanchez et al., 2009; Yu et al., 2006; Zhu et al., 

2001), a great deal of attention has recently been directed toward the use of digital image 
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segmentation to produce polygons of landscape-scale attributes useful for land 

management; cf. (Browning and Duniway, 2011; Corbane et al., 2008; Karl and Maurer, 

2010; Laliberte et al., 2004).  More specifically, the segmentation approach can overcome 

the ‘salt-and-pepper’ effects that often limit pixel-based classification approaches (Li et 

al., 2009; Yu et al., 2006). Segmentation of remotely sensed images can provide more 

accurate classifications than pixel-based classifiers for producing thematic maps (Myint 

et al., 2011; Robertson and King, 2011; Whiteside et al., 2011); thus, image segmentation 

has the potential to extract soil information in a format that is very useful for soil pre-

maps. 

One type of image segmentation is multi-resolution segmentation, which is a bottom-

up region merging technique that begins at the pixel level and aggregates like pixels into 

larger polygons (Rahman and Saha, 2008).  This approach can provide important soil 

information at a range of relevant scales, thereby preserving the hierarchical structure of 

soil-landscape relationships (Corbane et al., 2008).  Presentation of soil information as 

part of a multi-hierarchical and multi-level system can retain the contextual information 

that is often lost in final map preparation (Wielemaker et al., 2001).  This can not only 

expedite the completion of initial soil mapping in a given area, but can also be useful for 

conducting soil survey updates by highlighting areas that may have been overlooked or 

under sampled during previous surveys.   

Large areas of the western US lack detailed soil survey information (Soil Survey 

Staff, 2012).  Many of the unmapped areas are in remote locations with rugged terrain, or 

in areas with restricted access; therefore, much of the soil mapping relies on auxiliary 
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information like remotely sensed data (e.g., aerial photography, satellite imagery).  

Although this imagery is available, the task of delineating the landscape into soil map 

units remains as a costly exercise.  Thus, a semi-automated approach, such as multi-

resolution segmentation, can reduce the time required to conduct soil mapping in these 

areas.  Semiarid environments provide an excellent opportunity to utilize remotely sensed 

surface reflectance data because soil reflectance often dominates the signal due to limited 

vegetation.  Furthermore, high relief in these rugged areas can be captured with readily 

available digital elevation models to expedite the soil mapping process.  In addition to the 

western US, many other areas across the globe can benefit from this approach, as 41% of 

the earth is covered with drylands (Reynolds et al., 2007) having similar vegetation cover 

and exposed surface soils.   

The objective of this research was to test the efficacy of soil pre-map 

development using readily available remotely sensed data, and image segmentation to 

assist soil mapping efforts in a previously unmapped area.  More specifically, we present 

a technique using automated image segmentation and hierarchical clustering to capture 

soil-landscape relationships.  Our hypotheses were 1) that segmentation would effectively 

separate soil map units at the scale of soil survey for the study area, and 2) that 

segmentation would accurately separate soil physical properties at the scale of the soil 

survey.  Results of this study may be applicable beyond this study area as we present a 

flexible, repeatable pre-mapping technique that can reduce the time and effort needed to 

develop boundaries of soil-landscape components necessary for soil survey.   
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2.0 Materials and Methods 

2.1 Study area 

The study area is located in Arizona’s Basin and Range physiographic province 

and represents a recently mapped soil survey area (AZ673 Graham County, AZ, 

Southwestern Part) of approximately 160,000 ha located 30 km north of the town of 

Wilcox in southeastern Arizona (Fig. 1). The area includes a large elevation gradient 

ranging from 910 to 1,970 m asl with adjacent mountain ranges to the east and west that 

have maximum elevations of 3,267 and 2,336 m, respectively, that strongly influence 

soil-landscape relationships.   

Sedimentary basin fill deposits, including dissected and inset alluvial fans and fan 

terraces, cover the majority of the study area and range in age from Holocene (12 Ka) to 

early Miocene-aged (20 Ma) materials (Richard et al., 2000; Wilson and Moore, 1958).  

Basin fill deposits consist of material eroded from the adjacent mountain ranges that 

include a complex mix of Middle Miocene to Oligocene age volcanic rocks (20-30 Ma) 

[i.e., andesite, rhyolite, and basalt],  Middle Proterozoic granitic rocks (1400-1450 Ma), 

Early Proterozoic metamorphic rocks (1600-1800 Ma) [i.e., granite schist, gneiss, 

sandstone, andesite, rhyolite], Early Tertiary to Late Cretaceous volcanic rocks (50-82 

Ma), Cretaceous sedimentary rocks (88-97 Ma), and Paleozoic sedimentary rocks (248-

544 Ma).  Pliocene to Middle Pleistocene age lacustrine deposits that contain abundant 

soluble salts including carbonates and gypsum occupy the center of the survey area (Fig. 

1) (Melton, 1965).  The northern half of the basin drains to the N-NW and stream 

channels are actively cutting back into the lacustrine sediments.  The hinge point of 
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watersheds draining to the north and south is visible in the center of the hillshade map 

(Fig. 1).  Areas to the south have a more uniform slope, except for distinct basalt hills that 

protrude from the alluvial fans, whereas areas to the north express higher relief.  The 

southwestern portion of the study area drains in the westerly direction to the San Pedro 

River.    

Variation in elevation, landform, and soils supports a diverse range of vegetation 

types across the study area.  The majority of the study area is comprised of semi-desert 

grassland, though there are minor components of Madrean evergreen woodland, interior 

chaparral, Great Basin conifer woodland, Plains and Great Basin grassland, and Arizona 

upland, which is a subdivision of Sonoran desertscrub (Brown and Lowe, 1994).  This 

area occupies the transition zone between Sonoran and Chihuahuan Deserts, which differ 

in their annual precipitation regimes and dominant vegetation communities (Brown, 

1994; Neilson, 1987).   Common plant species found in the semidesert grassland 

communities include a variety of grasses, forbs, shrubs, leaf succulents, and cacti 

(Brown, 1994).  Detailed information about the common plant species found in the 

semidesert grassland along with other characteristic plant species of the minor 

components can be found in Table 1.   

The climate of the study area is semiarid with mean annual precipitation that 

ranges from 351-546 mm and has a bi-modal distribution with maximum rainfall during 

the summer monsoon and winter months (PRISM Climate Group, 2008).  Mean annual 

air temperature ranges from 13-19 °C with average minimum temperature ranges from 6-

11 °C and average maximum temperature ranges from 20-27 °C.  The majority of the 
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area has a thermic soil temperature regime (15-22 °C), though some higher elevations 

have a mesic (8-15 °C) soil temperature regime (Soil Survey Staff, 2011; Soil Survey 

Staff, 2012).  Soil moisture regimes include aridic and ustic, with the transition between 

the two occurring in the foothills of the neighboring mountain ranges.   

The recent soil survey for this area was performed at the order 3 level and mapped 

at a field scale of 1:24,000 (Soil Survey Division Staff. 1993).  Typical field procedures 

for this level of soil survey use remotely sensed data to delineate soil boundaries followed 

by some field observation to confirm and modify boundaries as needed.  At this map 

scale, soil map units represent consociations, associations, complexes, and 

undifferentiated units.  Soil consociations consist of a single soil taxon with similar soils, 

associations and complexes represent two or more dissimilar soils occurring in a regular 

pattern, and undifferentiated units include two or more dissimilar soils that do not occur 

in regular pattern on the landscape (Soil Survey Division Staff. 1993).  Soils mapped in 

the area include Aridisols, Mollisols, Entisols, Inceptisols, and Vertisols.   

 

2.2. Project design 

The objective of this work was to investigate the effectiveness of digital soil 

mapping and image segmentation techniques for the development of soil survey pre-

maps.  Working in conjunction with the lead NRCS soil scientist mapping this area, 

multiple soil pre-maps were developed in the initial stages of the survey using a 

combination of image segmentation and subsequent classification and grouping of 

polygons based on field reconnaissance and remotely sensed imagery.  Following initial 
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segmentation and field observations, a final soil pre-map was selected based on the expert 

knowledge of the NRCS soil scientist.  Segmentations were performed on two digital 

datasets that capture landscape variation in slope and surface reflectance (detail in 

Section 2.3).  In addition to traditional field mapping and soil observation, landform 

transects crossing segmentation polygon boundaries were developed to explicitly test the 

efficacy of the image segmentation routine to serve as a robust soil survey pre-map.  

Transects ranged in length from 1.6 to 12.6 km with a complete soil profile description to 

a depth of 1 m or auger restriction obtained at ten equal intervals across each transect.  A 

total of 1039 soil profiles were used to evaluate the soil pre-maps.      

 

2.3. Data preprocessing 

Image segmentation utilized two main datasets including remotely sensed surface 

reflectance obtained from the Landsat platform and a high resolution digital elevation 

model.  Two adjacent Landsat 7 ETM+ images collected September 12, 2000 were 

obtained from the USGS Global Visualization Viewer (path/row 35/37 and 35/38).  Data 

were level 1 G products with radiometric and geometric corrections.  Each scene was 

projected to NAD83 UTM Zone 12 North before processing.  Scenes were combined 

using the Mosaic Wizard in ERDAS Imagine Software version 9.3 (Leica Geosystems. 

2008).   

A digital elevation model (DEM) derived from interferometric synthetic aperture 

radar (IFSAR) with 5 m spatial resolution was available for the area and slope percentage 
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was calculated from the DEM using ArcGIS 9.3 (Environmental Systems Research 

Institute, 2008). 

 

2.4 Image segmentation 

 Multi-resolution image segmentations of surface reflectance and slope were 

performed using Definiens Developer 7.0 software (Definiens, 2007).  The Definiens 

algorithm extracts homogeneous polygons based on pixel values and shape.  The 

procedure begins with single pixel-sized polygons and merges them until a threshold of 

heterogeneity is exceeded.  An abstract parameter called a “scale parameter” defines the 

maximum standard deviation of the homogeneity criteria in regard to the weighted image 

layers for resulting polygons, where a smaller scale produces more polygons and a larger 

scale produces fewer polygons.  The homogeneity criteria consist of color, or digital 

value of resulting polygons, and shape.  Shape defines the textural homogeneity of the 

resulting polygons and is further divided into smoothness and compactness, where 

smoothness optimizes the smooth borders between polygons and compactness maximizes 

compact polygons, i.e., compactness of 1 is a circle (Definiens, 2007; Definiens, 2008).   

The selection of input layers and segmentation parameters was determined 

through an iterative process of segmenting available Landsat bands in combination with 

slope.  The goal of the segmentation approach was to determine the appropriate 

parameter settings for a single segmentation to effectively capture soil patterns necessary 

for an order 3 survey.  Final selection of input layers was made based on collaboration 

with a local NRCS soil scientist who was familiar with the mapping of adjacent soil 
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survey areas.   Slope was selected based on its importance for delineating soil map units 

and soil interpretations.  Through iterative image segmentations, it was determined that 

slope and Landsat band 4, LB4, provided the best option for describing the landscape 

characteristics necessary for a pre-mapping exercise and represented the data likely used 

to develop a traditional soil pre-map.  LB4 spans the shortwave infrared wavelengths of 

0.75 – 0.90 µm and effectively captured the spatial variability of surficial geology and 

vegetation patterns present in the study area. 

Segmentations were exported as shapefiles and smoothed using ArcGIS 9.3 and 

then visually evaluated using ArcGIS and Google Earth (2011).  An effective 

segmentation produces polygons that are as large as possible, while still separating 

different regions (Definiens, 2007).  After numerous iterations, we selected a 

segmentation result with equal layer weights for slope and LB4, a scale parameter of 200, 

shape of 0.1, and compactness of 0.5 to use for clustering and final map development, as 

this combination of parameters produced the largest polygons, while still maintaining 

important separation of visually unique soil types.  We will herein refer to polygons 

created from the image segmentation and clustering as soil pre-map units.   

 

2.5 Clustering 

 The soil pre-map developed from the original image segmentation produced 374 

pre-map units and many unique soil-landscape features in the study area were delineated 

with multiple, adjacent units.  We used hierarchical clustering to group similar pre-map 

units to better represent the soil-landscape features by utilizing the statistical variability 
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of the auxiliary information used for segmentation.  Prior to clustering, LB4 was re-

sampled to 5 m spatial resolution and snapped to the IFSAR layer using ArcGIS 9.3 to 

reflect the re-sampling of the Landsat data that occurred in the Definiens segmentation.  

Slope and LB4 were standardized using a z-score:  

j

jji

ji

x
Z




         [Eq 1] 

where Zij is the z-score of pixel i in layer j, xij is untransformed value of pixel i of layer j, 

µj is the mean of layer j, and σj is the standard deviation of layer j, using ArcGIS 9.3.  The 

standardized data were imported into statistical programming language R version 2.14.0 

(R Development Core Team, 2011) using the 'raster' package (Hijmans and van Etten, 

2011).  Soil pre-map units were imported as polygon features using the 'maptools' 

package (Lewin-Koh et al., 2011).   

 Standardized values of slope and LB4 were sampled by pre-map units using the 

‘raster’ package in R.  Summary statistics including mean, median, variance, minimum, 

maximum, and range were computed by pre-map unit for slope and LB4 using the ‘base’ 

package and compiled into a data frame using the 'plyr' package (Wickham, 2011).   

Hierarchical clustering, using an agglomerative, Euclidean distance, complete linkage 

method, was applied to the combined summary statistics of slope and LB4 to group 

similar pre-map units using the ‘stats’ package in R.  We used a varying range of class 

numbers to cluster the data and determine the minimum number of classes necessary to 

capture variability in the study area.  The 374 original pre-map units were merged into 
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ten new data layers with 350, 300, 250, 200, 150, 100, 75, 50, 25, and 5 classes, 

according to cluster membership using the dissolve tool in ArcGIS 9.3.    

 To determine the number of clusters that best represent the statistical variability of 

the auxiliary information used in the segmentation, each of the 63,728,121 pixels in the 

AZ673 study area were attributed with the ten new data layers of merged soil pre-map 

units using R.  Multivariate analysis of variance (MANOVA) was used to evaluate the 

effect of newly created pre-map units on slope and LB4 for 15,000 randomly selected 

pixels.  A subset of pixels was used due to file size and processing limitations; however, 

the MANOVA was performed 5 times for each cluster level to ensure representation of 

the study area (Fig. 2).  The first derivative of Wilk’s lambda statistic was calculated to 

identify the inflection point of the best-fit line to aid in selecting an appropriate number 

of clusters to represent the data.   

 

2.6 Landform transects 

 Landform transects crossing segmentation boundaries were performed in 

conjunction with soil mapping efforts to evaluate the effectiveness of segmentations for 

separating soil properties and landscape features. Each transect consisted of ten equally 

spaced field descriptions by NRCS soil scientists and included documentation of standard 

soil attributes, e.g., horizon, depth, color, texture, landscape position, aspect, parent 

material. Soil attributes from 104 landform transects were summarized by depth from the 

field descriptions and used to evaluate the soil pre-maps.  Landscape elevation profiles 

extracted from IFSAR elevation data using version 9.3 of ERDAS Imagine (were used to 
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aid in the evaluation of landscape feature delineation by the segmentation. Taxonomic 

classification was determined from field descriptions using US Soil Taxonomy (Soil 

Survey Staff. 2010).   

 Soil property data from field descriptions was extracted and used for evaluating 

image segmentation and classification results.  The properties extracted include redness 

rating derived from Munsell color (Torrent et al., 1983), clay percentage, and soil texture 

class.  Soil texture class was ordered from fine to coarse texture and treated as an ordinal 

data type, as follows: clay, silty clay, sandy clay, silty clay loam, clay loam, sandy clay 

loam, silt, silt loam, loam, sandy loam, loamy sand, and sand – numbered 1 to 12.  Soil 

properties were grouped into three depth classes for analysis: surface 0-2.5 cm; depth 

weighted average 0-12.5 cm; and depth weighted average 0-100 cm.   

 The landform transects were subset to include only those that contained at least 

three profile descriptions in two or more soil pre-map units.  The difference in soil 

properties by soil pre-map polygons were compared using the Wilcoxon Rank Sum test 

and Kruskal-Wallace Rank Sum test for two groups and more than two groups, 

respectively, using the 'stats' package in R.  A comparison of soil properties from all soil 

descriptions across the entire study area was tested with analysis of variance (ANOVA), 

also using the 'stats' package in R, where soil properties were tested against the main 

effect of soil pre-map units for each depth class.   
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2.7 Soil Taxonomy 

 Soil pre-map units were compared to the published soil survey at the suborder 

level of U.S. Soil Taxonomy.  Taxonomic classification of each profile description was 

summarized by soil pre-map unit for both the original, un-clustered segmentation, and the 

clustered segmentation and respective polygons were assigned according to major soil 

components in each unit.  Pre-map units without profile descriptions were omitted from 

the comparison.  Each pre-map was compared to the published soil survey by extracting 

the map unit values of 10,000 random points to develop an error matrix, or contingency 

table, according to standard methods (Congalton, 1991; Foody, 2002; Jensen, 2005).  

Producer's accuracy, user's accuracy, overall accuracy, and the Khat coefficient of 

agreement were calculated for each comparison.  The producer’s accuracy, or omission 

error, for each of the k columns in the error matrix is  
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           [Eq 2] 

user’s accuracy, or commission error, for each of the k rows in the error matrix is 
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the overall accuracy is 
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the Khat coefficient of agreement, K̂ , is  
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where N is the total number of observations, k is the number of rows in the error matrix, 

xii is the number of observations in row i and column i, and xi+ and x+i are the totals for 

row i  and column i, respectively.   

 

3.0 Results   

3.1 Image Segmentation 

 The initial image segmentation of slope and LB4 produced 374 polygons that 

effectively captured many major breaks in soil types in the study area (Fig. 2).  For 

example, relatively large alluvial fans visible in the center of the false color composite 

image in Fig. 1 were identified as unique features with image segmentation (Fig. 2).  The 

main drainage through the study area (southeast to northwest orientation) was delineated 

by the segmentation and served as the terminus for many of the pre-map units that 

extended from high to low elevation from the perimeter of the study area to the main 

drainage channel.  This was most prominent in the northern portion of the study area 

where the alluvial fans were highly dissected by secondary drainage channels, and 

resulted in numerous pre-map units that were long and narrow.  Basalt hills that protrude 

from the basin fill material in the southern portion of the study area were effectively 

delineated by segmentation boundaries (Fig. 2).  Comparison of the soil pre-map to slope 

and false color composite images suggests LB4 was more important for delineation of 
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soil and landscape features in relatively low relief areas, whereas slope contributed to 

delineation in the areas with higher relief (Fig. 2).  The unmerged segmentation produced 

multiple pre-map units for large features.  For example, the large alluvial fans visible in 

Fig. 2 were subdivided into multiple units with apparently similar surface features.  This 

was also the case for regions of the basalt hills and drainage areas.  Although multiple 

pre-map units represented large soil features, boundaries between distinct soil features 

were delineated in most cases (Fig. 2).  Thus, the parameters of the original segmentation 

effectively separated different soils, albeit with multiple smaller units.   

 The MANOVA of slope and LB4 used to evaluate an appropriate number of 

clusters to capture the variability in the pre-map units indicated that at 75 clusters, there 

was a point of diminishing returns in available information (Fig. 3).  The clustered soil 

pre-map effectively dissolved boundaries of similar soils.  For example, the granitic 

alluvial fans in Fig. 4 were represented with fewer pre-map units than the original 

segmentation.   The basalt hills were also represented with fewer pre-map units.  Though 

clustering of pre-map units was performed to group like units according to slope and LB4 

values, this did not effectively group like soils in all cases.  A major separation of granitic 

and volcanic parent materials in the southern extent of Fig. 4 was merged into one pre-

map unit with the clustering approach that does not reflect an effective merge.   

