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ABSTRACT 

 
 
Traditional soil classification methods invoke physical differences based on particle size 

to group soils into textural classes.  Resulting groupings are used to make predictions 

about soil attributes and processes of interest including hydrologic response.  My 

hypothesis is that more useful classification schemes will be created by starting with 

response and applying an inverse approach to generate soil groupings.  I propose an 

alternative classification scheme based on these hypotheses, using techniques of cluster 

analysis.  The resulting system has high predictive capacity with simplicity comparable to 

the U.S. Dept. of Agriculture soil textural triangle or other similar classification 

diagrams. I conclude that: classification is most appropriate when carried out on process 

and objective specific bases; there is a physical meaning to cluster-based groupings, 

which allows for more appropriate segregation of response as compared to textural 

groupings; using clusters, a small number of samples can be used to characterize the 

range of response. 
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1  INTRODUCTION 

 

Soil/water interactions are a vital component of many research interests, including 

climate modeling and agricultural productivity.  Soils tend to introduce complexity since 

they exhibit a wide range of physical variations and hydrologic responses.  Researchers 

are plagued with under sampling problems, with too few data points to fully capture the 

range of response.  It becomes necessary to group soils to reduce complexity and to allow 

comparison among various soils.  However, soil hydrologic response generally does not 

occur in discrete units amenable to grouping.  Questions result: how can we classify soils 

when behavior varies as a continuum?  Also, can groups help with decisions on how to 

sample in the face of complexity?     

 

Soil texture is commonly used to classify soils.  Once soils are placed into texture classes, 

groupings are used to make predictions about hydrologic variables such as water content 

at a given pressure head or hydraulic conductivity.  However, I submit that classification 

should be based on objective and expected conditions.  Groupings meant to simplify 

hydrologic analysis should be formed around hydrologic variables instead of textural 

variations.   

 

Groupings based on hydrologic response are preferable over textures because boundaries 

between soils have a physical meaning and are responsive to changes in objectives or 

hydrologic process of interest.  Also, process- and objective-specific classification is 
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more transparent than the traditional textural taxonomy.  Researchers can see the effect of 

both their classification objectives and the underlying hydrologic processes on soil class 

formation.  They can also choose the number of groups appropriate for a given study.   

 

In this paper, I suggest and describe an alternative approach to soil taxonomy that makes 

direct use of hydrologic response to group soils.  The paper is split into three main 

sections: Theory, Methods, and Results.  The Theory section deals with the background 

and motivation of my research.  It has two segments.  The first describes the history and 

current state of classification of soils by their mechanical composition, making the 

argument that there is no single optimal soil classification scheme.  Rather, classification 

should match the application and the expected hydrologic conditions.   The second 

segment of the Theory Section details how soil mechanical data can be used to solve for 

hydrologic parameters with pedotransfer functions (PTFs).  The goal of the second 

section is to discuss the history and functionality of PTFs, while also expressing the 

source of error they introduces into my research. Using these theoretical bases, I will 

describe how I apply advanced classification schemes to produce a process-based 

pedotransfer function.  

 

The Methods section discusses the tools used to carry out response cluster-based soil 

classification.  Tools include two software packages: ROSETTA (for pedotransfer 

functions) and HYDRUS (for simulating subsurface flow); and two concepts: clustering, 

and the application of clustering to soil taxonomy.  This last section argues that using 
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clusters to group hydrologic response increases the versatility and information content of 

soil classification.  This statement is a central motivation of my research.     

 

Simulation of hydrologic profiles and creation of clusters is described in the Results 

Section.  Clustering is carried out on selected focal points in response curves to create an 

objective-specific classification system.  Also, in the Results Section, the relationship 

between soil mechanical components and hydrologic response is explored, and a number 

of applications of cluster analysis are discussed, focusing on the use of clusters to select 

and apply a small number of samples to characterize the range of response.  I conclude 

that cluster analysis is a useful approach to address problems involving the complex, non-

discrete nature of soil/water interactions. 
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2  THEORY 

 

2.1 SOIL TEXTURAL TRIANGLES: CLASSIFICATION BY MECHANICAL SOIL 

COMPOSITION 

Triangular soil textural diagrams are an integral tool in the practice of soil classification.  