 The published soil survey captures all of the major features visible in both surface 

reflectance and slope (Fig. 5).  Throughout the study area, the published soil map units 

provide extensive detail for things noticeable on the reflectance and slope layers, such as 

drainage patterns.  Other features that are not visible on the imagery are also delineated, 
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suggesting that field data was important to effectively developing the soil map in this 

area.  One of the most notable breaks on the published soil map that does not relate to 

either surface reflectance or slope is visible in the southwest quadrant of Fig. 5 (see 

arrow).  This line corresponds to a difference in soil moisture regime (ustic-aridic) that 

was not effectively captured with the slope and LB4 input layers used in segmentation.   

 Both soil pre-maps share many of the same soil landscape patterns present in the 

published map.  For example, the broad alluvial fans in the southern portion of the study 

area were captured well; however, complexity in the rugged terrain to the north produced 

soil pre-map units that did a poor job of capturing the soil-landscape relationships shown 

in the published soil map (Figs. 2, 4, 5).  A view of the entire AZ673 study area illustrates 

the problem of soil moisture regime in delineating soil map units (Fig. 6).  Many of the 

pre-map units cross ustic and aridic soil moisture regimes that are incorporated in the 

published soil map (Fig. 6).  Soil moisture regimes are important for taxonomy, but slope 

and LB4 do not capture the climatic differences.  More numerous soil pre-map units are 

also visible relative to the published soil map.  Visual comparison of the soil pre-map to 

the published soil map suggests that more merging is necessary to achieve a similar 

network of soil map units.   

 

3.2 Physical Soil Properties 

  The effectiveness of image segmentation for separating physical soil properties at 

varying depths across the entire study area was evaluated using data from the landform 

transects.  Landform transects covered all major soil and landscape features in the study 
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area and provided the opportunity to investigate the lower limits of soil property 

delineation with remotely sensed surface data (Fig. 7).  The pre-map developed with the 

original segmentation did a reasonable job of separating the redness rating across all 

depths with median p-values less than 0.3.  Clay percentage was best separated in the 

surface followed by the 0-100 cm and 0-12.5 cm depths, respectively.  The median p-

value of soil texture decreased with depth.  Clustering of the pre-map units increased the 

p-values for all property-depth combinations, relative to the original segmentation.  

Differences in redness rating and soil texture in the clustered pre-map followed a trend of 

decreasing median p-value with increasing depth, whereas, the clay percentage was best 

separated at the 0-100 cm depth.  The median p-values were generally lowest for the 

redness rating in the pre-mapping approaches, whereas soil texture class had the lowest 

median p-value for the published soil map.  Lower p-values for redness rating in transects 

crossing the pre-maps reflects the contribution of soil color to the segmentation, whereas 

lower p-values in the soil texture class in the published soil map indicate the importance 

of soil texture on soil taxonomy, especially the 0-100 cm depth that encompasses 

diagnostic horizons (e.g., argillic) and family particle size classes that are not necessarily 

captured by surface reflectance or slope.  The overall smallest median p-value for all 

property-depth combinations was for the 0-100 cm soil texture in the published soil map, 

whereas the largest median p-value was for the texture in the clustered soil pre-map.  

Comparison of physical soil properties by transect between soil pre-mapping approaches 

and the published soil data suggests there were no significant differences between the 

pre-maps and the published soil map (Fig. 7).   
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 To better understand how the segmentation performed, we investigated in detail 

areas where segmentation performed well in the separation of soil properties and 

compared them to areas with poor separation of soils (Figs. 8 and 9).  A detailed view of 

a transect that had good separation of three soil pre-map units across a dissected alluvial 

fan terrace derived from volcanic alluvium indicated substantial differences in clay 

percentage, redness rating, and classification at the subgroup level of soil taxonomy (Fig. 

8).  The length of the lines in the clay and redness rating in Fig. 8 correspond to the depth 

to petrocalcic horizon and suggest some influence of available moisture, as depth to 

petrocalcic horizon increases with elevation.  Clay percentage increased with depth from 

low to high elevation, suggesting soil moisture differences.  Redness rating was greatest 

for the Ustalfic Petrocalcid, suggesting greater abundance of iron oxides and an older, 

stable geomorphic surface.  The redness rating was lowest for the Calcic Petrocalcid, 

likely due to the accumulation of secondary carbonates in the profile above the 

petrocalcic horizon.    

Differences in soil properties were not always associated with the delineation of 

soil pre-map units.  For example, a transect across a granitic alluvial fan in an area of the 

survey with slightly less relief did not effectively separate soil properties or taxonomy 

(Fig. 9).   This transect crosses two image segmentation lines across a gentle elevation 

gradient; however, the soils are similar across the gradient.  The pre-map units at lower 

elevation (A and B) included Haplargids and Paleargids, whereas the higher elevation 

unit included Paleargids and Haplocambids.  This transect was in an area of the survey 

that had varying thicknesses of coarse material covering argillic horizons that likely 
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inhibited the effective separation of soil properties.  The areal image showing the surface 

of the landscape illustrates this fact, as most of the soil surface appears to be very similar 

in color.  These pre-map units were delineated in the original segmentation because the 

scale parameter prevented the representation of this area as a single unit.  Region growing 

segmentation algorithms start with seed pixels that control the starting points for growing 

regions, or polygons (Adams and Bischof, 1994).  As noted above, smaller scales 

produce more polygons; thus, the scale used for the original segmentation in this study 

produced more pre-map units than necessary in most areas, which explains some of the 

poor delineations of soil features.  It is speculated that the clustering approach did not 

merge these polygons because it did not take into account their spatial proximity.  In 

contrast, the aerial image shown in Fig. 8 shows a sharp contrast between the older 

geomorphic surface and the dissected landscape.  Furthermore, the transect with good 

separation of soil features was 7.2 km in length in contrast to the shorter 5.2 km transect 

that had poor separation of soil features.  The lack of sharp contrasts in the area of the 

poor transect, coupled with the shorter distance, support the theory that a smaller scale 

would have been necessary to better delineate soil features in the area.   

Investigation of all within transect differences for transects meeting the criteria of 

at least three profile descriptions in each of two soil pre-map units shows that the original 

segmentation separated the smallest percentage of  surface soil properties, with a range of 

11-13 % significant differences in redness rating, clay percentage and soil texture class  

(Table 2).  Texture had significant differences across all depths, compared to redness 

rating and clay percentage for the original segmentation.  The clustered soil pre-map also 
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showed the smallest percentage of significant transects in the surface soils and generally 

increased with depth, with the exception of redness rating at the 0-12.5 cm depth which 

had the highest percentage transects with significant differences (27%).  Evaluation of the 

published soil map showed a pattern of increasing differences in all soil properties with 

depth (Table 2).  The greatest percentage of significant differences at the α=0.1 level in 

all property-depth combination was for the soil texture in the 0-100 cm depth of the 

published soil map at 41% followed by clay percentage of the published map and soil 

texture class of the original segmentation, both at the same depth (Table 2).  The 

minimum elevation differences for individual transects was 9 m and the minimum range 

in the digital number value of LB4 was 7 (Table 2).   

Only one-third to one-half of the available transects met the criteria for comparing 

within transect differences, so we grouped all soil profiles by soil pre-map unit to 

evaluate the effect of the pre-mapping approach on soil properties across the entire study 

area using an ANOVA (Table 3).  Redness rating was highly significant (α= <0.001) for 

all depths across the soil pre-maps and the published soil map.  Both the original 

segmentation and the published soil map showed similar trends where the clay percentage 

at 0-12.5 cm and texture at the 0-100 cm depth were significant at the α=0.05 level.  The 

soil pre-map developed with the clustering of slope and LB4 showed significant 

differences in clay percentage and texture class at all depth classes, whereas the original 

segmentation and the published soil survey only showed significant differences for clay 

percentage at the 0-12.5 depth and for texture class at the 0-100 cm depth (Table 3).  This 

suggests the clustering of the original 374 soil pre-map units into 75 clusters improved 
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our ability to separate physical soil properties, relative to the original segmentation and 

the published soil map.    

 

3.3 Soil Taxonomy 

To evaluate the performance of image segmentation with respect to soil 

taxonomy, we compared soil pre-maps and the published soil map at the suborder level of 

US soil taxonomy.  The most common soil classes at the suborder level were Argids, 

Ustolls, and Calcids.  The map units of the order 3 soil survey in this study area are 

predominantly made up of complexes of different soil series.  Soil pre-maps were 

attributed and grouped using the field data from landform transects, whereas published 

soil map units reflect information generated from both landform transects and additional 

soil profile descriptions obtained as part of standard survey practices.   

In the unclustered pre-map, Argids were most commonly misclassified as 

Cambids with a producer's accuracy of 68% and Argids-Calcids were most often 

confused for Argids and Calcids-Gypsids (Table 4).  The overall accuracy of the 

unclustered pre-map, relative to the published map, was 49 % and had a Khat coefficient 

of agreement, K̂ , of 0.47 (Table 4).  The error matrix for the clustered pre-map (Table 5) 

shows a similar trend; however, two classes represented in the unclustered pre-map were 

not assigned to classes in the clustered pre-map    (Argids-Torrerts and Torrerts) (Table 

5).  Overall accuracy was lower for the clustered pre-map (40 %) and had a K̂ of 0.37.   In 

addition, the classification accuracy of Ustolls was much lower than in the unclustered 

pre-map (47% producers' accuracy) suggesting the segmentation does not capture soil 
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moisture regimes with the investigated auxiliary data.  Comparison of the clustered soil 

pre-map to the published map illustrates this major shortcoming of the segmentation 

approach, as pre-map units extend across aridic and ustic soil moisture regime classes 

(Fig. 6).   

To overcome the limitation of unknown soil moisture regimes across the study 

area, the aridic-ustic boundary from the published soil map was imposed on the original 

segmentation and segmentation polygons were classified accordingly (Table 6).  The 

incorporation of soil moisture regime improved the producer's accuracy of the Ustolls 

class and consequently increased the overall accuracy of the original segmentation to 

58% and K̂ to 0.56.  This is a notable achievement, considering the variability of soils in 

the study area and the complexity of soils within map units (i.e., inclusions of dissimilar 

soils).  Another soil moisture regime break relevant to taxonomic separation of soils in 

this study area is between typic aridic and ustic aridic, which corresponds to 254-305 mm 

and 305-406 mm, respectively.  The only typic aridic soil moisture regime in this study 

area is in the extreme southwest corner and is shown as the rose colored polygon that 

parallels the westernmost boundary.  Similar to the case of the ustic-aridic soil moisture 

regime break, soil pre-map units crossed this soil moisture regime break (Fig. 6).  

  

4.0 Discussion  

This evaluation of image segmentation as a soil pre-map tool provides valuable 

information for how to advance soil survey with this approach.  The segmentation and 

clustering approach did not provide significant separations of soil properties for the 
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majority of transects when comparing within transect variation; however, neither do the 

soil survey map units, so the published soil map and soil pre-maps are all comparable.  

Although the analysis of individual transects did not show significant differences 

between pre-mapping approaches and the final soil survey, it does illustrate the fact that 

individual soil properties may not be the best metric by which to evaluate soil pre-

mapping with image segmentation.  The segmentation and clustering provide reasonable 

agreement with mapped soil taxonomy, with soil moisture regime being one of the 

greatest limitations.  Because soil map units are often comprised of multiple components, 

especially at an order 3 survey and higher, the differentiation of soil properties and soil 

taxonomy with a remote sensing approach presents a formidable challenge.   

The segmentation and clustering do separate individual soil properties when the 

entire landscape is considered; however, evaluation of individual transects reflects the 

over-segmentation of the landscape into more polygons than necessary.  It is possible that 

polygons could be attributed with averaged soil property information from similar 

polygons to improve the grouping of like polygons for a soil pre-map.  This approach 

would group similar polygons in a way similar to that of a traditional soil mapping 

approach where pre-map units are developed from available imagery and then attributed 

with soil information.   

Clustering of the original segmentation provided minimal benefit over the original 

segmentation, as suggested by differences in soil properties by landform transects.  

Merged polygons resulting from the clustering routine were based on slope and LB4; 

however, some soil types had similar distributions of these raster layers, which resulted in 
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merging of soil-landscape polygons that were dissimilar.  Comparison of soil physical 

properties in transects crossing boundaries of heterogeneous soil pre-map units suggests 

that some merges improved separation of soil features, while other merges grouped 

dissimilar soils.  For example, the median p-value of all soil properties at all depths was 

higher for the pre-map developed from clustering, but the percentage of significant 

transects at the α=0.1 level was higher for four of the nine property-depth combinations 

in the clustered map relative to the original, unmerged segmentation.  

The segmentation and clustering provided reasonable agreement with taxonomic 

classification of the published soil map; however, the main problem was comparing the 

soil pre-maps to an order 3 soil survey where most map units were composed of complex 

mixtures of soil components.  Another shortcoming of using only LB4 and slope to 

delineate the soil features is the lack of information about soil moisture regime.  This is 

evidenced by a 9% increase in the overall accuracy of the soil pre-map when the ustic-

aridic soil moisture regime break was incorporated to the accuracy assessment.   More 

specifically, classification of Argids, Argids-Calcids, and Torrerts was improved by 

introducing the soil moisture regime information because many of them were previously 

classified as Mollisols.  Much of the misclassification across all pre-maps and the final 

map can be attributed to the overlap of soil classes.  Our attempt to preserve unique soil 

complexes by grouping to the suborder level of taxonomy likely introduced some error.  

For example, soil pre-map units that were predominantly Argids were commonly 

misclassified as Cambids, Argids-Calcids, or Argids-Torrerts.  The distinction of Argids 

and Cambids, in many cases, hinges on the presence or absence of clay films; thus, 
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supplemental field descriptions for the published map likely confirmed the assignment of 

Argids versus Cambids.  Similarly, soils mapped as complexes of Argids and Calcids or 

Argids and Torrerts were delineated according to relative proportions of each component 

on the landscape not represented by our landform transect points.   

The segmentation polygons often stretched across multiple landform features that 

were separated in the final soil map.  For example, some polygons extended from a flat 

ridgeline (Calcids), down the nose slope to the active channel or flood plain (Fluvents).  

This kind of grouping likely contributed to the relatively low classification accuracy at 

the suborder level and the poor separation of soil properties.  Many different soil series 

can have very similar soil properties with only one characteristic to separate them.  For 

example, soil moisture regime may be the only difference between a Haplargid and an 

Argiustoll and the difference between a Cambid and an Argid can simply be the presence 

or absence of clay films.  Therefore, the physical soil properties (e.g., clay percentage, 

texture class, soil color) may be nearly the same at similar depths but the taxonomy is 

different at the suborder level.   

The effectiveness of a segmentation results from the data quality, interpretation of 

the user, and above all, the complexity of patterns portrayed by the remotely sensed 

imagery (Stein and De Beurs, 2005).  Although quantitative comparison is often the goal 

of comparing classification techniques, a final classification must also have a qualitative 

appeal; thus, successful image segmentations must present delineations that reasonably 

reflect the result of a manually digitized map (Baatz and Schäpe, 2000).  The image 

segmentation developed in this paper produced an effective map unit design that captured 
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major delineations in soil and landscape features.  Even though excessive map units were 

created, an improved classification approach could potentially produce a soil pre-map 

that is more similar to the published soil map for this area.   

Selection of appropriate input layers for image segmentation is key to a useful soil 

pre-map.  This includes not only the type of data (surface reflectance, topographic 

attributes, etc.), but also the spatial resolution (pixel size) and temporal considerations of 

phenology and soil moisture at the time of image acquisition.  It is widely recognized that 

soil prediction models can benefit from the integration of both surface reflectance and 

topographic indices (Hengl et al., 2007; Ziadat et al., 2003) and this study confirms the 

important contributions of each data type for delineating soil-landscape units, as 

reflectance contributed to delineation of soil types in flat areas and slope effectively 

delineated landform features.  Other studies have also found image segmentation to 

identify landform features.  For example, (Dragut and Blaschke, 2006) used image 

segmentation to develop a reproducible classification of landform features in two diverse 

European landscapes using slope, curvature, and elevation.   

The level of detail in the original segmentation provided an excellent separation 

of landscape features, but in some cases provided too much detail for an order 3 survey.  

The spatial extent of this survey area and the complexity of geology, relief, and 

vegetation complicate the approach of image segmentation.  Other researchers have 

found image segmentation of similar input parameters to effectively separate soil types in 

similar landscapes; however, they are often focused on much smaller areas.  For example, 

Browning and Duniway (2011) successfully mapped soil classes using a semi-automated 
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image segmentation approach on a 150 ha study area in the Chihuahuan Desert of 

southern New Mexico using Landsat reflectance and IFSAR elevation.  (Corbane et al., 

2008) used multi-resolution segmentation to identify surface soil properties at 2 different 

spatial scales for a 0.8 ha area in France using 0.1 m spatial resolution imagery.  The 

complex landforms in the higher elevations of our study area were dissected in such a 

way that nearly all landscape positions were separated.  For example, the flat ridgelines 

were separated from the side slopes and drainage areas, although they represented only a 

minor component of the final soil map unit.  In contrast, the flat areas required the higher 

detail to identify breaks in landform that reflected differences in map units.  This 

comparison suggests that landform stratification may be necessary in complex 

landscapes, and the resulting segmentation of high-relief areas may better reflect soil map 

units if an elevation model with coarser spatial resolution, relative to flat areas, is used.  

(Dragut and Blaschke, 2006) found that over-segmentation of high resolution images 

produced classifications of landforms that were scattered around the study area, which 

may explain some of the problems with the clustering of original segmentations for pre-

map development because of the high-resolution slope information (5 m) used in this 

study.  

Further research should address ways to introduce soil moisture regimes for soil 

pre-map development, as these breaks are not readily separated with traditional 

reflectance and topographic information.  In addition, stratification of landscapes with 

contrasting features (e.g., flat alluvial fans and high relief areas) is recommended to 

improve delineation of unique soil features.     
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5.0 Conclusion 

We presented an unbiased approach to develop a soil pre-map for use in 

conducting soil survey using available remotely sensed data.  Image segmentation of 

digital surface reflectance (Landsat band 4) and slope provided an effective map unit 

design for a pre-map of the study area.  The segmentation delineated probable soil map 

units as indicated by geomorphic landforms, geology, and soil properties and required 

substantially less time and effort compared to traditional approaches that involve manual 

on-screen digitization or hand-drawn pre-maps on hard copy aerial photographs.  The 

segmentation and clustering approach did not significantly separate physical soil 

properties; however, results were similar to the published soil map.  Furthermore, the soil 

pre-map did separate soil properties when the entire landscape is considered.  Soil 

taxonomic classification at the suborder level was improved with the inclusion of soil 

moisture regime information; thus, we suggest the soil moisture and temperature 

information be introduced before image segmentation with either local knowledge or 

quantitative climate data such as PRISM.  On-screen analyses and ground truth data 

suggest that image segmentation can be utilized to improve efficiency of soil mapping 

efforts by reducing time and man power necessary to produce accurate soil pre-maps.  

Cost savings would come mainly through a decrease in time spent on initial field 

reconnaissance and soil scientist deployment for on the ground mapping.  This method 

can also improve soil survey data by highlighting areas with high spatial variability of 

soil types that might otherwise be overlooked.  These results illustrate the utility of this 
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approach for improving soil survey procedures and reducing the time and energy required 

for detailed soil survey.   
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6.0 Figures and Tables 

 

Fig. 1. Location of the AZ673 study area in southeastern Arizona (a).  The 160 ha study 

area has a high relief, as seen in the hillshade of the digital elevation model (b), and a 

wide range of parent materials which can be distinguished in the Landsat 7 ETM+ False 

color composite image (c).   
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Fig. 2. Original, unmerged image segmentation (black lines) overlying a Landsat 7 

ETM+ False color composite image (a) and slope (b) for a sub region of the AZ673 study 

area.  Map scale is 1:100000.       
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Fig. 3. MANOVA statistics for pixel values (slope and LB4 - dependent variables) by 

segmentation polygon (independent variable). Each point in the figure represents a 

statistic from a MANOVA of 15000 random pixels (5m) selected from 63,728,121 pixels 

in the AZ673 study area. 
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Fig. 4. Soil pre-map of clustered image segmentation (black lines) overlying a Landsat 7 

ETM+ False color composite image (a) and slope (b) for a sub region of the AZ673 study 

area.  Map scale is 1:100000.       
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Fig. 5. Published soil survey polygons (black lines) overlying a Landsat 7 ETM+ False 

color composite image (a) and slope (b) for a sub region of the AZ673 study area.  Arrow 

in southwest quadrant of (b) corresponds to an ustic-aridic soil moisture regime break.  

Map scale is 1:100000.       
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Fig. 6. Soil premap and landform transects (a) compared to published soil map (b) in the 

AZ673 study area. Image segmentation polygons (374 unique polygons) of slope and 

Landsat band 4 were clustered to 75 classes.  Each black dot on the image indicates the 

location of a standard field soil description (1039 points).  Like colors represent similar 

soils for each respective map.   
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Fig.7. P-values from nonparametric analysis of within-transect differences of redness rating (RR), percent clay (Clay%), and texture 

class (text) data from field profile descriptions.  Comparisons of soil properties are shown at three depths (Surface = top 2.5 cm, 0-

12.5 cm and 0-100 cm are depth weighted averages) for original segmentation, segmentation clustered by Landsat band 4 (LB4) and 

slope, and published soil map units (MUSYM).  For each plot, the box represents the interquartile range, the solid line inside the box 

represents the median, and the whiskers represent minimum and maximum values.   The width of the box corresponds to the sample 

size for each combination (n ranges from 35 – 50). The number in the box is the median.   
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Fig. 8. Landform transect of soil properties across volcanic alluvial fan in southeastern Arizona.  Yellow lines indicate image 

segmentation boundaries and green markers represent location of soil profile descriptions. Soil classification, clay %, and 

redness rating (indicative of iron oxide content) were derived from soil profile descriptions.   
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Fig. 9. Landform transect of soil properties across granitic alluvial fan in southeastern Arizona.  Yellow lines indicate image 

segmentation boundaries and green markers represent location of soil profile descriptions. Soil classification, clay %, and 

redness rating (indicative of iron oxide content) were derived from soil profile descriptions.   
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Table 1. Common plant species found in the AZ-673 study area.  Names and authorities 

taken from USDA-PLANTS Database (USDA-NRCS, 2012). 

 

Plant Growth Habit Common Name Scientific Name 

Grasses Grama Bouteloua Lag. 

 Tobosa grass Pleuraphis mutica Buckley 

 Lehmann lovegrass Eragrostis lehmanniana Nees 

 Three-awn Aristida L. 

 Dropseed Sporobolus R. Br. 

  Muhly Muhlenbergia Schreb. 

Forbs Buckwheat Eriogonum Michx. 

Shrubs / Trees Mesquite Prosopis L. 

 One-seed juniper Juniperus monosperma (Engelm.) Sarg. 

 Catclaw acacia Acacia greggii A. Gray 

 Ocotillo Fouquieria splendens Engelm.  

 Creosote bush Larrea tridentata (DC.) Coville 

 Palo verde Parkinsonia L. 

 Crucifixtion thorn Canotia holacantha Torr. 

 Oak Quercus L. 

 Mexican pinyon Pinus cembroides Zucc. 

 Manzanita Arctostaphylos Adans. 

 Sumac Rhus L. 

 Cottonwood Populus L. 

 Willow Salix L. 

  Desert willow Chilopsis linearis (Cav.) Sweet 

Leaf Succulents Beargrass Nolina Michx. 

 Agave Agave L. 

 Yucca Yucca L. 

  Sotol Dasylirion Zucc. 

Cacti / Succulents Prickly pear Opuntia Mill. 

 Barrel cactus Ferocactus wislizeni (Engelm.) Britton & Rose 

 Saguaro Carnegiea gigantea (Engelm.) Britton & Rose  

  Globe cactus Mammillaria Haw. 
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Table. 2.  Percentage of significant P-values (α=0.1) from nonparametric analysis of within-transect differences of redness 

rating, percent clay, and texture class data from field profile descriptions.  Comparisons of soil properties are shown at three 

depths (Surface = top 2.5 cm, 0-12.5 cm and 0-100 cm are depth weighted averages) for unclustered soil pre-map, clustered 

soil pre-map, and published soil map units (MUSYM).  

  Unclustered soil pre-map Clustered soil pre-map MUSYM 

Depth RR† Clay% texture RR Clay% texture RR Clay% texture 

surface 0.11 0.11 0.13 0.16 0.14 0.06 0.18 0.14 0.24 

0-12.5 cm 0.22 0.22 0.28 0.27 0.17 0.15 0.29 0.2 0.24 

0-100 cm 0.22 0.16 0.3 0.18 0.19 0.25 0.29 0.34 0.41 

n‡ 46 37 47 51 42 53 45 35 46 

min LB4 range 

(DN) 
7 12 7 7 9 7 7 8 7 

min elev range (m) 10 10 10 9 9 9 9 9 9 

† RR= Redness rating, Clay% = percent clay, texture= soil texture class  

‡ n= number of transects meeting the criteria of having at least two polygons with at least three profile descriptions 
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Table 3. Results of analysis of variance between redness rating, percent clay, and texture class data from field profile 

descriptions by soil polygon for all soil profile descriptions.  Comparisons of soil properties are shown at three depths (Surface 

= top 2.5 cm, 0-12.5 cm and 0-100 cm are depth weighted averages) for unclustered soil pre-map, clustered soil pre-map, and 

published soil map units (MUSYM). Each polygon (main effect) had > 3 soil attributes for each analysis.  n ranges from 800-

1000 for each depth-property-treatment combination.   

  Unclustered soil pre-map Clustered soil pre-map MUSYM 

    

  

 
 

  

  Depth RR†‡ Clay% texture RR Clay% texture RR Clay% texture 

surface <0.001*** 0.21 0.668 <0.001*** 0.003** 0.007** <0.001*** 0.295 0.187 

0-12.5 

cm 
<0.001*** 0.026* 0.121 <0.001*** <0.001*** 0.002** <0.001*** 0.013** 0.178 

0-100 

cm 
<0.001*** 0.073 0.012* <0.001*** 0.013* 0.015* <0.001*** 0.058 0.014* 

 * Significant at the 0.05 probability level 

** Significant at the 0.01 probability level 

*** Significant at the 0.001 probability level 

† RR= Redness rating, Clay% = percent clay, texture= soil texture class  

‡ RR and Clay% were square root transformed before analysis for all soil polygon combinations
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Table 4. Error matrix of unclustered soil pre-map and published soil map grouped at the suborder level of soil taxonomy.   

  MUSYM (Reference)   

 
101 102 103 104 105 106 107 108 

Row 

total 

101 1796 768 231 20 411 155 200 210 3791 

102 85 169 3 56 0 38 49 1 401 

103 30 0 271 0 80 45 99 99 624 

104 68 522 30 223 0 51 56 30 980 

105 320 55 3 38 279 187 15 37 934 

106 157 119 1 1 1 399 57 112 847 

107 0 30 2 0 0 42 169 145 388 

108 173 121 73 0 6 26 19 1613 2031 

Column total 2629 1784 614 338 777 943 664 2247 9996 

Class 

Producer's 

accuracy 

User's 

accuracy   

Overall 

accuracy   Legend 

101 0.68 0.47 

 

0.49 

 

101 Argids-RO-Orthents 

102 0.09 0.42 

   

102 Argids-Calcids 

103 0.44 0.43 

   

103 Argids-Torrerts 

104 0.66 0.23 

 

K̂ = 0.47 104 Calcids-Gypsids 

105 0.36 0.3 

   

105 Cambids 

106 0.42 0.47 

   

106 
Fluvents-Orthents-

Riverwash 

107 0.25 0.44 

   

107 Torrerts 

108 0.72 0.79 
      

108 
Ustolls-RO-Orthents-

Riverwash 
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Table 5. Error matrix of clustered soil pre-map (k=75) and published soil map grouped at the suborder level of soil taxonomy.   

  MUSYM (Reference)   

 
101 102 103 104 105 106 107 108 

Row 

total 

101 1749 572 410 14 555 341 210 801 4652 

102 189 794 63 88 6 115 181 371 1807 

103 0 0 0 0 0 0 0 0 0 

104 14 154 18 0 0 8 19 92 305 

105 122 66 21 79 95 179 29 52 643 

106 128 59 0 69 1 149 37 38 481 

107 0 0 0 0 0 0 0 0 0 

108 258 294 69 33 33 114 90 1220 2111 

Column total 2460 1939 581 283 690 906 566 2574 9999 

Class 
Producer's 

accuracy 

User's 

accuracy 
  

Overall 

accuracy 
  Legend 

101 0.71 0.38 

 

0.4 

 

101 Argids-RO-Orthents 

102 0.41 0.44 

   

102 Argids-Calcids 

103 0 NA 

   

103 Argids-Torrerts 

104 0 0 

 

K̂ = 0.37 104 Calcids-Gypsids 

105 0.14 0.15 

   

105 Cambids 

106 0.16 0.31 

   

106 
Fluvents-Orthents-

Riverwash 

107 0 NA 

   

107 Torrerts 

108 0.47 0.58 
      

108 
Ustolls-RO-Orthents-

Riverwash 
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Table 6. Error matrix of unclustered soil pre-map with soil moisture regime introduced and published soil map grouped at the 

suborder level of soil taxonomy. 

  MUSYM (Reference)   

 
101 102 103 104 105 106 107 108 

Row 

total 

101 1823 888 268 20 390 184 205 0 3778 

102 180 443 3 61 0 54 49 0 790 

103 145 0 307 0 115 54 99 0 720 

104 12 258 30 218 0 25 56 0 599 

105 346 55 3 38 271 208 28 0 949 

106 123 115 1 1 1 376 57 75 749 

107 0 26 2 0 0 42 170 0 240 

108 0 0 0 0 0 0 0 2171 2171 

Column total 2629 1785 614 338 777 943 664 2246 9996 

Class 
Producer's 

accuracy 

User's 

accuracy 
  

Overall 

accuracy 
  Legend 

  

101 0.69 0.48 

 

0.58 

 

101 Argids-RO-Orthents 

102 0.25 0.56 

   

102 Argids-Calcids 

103 0.5 0.43 

   

103 Argids-Torrerts 

104 0.64 0.36 

 

K̂ = 0.56 104 Calcids-Gypsids 

105 0.35 0.29 

   

105 Cambids 

106 0.4 0.5 

   

106 
Fluvents-Orthents-

Riverwash 

107 0.26 0.71 

   

107 Torrerts 

108 0.97 1 
      

108 
Ustolls-RO-Orthents-

Riverwash 
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Abstract 

Most local and regional soil datasets provide relatively coarse spatial resolution, 

with poor documentation of both spatial and absolute variation of soil properties. 

Advancing remote sensing products, such as interferometric synthetic aperture radar 

(IFSAR) elevation data, coupled with new digital soil mapping techniques, allow the 

quantitative prediction of soil and landscape attributes and provide a means to capture 

soil-landscape relationships that might otherwise be missed, thereby improving soil 

information. Our objective was to develop a data driven soil prediction model for 

predicting physical soil properties in a semiarid ecosystem (6265 ha) at high spatial 

resolution using auxiliary data. A data reduction process using an iterative principal 

component analysis of available remote sensing and elevation data combined with a 

conditioned Latin hypercube method produced a sampling design that effectively 

captured the variability of auxiliary variables present on the published soil map.  We 

sampled 52 field locations by genetic horizon to 30 cm and measured particle size 

distribution, percent coarse fragments, Munsell color, and loss on ignition. Comparison 

of prediction models of surface soil horizons using ordinary kriging and two regression 

kriging models indicated that ordinary kriging had greater predictive power; however, 

regression kriging using principal components of auxiliary data more effectively captured 

soil-landscape relationships relative to the soil survey.  Percent silt and soil redness rating 

had the smallest normalized mean square error and the largest correlation between 

observed and predicted values, whereas soil coarse fragments were the most difficult to 

predict.  This research combines a novel approach for identifying important auxiliary data 
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with digital soil mapping techniques for improving soil prediction. This approach can 

overcome limitations of regionally specific predictive mapping, allow incorporation of 

multiple data types, and provide accurate quantitative prediction of individual soil 

properties for improved land management decisions and ecosystem and hydrologic 

models.  
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1.0 Introduction 

Information on the spatial variability of soil properties is required for input to soil 

erosion models (Chen et al., 2011), hydrology models (Miller and White, 1998; Peschel 

et al., 2006), site-specific agricultural management (Duffera et al., 2007), and digital soil 

risk assessments that impact socioeconomic and environmental policy (Carre et al., 

2007).  Coarse scale soils information masks much of the important spatial variability of 

soil properties important for landscape modeling at local and regional scales (Lathrop et 

al., 1995; Singh et al., 2011).  Much of the currently available soils information is a result 

of soil survey efforts and provides minimal information about spatial variability within a 

polygon or accuracy assessments of reported soil properties.  The lack of variability 

estimates can lead to problems with model development because data from different 

scales produce contrasting estimates (Wang and Melesse, 2006).  Geostatistical modeling 

of soil properties allows the development of confidence maps which clarify the error 

associated with spatial prediction models; thereby, providing valuable information to 

improve landscape-scale model predictions (Goovaerts, 2001).   Remotely sensed data 

often used as auxiliary information in soil prediction models are in a raster, or grid cell, 

format (e.g., surface reflectance, elevation).  Soil prediction models can utilize the 

variability in the available datasets to relate remotely sensed data to soil properties and 

provide improved error estimates.  A robust, data-driven approach to predicting soil 

classes and soil properties is needed to facilitate more accurate estimation and 

interpretation of environmental interactions with soils. 
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 One of the most important factors for predicting soil properties across the 

landscape is the distribution of sampling locations.  Traditional statistical approaches do 

not consider spatial correlation of variables or the relative position of sampling locations 

(Di et al., 1989).  These methods can be considered design-based models because they 

introduce a stochastic element with the determination of sample locations, whereas 

model-based designs attempt to describe the reality of soil properties that are present as a 

result of the stochastic soil forming components for a given area (Brus and deGruijter, 

1997).  While both design- and model-based approaches can be used for predicting soil 

properties (Brus and deGruijter, 1997), recent efforts have focused on model-based 

sampling designs for implementing landscape-scale soil prediction models (Minasny and 

McBratney, 2006).   Although many digital soil mapping studies utilize existing datasets 

for developing soil prediction models (Hengl et al., 2007b; Maselli et al., 2008; Ziadat, 

2005), estimating soils in an area without existing data requires the selection of a 

sampling design.  Developing a model for a new area provides the opportunity to develop 

a sampling design that caters to the particular questions of interest and allows the 

incorporation of special considerations that can maximize the potential for accurately 

predicting soil properties.  For example, stratification of the landscape may be necessary 

to provide adequate distribution of sampling locations for prediction (Gessler et al., 1995; 

McKenzie and Ryan, 1999).  In addition to the selection of sample locations in 

geographic space (i.e., x and y coordinates), a considerable amount of attention has been 

focused on spreading sampling locations in the feature space of available auxiliary data 

(Brungard and Boettinger, 2010; Hengl et al., 2003; Minasny and McBratney, 2006).  An 
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optimal sampling design for an area where functional relationships between soil 

properties and auxiliary information are not known should aim to simultaneously 

represent geographic space and feature space of available data (Hengl et al., 2003).  

Sampling designs can be optimized for geostatistical analysis if a particular variogram is 

assumed prior to sampling; however, this approach is computationally difficult (Marchant 

and Lark, 2007).  One alternative is to use a conditioned Latin Hypercube sampling 

design (cLHS) to create sample locations that represent the variability of available 

auxiliary data (Minasny and McBratney, 2006).  This is achieved by stratifying each 

auxiliary data layer into n equal strata, where n is the number of desired samples, and 

then randomly selecting values within each strata of all data layers until n samples 

approximate a true Latin Hypercube by minimizing an objective function (Minasny and 

McBratney, 2006).  Stratification of sample locations in both feature space and 

geographic space can optimize deterministic and stochastic prediction models by 

providing the necessary sampling structure for each technique (Hengl et al., 2003; 

McBratney et al., 2000). 

Interpolation methods such as ordinary kriging provide coarse estimates of soil 

variability with limited gain in information relative to vector soil maps.  Ordinary kriging 

is one of the most commonly used geostatistical approaches used in digital soil mapping 

and is often used for comparison purposes against other methods (Bishop and 

McBratney, 2001; Scull et al., 2005).  Auxiliary information is often available for a given 

area and opens the possibility of using hybrid prediction models that combine non-spatial 

prediction methods like regression with spatial methods such as kriging (Hengl et al., 
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2007a; Hengl et al., 2004; McBratney et al., 2000).  The term regression kriging was first 

coined by Odeh et al. (1994) and refers to using regression to extract information from 

sampled locations using auxiliary data layers and then modeling the residuals with 

ordinary kriging.  Kriging of residuals can minimize problems associated with 

uncertainty in the secondary information by smoothing extreme values that may exist in 

secondary information (Bishop et al., 2006).  Regression kriging is a robust prediction 

method that is commonly used for practical applications (Minasny and McBratney, 

2007).   

There are multiple approaches to digital soil mapping that use a wide variety of 

auxiliary data.  For example, surface reflectance data such as Landsat (Eldeiry and 

Garcia, 2010; Neild et al., 2007), SPOT (Carre and Girard, 2002), IKONOS (Eldeiry and 

Garcia, 2008), and MODIS (Hengl et al., 2007a) have all been used for soil prediction 

models.  Digital elevation models are also common data sources for soil prediction and 

come in a variety of spatial resolutions (Hengl et al., 2007b; McKenzie and Ryan, 1999; 

Ziadat, 2005).  This effectively represents a wide range of spatial resolutions. Many of 

the digital soil mapping studies are based on local models and employ a wide range of 

data types for prediction.  Some areas have limited auxiliary data available or differing 

resolution which may complicate the uniformity of digital soil mapping approaches.  If 

global soil mapping efforts are to be successful for such projects as the global soil map 

project (Sanchez et al., 2009), a method of identifying important auxiliary variables from 

the numerous available data sets is needed to determine the best data for input to soil 

prediction models.   Selection of auxiliary predictor variables for soil prediction is often 
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one of the first and arguably most important steps to developing a soil-landscape model.  

Tesfa et al. (2009) used correlation filtering in association with an importance measure 

from random forests to determine explanatory variables important for modeling soil 

depth.  Another example is the optimum index factor, which is based on the variance and 

correlation of different reflectance band ratios (Chavez et al., 1982).  In some cases, 

selection is based on expert knowledge and the availability of data for a given area.  

Though numerous methods have been employed to select important layers of information 

from the plethora of available data, a standard approach to selecting input data to soil 

prediction models has yet to be developed.  Therefore, we propose the use of an iterative 

PCA data reduction process similar to Hengl et al. (2007) as a data-driven approach to 

determine important auxiliary data layers.   

Our objectives were to develop a data driven soil prediction model for estimating 

physical soil properties in a semiarid ecosystem using remotely sensed auxiliary data.  

We incorporated recent advances in digital soil mapping in an effort to streamline the 

process of predicting soil properties across the landscape by integrating an iterative 

principal component analysis for selection of auxiliary data layers, a conditioned Latin 

Hypercube to design the sampling plan, and a hybrid geostatistical approach for soil 

property prediction.  With this approach in mind, our hypotheses were 1) that data layers 

selected with the iterative data reduction technique would have a strong correlation with 

physical soil properties, 2) the cLHS design would produce a statistically robust sampling 

scheme to capture the spatial variability of soils in the study area, and 3) integrating 

auxiliary data layers with spatial statistics using regression kriging would improve the 
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prediction of soil properties on the landscape relative to either regression or ordinary 

kriging alone.     