This section begins with a description of the development of these diagrams.  Next, 

examples are given of soil textural triangles in use around the world, followed by the 

overlay of a few of these triangles on the United States Department of Agriculture 

(USDA) triangle to examine similarities and differences.  Finally, alternate soil 

classification diagrams suggested in the scientific literature are presented and described.  

The purpose of this section is to provide background for the new classification system 

and diagrams I propose. 

 

2.1.1 THE HISTORY OF SOIL TEXTURAL DIAGRAMS 

Soil textural triangles are diagrams that match a soil’s mechanical composition to a 

specific soil type.  Each side of a triangle is scaled from 0-100, representing percent 

composition of sand, silt, or clay.  For a given sample, the metric on each axis must sum 

to 100, so that, for example, if a soil is 80% sand and 12% silt, the remaining 8% must be 

clay.       

 

The first soil texture diagram was drawn up in 1911 by M. Whitney of the United States 

Department of Agriculture (USDA).  It was a right triangle with percentages of clay and 
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silt only.  In 1927, Davis and Bennett added sand and changed the figure to an equilateral 

triangle.  This diagram has been used extensively throughout the United States by 

farmers, government officials, and academic researchers (Marshall, 1947).  Examples of 

applications of the USDA triangle include comparisons of soils in varying locations and 

provision of support data for the determination of which plants will thrive in a given 

setting. It also has influence internationally because the United Nations Food and 

Agriculture Organization (FAO) recommend the use of the USDA system as the basis for 

their own soil textural triangle (FAO, 1990). 

 

There is great interest in forming an international consensus on soil classification 

standards to facilitate the sharing of soil datasets.  Access to soils data around the world 

is vital for environmental management and research needs including areas of agriculture 

(Luck et al., Muller et al.), climate change (Das et al., DelSole et al.), and hazard 

prediction (Chen et al., Finizola et al.).  However, different classification standards 

persist.  For example, in the USDA system, the lower boundary for the sand as a 

mechanical soil component is 0.05 mm, but the international system, which had its origin 

in the work of a Swedish soil scientist (Atterberg, 1905), uses 0.02 mm as the smallest 

sand.  These particle sizes were selected using different criteria.  According to Marshall 

(1934) the USDA system was based on expert opinion and available soil data: 

Whitney (1911) first defined the texture classes of the United States’ surveys in 
terms of the relative proportions of sand, silt and clay by the examination of data 
secured from over eight thousand samples.  This system was further developed by 
Davis and Bennett (1927) and the extensive experience of the United States’ 
surveyors summarized as a triangular diagram.   
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Atterberg, founding father of the International System, selected 0.02 mm as the boundary 

between sand and silt because 

 

particles smaller than that size were not visible to the naked eye, they were 
capable of some degree of flocculation, and the pores between compacted 
particles were so small as to prevent the entry of root hairs or the ready movement 
of “capillary” water (Marshall 1947).   

 
 
 
Atterberg’s standards were adopted by Commission One of the International Society of 

Soil Science (ISSS) at the first International Congress of Soil Science held in Washington 

D.C. in 1927 (International Society of Soil Science 1929). A soil textural diagram was 

created for the international system by Prescott, Taylor, and Marshall in 1934, with 

textural groupings based on Australian soil survey data and mechanical analyses 

(Marshall 1947). 