 

2.0 Materials and Methods 

2.1 Study area 

The study area represents a sub-region of a recently mapped soil survey area 

(AZ673 Graham County, AZ, Southwestern Part) of approximately 160,000 ha located 30 

km north of the town of Wilcox in southeastern Arizona (Fig. 1). The larger area includes 

a wide elevation gradient ranging from 910 to 1,970 m asl with adjacent mountain ranges 

to the east and west that have maximum elevations of 3,267 and 2,336 m, respectively, 

that strongly influence soil-landscape relationships.  Soil prediction focused on a smaller 

area of interest of approximately 6,265 ha with an elevation gradient of 1,273 to 1,655 m 

asl (Fig. 1). This area was selected because it represents the variability of landscape 

positions, geology, surface reflectance, and soils found in the surrounding areas.  Soils in 

the study area are mapped as Argiustolls in the western third, Paleargids and 

Haplocambids in the eastern third, Haplogypsids and Gypsitorrerts in the central third, 

and Torrifluvents, Torriorthents, with riverwash components in the drainages and areas of 

rock outcrop distributed throughout portions of the upland landscape positions (Soil 

Survey Staff, 2011).   

Sedimentary basin fill deposits, including dissected and inset alluvial fans and fan 

terraces, cover the study area and range in age from Holocene to early Miocene-aged (20 

Ma) materials (Richard et al., 2000; Wilson and Moore, 1958).  Areas to east consist of 



 

 

 

100 

 

 

large, gently sloping alluvial fans formed from Middle Proterozoic granitic rocks (1400-

1450 Ma) and Early Proterozoic metamorphic rocks (1600-1800 Ma) [i.e., granite schist, 

gneiss, sandstone, andesite, rhyolite] while basin fill deposits in the western portion of the 

study area consist of material eroded from Middle Miocene to Oligocene age volcanic 

rocks (20-30 Ma) [i.e., andesite, rhyolite, and basalt] and are expressed on the landscape 

as a large alluvial fan composed of rhyolitic parent material and an area of hills formed of 

basalt.  Pliocene to Middle Pleistocene age lacustrine deposits that contain abundant 

soluble salts including carbonates and gypsum occupy the center of the survey area (Fig. 

1) (Melton, 1965).  The major drainage network drains to the N-NW and stream channels 

are actively cutting back into the lacustrine sediments.  

Variation in elevation, landform, and soils supports a diverse range of vegetation 

types across the study area.  This area occupies the transition zone between Sonoran and 

Chihuahuan Deserts, which differ in their annual precipitation regimes and dominant 

vegetation communities (Brown, 1994; Neilson, 1987).   Semi-desert grassland makes up 

the majority of the study area (Brown and Lowe, 1994) and includes a variety of grasses, 

forbs, shrubs, leaf succulents, and cacti (Brown, 1994).   

The climate is semi-arid with mean annual precipitation that ranges from 403-472 

mm and has a bi-modal distribution with maximum rainfall during the summer monsoon 

and winter months (PRISM Climate Group, 2008).  Mean annual air temperature ranges 

from 16-17 °C with average minimum temperature ranges from 9-10 °C and the average 

maximum temperature ranges from 23-25 °C.  The soil temperature regime is thermic 

(15-22 °C), and soil moisture regimes include aridic and ustic, with the transition 
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between the two occurring in the foothills of the neighboring mountain ranges (Soil 

Survey Staff, 2011; Soil Survey Staff, 2012). 

 

2.2. Project design 

This project consists of a data-driven approach to predicting soil properties across 

the landscape using a digital soil mapping approach (Fig. 2).  The first step in this process 

was to develop a data reduction technique that utilized an iterative principal component 

analysis to distil the information available in auxiliary remotely sensed reflectance and 

elevation data.  A conditioned Latin Hypercube Sampling design was used to establish 

field sampling locations that represent the variability in available auxiliary data.  Finally, 

three kriging routines were compared to determine the most effective method of 

predicting soil properties in these systems.   

 

2.3. Data preprocessing 

A digital elevation model (DEM) derived from interferometric synthetic aperture 

radar (IFSAR) with 5 m spatial resolution was available for the area surrounding the 

AZ673 soil survey polygon and extended beyond approximately 95% of the watershed 

boundaries at the hydrologic unit code (HUC) level 12.  Watershed extents not covered 

by the IFSAR data were supplemented with National Elevation Datasets (NED) with a 

10m spatial resolution.  NED data were re-sampled to a 5m spatial extent and combined 

with the IFSAR data using the Mosaic Wizard in ERDAS Imagine Software version 9.3 

(Leica Geosystems. 2008) and clipped to the extent of watershed boundaries.  The 
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resulting elevation dataset with watershed extent was  prepared for topographic modeling 

by filling sinks using ArcGIS 9.3 (Environmental Systems Research Institute, 2008).  

Total curvature was computed with ArcGIS and subsequent analysis of topographic 

indices was performed using the SAGA Graphical User Interface – Version 2.0.4 

(Conrad, 2006).  Terrain analysis was performed with the parallel processing module 

using a multiple flow direction algorithm (Freeman, 1991) to compute slope and the 

SAGA wetness index.  Solar radiation was calculated with the incoming solar radiation 

module for one year on a 14 day time step using SAGA.   

Two adjacent Landsat 7 ETM+ images collected September 12, 2000 were 

obtained from the USGS Global Visualization Viewer (path/row 35/37 and 35/38).  Data 

were level 1 G products with radiometric and geometric corrections.  Each scene was 

projected to NAD83 UTM Zone 12 North before processing.  Scenes were combined 

using the Mosaic Wizard in ERDAS Imagine Software version 9.3 and extracted at the 

extent of the AZ673 soil survey.  Bands 1, 2, 3, 4, 5, and 7 were further processed with 

panchromatic sharpening using a high pass filter resolution merge of Landsat band 8 to 

achieve a 14.25m spatial resolution and subsequent re-sampling to 5m resolution to 

match the spatial resolution of the elevation dataset.  Resulting Landsat bands were 

atmospherically corrected for simple Rayleigh scattering using the Second Simulation of 

a Satellite Signal in the Solar System (6S) radiative transfer code web interface (NASA, 

2011).  This included a correction for elevation and did not account for the atmospheric 

profile or include aerosol information.  More details on the correction method used for 

this area can be found in Levi and Rasmussen (2011).  Reflectance indices representative 
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of soil, vegetation, and geology were created using Erdas Imagine and included Landsat 

band ratios 3/2, 7/3, 3/1, 5/4, 7/5, a calcareous sediment index, gypsic index, natric index, 

and normalized difference vegetation index (NDVI) (Table 1).   

 

2.3 Data Reduction 

A data-driven approach similar to that outlined by (Hengl et al., 2007b) was used 

to interpolate soil variables derived from surface reflectance and topographic indices 

(Table 1).  Data reduction involved an iterative principal component analysis (PCA) to 

reduce the number of input data layers was used to determine those layers contributing 

most to the variance of soil-landscapes (Nauman, 2009).  All auxiliary data were 

standardized using a z-score:  

       [Eq. 1] 

where Zij is the z-score of pixel i in layer j, xij is untransformed value of pixel i of 

layer j, µj is the mean of layer j, and σj is the standard deviation of layer j, using ArcGIS 

9.3 before PCA.  The standardized data were then grouped into elevation and reflectance 

indices and each group was handled separately for the initial step of the data reduction.  

This systematic approach utilized PCA outputs (eigen matrix and eigenvalues) to 

calculate loading factors of each input band and quantitatively determine the contribution 

of each data set to the overall variance in each group.  The degree of correlation equation 

was used to calculate loading factors (Rkp) for each data layer,  
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             [Eq. 2] 

where akp = the eigen vector for band k and component p,  λp = p
th

 eigenvalue, Vark = the 

variance of band k in the covariance matrix (Jensen, 2005).  The absolute value of 

loading factors for each data layer were summed and ranked to determine the total 

contribution of each data layer to the overall variance of the dataset.  The number of 

principal components required to reach 95% cumulative explained variance in the dataset 

determined the number of data layers to retain for subsequent iterations; thus, the number 

of data layers retained after each iteration was equal to the number of components 

necessary to reach the 95% variance threshold.  This was repeated until all principal 

components were needed to achieve 95% of cumulative variance. After processing 

topographic indices and Landsat reflectance ratios separately, the final layers from each 

group were merged into one dataset and the new dataset was reduced in the same manner.  

Final data layers were used in subsequent modeling to develop the field sample design 

and predict soil properties. 

 

2.4 Sampling Design 

  Auxiliary data layers determined from the data reduction technique included 

Landsat ratio 3/2, the calcareous sediment index, solar radiation, and the SAGA wetness 

index (Table 2).  Reflectance indices captured differences in parent material and 

topographic indices represented relief, and subtle relationships of aspect related to 

microclimate and vegetation patterns; thus, four of the five soil forming factors from 
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Jenny’s (1941) factorial soil formation model were represented, suggesting a robust 

dataset (Table 2).  A cLHS design was used to identify sampling locations in the field 

using MATLAB version 7.11.0 (The MathWorks Inc. 2010) and it was determined that 

approximately 50 samples effectively captured the variability of each of the four input 

variables (Minasny and McBratney, 2006).   One of the original 50 sites was located on a 

road and one was inaccessible: therefore, additional points taken from another iteration of 

50 points were selected to better represent some soil features that were underrepresented 

from the remaining 48 locations for a total of 52 final sampling locations (Fig. 1).   

 

2.5 Field Sampling and Laboratory Analysis 

Soils were sampled by genetic soil horizon from 0-30 cm in April and May of 

2011.  Descriptions included horizon identification, texture by feel, diagnostic horizons, 

surface coarse fragments by volume determined by ocular methods, coarse fragments of 

each horizon, parent material, dominant vegetation cover, and landform.  Three 

categories of coarse fragments were estimated according to size where gravels (GR) were 

2-75 mm in diameter, cobbles (CB) were 75-250 mm, and stones (ST) were 250-600 mm 

(Soil Survey Division Staff. 1993).  Soil samples were bagged and transported to cold 

storage at 4 °C until they were dried and sieved to isolate the < 2 mm fine earth fraction.   

 Sieved samples were prepared for particle size analysis with pretreatments of 

sodium acetate (NaAOc - pH 5) to remove soluble salts and sodium hypochlorite (NaOCl 

- pH 9.5) to remove organic matter (Jackson, 2005).  Samples were air dried and 

homogenized by gently grinding them with metal spatula and a mortar and pestle.  
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Depending on the particle size, between 0.2 and 0.1 g of homogenized soil was weighed 

into 15 ml auto-sampler tubes and mixed for 24 hours with 5 ml of deionized water using 

an automatic rotator and 5 ml of 5% sodium hexametaphosphate ((NaPO3)6) solution was 

then added to each tube and mixed for an additional 24 hours to ensure dispersion of soil 

particles. After dispersion, the samples were processed using a Beckman Coulter LS 13 

320 Laser Diffraction Particle Size Analyzer and sand, silt, and clay fractions were 

obtained from the results.  Soil organic carbon was determined by loss on ignition (LOI) 

at 360 °C in a muffle furnace for a 2 h combustion (Konen et al., 2002).  Munsell soil 

color was determined for sieved soil using a Minolta CR-200 handheld digital chroma 

meter (Minolta Camera Co., Ltd., Osaka, Japan). Soil redness rating was determined as  

        [Eq. 3] 

where Hue, Chroma, and Value are derived from Munsell soil color (Torrent et al., 1983).   

 

2.6 Soil Prediction Models 

 Soil properties from surface horizons were used as input data for soil prediction 

models.  Prediction models were carried out in the statistical programming language R 

version 2.14.0 (R Development Core Team, 2011) and using ArcGIS 9.3.  A logit 

transformation was calculated using the ‘boot’ package in R (Canty and Ripley, 2011) to 

approximate a normal distribution for each dataset where 

; 0 < z
+
 < 1       [Eq. 4] 
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and z++ is the logit transformed variable, z
+
 is the target variable standardized to the 0 to 1 

range: 

; zmin < z < zmax      [Eq. 5] 

and zmin and zmax are the physical minimum and maximum values of z (Hengl et al., 

2004).  The physical values of each variable were within and not equal to the minimum 

and maximum values to prevent ln(0) situations.  Percent sand, silt, clay, and LOI were 

reported as a decimal; a value of 0.1 was added to all fractions of coarse fragments prior 

to transformation, and a range of 0-15 was used for RR, as this reflects the possible range 

of values.  Point data were imported to R using the ‘sp’ package (Bivand et al., 2008) and 

ordinary kriging was performed using the ‘gstat’ package of R (Pebesma and Wesseling, 

1998).  The 'gstat' package cannot automatically estimate anisotropy parameters when 

modeling the variogram and (Pebesma and Wesseling, 1998) recommend trial and error 

to determine the appropriate parameters.  To aid the selection of anisotropy parameters, 

we investigated the variogram using ArcGIS version 9.3 and applied the information to 

variogram modeling in R using the 'gstat' package.  Variogram models that minimized the 

root mean square error (RMSE) and had a standardized RMSE closest to 1.0 from cross 

validation were selected to provide inputs to variogram modeling in R.  All sample 

variograms were fit using an exponential model.   

 Two forms of regression kriging were performed with different sets of predictor 

variables: principal components of the final data layers used in the sampling design (RK-

PCs) and x and y coordinates (RK-coords).  Principal components have been used to 
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reduce the multicollinearity of predictor variables to improve soil prediction models 

(Hengl et al., 2003).  Auxiliary PCA data layers were imported using the 'raster' package 

(Hijmans and van Etten, 2011).  Initial evaluation of soil prediction models using 

regression kriging of principal components of the final four data layers indicated that 

strong aspect differences were introduced by the solar radiation information and 

estimated differences in soil properties that were highly unlikely; thus, solar radiation 

was removed from the prediction dataset and a PCA of the remaining three data layers 

was used as predictors (i.e., Landsat band 3/2, calcareous sediment index, SAGA wetness 

index).  Backward stepwise linear regression was performed using the ‘MASS’ package 

in R (Venables and Ripley, 2002) and model selection was determined by minimizing the 

Akaike Information Criterion (AIC) (Akaike, 1974).  Principal components of auxiliary 

data were the independent variables used to predict soil properties.  Residuals were 

exported to ArcGIS 9.3 to interactively model variograms and resulting parameters were 

applied using the ‘gstat’ package in R to perform ordinary kriging of the residuals.  Prior 

to applying the regression equations to the raster data, areas representing cattle tanks 

were masked out using ArcGIS to remove pixels representing surface water and prevent 

problems with inaccurate data.  Regression equations were applied to the raster layers of 

principal components using the ‘raster’ package in R and subsequently added to the 

kriged residuals.   

 Model validation was performed with leave-one-out cross validation and 

comparison of the predicted values at interpolation points using the ‘gstat’ package of R.  

Mean absolute error (MAE) and root mean square error (RMSE) are some of the best 
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measures of model performance because the summarize differences in the units of the 

observed and predicted values (Willmott, 1982).  Comparison of model performance of 

variables with different scales can be achieved by standardizing assessment measures to 

get a normalized value (Li and Heap, 2011; Park and Vlek, 2002).  Normalizing measures 

of model performance is also useful for comparing relative prediction error for 

transformed variables for which the variance cannot simply be back-transformed (Hengl 

et al., 2004).  Logit transformed variables were used for the cross validation using ‘gstat’ 

to determine normalized mean square error (NMSE) 
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        [Eq. 6] 

where n is the number of observations, pi is the predicted value at location i, oi is the 

observed value at location i, and s
2
 is the variance of the observed samples (Li and Heap, 

2011).  A Spearman’s rank correlation coefficient was used to compare the observed and 

predicted values of each variable at all 52 locations using the leave-one-out cross 

validation.  A second comparison was made by sampling final prediction maps and 

calculating the Spearman’s rank correlation coefficient against observed values.   

 

3.0 Results 

3.1 Relationships between soil properties and auxiliary data 

 Data layers selected with the iterative principal component data reduction showed 

significant correlation with measured physical soil properties (Table 3).  Both Landsat 
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ratio 3/2 and the calcareous sediment index were significantly correlated with seven of 

the 8 measured soil properties.  The SAGA wetness index was significantly correlated 

with six of the eight properties and solar radiation only showed significant correlation 

with one soil property.  The strongest correlation between auxiliary data layers and soil 

properties was between Landsat ratio 3/2 and soil RR (r = 0.79).  This was followed by 

RR and the calcareous sediment index (0.65) and total coarse fragments and SAGA 

wetness index (0.60).   

 Soil properties showed significant correlations with one another, as CB, clay, silt, 

RR, and LOI360 each  shared  significant correlations with six of the other seven (Table 

3).  GR shared the fewest number of significant correlations with other properties.  Sand 

and clay shared the strongest correlation of all measured properties (r = -0.92) followed 

by a strong negative correlation between sand and LOI360 (-0.73).   

 Auxiliary data layers selected with the data reduction showed evidence of 

multicollinearity with a moderate correlation between Landsat ratio 3/2 and the 

calcareous sediment index (r = 0.71); thus we performed a PCA on all three to create 

new, orthogonal data layers to use as predictors.  Initial modeling results indicated a 

strong aspect effect introduced by solar radiation that introduced unreasonable 

differences in the estimated soil property values.  This problem combined with the low 

correlation of solar radiation with surface soil properties led us to remove solar radiation 

from the prediction model.  The remaining three data layers, Landsat ratio 3/2, calcareous 

sediment index, and SAGA wetness index, were used in a PCA to create the data layers 

used in regression modeling.  The problems associated with multicollinearity were 
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removed by implementing the PCA, as indicated by the low correlation coefficients 

between the principal components (Table3).   

 

3.2 Performance of cLHS design 

The cLHS design produced a sampling scheme that adequately represented the 

spatial variability of soil map units available from the published soil survey (Fig.1).  A 

quantitative analysis of the point distribution indicated the sample locations were 

distributed by map unit as if they were stratified according to the fraction of area each 

map unit represented (Table 4).  Although this appears to be connected to the published 

soil survey, the sampling design was totally independent of the soil mapping protocol for 

this area.  This suggests the data reduction and conditioned Latin Hypercube sampling 

design can be a useful tool for developing soil sampling designs for both soil survey and 

digital soil mapping exercises in similar landscapes.  Patterns captured by the PCA data 

reduction showed a strong correlation with the published soil map (Fig. 1).  The sampling 

design also captured a wide range of soil types, as reflected in the variability in measured 

soil properties (Table 5).  Sand and clay had the widest range of values with ranges of > 

60 %.  Silt had the lowest variability, as indicated by a low coefficient of variation, 

whereas coarse fragments had a high variability.  All data layers better approximated a 

normal distribution with a logit transformation, and were modeled as such.   

3.3 Soil prediction models 

 Multiple linear regression models indicated significant relationships between 

measured soil properties and auxiliary data layers although adjusted R
2
 values did not 
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show particularly strong predictability (Table 6).  The regression between the RK-PCs 

model and RR showed the best relationship (R
2
 = 0.51) compared to all other regressions.  

Compared to the RK-PCs, the RK-coords model had higher adjusted R
2
 values in five of 

the eight measured properties.  GR and silt showed the poorest relationships with 

auxiliary data layers, whereas RR, LOI360 and CF_total had higher R
2
.   

 Although all semivariograms were modeled independently, all models show a 

similar nugget effect for each respective soil property.  Ordinary kriging had a higher sill 

than RK-PCs or RK-coords for sand and clay (Fig. 3).  In both cases, RK-PCs had the 

next highest sill and RK-coords had the lowest sill.  The range of the semivariogram for 

clay was very short for RK-coords and was longest for RK-PCs.  Sand showed a similar 

trend; however, the ranges were more similar than for clay.  Ordinary kriging and RK-

coords showed a very similar variogram for silt (Fig. 3), because there was no suitable 

regression model developed for silt and the XY coordinates (Table 6).  There was a sharp 

contrast in the short range of spatial structure modeled with ordinary kriging and RK-

coords for silt relative to the RK-PCs.  There was limited gain in RK models for GR 

indicated by the poor regression models (Table 6) and the similar semivariograms for 

each model (Fig. 4).  CB showed strong short range structure with the RK-PCs model in 

contrast to the long range structure modeled with ordinary kriging.  The differences in 

sills of total coarse fragments correspond to strength of the regression relationship where 

the RK-PCs model had the largest R
2
 value and the lowest sill relative to the other 

methods.  RR showed a similar trend where the height of the sill corresponds to the 

regression relationship (Fig. 5).  Ordinary kriging had the shortest range for LOI360 and 
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RK-PCs had the longest range.  A stronger regression model tended to decrease the sill of 

the variograms relative to ordinary kriging or reduce the range of the spatial structure for 

a given property.   

 Goodness-of-fit from leave-one-out cross validation indicated that ordinary 

kriging had the highest correlation for seven of the eight measured properties (Fig. 6).  

Only GR was predicted better with the RK-PCs method.  RK-PCs outperformed RK-

coords five out of eight times.  The goodness of fit measures showed similar trends for 

the leave-one-out cross validation and the direct comparison of all data points; however, 

the correlation between predicted and observed values was much higher when all samples 

were used in the model (Fig. 6).  The mean R
2
 for the cross validation was 0.41 in 

contrast to 0.82 when all points were used in the model.  Ordinary kriging had the highest 

correlation between observed and predicted values for seven of the eight properties, RK-

PCs performed best for CB.  The normalized mean square error (NMSE) provided a 

metric to compare the bias of model prediction for all methods.  The lowest NMSE was 

achieved with RK-PCs for seven of the eight properties (Fig. 6).  Comparison of NMSE 

and R
2
 of the cross validation illustrated the relationship between these metrics, where 

higher correlation generally corresponded to a lower NMSE.   

 Ordinary kriging and RK-PCs produced similar patterns on the landscape; 

however, RK-PCs provided more detail related to landscape features in the study area.  

For example, the granitic alluvial fan on the eastern portion of the study area was easily 

discernible on the prediction map produced by RK-PCs, whereas the same area was not 

easily identified in the ordinary kriging prediction map (Fig. 7).  The overall relative 
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prediction map corresponding to RK-PCs had a lower error across much of the study 

area, especially along the perimeter where the ordinary kriging method had the highest 

error.  Evaluation of the range of predicted values suggests that the ordinary kriging 

approach appeared to under predict some values, as the measured values of sand ranged 

from 1-75 % and the prediction map only estimated values up to approximately 70 %.  

Drainage networks that exist in the study area were easily identified in the map produced 

by RK-PCs whereas the ordinary kriging produced very general prediction map.   

 The ordinary kriging map of silt looked very different compared to sand (Fig. 8).  

It is apparent that the short range of spatial association modeled with the variogram for 

ordinary kriging (Fig. 3) identified more detail in the study area (Fig. 8); however, this 

lead to more areas with high and low prediction error.  In contrast, the RK-PCs model 

had a more uniform prediction error across the study area.  The prediction map produced 

by RK-PCs better represents landscape features that were known to exist on the 

landscape.   

 Results of ordinary kriging of clay produced a generalized map that captured 

major trends in the study area, namely the high clay content of the basalt hills region in 

the western portion of the study area (Fig. 9).  This same feature is identifiable in the RK-

PCs model; however, more detail is provided with respect to areas of high clay.  Similar 

to other properties, the prediction error of clay from the RK-PCs model is also fairly 

uniform relative to the ordinary kriging error.  The RK-coords model produced a 

prediction maps that were very similar to ordinary kriging and did not effectively capture 

detailed landscape features compared to the RK-PCs model.   
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4.0 Discussion  

 RK-PCs produced estimates of soil properties that corresponded to the landscape 

features present in the study area and had the lowest NMSE, although ordinary kriging 

was a better quantitative predictor of soil properties based on the adjusted R
2
 of observed 

and predicted values.  Some other studies have found that regression kriging outperforms 

both non-spatial and pure geostatistical methods (Odeh et al., 1994; Odeh et al., 1995) 

while others have found minimal improvement using this approach (Eldeiry and Garcia, 

2010; Li, 2010).  Kriging of residuals from non-spatial models other than regression can 

also be improved relative to non-spatial models alone (Motaghian and Mohammadi, 

2011; Scull et al., 2005). Landscape patterns delineated with RK-PCs were known to 

relate to differences in soil properties, as they are delineated by the published soil survey.  

Ordinary kriging and RK-coords produced more generalized maps of soil properties that 

provided little improvement over available soil survey data.  Ordinary kriging likely had 

better predictions than RK methods because the autocorrelation of variables was greater 

than the cross correlation between the variables of interested and the auxiliary predictor 

variables (Eldeiry and Garcia, 2010).  Performance of individual techniques is largely 

determined by the local or regional relationships that exist between auxiliary data layers 

and soil properties, sample locations, and the choice of prediction method.  In our study, 

the information captured with the regression of PCs effectively showed landscape 

features; however, the regression models had a relatively low R
2
.   

Sampling designs can optimize locations for different facets of the geostatisical 

process including variogram estimation (Bogaert and Russo, 1999) or kriging (van 



 

 

 

116 

 

 

Groenigen, 2000) where kriging requires evenly dispersed sample locations and 

variogram estimation requires a range of short and long distances between points 

(Marchant and Lark, 2007).  The cLHS design stratified the sampling locations randomly 

in feature space and the resulting spatial structure is geographically dispersed, as 

determined by a nearest neighbor ratio (observed mean distance / expected mean 

distance) of 1.19 for n=52 points (p-value = 0.007153) (Environmental Systems Research 

Institute, 2008).  This is because samples that are close in feature space tend to be close 

geographically (Hengl et al., 2003).  Although statistically dispersed, the geographic 

distribution of sample locations includes a wide range of distances between points with a 

random distribution on the landscape.  Furthermore, the sample locations represented the 

equivalent of a stratified random design with respect to the area of published soil map 

units.  The distribution of points in feature space, geographic space, and proportionally 

across the soil map units suggests the approach for sampling design in this study 

maximized the sampling locations for prediction of soil attributes across the landscape.   

One possible improvement would be to increase the sample size to improve the 

kriging estimates.  Although points sampled here have a sample density similar to or 

higher than several recent digital soil mapping efforts (Gessler et al., 1995; Li, 2010; 

McKenzie and Ryan, 1999; Neild et al., 2007), Webster and Oliver (1992) recommended 

50-100 points and preferably more were necessary for satisfactory variogram estimates.  

Hengl et al. (2007a) also strongly recommend the use of regression kriging if there are 

more than fifty total observations and at least ten observations per predictor used in 

regression to prevent over-fitting of the model.  Although we found that fifty-two points 
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adequately represented the auxiliary data layers, sampling more locations in the field was 

not feasible due to time constraints and logistics.  The number of samples used in this 

study do meet the minimum criteria for regression kriging suggested by Hengl et al. 

(2007a); though, it is likely that more sampling locations in the field would have 

improved both regression and kriging components used for soil prediction in this study.  

More complex algorithms have been shown to increase predictive power of soil 

prediction models (Motaghian and Mohammadi, 2011); however, obtaining adequate 

high-quality data is likely more important than employing more sophisticated techniques 

(Minasny and McBratney, 2007). 

 

5.0 Conclusion 

 Data reduction using an iterative principal component analysis combined with a 

cLHS design produced a sampling design that effectively captured the variability of soil 

types as a function of the relative area of the published soil map.  This unexpected result 

gives substantial credit to the use of auxiliary data layers for establishing sampling 

locations in the field for both soil survey procedures and high-resolution modeling of soil 

properties within soil map units.  Although a sample size of 52 was enough to represent 

the variability both feature space and geographic space, it is likely that more sample 

locations would have produced improved variogram models to better capture the spatial 

relationships of soil properties across the landscape.  Additional data layers may be 

necessary to develop better regression relationships between auxiliary data and soil 

properties to improve the predictive power of the regression kriging approach.  The 
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combination of iterative data reduction with a structured sampling design and a robust 

soil prediction model can incorporate a multitude of data types available in different areas 

to improve soil sampling efforts and reduce the time and money needed to provide 

detailed soil information and associated errors to landscape models in other areas such as 

hydrology, agriculture, and atmospheric sciences.   
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6.0 Figures and Tables 

 

Fig. 1. Location of the AZ673 soil survey area in southeastern Arizona (a).  Processing of auxiliary data was performed across the 160,000  ha survey 

area (b and c) and used for comparing soil prediction models in the smaller area of interest (6,265 ha) (d).  Principal components of final data layers are 

shown in the detailed study area and highlight the high relief, as seen in the hillshade of the digital elevation model (b) and the wide range of parent 

materials which can be distinguished in the Landsat 7 ETM+ False color composite image (c).  Black lines on the study area represent published soil 

survey delineations and black points represent the location of 52 sampling locations used for soil prediction (d).  Scale bar corresponds to the area of 

interest (d).    
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Fig. 2. Schematic diagram of research components and component integration.  Components 1 and 2 represent the process of 

producing continuous soil property maps using surface reflectance data and topographic indices derived from elevation data, 

respectively.  Component 3 demonstrates the integration of components 1 and 2 for the estimation of a continuous soil property 

map from soil samples determined by a conditioned Latin Hypercube sampling design.   
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Fig. 3. Comparison of semivariograms of percent clay, sand and silt for ordinary kriging (OK), regression kriging using 

principal components of auxiliary data (RK-PCs), and regression kriging using X and Y coordinates (RK-coord).    
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Fig. 4. Comparison of semivariograms of percent gravel (GR), cobble (CB), and total coarse fragments (CF_total) for ordinary 

kriging (OK), regression kriging using principal components of auxiliary data (RK-PCs), and regression kriging using X and Y 

coordinates (RK-coord).    
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Fig. 5. Comparison of semivariograms of redness rating (RR) and loss on ignition at 360 °C (LOI360) for ordinary kriging 

(OK), regression kriging using principal components of auxiliary data (RK-PCs), and regression kriging using X and Y 

coordinates (RK-coord).   
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Fig. 6. Comparison of goodness-of-fit of surface soil properties modeled with regression kriging with PCs as predictors (RK-

PCs), regression kriging with X and Y coordinates as predictors (RK-coords), and ordinary kriging (OK) using Spearman rank 

correlation coefficient and the normalized mean square error (NMSE).  Clay, Sand, Silt, GR, CB, and CFtotal represent percent 

sand, silt, clay, gravel, cobble, and total coarse fragments, LOI360 is loss on ignition at 360 °C, and RR is redness rating 

derived from Munsell soil color.   
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Fig. 7. Comparison of prediction maps and relative prediction error of sand produced 

with ordinary kriging (OK) and regression kriging using principal components of 

auxiliary data (RK-PCs).   
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Fig. 8. Comparison of prediction maps and relative prediction error of silt produced with 

ordinary kriging (OK) and regression kriging using principal components of auxiliary 

data (RK-PCs).   
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Fig. 9. Comparison of prediction maps and relative prediction error of clay produced with 

ordinary kriging (OK), regression kriging using principal components of auxiliary data 

(RK-PCs), and regression kriging using coordinates (RK-coords).   
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Table. 1. Initial data layers used for iterative PCA data reduction in the AZ673 study area in southeastern Arizona. 

Index Source Software Feature Reference 

3/2 Landsat ERDAS Imagine v. 9.2 Carbonate radicals Boettinger et al. (2008) 

7/3 Landsat ERDAS Imagine v. 9.2 Ferrous Fe Boettinger et al. (2008) 

3/1 Landsat ERDAS Imagine v. 9.2 Fe oxide Leica Geosystems (2008) 

5/4 Landsat ERDAS Imagine v. 9.2 Ferrous Leica Geosystems (2008) 

7/5 Landsat ERDAS Imagine v. 9.2 Clay; hydroxides 

Leica Geosystems (2008); 

Boettinger et al. (2008) 

Calc_sed Landsat ERDAS Imagine v. 9.2 

Calcareous sediment; 

igneous rocks Boettinger et al. (2008) 

Gypsic_index Landsat ERDAS Imagine v. 9.2 Gypsiferous soils Nield et al. (2007) 

Natric_index Landsat ERDAS Imagine v. 9.2 Natric soils Nield et al. (2007) 

NDVI Landsat ERDAS Imagine v. 9.2 Vegetation many 

Curvature IFSAR ArcGIS v. 9.3 Water and sediment flux 

 

SAGA_WI IFSAR SAGA GIS v. 2.0.4 

Water table depth; 

Evapotranspiration  

Solar Rad IFSAR SAGA GIS v. 2.0.4 

Energy input; available 

moisture 

 

Slope IFSAR SAGA GIS v. 2.0.4 

Runoff and soil loss; soil 

thickness 
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Table. 2. Final data layers resulting from iterative PCA data reduction in the AZ673 study area in southeastern Arizona. 

Index Landscape feature or process Soil forming factor represented 

Landsat 3/2 Carbonate radicals, red alluvial fans Parent material 

Calcareous sediment index Mafic vs felsic parent material Parent material 

Solar radiation Aspect, available moisture, vegetation Climate, Organisms, Relief 

Wetness index (SAGA WI) Landform, water/sediment flux Climate, Organisms, Relief 
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Table. 3. Pearson correlation coefficients of measured soil properties of surface soils at 52 locations and auxiliary data layers.  

Values in bold are significant at the α=0.05 level.  Shaded rows and columns correspond to principal components of Landsat 

ratio 3/2, calcareous sediment index, and SAGA wetness index. 

GR†                             

-0.24 CB 

             0.57 0.66 CF_total 

            -0.06 0.37 0.25 Clay 

           -0.3 0.41 0.11 0.35 Silt 

          0.18 -0.5 -0.24 -0.9 -0.7 Sand 

         -0.05 -0.4 -0.36 -0.4 -0.4 0.52 RR 

        -0.09 0.62 0.45 0.63 0.58 -0.7 -0.6 LOI360 

       -0.3 -0.4 -0.57 -0.5 -0.18 0.49 0.74 -0.54 PC1 

      -0.15 -0.04 -0.15 0.16 0.32 -0.26 -0.4 0.19 -0.2 PC2 

     0.13 0.17 0.24 0.22 -0.11 -0.12 0.08 0 -0.1 -0.1 PC3 

    -0.15 -0.3 -0.34 -0.4 -0.3 0.46 0.79 -0.51 0.87 -0.6 0.26 LS3o2 

   -0.3 -0.4 -0.56 -0.6 -0.15 0.5 0.65 -0.48 0.92 -0.3 -0.5 0.71 Calc_sed 

  -0.22 -0.16 -0.3 0.01 0.15 -0.07 0.2 -0.16 0.37 0.03 -0.05 0.28 0.33 S_rad 

 -0.4 -0.4 -0.6 -0.4 0.03 0.27 0.41 -0.38 0.77 0.43 -0.03 0.46 0.61 0.36 WI 

†GR = percent gravel, CB = percent cobble, CF_total = total percent coarse fragments, Clay = percent clay, Silt = percent silt, 

Sand = percent sand, RR = soil redness rating derived from Munsell soil color, LOI360 = loss-on-ignition at 360 °C, PC1, 

PC2, and PC3 = principal components 1, 2, and 3 of X3o2, Calc_sed, and WI, LS3o2 = Landsat band ratio 3/2, Calc_sed = 

calcareous sediment index, S_rad = solar radiation, and WI = SAGA wetness index.  
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Table. 4. Comparison of sample distribution from the conditioned Latin Hypercube design to stratification of published soil 

map units. 

MU† Area (ha) # pts % Area % pts 

145 315 2 0.05 0.04 

175 23 0 0 0 

235 1656 15 0.26 0.29 

255 492 5 0.08 0.1 

260 160 1 0.03 0.02 

275 30 1 0 0.02 

280 2 0 0 0 

300 942 9 0.15 0.17 

320 1845 14 0.29 0.27 

325 799 5 0.13 0.1 

Sum 6265 52 1 1 

† MU= soil map units from published soil survey, Area = area of soil map units, # pts = the number of field sampling points 

from the cLHS design that fell within each soil map unit, % Area = the relative area of each soil map unit in the overall 6,265 

ha study area, % pts = the relative number of points that fell within each of the soil map units. 
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Table. 5. Summary statistics for measured soil properties of surface soils at 52 locations.   

  Clay Silt Sand GR CB CF_total LOI360 RR 

  <--------------------------------------%-------------------------------------->   
Minimum 8.90 13.00 1.00 0.00 0.00 0.00 0.01 0.20 

Maximum 70.10 46.80 75.40 55.00 50.00 55.00 0.06 4.70 

Median 16.20 26.10 58.10 5.00 0.00 12.50 0.02 1.40 

Range 61.20 33.90 74.50 55.00 50.00 55.00 0.05 4.40 

Std 16.40 9.00 21.30 12.70 13.60 16.40 0.01 1.10 

Skewness 1.50 0.50 -0.90 1.70 1.80 0.50 1.00 1.00 

Kurtosis 4.00 2.20 2.50 5.50 4.90 1.80 3.30 3.30 

CV 0.71 0.33 0.43 1.19 1.79 0.89 0.61 0.64 

† Clay = percent clay, Silt = percent silt, Sand = percent sand, GR = percent gravel, CB = percent cobble, CF_total = total 

percent coarse fragments, LOI360 = loss-on-ignition at 360 °C, RR = soil redness rating derived from Munsell soil color. 
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Table. 6. Comparison of adjusted R
2
 values and associate p-values resulting from backward step-wise multiple linear 

regression of surface soil properties modeled with regression kriging with PCs as predictors (RK-PCs) and regression kriging 

with X and Y coordinates as predictors (RK-coords).   

  RK-PCs RK-coords 

Property† Adj R
2
 p-value Adj R

2
 p-value 

Clay 0.34 0 0.37 0 

Sand 0.21 0 0.3 0 

Silt 0.09 0.02 0.12 0.01 

GR 0.02 0.16 NA NA 

CB 0.24 0 0.33 0 

Cftotal 0.39 0 0.25 0 

LOI360 0.37 0 0.46 0 

RR 0.51 0 0.31 0 

† Clay = percent clay, Silt = percent silt, Sand = percent sand, GR = percent gravel, CB = percent cobble, CF_total = total 

percent coarse fragments, LOI360 = loss-on-ignition at 360 °C, RR = soil redness rating derived from Munsell soil color. 
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Abstract 

Accurate datasets of hydraulic soil properties are of utmost concern for modeling 

soil-water dynamics in semiarid ecosystems because of the tight coupling of soil-water 

availability, storage and distribution and primary productivity in water-limited 

ecosystems. Furthermore, soil properties in semiarid environments exhibit tremendous 

spatial variability that is not captured well in existing soil datasets. Thus, a fundamental 

knowledge gap in understanding land-atmosphere interactions is accurate, high resolution 

representation of soil physical and hydraulic properties. Remote sensing techniques can 

bridge the gap between site-specific soil properties and landscape variability, thereby 

improving predictions of soil attributes. The main objective was to predict soil physical 

and hydraulic properties important for modeling soil-water dynamics in a semiarid 

ecosystem using digital soil mapping techniques and pedotransfer functions.  Landsat 

reflectance and elevation data were used to predict physical soil properties at a 5 m 

spatial resolution for a semiarid landscape of 6,265 ha using regression kriging.  

Predicted values of soil properties were applied to a neural network pedotransfer function 

to predict saturated conductivity and water retention parameters and estimates of water 

residence time.  Values of sand, silt, clay, and coarse fragments predicted with regression 

kriging were moderately correlated to observed values (R
2
 of 0.62 – 0.84) and reflected 

soil-landscape relationships.  Estimated residence time for water lost to groundwater and 

evapotranspiration corresponded to channel drainage density and vegetation response, 

respectively. We present a novel approach to predicting hydraulic soil parameters by 

incorporating digital soil mapping techniques and pedotransfer functions to understand 
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landscape relationships related to soil-water-vegetation dynamics.  Adopting similar 

models has the potential to improve predictions of hydrological and ecological responses 

to changing temperatures and shifts in the timing and amount of precipitation by linking 

available water to regional climate models.   
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1.0 Introduction 

 

Soil acts as a nonlinear filter that controls the energy, water and carbon cycles, the 

fate and transport of nutrients and pollutants, and atmospheric composition (Chorover et 

al., 2007). In water-limited systems with low-latitude semiarid climates, productivity and 

function of ecosystems is largely controlled by soil-water interactions. These systems 

experience soil moisture conditions related to a pulse-reserve dynamic, where soil 

moisture is affected by and interacts with soil physical properties, variability of climate 

forcing, and vegetation dynamics (Reynolds et al., 2004; Schwinning and Sala, 2004). 