   

The USDA and ISSS are two dominant approaches to classification.  More localized 

variations also exist.  For example, the American Association of State Highway and 

Transportation Officials (AASHTO) uses 0.074 mm as the lower cut off for sand, which 

is the basis for the standard utilized by the State Soil Geographic Data Base, STATSGO 

(Soil Survey Staff, 1991).  As a result, this dataset is difficult to use in conjunction with 

the USDA or ISSS soil texture classifications (Shirazi et al. 2001).   
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The differences among classification systems also defeats multi-system data 

transposition.  According to R.B. Brown, professor emeritus of the University of Florida 

Soil and Water Science Department,   

 
There is, unfortunately, no way to translate directly from the USDA system to the 
other systems and back. Sandy clay loam in the USDA system, for example, may 
be either SC or CL in the Unified system, depending on the percentages of 
different sizes of particles; similarly, it may be A-6 or A-2-6 in the AASHTO 
system. Conversely, CL from the Unified system may be clay, silty clay, silty clay 
loam, clay loam, loam, silt loam, sandy clay, or sandy clay loam in the USDA 
system, depending on the results of a mechanical analysis done using USDA 
standards; a soil designated A-6 in the AASHTO system may be clay loam, loam, 
silt loam, or sandy clay loam in the USDA system (Brown 2003). 

 

The relationship among particles sizes of different systems is expressed by the USDA in 

Figure 2.1. 
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Figure 2.1:  Comparing differences in particle size definitions among USDA, 
International, Unified, AASHO, and phi scale soil classification systems 
(http://soils.usda.gov/technical/manual/contents/chapter3e.html). 
 

 

In addition to differing definitions of mechanical soil terms, diverse methods of soil 

typing exist.  The soil types used are often functions of geography, in that classification 

standards tend to focus on soils that are prevalent in the local area.  Thus, different 

nations or groups of nations may have their own soil texture triangles.  An example of 

this effect is seen by comparing the French soil textural triangle (Figure 2.5) to that of the 

USDA (Figure 2.2).  The French triangle is divided into argile lourde (in English “heavy 

clay”), which covers all soils with greater than 45% clay and less than 55% sand, and 

thirteen other soils, which encompass the remaining portion of the triangle.  By contrast, 

the USDA triangle represents significant variation in the soils in the region with greater 

than 45% clay and less than 55% sand, including delineation of clay and all of the silty 

soils.  As a result, if the French system is plotted over that of the USDA, argile lourde 

covers most of the figure, and the remaining soils fit into the bottom left corner (Figure 

2.9).      

 

Examples of varying international soil textural triangles follow (Figures 2.2-2.9).  
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2.1.2 INTERNATIONAL SOIL TRIANGLES 

 

 

Figure 2.2: USDA/FAO Soil Textural Triangle (USDA). 
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Figure 2.3: International Soil Classification Triangle (Miller, 1995). 
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Figure 2.4: Canadian Soil Textural Triangle (Soil Landscapes of Canada V.2.2, 1996). 

 

 

Figure 2.5: French Soil Textural Triangle (Jamangne, 1967). 
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Figure 2.6: United Kingdom Soil Textural Triangle (Soil Survey of England and Wales 
(UK), 2009). 
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Figure 2.7: Belgian Soil Textural Triangle (University of Ghent, Dept of Soil 
Management, 2009). 
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           a) 

 

b)  

Figure 2.8: 
a)European Union Soil Textural Triangle 
b) European Union Soil Textural Triangle with texture classes broken out.  Abbreviations 
for textural classes are: HC=heavy clay; C=clay; SiC=silty clay; SiCL=silty clay loam; 
CL=clay loam; SC sandy clay; SiL=silt loam; L=loam; SCL sandy clay loam; SL=sandy 
loam; Si=silt; LS=loamy sand; S=sand (Hypres, 2009). 
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Figure 2.9:  German Textural Triangle (Swedish University of Agricultural Sciences, 
(Julien Moeys), 2009). 
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Figure 2.10:  Categories of the French soil textural triangle are shown overlain on the 
USDA soil textural triangle.  The French and USDA figures have the same particle size 
delineations; however, all of the textural variation of the French system occurs in what is 
a small area of the USDA figure. 
 

The above triangles are different, but comparisons are possible.  In fact, although the 

definition of boundaries between mechanical soil components vary and triangles that 

serve the needs of regional, limited soil occurrence, such as the French triangle discussed 

above, are an exception, numerous similarities can be identified among soil textural 

triangles.  In Figure 2.11, the classification diagram of the European Union (division and 

labels in red) is overlaid on the USDA triangle (divisions and labels in black).  EU 

categories fine and very fine generally correspond to the clayey USDA textural classes.  
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EU groups medium and medium fine complement loamy and silt soils.  Also, the EU 

coarse class corresponds to USDA sandy soils.  

 

 

Figure 2.11: European Union (EU) soil textural categories (marked in red) are overlain on 
the USDA textural triangle (in black). 
 

The United Kingdom employs a different standard for definition of soil mechanical 

terms, with the boundary between silt and sand of 0.02 mm (as compared to 0.05 mm in 

the USDA system).  Functionally, this means that a sand in the U.K. system might be 

represented as a silt on the USDA triangle, and vice versa.  Within the uncertainty related 

to these differences in definition, the U.K. and USDA figures are very similar (Figure 

2.12).  For example, the texture clay comprises a large portion of the figure.  Also, with 

regard to class definition, the sand and loamy sand classes of the USDA system are 
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combined to form one U.K. class called sands.  The USDA includes more detailed 

discrimination among loams and silts.  However, locations of groups, with divisions 

generally parallel to the sand axis, are similar between the two systems.   
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Figure 2.12: United Kingdom soil textural categories (marked in green) are overlain on 
the USDA textural triangle (in black). 
  

 

2.1.3 ALTERNATE SOIL CLASSIFICATION DIAGRAMS 

Most soil texture triangles in use around the world visually resemble those shown above 

in that they are triangles with scaled axes corresponding to S/S/C composition.  Also, 

most are related to either the USDA or ISSS systems with regard to cut offs between soil 

mechanical terms (Marshall 1947).  The classification diagrams discussed above have the 

advantage of simplicity.  They are relatively easy to display and to understand.  However, 
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some data that could improve predictive capability is left out, including soil structure, 

especially the presence or absence of rocks, layering effects, the statistical distribution of 

particle sizes within textural categories, and soil history, with regard to genesis, tillage, 

etc.   

 

Efforts have been made to increase predictive ability by incorporating more data (Figures 

2.13, 2.14, and 2.15).  Resulting figures necessarily sacrifice simplicity.  In general, 

alternate soil textural classification figures attempt to resolve differences between the 

USDA and ISSS systems and/or add more information to the figure.  For example, in 

1947 Australian researcher TJ Marshall proposed a chart based on clay fractions plotted 

against the average particle size of the non-clay components of soil (Figure 2.13).   
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Figure 2.13:  Texture diagram indicating clay content plotted against the median size of 
the non-clay soil fraction.   
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Vertical lines indicate four textural categories of the non-clay fraction: coarse (C), 

medium (M), fine (F), and very fine (VF).  Five groups of clay fineness are separated by 

horizontal lines.  The first two sets are non-plastic soils, the third is intermediate low 

plasticity, and the fourth and fifth are plastic clays.   

 

Texture groupings are then broken out by their level of coarseness in the non-clay 

fraction versus plasticity, with a total of twenty classes.  The twelve USDA textures are 

represented, as are a class between silt and silt loam called loamy silt and five additional 

textures corresponding to divisions of the sand group: coarse sand, clayey coarse sand, 

coarse sandy loam, clayey sand, and fine sand.  Two additional textures with high 

coarseness of the non-clay fraction and high clay content are present but unnamed.  As an 

example of the use of this figure, the USDA textural class silt has a median size of the 

non-clay fraction of approximately 8-40 microns and a low clay content (<8% clay).  As 

a result, silt is plotted at the top left hand corner of the figure.        