When soil moisture is limiting, it exerts first-order control on land-atmosphere water and 

energy exchange (Seneviratne et al., 2010).  Soil properties such as texture, infiltration 

rate, and organic matter are major controls on water transport, potential and actual water 

availability, and largely affect the productivity and function of soils in water-limited 

systems; however, high-resolution soil information is often not available.  Surface soils 

serve as the primary reservoir for water storage and experience the greatest flux in soil 

moisture following precipitation events (Kurc and Small, 2004); therefore, the frequency 

of small rain events has a major control on the soil water dynamics in dryland systems 

(Lauenroth and Bradford, 2012).  Quantifying surface soil properties is critical for 

accurate models of soil-water-plant-atmosphere interactions (e.g., Noah land surface 

model (Hogue et al., 2005)) in semiarid ecosystems such as southern Arizona.   

Land surface processes have been represented by climate models known as Soil-

Vegetation-Atmosphere-Transfer schemes or land surface models (Seneviratne et al., 
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2010). Many current models, such as the Noah land surface model, and hydrology models 

like the Soil and Water Assessment Tool (SWAT), use coarse resolution soil data in 

modeling of hydrological and ecological responses to climate and land use change 

(Hogue et al., 2005; Peschel et al., 2006). This may limit the accuracy of model 

predictions, as soils exert strong control on water and energy fluxes. Poorly constrained 

soil data thus propagates into model output and limits in part their predictive power.  To 

facilitate the use of commonly available geographic data, the Automated Geospatial 

Watershed Assessment (AGWA) tool was developed to parameterize, execute and 

visualize results of SWAT (Miller et al., 2007). AGWA utilizes soils information 

commonly available (e.g., State Soil Geographic Database – STATSGO) to produce 

information needed for SWAT (Miller et al., 2007); however, the available soils 

information is often in polygon form and can be improved by using a raster data structure 

(Sanchez et al., 2009).   

Knowledge of soil hydraulic properties is imperative for developing land surface 

models because they describe the movement of water through the soil (Gutmann and 

Small, 2007). Soil moisture is a critical element to the functioning of land surface models 

because it plays such a large role in the energy and water balance through its impact on 

evapotranspiration (Seneviratne et al., 2010). Texture data have traditionally been used as 

a proxy for these properties in land surface models due to their ease of measurement and 

availability on a global scale.  This approach hinges on the relationship between water 

flux measurements (diffusivity and hydraulic conductivity) and physical soil properties 

(texture and soil moisture) (Mostovoy and Anantharaj, 2008).  Soil texture data alone 
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may not be sufficient for approximating hydraulic properties (Gutmann and Small, 2005). 

Mohanty and Zhu (2007) suggest that the current approach of estimating soil hydraulic 

properties with texture-based lookup tables or pedotransfer functions may be one of the 

most limiting steps in land surface modeling efforts.  Furthermore, results of Mostovoy 

and Anantharaj (2008) suggest the need for techniques that reduce biases in soil hydraulic 

properties used by land surface models. Therefore, a global data set of soil hydraulic 

properties is needed for accurate land surface models of energy and moisture fluxes 

(Gutmann and Small, 2005).   

Digital soil mapping is a developing field of soil science that involves the spatial 

prediction of soil attributes and has tremendous potential to address the need for site-

specific soil properties in land surface modeling (Sanchez et al., 2009). This technique 

incorporates geographic information system (GIS) modeling with conceptual models of 

soil formation like the one proposed by Jenny (1941) that identifies parent material, 

climate, biota, relief, and time as factors that constrain soil formation processes 

(McBratney et al., 2003).  Surface reflectance (e.g., Landsat) and elevation-derived 

topographic indices are common inputs to digital soil mapping models (Hengl et al., 

2007; Moore et al., 1993; Neild et al., 2007) and allow quantitative estimation of soil and 

landscape properties through a variety of empirical and statistical techniques (Minasny et 

al., 2008; Saadat et al., 2008). Surface reflectance methods utilize soil reflectance 

relationships that are unique for different soil types, whereas topographic indices 

incorporate landscape features important for quantifying major energy inputs to the 

system (i.e., water and solar radiation). Furthermore and of particular importance, these 
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advances in spatial modeling techniques provide model prediction error that can be 

incorporated into land surface models to constrain uncertainty in soil properties.   

Hydraulic soil properties are critical for land surface modeling, but are not readily 

available at high resolution. Pedotransfer function models have been widely used to 

characterize soil hydraulic properties because direct measurement is expensive and time 

consuming (Schaap and Leij, 1998; Schaap et al., 2001; Vereecken et al., 2010; Wosten 

et al., 1995; Wosten et al., 2001; Hadzick et al., 2011).  Pedotransfer functions have 

frequently been used to relate easy-to-obtain soil properties to hard-to-measure properties 

such as saturated hydraulic conductivity and infiltration rate (McBratney et al., 2006; 

Wosten et al., 2001). Pedotransfer functions can be used to explore changes in the water 

balance as a function of management scenarios (Nemes et al., 2006); however, 

extrapolation of point measurements of in situ hydraulic parameters to unknown locations 

is limited due to their low spatial and temporal resolution (Tseng and Jury, 1993).  

Geostatistical models have been used to extrapolate measured hydraulic properties at 

points across the landscape to unknown locations (Liao et al., 2011; Motaghian and 

Mohammadi, 2011); however, relationships between hydraulic parameters and soil 

predictors are affected by spatial scale (Zeleke and Si, 2005).  Although recent advances 

in pedotransfer function research have begun to incorporate remotely-sensed auxiliary 

data directly into a pedotransfer function model to estimate soil water characteristics 

across spatial scales (Jana and Mohanty, 2011; Smettem et al., 2004), the development of 

spatial pedotransfer functions has been minimal.  Gutmann and Small (2010) propose a 

need for landscape hydraulic properties instead of soil hydraulic properties to provide 
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spatially accurate estimates of hydraulic parameters and present a method of 

incorporating remotely sensed data as a means to achieve this.  Thus, a critical knowledge 

gap in the development of high-resolution models of surface processes is functional 

pedotransfer function models that can be applied spatially at landscape and regional 

scales.  Digital soil mapping can provide accurate, high resolution maps of soil physical 

and hydraulic properties and associated uncertainties for input to land surface models and 

can improve understanding of water and energy fluxes at the Earth’s surface. 

The overall objective of this research is to apply quantitative data obtained from a 

robust sampling design to the development of soil prediction models and spatial 

pedotransfer functions. Specific objectives include: 1) predict selected chemical and 

physical soil properties across the landscape using remotely sensed reflectance and 

elevation data; 2) apply predicted soil properties to pedotransfer functions for estimation 

of hard-to-measure soil hydraulic properties; and 3) estimate water residence time at a 

landscape scale by applying pedotransfer function outputs to better understand soil water 

dynamics.  Our hypotheses were 1) that regression kriging would produce reliable maps 

of soil properties for satisfactory input to an existing pedotransfer function and 2) that 

information from pedotransfer functions would produce realistic estimates of hydraulic 

soil parameters for application to landscape-scale hydrology modeling.  We present a 

novel method for applying pedotransfer functions to high-resolution soil maps that can 

improve predictions of shifting climate patterns on vegetation response and water 

balance. 
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2.0 Materials and Methods 

2.1 Study area 

The study area represents a sub-region of a recently mapped soil survey area 

(AZ673 Graham County, AZ, Southwestern Part) of approximately 160,000 ha located 30 

km north of the town of Wilcox in southeastern Arizona (Fig. 1). The larger area includes 

a wide elevation gradient ranging from 910 to 1,970 m asl with adjacent mountain ranges 

to the east and west that have maximum elevations of 3,267 and 2,336 m, respectively, 

that strongly influence soil-landscape relationships.  Soil prediction focused on a smaller 

area of interest of approximately 6,265 ha and an elevation gradient of 1,273 to 1,655 m 

asl (Fig. 1). This area was selected because it represents the variability of landscape 

positions, geology, surface reflectance, and soils found in the surrounding areas.  Soils in 

the study area are mapped as Argiustolls in the western portion of the study area, 

Paleargids and Haplocambids in the eastern portion, Haplogypsids and Gypsitorrerts in 

the central portion, and Torrifluvents, Torriorthents, with riverwash components in the 

drainages and areas of rock outcrop distributed throughout portions of the upland 

landscape positions (Soil Survey Staff, 2011b).   

Sedimentary basin fill deposits, including dissected and inset alluvial fans and fan 

terraces, cover the study area and range in age from Holocene (12 Ka) to early Miocene-

aged (20 Ma) materials (Richard et al., 2000; Wilson and Moore, 1958).  Areas to the east 

consist of large, gently sloping alluvial fans formed from Middle Proterozoic granitic 

rocks (1,400-1,450 Ma) and Early Proterozoic metamorphic rocks (1,600-1,800 Ma) [i.e., 
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granite schist, gneiss, sandstone, andesite, rhyolite] while basin fill deposits in the 

western portion of the study area consist of material eroded from Middle Miocene to 

Oligocene age volcanic rocks (20-30 Ma) [i.e., andesite, rhyolite, and basalt] which are 

expressed on the landscape as a large alluvial fan composed of rhyolitic parent material 

and an area of hills formed of basalt.  Pliocene to Middle Pleistocene age lacustrine 

deposits that contain abundant soluble salts including carbonates and gypsum occupy the 

center of the survey area (Fig. 1) (Melton, 1965).  The major drainage network drains to 

the N-NW and stream channels are actively cutting back into the lacustrine sediments.  

Variation in elevation, landform, and soils supports a diverse range of vegetation 

types across the study area.  This area occupies the transition zone between Sonoran and 

Chihuahuan Deserts, which differ in their annual precipitation regimes and dominant 

vegetation communities (Brown, 1994; Neilson, 1987).   The study area is comprised of 

semi-desert grassland, (Brown and Lowe, 1994) and includes a variety of grasses, forbs, 

shrubs, leaf succulents, and cacti (Brown, 1994).   

The climate of the study area is semiarid with mean annual precipitation that 

ranges from 403-472 mm and has a bi-modal distribution with maximum rainfall during 

the summer monsoon and winter months (PRISM Climate Group, 2008).  Mean annual 

air temperature ranges from 16-17 °C with average minimum temperature ranges from 9-

10 °C and the average maximum temperature ranges from 23-25 °C.  The soil 

temperature regime is thermic (15-22 °C).  Soil moisture regimes include aridic and ustic, 

with the transition between the two occurring in the foothills of the neighboring mountain 

ranges (Soil Survey Staff, 2011; Soil Survey Staff, 2012).   
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2.2. Project design 

This project consists of a data-driven approach to predicting physical and 

hydraulic soil properties.  A sampling design derived from an iterative principal 

component data reduction and a conditioned Latin Hypercube routine was used to 

maximize model performance by identifying sampling locations that represented 

variability in both feature space and geographic space (Minasny and McBratney, 2006).  

Details of the sampling design can be found in Levi and Rasmussen (Appendix B).  

Sampled soils were used to develop prediction maps of soil particle size distributions for 

application to an already established pedotransfer function to make spatial estimates of 

hydraulic soil parameters across the landscape. 

 

2.3 Field Sampling and Laboratory Analysis 

Soils were sampled by genetic soil horizon from 0-30 cm in April and May of 

2011.  Percent coarse fragments were determined on a volume basis by ocular methods 

and soil samples were bagged and transported to cold storage at 4 °C until they were 

dried and sieved to isolate the < 2 mm fine earth fraction.  Sieved samples were prepared 

for particle size analysis with pre-treatment to remove soluble salts and organic matter.  

Twenty grams of soil was weighed into 250 ml centrifuge bottles and 200 ml of sodium 

acetate (NaAOc -pH 5) was added followed by shaking.  Caps were loosened and bottles 

were placed in a hot water bath at 85 °C for approximately 30 min or until bubbling 

stopped.  Samples were cooled and centrifuged at 3600 rpm to remove the supernatant.  
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Organic matter was removed by adding 100 ml of sodium hypochlorite (NaOCl -pH 9.5) 

to the soil slurry and shaking the bottles to re-disperse the soil in the solution.  Samples 

were again placed in the hot water bath at 85 °C for approximately 30 min or until 

bubbling stopped, followed by centrifugation and removal of the supernatant as with 

carbonate removal (Jackson, 2005).  Soils were rinsed twice with 100 ml of deionized 

water in the same fashion.  Samples were air dried and homogenized by gently grinding 

them with a metal spatula and a mortar and pestle in preparation for particle size analysis 

using a Beckman Coulter LS 13 320 Laser Diffraction Particle Size Analyzer.  A 

determined mass of sample between 0.1 and 0.2 g was weighed out into 15 ml auto-

sampler tubes where the amount of sample was chosen to provide optical obscuration 

within an optimal working range.  Auto-dilution of soil masses causing obscuration 

greater than the optimal range was performed by the instrument.  Samples weighed into 

tubes were mixed for 24 hours with 5 ml of deionized water using a Thermo Scientific: 

Labquake® shaker/rotator and 5 ml of 5% sodium hexametaphosphate ((NaPO3)6) 

solution was then added to each tube and mixed for an additional 24 hours to ensure 

dispersion of soil particles. After dispersion, the samples were processed using the 

instrument and sand, silt, and clay fractions were obtained from the results.   

 

2.4 Soil Prediction Models 

 Soil properties from surface and subsurface horizons were modeled separately 

using regression kriging.  Variables were transformed with a logit transformation using 
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the ‘boot’ package in R (Canty and Ripley, 2011) to approximate a normal distribution 

for each dataset where 
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 ; zmin < z < zmax      [Eq. 2] 

and zmin and zmax are the physical minimum and maximum values of z (Hengl et al., 

2004).  The physical values of each variable were within and not equal to the minimum 

and maximum values to prevent ln(0) situations.  Percent sand, silt, and clay were 

reported as a decimal; a value of 0.1 was added to percent coarse fragments prior to 

transformation, as this reflects the possible range of values.   

Backward stepwise linear regression was performed using the ‘MASS’ package in 

R (Venables and Ripley, 2002) and model selection was determined by minimizing the 

Akaike Information Criterion (AIC; Akaike, 1974).  Principal components of auxiliary 

data were the independent variables used to predict soil properties.  Prior to applying the 

regression equations to the raster data, areas representing cattle tanks were masked out 

using ArcGIS to remove pixels representing surface water and prevent problems with 

inaccurate data.  Residuals of surface soil properties were exported to ArcGIS 9.3 

(Environmental Systems Research Institute, 2008) to interactively model variograms, as 

the 'gstat' package in R cannot automatically estimate anisotropy parameters when 
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modeling the variogram and Pebesma and Wesseling (1998) recommend trial and error to 

determine the appropriate parameters.  The resulting variogram parameters were used to 

perform ordinary kriging of the residuals using the ‘gstat’ package of R (Pebesma and 

Wesseling, 1998).  Variogram models that minimized the root mean square error (RMSE) 

from cross validation were selected to provide inputs to variogram modeling in R.  All 

sample variograms were fit using an exponential model.  Ordinary kriging of residuals for 

surface properties were modeled with anisotropy while subsurface properties and surface 

horizon thickness did not include anisotropy parameters because the directional effects 

introduced unrealistic patterns to the prediction model.  For the later models, variogram 

modeling was conducted using the ‘gstat’ package in R.   

 Auxiliary PCA data layers were imported using the 'raster' package (Hijmans and 

van Etten, 2011).  Initial evaluation of soil prediction models using regression kriging of 

principal components of the final four data layers indicated that strong aspect differences 

were introduced by the solar radiation information and estimated differences in soil 

properties that were highly unlikely; thus, solar radiation was removed from the 

prediction dataset and a PCA of the remaining three data layers was used as predictors 

(i.e., Landsat band 3/2, calcareous sediment index, SAGA wetness index).  Regression 

equations were applied to the raster layers of principal components using the ‘raster’ 

package in R and subsequently added to the kriged residuals.   

 Detailed validation of soil prediction models for surface soils is available in Levi 

and Rasmussen (Appendix B).   Model fit for each soil property was evaluated by 

comparing the observed and predicted values of each variable at all 52 locations by 
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sampling final prediction maps and calculating the Spearman’s rank correlation 

coefficient against observed values.   

 

2.5 Pedotransfer function development 

We used a pedotransfer function similar to the Rosetta program, which is based 

on neural network analyses and combines a bootstrap technique to obtain the probability 

distribution of hydraulic parameters (Schaap et al., 2001). The model, hereafter referred 

to as the Rosetta-SP model, was optimized for soils in southeastern Arizona in a 

watershed adjacent to our study area.  Rosetta-SP was used to estimate the van 

Genuchten (1980) water retention parameters and saturated hydraulic conductivity (Ks) 

for surface and subsurface soils separately.  Input to the model included percent sand, silt, 

clay, and coarse fragments.  Predicted values of sand, silt, and clay were normalized to 

total 100 percent and the soil texture class was assigned using the ‘soiltexture’ package in 

R (Moeys and Shangguan, 2011).  Bulk density was estimated for each resulting soil 

texture class according to a modified version of the NRCS technical handbook (Soil 

Survey Staff, 2011a) customized to Arizona soils.  Outputs from the Rosetta-SP model 

were used to determine water retention at field capacity (100 cm pressure head) and the 

permanent wilting point (15000 cm pressure head) according to van Genuchten (1980): 
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         [Eq. 3]

 

 where Θh is the volumetric water content (cm
3
cm

-3
) at pressure head h (cm), Θr 

and Θs are residual and saturated water contents, respectively (cm
3
cm

-3
), α (>0, in cm

-1
) is 
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related to air entry pressure and n (>1) is a measure of pore size distribution (van 

Genuchten, 1980; van Genuchten and Nielsen, 1985).  Effective Ks (Ks(eff)) was calculated 

as 

 
sbsa

effs
K

B

K

A
K 

        [Eq. 4]

 

where A and B are the relative thickness of soil layers a and b (A + B = 1) and Ksa and Ksb 

are the saturated hydraulic conductivity of soil layers a and b, respectively.  Water 

content of surface and subsurface layers were combined in the linear equation 

      bbhaaheffh TT ** 
       [Eq. 5]

 

where Θh(eff) is the effective water content at pressure h, Θh(a) and Θh(b) are water contents 

at pressure h (cm) for soil a and b, and Ta and Tb are the thickness of soil layers a and b 

(cm), respectively.  Effective plant available water was calculated in the same way as 

Θh(eff).  Two scenarios of water residence time were calculated using water retention 

parameters and Ks.  The first scenario provides an approximate residence time for 

infiltrating rain water by calculating the time for a saturated profile to drain to field 

capacity (WRTFC).  It is calculated as 

   

 effs

effeffs

FC
K

WRT
100



       [Eq. 6]

 

where Θs(eff) is the effective saturated water content for the 0-30 cm depth (cm
3
cm

-3
), 

Θ100(eff) is the effective water content at a 100 cm pressure head (field capacity) (cm
3
cm

-

3
), and Ks(eff) is the effective Ks.  The second scenario provides an approximate residence 

time for plant available water to be lost via evapotranspiration (WRTET) 
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        [Eq. 7]
 

 where PAW(eff) is the effective plant available water, and 0.1 is the average daily 

evapotranspiration rate (cm day
-1

) for the year 2000 measured at a nearby AZMET 

weather station (~20 miles).    

 

2.6 Evaluation of hydraulic parameters  

 We compared the spatial distribution of hydraulic parameters derived from the 

Rosetta-SP model to landscape features available from the remotely sensed auxiliary 

data.  Flow accumulation was calculated from a 5 m interferometric synthetic aperture 

radar (IFSAR) elevation model.  The elevation model was first prepared for hydrological 

analysis by filling sinks and then computing flow direction with a single direction flow 

algorithm (D8) using ArcGIS version 9.3.  Flow direction was used as input to determine 

the flow accumulation.  The flow accumulation derived from the single direction flow 

algorithm produced a network of stream channels that were used to estimate the drainage 

density for comparison to WRT models. 

 The normalized difference vegetation index (NDVI) was derived from two 

Landsat 7 ETM+ images from May and September of 2000 using ArcGIS.  Image dates 

were selected to represent dry (May) and wet (September) scenes corresponding the 

seasonal precipitation patterns.  The standard equation for calculation NDVI from 

Landsat is  

34

34

BB

BB
NDVI






         [Eq. 8]
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where B4 and B3 correspond to the near infrared (band 4) and red (band 3) wavelengths, 

respectively.  Fractional vegetation cover (FVC) was derived from the resulting NDVI 

data for both May and September scenes as 

100*
minmax

min














NDVINDVI

NDVINDVI
FVC        [Eq. 9] 

where minNDVI and maxNDVI are minimum and maximum values of NDVI in 

respective scenes (Boettinger et al., 2008; Zeng et al., 2000).  Fractional vegetation cover 

was used to evaluate the vegetation response to monsoonal precipitation by taking the 

simple difference of the FVC from September and May.   

 

3.0 Results 

3.1 Measured soil properties  

Soils evaluated in this study area represent a wide range of particle sizes and 

coarse fragments.  Surface soil horizons had sand and clay percentages ranging from 1-75 

% and 9-70 %, respectively (Table 1).  Subsurface soils had even wider ranges of particle 

size with 1-87 % sand and 6-82 % clay (Table 2).  The median clay percentage was 

higher in subsurface soils, which corresponds to the presence of argillic horizons for 

thirty-two of the fifty-two sampled soils.  Median sand content was lower in the 

subsurface soils and silt content was similar for surface and subsurface soils.  Percentages 

of coarse fragments (> 2mm) had a wider range of values in the subsurface (Table 2); 

however, the amount of coarse fragments was more evenly distributed in the surface soils 
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(Table 1).  Bulk density values assigned according to the soil texture class for all modeled 

locations had similar distributions for surface and subsurface soils (Tables 1 and 2).   

3.2 Predictive soil maps 

 Regression kriging produced reasonable estimates of soil properties that 

corresponded to soil-landscape patterns represented in the published soil survey.  The R
2
 

of prediction models for surface soils ranged from 0.62 to 0.84 and from 0.65 to 0.81 for 

subsurface soils (Table 3).  Silt had the largest R
2
 in the surface soils, relative to other 

properties, whereas total coarse fragments had the largest R
2
 in subsurface soil. Sand and 

clay fractions were predicted with slightly less success.   All models showed a trend of 

over predicting small values and under predicting large values (Fig. 2).  Silt had the 

fewest number of outliers in the model for both depths.  Modeled values of surface soil 

texture expressed less variability than the subsurface horizons and subsurface soils were 

more fine-textured (Fig. 3).  Textures of surface soils were predominantly clay loam, 

clay, loam, sandy loam and sandy clay loam.  In addition to texture classes represented by 

surface soils, subsurface soils had higher silt content and represented silty clay, silty clay 

loam, silt loam, and sandy clay.  The wide range of soil texture in both surface and 

subsurface soil horizons results from the variability of parent materials in the study area.   

 Surface horizon thickness was successfully modeled with regression kriging with 

an R
2
 of 0.81 for predicted and observed values (Fig. 4).  Similar to the models of other 

soil properties, the regression kriging over predicted small values and under predicted 

large values.   
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3.3 Pedotransfer function performance 

 The Rosetta-SP model estimated hydraulic parameters that maintained the 

landscape features present in the study area.  Estimates of the effective Ks values for the 

0-30 cm soil profile were quite high ranging from 0-3,000 cm day
-1

 (Fig. 5).  The western 

third of the study area had low estimates of Ks in contrast to the high values predicted in 

dissected alluvial fans in the central and eastern portion of the area.  Effective plant 

available water was highest in the western half of the study area and lowest in the central 

fluvial areas.  Plant available water was also low on the granitic alluvial fan in the eastern 

portion of the area.   

3.4 Water residence time  

The first scenario of WRT that estimates the time required for water to be lost 

from a saturated profile to the field capacity at a 100 cm pressure head (WRTFC) was 

estimated as a small fraction of a day with a maximum residence time of approximately 3 

hours (Fig. 6).  Areas in the western third of the study area had the highest values of 

WRTFC and showed a smooth pattern on the landscape.  In contrast, the remaining two-

thirds of the study area exhibited a dissected pattern of low and medium values of 

WRTFC, where higher values were associated with drainage networks and low values 

corresponded to inter-drainage areas.  Flow accumulation derived from the elevation grid 

corresponded to drainage networks in the study area and shows the complexity of 

dissection throughout the area (Fig. 6).  The major drainage is visible in the center of the 

area and receives stream flow from both eastern and western catchments.  Drainage 
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patterns in the west are characterized by generally low drainage density in contrast to the 

eastern third of the area that has a much higher density of stream networks.  

 Estimated WRTET for water lost to evapotranspiration at a rate of 1 mm day
-1

 

ranged from 20-70 days (Fig. 7).  The lowest residence times were predicted on the large 

alluvial fan in the eastern portion of the study area and in the flood plain area in the 

central study area.  High residence times were predicted for soils in the western portion of 

the area dominated by volcanic parent material.  Spatial patterns of vegetation response 

from the seasonal influx of precipitation resulting from the North American monsoon was 

visible in fractional vegetation cover (FVC) pre- and post-monsoon (Fig. 7).  The May 

FVC was generally low with noticeable patterns that corresponded to the drainage 

patterns across the landscape.  In contrast, the FVC for September showed obvious 

relationships to landscape features and had more distinct differences between high and 

low values, reflecting the increase in available moisture post-monsoon (Fig. 8).  Taking 

the difference of wet and dry scenes provides a measure of the vegetation response to 

available moisture; however, spatial relationships of the difference between wet and dry 

scenes were difficult to visualize due to extreme high and low values.  Comparison of the 

Spearman correlation between the differenced image of FVC and hydraulic parameters 

indicated some very interesting trends related to the water dynamics in this area (Table 

4).  Subsurface soil properties had more influence on the vegetation response than surface 

soils, as indicated by the stronger correlation between plant available water in the 

subsurface, relative to the surface. The effective water residence time for 

evapotranspiration showed a moderate correlation to the vegetation response.  For all soil 
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depths, Ks shared a negative relationship with FVC, whereas plant available water, 

WRTFC, and WRTFC were positively related (Table 4). The most apparent green-up 

resulting from the increase in precipitation was in the major drainage area in the central 

portion of the study area and was likely attributed to the response of mesquite shrubs 

(Prosopis spp.).  Landscapes in the eastern portion of the study area showed the smallest 

change in vegetation response.   

 

4.0 Discussion 

Models of soil prediction using regression kriging produced reasonable estimates 

of soil properties across the landscape that corresponded to landscape features.  

Comparison of observed and predicted values for all soil properties over predicted small 

values and under predicted large values.  This is a remnant of the kriging component in 

the regression kriging approach, as kriging estimates are based on a local mean, which 

results in a smoothing effect on the predictions.  The regression component of the 

regression kriging method captured landscape features important for delineating soil 

types as indicated by the symmetry between the hydraulic soil properties and the 

published soil map.  Topography controls catchment–scale transport of water (McGuire 

et al., 2005) and our results have a close representation of topographic features, as a result 

of the regression kriging approach that included topographic information as a predictor.   

Ks values were considerably higher than expected.  For example, our estimate of 

mean Ks for loam soils from subsurface horizons was 10
2.39

 cm day
-1

 (n = 266121 cells) 

compared to a value of  10
1.08

 cm day
-1

 reported for 249 samples compiled from three 
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national databases by Schaap and Leij (1998).  One reason the Ks values were so high is 

that the original measured values of Ks that were used to develop the Rosetta-SP model 

were high due to high coarse fragment content.  In addition, the Rosetta-SP model was 

developed for surface soils which were more coarse-textured compared to the moderately 

fine textures in our study area.  Soils in our study represent a wide range of particle sizes 

from coarse to fine.  The high values of Ks do not necessarily reflect problems with our 

soil property predictions, rather the constraints of the input data for the development of 

the Rosetta-SP pedotransfer function model.  Furthermore, we predicted high Ks values, 

but McGuire et al. (2005) reported soil having infiltration rates >500 cm/hr (10
4.08

 cm 

day
-1

) suggesting that models developed in this study may not be too far out of line.  This 

confirmed our first hypothesis that regression kriging produced realistic estimates for 

application to the Rosetta-SP pedotransfer function.   

Soils in the western portion of the study area formed from volcanic parent 

material had high percentages of clay and silt which corresponded to the relatively high 

WRT.  In addition, the drainage density was lowest for the western third of the study 

area, which also corresponded to the higher WRT.  The short WRT for the FC model 

serves as a proxy for landscape patterns, but does not present a reasonable WRT from a 

quantitative point of view because it assumes a constant rate of water loss by gravity 

from saturation to field capacity.  It does not account for the decrease in hydraulic 

conductivity that characterizes unsaturated soils.  Unsaturated flow processes tend to be 

nonlinear, which tends to exacerbate problems of landscape-scale predictions associated 

with spatial variability and scale (Romano, 2004) 
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 Comparison of the WRTET model to FVC of the May scene does not show strong 

spatial correlation; however, comparison to the September FVC illustrates a distinct 

relationship related to the soils in the study area.  The granitic alluvial fan protruding 

from the eastern portion of the study area had relatively coarse-textured soils which 

translated to a short WRT (Fig. 7).  Similarities between the WRTET model and the 

September FVC are discernible because there was increased available moisture 

throughout the monsoon period that was expressed as higher FVC.  In contrast, the May 

FVC represented a period of limited precipitation where highest FVC was constrained to 

the drainage channels in the study area.  These drainage areas were dominated by 

mesquite shrubs, which are deep-rooted shrubs that can utilize available water from 

subsurface horizons when shallow-rooted grasses and succulents cannot (McAuliffe, 

1995).     

 Kurc and Small (2007) found that surface soils (0-10 cm) experienced the greatest 

fluctuation in soil moisture and that the wetting front rarely reached below 10 cm in 

central New Mexico.  As a result, they suggested surface soils as the dominant water 

reservoir in both grassland and shrubland sites.  In contrast, we found that subsurface 

soils were more closely related to vegetation response.  It is likely that soils in our study 

area experienced a wetting front below the 10 cm depth, as several large pulses of 

precipitation occurred in a short time between the image acquisition dates.  The good 

relationships between modeled WRT scenarios and independent landscape-scale drainage 

patterns and vegetation response agreed with our second hypothesis that parameters 

derived from the spatial pedotransfer functions would produce realistic estimates of 
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hydraulic soil parameters for application to landscape-scale hydrology modeling.  These 

results suggest the estimation of WRT was related to vegetation response and can serve 

as an accurate prediction tool for estimating how vegetation dynamics can shift in 

response to changing climate patterns in the Southwest.   

 

5.0 Conclusions 

Knowledge of the spatial distribution of key soil properties can aid our estimation 

of harder to measure hydraulic soil properties for improved models of soil moisture and 

vegetation dynamics.  We present a novel approach to predicting hydraulic soil 

parameters by incorporating digital soil mapping techniques and pedotransfer function 

modeling that can be useful for filling this knowledge gap.  Estimates of WRT for 

gravitational loss of water from saturation to field capacity and continued loss of plant 

available water to evapotranspiration were modeled separately and corresponded to 

landscape-scale processes of drainage patterns and vegetation response.  These concepts 

should be further developed to simultaneously model the loss of water to drainage and 

evapotranspiration to provide better estimates of available soil water.  Furthermore, this 

approach does not account for nonlinear changes in hydraulic conductivity at unsaturated 

conditions and could be improved with more complex models of water flow.  Findings 

presented here suggest digital soil mapping and hydrologic modeling techniques can be 

integrated to better understand changes in soil-water-vegetation dynamics at landscape 

scales that result from shifting climate patterns and changes in land management.    
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6.0 Figures and Tables 

 

 

Fig. 1. Location of the study area in southeastern Arizona and elevation gradient for the 

area of interest.  Black lines represent published soil survey delineations and black points 

represent the location of 52 sampling sites used for soil prediction. 



 

 

 

 

 

 

 

1
6
6
 

 

Fig. 2. Model results from regression kriging comparing observed and predicted values at 52 sampling locations for percent 

clay, sand, silt, and total coarse fragments.  Solid line is a 1:1 relationship and dashed line is the linear model best fit line.   
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Fig. 3. Soil texture for surface and subsurface soil horizons modeled with regression 

kriging.  Each model was predicted for 2,505,109 pixels.   

  



 

 

 

168 

 

 

 

 

 

Fig. 4. Model results from regression kriging comparing observed and predicted values at 

52 sampling locations for surface horizon depth.  Solid line is a 1:1 relationship and 

dashed line is the linear model best fit line.  R
2
 was calculated with the Spearman 

correlation.   
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Fig. 5. Effective saturated hydraulic conductivity and plant available water modeled for the 0-30 cm soil depth. Logarithm is 

base 10.  
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Fig. 6. Effective water residence time for water draining from saturation to field capacity (0-30 cm depth) and flow 

accumulation showing the stream channel network.   
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Fig. 7. Fractional vegetation cover for May and September and effective water residence time for plant available water lost to 

evapotranspiration at a rate of 1 mm day
-1

 (0-30 cm depth).  The May scene represents a moisture-limited scene and September 

reflects increased vegetation resulting from monsoonal precipitation.  
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Fig. 8. Precipitation between January 1 and September 30, 2000.  Red lines indicate dates 

of Landsat image acquisition. Selected image dates effectively capture the dry period 

preceding the May image and the increased monsoonal precipitation prior to the 

September image.   
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Table. 1. Summary statistics for measured clay, silt, sand, and total coarse fragments for 

52 surface soils and predicted bulk density values resulting from modeled soil texture 

classes for each of the 2,505,109 raster cells in the study area .  

 Clay  Silt  Sand  CF_total  BD   

 <----------------------%---------------------->   

Minimum  8.90  12.95  0.95  0.00  1.23  

Maximum  70.13  46.80  75.43  55.00  1.43  

Median  16.20  26.09  58.13  12.50  1.43  

Range  61.23  33.85  74.48  55.00  0.20  

Std  16.44  8.99  21.29  16.37  0.07  

Skewness  1.46  0.46  -0.87  0.52  -0.73  

Kurtosis  3.97  2.18  2.50  1.84  2.42  

CV  0.71  0.33  0.43  0.89  0.05  
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Table. 2. Summary statistics for measured clay, silt, sand, and total coarse fragments for 

51 surface soils and predicted bulk density values resulting from modeled soil texture 

classes for each of the 2,505,109 raster cells in the study area .  

 Clay  Silt  Sand  CF_total  BD  

 <----------------------%---------------------->   

Minimum  5.87  7.18  1.13  0.00  1.23  

Maximum  81.65  50.75  86.95  85.00  1.43  

Median  26.30  26.78  42.65  8.75  1.33  

Range  75.78  43.57  85.83  85.00  0.20  

Std  20.70  9.59  22.94  23.29  0.06  

Skewness  0.56  0.04  0.08  1.29  0.25  

Kurtosis  2.09  1.95  2.49  3.49  2.35  

CV  0.59  0.36  0.60  1.24  0.05  
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Table. 3. Spearman correlation of observed and predicted values for all sampling 

locations for surface and subsurface soil properties predicted with regression kriging of 

principal components of auxiliary data.  n = 52 for surface and n= 51 for subsurface. 

 Surface  Subsurface  

Clay  0.76  0.65  

Sand  0.62  0.67  

Silt  0.84  0.77  

Cf_total  0.79  0.81  
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Table. 4. Spearman correlation between the difference of fractional vegetation cover 

(September – May) (FVC_diff) and hydraulic parameters.  n= 2,505,109.  

 

 FVC_diff 

PAW_sur † 0.35 

Ks_sur -0.09 

PAW_sub 0.53 

Ks_sub -0.47 

Ks_eff -0.43 

WRT_FC_eff 0.43 

WRT_ET_eff 0.50 

† PAW_sur = plant available water for surface soil horizons, Ks_sur = saturated 

hydraulic conductivity for surface soil horizons, PAW_sub = plant available water for 

subsurface soil horizons, Ks_sub = saturated hydraulic conductivity for subsurface soil 

horizons, Ks_eff = effective saturated hydraulic conductivity for the combined 0-30 cm 

soil profile, WRT_FC_eff = water retention time for gravitational loss of water at 

saturation to field capacity for the 0-30 cm soil profile, and WRT_ET_eff = water 

retention time for loss of plant available water to evapotranspiration at a rate of 0.1 cm 

day
-1

 for the 0-30 cm soil profile. 
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Abstract 

Remote sensing is increasingly used in soil survey efforts.  Atmospheric 

interactions can have a large influence on the use and interpretation of remotely sensed 

data.  Therefore, an appropriate atmospheric correction method is central to correct 

interpretation of remotely sensed data for soil survey efforts.  Correction methods often 

require assumptions to account for varying atmospheric conditions, and incorrect 

assumptions can introduce error.  The objectives of this study were to compare methods 

of atmospheric correction for a Landsat 7 ETM+ image from southeastern Arizona in 

coordination an NRCS soil survey pre-mapping effort.  Two atmospheric correction 

methods were compared: (i) COST (cosine theta) dark object subtraction and (ii) 

Rayleigh scattering correction with 6S (Second Simulation of a Satellite Signal in the 

Solar System) which uses radiative transfer code.  Comparison of corrected bands using 

COST and 6S methods indicated significant differences in band reflectance among 

corrected data and uncorrected apparent reflectance for all bands, except for band 3.  

Landsat band 1 was most sensitive to the 6S method due to effects of Rayleigh scattering.  

Pixel values corrected with the COST method were significantly different from apparent 

reflectance and Rayleigh correction in bands 4, 5, and 7.  Lack of a true dark object in 

this scene likely contributed to differences in pixel values of the COST method; 

therefore, it was not selected for atmospheric correction.  These data indicate that the 6S 

method provides the more robust atmospheric correction when reasonable constraint on 

atmospheric conditions is available, and is suggested as the appropriate correction 

technique for incorporating Landsat data into soil survey.     
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1.0 Introduction 

The National Cooperative Soil Survey is near completion of initial mapping 

across the contiguous U.S.; however, large areas of western states remain unmapped.  In 

addition, areas with published soils information will be revisited for updates in the 

coming years.  Aerial photography has traditionally been the standard remote sensing 

product used to facilitate soil survey (Soil Survey Division Staff, 1993), but multispectral 

remote sensing platforms such as Landsat, Advanced Spaceborne Thermal Emission and 

Reflection Radiometer (ASTER), and IKONOS, have recently been recognized as 

additional sources of information for soil survey efforts.  These remote sensing products 

offer numerous options of band ratios that highlight environmental covariates (e.g., 

vegetation, parent material, mineralogy) important for capturing patterns of soil–

landscape relationships (Boettinger et al., 2008).  As a result, predictive soil mapping 

efforts have recently incorporated remotely sensed imagery to a greater extent in order to 

reduce the time and money required for soil evaluation (Hengl et al., 2007; Nield et al., 

2007).  Remotely sensed surface reflectance data have been used along with predictive 

soil mapping techniques to improve quantitative prediction of physical soil properties 

(Minasny et al., 2008).  Many of these predicted attributes, such as soil texture (Scull et 

al., 2005; Maselli et al., 2008), Munsell soil color (Post et al., 1994), organic matter 

(Ladoni et al., 2010), and diagnostic horizons (Nield et al., 2007) are central to soil 

taxonomy and are therefore important for advancing soil survey.   

Oftentimes reflectance data are used without consideration of atmospheric effects 

and solar illumination angles.  This limits quantitative variables derived from the data 
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(e.g., soil reflectance, vegetation indices) and can lead to inaccurate interpretations of 

imagery.  In some cases, atmospheric correction can aid the joining of multiple scenes to 

create a mosaic image for the area of interest by removing unwanted atmospheric effects 

that may be different for adjacent scenes.  Therefore, correcting remotely sensed surface 

reflectance for atmospheric effects is one of the most important pre-processing steps 

necessary for the interpretation of imagery.   

  The overarching goal of correcting for atmospheric interaction is to do no harm 

to the data.  Failing to consider assumptions of atmospheric correction methods can 

introduce unwanted error that can negatively impact image interpretation.  Selection of an 

appropriate correction method is often scene specific due to varying amounts of 

information available for atmospheric conditions at the time of image acquisition (Moran 

et al., 1992; Chavez, 1996).  Image selection often overlooks available information for 

atmospheric conditions, thereby potentially limiting accurate data correction.   

Several methods of atmospheric correction have been developed and used 

successfully in land surface analysis and classification including relative correction 

methods like pseudo-invariant features and radiometric control sets, and absolute 

correction methods, such as dark object subtraction (DOS) and radiative transfer 

approaches (Mahiny and Turner, 2007).  These methods are relatively easy to implement, 

but each has unique assumptions.  Correction methods often affect reflectance values 

differently (Mahiny and Turner, 2007). Therefore, selection of the appropriate technique 

is often scene dependent and varies with the desired use.  For this study, we focused on 

the comparison of absolute correction methods for atmospheric correction. 
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The cosine theta (COST) method of atmospheric correction is a variation of a 

DOS approach that subtracts the digital number value of a pixel that represents a ‘dark 

object’ (e.g., deep water, shade) and includes a correction for the transmittance of the 

radiation (Chavez, 1996).   Selection of the ‘dark object’ is very important because the 

removal of atmospheric haze from the image hinges on this value.  Correction of small 

study areas may be subject to overcorrection of atmospheric effects if selection of ‘dark 

objects’ is from localized areas (Chavez, 1988).  The main benefit of the COST method is 

that it is completely image based and does not require information about the atmospheric 

conditions at the time of image acquisition (Chavez, 1996).   

Radiative transfer codes correct for atmospheric effects by incorporating 

information about atmospheric conditions at the time of image acquisition, but require 

knowledge of some in-situ variables such as aerosol optical depth (Chavez, 1996).  This 

method is often more complex, time consuming, and expensive than other methods, 

somewhat limiting its utility for operational basis (Moran et al., 1992).  A relatively 

simple radiative transfer method that produces acceptable corrections of reflectance data 

is to correct only for scattering of electromagnetic radiation by gas molecules in the 

atmosphere (i.e., Rayleigh scattering).  The physical relationship between wavelength and 

Rayleigh scattering is well established and varies inversely with the fourth power of 

wavelength (λ
-4

) (Jensen, 2005); thus, shorter wavelengths are more affected.  Rayleigh 

scattering is affected by atmosphere thickness, where more scattering occurs with thicker 

atmosphere (Vermote et al., 1997), and should be considered when correcting for this 

type of scattering.   
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The objectives of this study were to compare two methods of atmospheric 

correction for a Landsat 7 ETM+ image taken in a semi-arid ecosystem in southeastern 

Arizona for which limited atmospheric data were available.  This paper focuses on the 

COST method and simple radiative transfer approaches.  Each method of correction has 

unique assumptions and limitations.  Therefore, knowledge of correction techniques is 

important when selecting an appropriate method for a given scene.   

 

2.0 Materials and Methods 

Two adjacent Landsat 7 ETM+ images collected September 12, 2000 were 

obtained from the USGS Global Visualization Viewer (path/row 35/37 and 35/38).  Each 

scene was projected to a common datum and coordinate system (NAD83 UTM Zone 12) 

before further processing.  Scenes were combined using ERDAS Imagine Software 

version 9.2 (Leica Geosystems, 2008).  The study area is the focus of an ongoing digital 

soil mapping project collaboration between the University of Arizona and Arizona 

USDA–NRCS and is currently in the final stages of correlation and publication by the 

USDA–NRCS.  It is a soil survey area (AZ673 Graham County, AZ, Southwestern Part) 

of approximately 160,000 ha located in Arizona’s Basin and Range (Fig. 1). 

Atmospheric correction was performed using two different methods.  These 

approaches included: i) the modified dark object subtraction technique developed by 

Chavez (1996) (COST method); and ii) the Second Simulation of a Satellite Signal in the 

Solar System (6S) radiative transfer code web interface (NASA, 2011c).  The COST 

method involves radiometric correction and atmospheric correction in one step by 
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selecting the pixel with the smallest digital number value according to the protocol 

suggested by members of Arizona Remote Sensing Center (Mauz, 2002).  It was 

implemented with ERDAS Imagine software (Leica Geosystems, 2008) and utilized sun 

elevation and image acquisition time retrieved from the metadata files and Sun-Earth 

distance acquired from the NASA Horizons Web-Interface (NASA, 2011b).    

Raw digital number values were converted to radiance and then top-of-

atmosphere reflectance, or apparent reflectance, according to the Landsat 7 Handbook 

(Landsat Project Science Office, 2010).  This involved corrections for solar zenith angle, 

sensor gain, and sun-Earth distance.  Apparent reflectance was used as uncorrected pixel 

values to compare the effect of atmospheric correction methods.  It can be considered a 

control treatment relative to the correction methods because all correction methods 

essentially have this same base level of processing.   

To correct the images for Rayleigh scattering, we used two separate models 

implemented with 6S radiative transfer code.  The simple Rayleigh scattering model did 

not account for the atmospheric profile or include aerosol information.  A second model 

represented a mid-latitude summer atmospheric profile with desert model aerosol and 

approximated aerosol optical depth at 550 nm (AOD = 2) from the Tucson, AZ station of 

the Aerosol Robotic Network (with permission from Kurtis Thome, University of 

Arizona) (NASA, 2011a).  Spectral conditions were selected according to bandwidths of 

Landsat 7 ETM+ at full width half max with a step by step output and a filter function 

equal to 1.  Ground reflectance was assumed to be homogeneous with no directional 

effects.  Values of surface reflectance were selected to represent the range of anticipated 
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values in the scene (0.01 – 0.6) for each of three target altitudes (minimum, mean, and 

maximum) in the scene.  Data from each of the six bands (n = 9) were used to establish 

the relationship between independent (apparent reflectance, elevation) and dependent 

variables (surface reflectance) using multiple linear regression in SigmaPlot software v. 

11 (Systat Software, Inc., 2008).  A total of 54 data pairs were created for each method.  

Vermote et al. (1997) provides more details of the 6S model. 

To assess the effect of each correction method, 36 points were selected across the 

study area to represent known surfaces (Figs. 1, 2, and 3 and Table 1).  These surface 

points are hereafter referred to as validation points.  ArcGIS software version 9.3 

(Environmental Systems Research Institute, 2008) was used to extract pixel values for 

each of the six bands of uncorrected digital number value, apparent reflectance, and 

surface reflectance produced by each correction method.   

Distributions of pixel values were compared for each band and visual 

relationships between correction methods were assessed.  Box-and-whisker plots of each 

entire dataset (i.e, all pixels in AZ673 study area) were created using SAS Software 

version 9.3 for the comparison of correction methods for each Landsat band (SAS 

Institute, 2011).  The smaller dataset of validation points did not meet assumptions of 

normality even with log and square root transformations, thus a non-parametric approach 

was used to compare the atmospheric correction methods using the untransformed data.  

We selected the Kruskal-Wallis One Way Analysis of Variance on ranks test to compare 

the effect of atmospheric correction methods across the 36 validation points for each 
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Landsat band (excluding thermal band 6) using SigmaPlot software v. 11 (Systat 

Software, Inc., 2008). 

 

3.0 Results and Discussion 

Comparison of pixel values resulting from different correction methods of 

Landsat scenes in the AZ673 study area showed significant differences among correction 

methods.  Digital number (DN) and apparent reflectance values for each of the 36 

validation points were compared to evaluate the effect of radiometric correction on each 

of the Landsat bands (Figure 4).  The data indicated linear correlations between digital 

number and reflectance for each Landsat band; however, the unique relationship between 

digital number and apparent reflectance was controlled by the respective radiometric 

correction.   To enable direct reflectance to reflectance comparison, we use apparent 

reflectance as a reference or control for the comparison of the investigated atmospheric 

correction methods. 

Data distributions of the COST method had the widest range for each Landsat 

band compared to other correction methods, as indicated by box-and-whisker plots of 

data representing the entire survey area (Fig. 5).  This is similar to findings of Mahiny 

and Turner (2007) who reported the COST method as having a wider dynamic range than 

6S methods in a comparison of Landsat correction methods in Australia.  Distributions of 

apparent reflectance and COST corrected data were similar in band 1; however, mean 

values of COST corrected data were greater than apparent reflectance for all other 

investigated bands.  The COST correction method subtracts the minimum pixel value 
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from each cell in the scene, resulting in this relationship.  If the assumptions of true dark 

objects are met (e.g., water, shadow), then this effectively removes any unwanted 

atmospheric effects.  However, if there are no true dark objects, as in this study, the 

subtraction of the minimum pixel value removes potentially important information from 

the image.  The simple Rayleigh correction and the desert Rayleigh correction reduced 

mean pixel value, compared to apparent reflectance, in shorter wavelengths (bands 1 and 

2), but were not significantly different in the longer wavelengths (bands 3, 4, 5, and 7).  

Correction of Rayleigh scattering is only apparent in the shorter wavelengths because 

scattering is related to the fourth power of wavelength (Jensen, 2005).  Therefore, a 

simple correction for Rayleigh scattering does not significantly affect longer 

wavelengths.  Also worth mentioning is the saturation of pixel values in band 4.  The 

COST correction method computed values of surface reflectance in band 4 that were > 1 

(> 100 % reflectance) which suggests a problem with the correction method for this scene 

because reflectance should not exceed 100 %.  Results of Mahiny and Turner (2007) also 

indicated that the COST method produced the highest average pixel value for band 4 in 

woodlands compared to other correction methods.  Saturation of this band likely resulted 

from the high reflectance of near infra-red radiation (band 4) from photosynthetically 

active, green vegetation.    

Results of Kruskal-Wallis One Way Analysis of Variance on ranks of validation 

points indicated significant differences among correction methods for all investigated 

Landsat bands, excluding band 3 (Table 2).  As anticipated, pairwise comparison of 

individual correction methods and apparent reflectance indicated shorter wavelengths 
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(band 1) were most affected by the correction method (Table 2).  Figure 6 graphically 

displays the relationships between apparent reflectance and each correction method for 

each Landsat band.  Apparent reflectance provides a top-of-atmosphere reflectance value 

(without any atmospheric correction) that is common to each of the other methods and 

therefore provides a control value for comparison of correction methods.  Divergence 

from the 1:1 line in Fig. 6 illustrates the effect of atmospheric correction methods on 

pixel values.  The COST method significantly differed from the Rayleigh correction 

methods (simple and desert) for bands 1 (blue wavelength) and 2 (green wavelength) 

(Table 2).  There was nearly a 1:1 relationship between the COST method and the 

apparent reflectance for band 1. However, as wavelength increased, the COST correction 

method produced a more pronounced increase in pixel values, relative to apparent 

reflectance (Fig. 6).  As mentioned above, this is a characteristic of the COST correction 

procedure.  Pairwise comparison of longer wavelengths (bands 4, 5, and 7) showed the 

COST method was significantly different from apparent reflectance and Rayleigh 

scattering correction (Table 2).  It is not clear if these differences were due to removal of 

atmospheric effects or if differences resulted from error introduced by inadequate dark 

objects in the Landsat scene.  Both Rayleigh scattering corrections (simple and desert 

models) were closely related to apparent reflectance in all bands except band 1.  This 

further highlights the effect of Rayleigh scattering on shorter wavelengths, specifically 

the blue wavelength (Landsat band 1).   

Each Landsat scene has unique atmospheric conditions and solar angles that affect 

the value of pixels representing surface reflectance; thus, the selection of atmospheric 
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correction approach is directed by available data and assumptions of correction methods.   

Data from the Tucson basin were used to estimate atmospheric conditions of the AZ673 

study area at the time of scene acquisition, but atmospheric conditions were likely quite 

different, as two mountain ranges and approximately 50–100 kilometers separate these 

areas.  In addition, the urban atmosphere near Tucson may be substantially different than 

the rural atmosphere of the study area.  Thus, the robustness of more complex radiative 

transfer code approaches for atmospheric correction may be limited by available 

atmospheric information.  In contrast, Rayleigh scattering is well documented and occurs 

in all Landsat scenes.  The results here demonstrated that the relatively simple Rayleigh 

scattering correction improved the accuracy of pixel values without introducing unwanted 

error with a minimal amount of atmospheric information.  The COST method can adjust 

pixel values by removing effects of Rayleigh scattering and account for other particles in 

the atmosphere (e.g., dust).  However, this method requires true dark objects in the scene 

and poor selection of dark objects can introduce error to the pixel values.  Dark object 

subtraction methods are not designed to incorporate data of specific atmospheric 

conditions, whereas radiative transfer code approaches can incorporate this information, 

if available, to provide a more complete correction of remotely-sensed images.   

Significant differences in correction methods, like we found in our study, will 

affect the resulting indices commonly used in predictive soil mapping.  For example, Fig. 

7 demonstrates the effect of atmospheric correction methods on a Landsat band ratio 

(band 3/band 1) commonly used in predictive soil mapping to identify soil with high iron 

oxide content.  Other examples of common indices include Landsat spectral band ratios 
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(e.g., 3/2, 3/7, gypsic index, natric index, Normalized Difference Vegetation Index) that 

highlight soil, geology, and vegetation (Boettinger et al., 2008).  It is clear that each 

correction method can produce different pixel values for individual reflectance bands and 

this becomes very important for band ratios, as small differences can propagate to large 

variation in band ratios.  For these reasons, a simple correction of Rayleigh scattering is 

suggested for Landsat scenes that lack true dark objects and those without quantified 

atmospheric conditions.  This has implications for soil survey, as many soil survey areas 

are in remote areas where atmospheric conditions are not frequently quantified. 

  

4.0 Conclusions 

 Atmospheric correction methods were compared for their effect on pixel values in 

a semi-arid desert landscape.  The analyzed Landsat scenes did not contain true dark 

objects to meet the assumptions of the COST method such that radiative transfer methods 

were deemed the most appropriate atmospheric correction approach.  The study area 

lacked sufficient atmospheric information at the time of image acquisition for full 

implementation of the 6s radiative transfer code such that a simple correction for 

Rayleigh scattering provided the simplest and most accurate correction approach.  

Available data (atmospheric and aerosol) and assumptions of correction methods will 

direct the choosing of an appropriate correction method.  At a minimum, Landsat data 

should be converted from digital number values to apparent reflectance to account for 

solar angle and sensor gain to provide radiometric correction of the data.   
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Use of remotely sensed surface reflectance is an important tool for soil survey 

efforts as reflected in the exponential increase in the number of predictive soil mapping 

projects that utilize surface reflectance data as a soil prediction tool.  Reflectance data is 

increasingly available at a wide range of spectral, spatial, and temporal resolutions, thus 

every effort should be made to adjust the reflectance values for atmospheric effects, as 

well as geometric and radiometric adjustments, to ensure accurate interpretation of the 

imagery and allow more direct comparison of soil reflectance properties across remote 

sensing platforms.  As initial soil survey efforts are completed, the transition to updating 

existing soil survey data will undoubtedly benefit from the auxiliary information that is 

provided by satellite-based surface reflectance.  Consideration of appropriate atmospheric 

correction techniques warrants attention of soil scientists and researchers involved with 

conducting soil survey, especially as goals shift toward more quantitative prediction of 

soil attributes.   
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5.0 Figures and Tables 

  

 
 

Fig. 1. Relative location of AZ673 study area (red box) located in the southeastern 

portion of Arizona’s Basin and Range (left) and false color composite of AZ673 showing 

location of 36 validation points used for comparison of correction methods (right). For 

this image, darker shades of red represent more dense vegetation.   
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Fig. 2. Typical landscapes of the validation areas of the AZ673 study area including a 

Paleargid alluvial fan (upper left), basalt hills (upper right), riparian areas (lower left), 

and an agricultural center pivot (lower right).   
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Fig. 3. Typical soil profiles for a Haplustoll formed in granite (left), an Argiustoll formed 

in basalt (center), and a Petrocalcid formed in mixed volcanic parent materials (right) in 

the AZ673 study area.   
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Fig. 4. Comparison of apparent reflectance and digital number for 36 validation points in 

the AZ673 study area across 6 Landsat ETM+ bands.   
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Fig. 5. Comparison of correction methods for Landsat bands 1,2,3,4,5, and 7.   Box-and-whisker plots 

represent all pixel values in the AZ673 study area.  For each plot, the box represents the interquartile range, 

the solid line inside the box represents the median, the plus sign represents the mean, and the whiskers 

represent minimum and maximum observations.  Apparent= apparent surface reflectance not corrected for 

atmospheric conditions, COST= cosine theta dark object subtraction method of atmospheric correction, 

Desert= Rayleigh scattering correction with a mid-latitude summer atmospheric profile and desert model 

aerosol, and Rayleigh= simple Rayleigh scattering correction that did not account for the atmospheric 

profile or include aerosol information.   
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Fig. 6. Comparison of apparent reflectance and surface reflectance correction methods 

for 36 validation points across 6 Landsat ETM+ bands.  COST= cosine theta dark object 

subtraction method of atmospheric correction, Desert= Rayleigh scattering correction 

with a mid-latitude summer atmospheric profile and desert model aerosol, and Rayleigh= 

simple Rayleigh scattering correction that did not account for the atmospheric profile or 

include aerosol information.   
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Fig. 7. Comparison of Landsat spectral band ratio 3/1 calculated with uncorrected digital 

number values and atmospherically corrected Landsat bands.  Points represent data for 36 

validation points in the AZ673 study area. 
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Table 1.  Validation points representing known surfaces (n=36) in the AZ673 study area. 

Surface Number of Points 

Argid alluvial fan 4 

Bare wash 4 

Basalt soils 4 

Center pivot (green) 4 

Coarse-textured alluvial fan 4 

Gypsiferous soils 3 

Mesa 3 

Rhyolite soils 2 

Riparian vegetation 4 

Water 4 
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Table 2.  Statistical results comparing atmospheric correction methods for validation points of individual Landsat bands (n= 

36) from the AZ673 study area. 

 

Landsat 

band 1 

Landsat 

band 2 

Landsat 

band 3 

Landsat 

band 4 

Landsat 

band 5 

Landsat 

band 7 

  Kruskal-Wallace ANOVA†    

p-value <0.001*** <0.001*** ns¶ <0.001*** 0.02* 0.002** 

     

  Tukey pairwise comparison‡   

Apparent vs COST§ ns ns ns <0.05* <0.05* <0.05* 

Apparent vs Desert <0.05* ns ns ns ns ns 

Apparent vs Rayleigh <0.05* ns ns ns ns ns 

COST vs Desert <0.05* <0.05* ns ns ns <0.05* 

COST vs Rayleigh <0.05* <0.05* ns <0.05* <0.05* <0.05* 

Desert vs Rayleigh ns ns ns ns ns ns 

† Kruskal-Wallis One Way Analysis of Variance on ranks  

‡ Tukey pairwise comparison  

§ Apparent= apparent surface reflectance not corrected for atmospheric conditions, COST= cosine theta dark object subtraction 

method of atmospheric correction, Desert= Rayleigh scattering correction with a mid-latitude summer atmospheric profile and 

desert model aerosol, and Rayleigh= simple Rayleigh scattering correction that did not account for the atmospheric profile or 

include aerosol information.   

¶ ns= not significant 

* Significant at the 0.05 probability level. 

** Significant at the 0.01 probability level. 

*** Significant at the 0.001 probability level. 
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