 

This approach resolves discrepancies among classification systems with regard to particle 

size standards because it does not required predefined sizes for sand and silt.  The upper 

limit of clay is set at 0.002mm, a boundary that is consistent in most classification 

systems, including the USDA and the ISSS (Shirazi 1988).  An interesting aspect of this 

diagram is the logarithmic scale of particle sizes of the non-clay fraction.  The approach, 

along with the use of 0.002mm as a lower cut off for silt, dates back to Atterberg (1905).    
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According to Marshall,  

 
The equal logarithmic intervals for limiting sizes of the International system are 
an attractive feature which is worth maintaining if other physical properties of the 
fractions are reasonably well related to such subdivision.  Atterberg noted such a 
relation when he chose this series of limiting sizes (1947).   

 

 

An effort to add more information to current soil classification diagrams is undertaken in 

the work of Shirazi and Boersma.  These authors began with the classification triangles of 

the USDA and ISSS and added statistical soil data.  In their 1984 paper, geometric mean 

particle size and geometric standard deviation are incorporated into the traditional USDA 

figure (Figure 2.14).  In the resulting diagram, mean particle size and standard deviation 

are calculated at 66 nodes, corresponding to equal 10% variation in S/S/C content.  

Statistical data points are plotted with mean diameter on the x-axis and standard deviation 

on the y-axis.  The figure is bounded by three curved lines, each corresponding to one of 

the sides of the USDA textural triangle: the top bell shape corresponds to clay, the bottom 

left curve to silt, and the bottom right curve to sand.  The number 1-12 on the body of the 

figure indicate locations of USDA soil texture classes, with higher numbers 

corresponding to finer textures.  Using the figure of Shirazi and Boersma, a researcher 

would be able to tell, for example that texture 10 (sandy clay) is more heterogeneous as 

compared to other textures in addition to all the data presented by the traditional USDA 

triangle.  
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Figure 2.14: A variant on the USDA soil textural triangle which includes statistical soil 
data: geometric mean diameter and geometric standard deviation of particle size.  
Boundary line identifications are fy = clay; ft = silt; fd = sand.  Boundary line metrics 
indicate percent composition of sand, silt, or clay.  Integers 1-12 on the body of the figure 
indicate locations of the traditional USDA soil textural classes (Shirazi and Boersma 
1984).  The original, unaltered USDA soil textural triangle is added in the top right 
corner for comparison.            
 

Follow up work by Shirazi et al. extends analysis to include soil samples with 

distributions other than log normal and allows for soils with a mean diameter > 2 mm 

(1988).  These authors use their new approach to soil textural diagramming to make 

detailed comparisons between the USDA and ISSS classification systems and to 

incorporate rock fragments into analysis (2001).  The inclusion of rock fragments was 

accomplished using a pyramid structure.  At the base, the figure is the same as the 
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traditional USDA or ISSS triangle.  However, as the pyramid rises, the percentage of 

rock increases until at the top the soil is made up of only rock fragments, with no sand, 

silt, or clay (Figure 2.15). 

 

 

Figure 2.15:  The (A) USDA and (B) ISSS texture class tetrahedrons show: triangles at 
0% rock; 50% rock; apex (a) at 100% rock; and texture class labels: s=sand, ls=loamy 
sand, sl=sandy loam, l=loam, sil=silt, scl=sandy clay loam, cl= clay loam, sicl=silt clay 
loam, sc=sandy clay, sic=silt clay, and c=clay (Shirazi et al 2001).  
 

 

All of the above international soil textural triangles and alternative classification 

diagrams group soils through the direct use of texture.  The assumption is that physical 

differences in soil grain size are useful for categorizing soils.  Physical groupings are then 

applied when delineations among soils are required, including the estimation of root zone 
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soil water content and pressure relationships.  For example, researchers from Washington 

State University have created a model called Soil-Plant-Air-Water (SPAW), which 

supports the management of agricultural soil water needs.  The authors discuss the use of 

texture in their model:  

 

Soil water tension and conductivity relationships with moisture are used to define the 
water capacity and redistribution of each layer.  Since these data are often difficult to 
acquire without laboratory analyses, an estimating routine is included based on soil 
texture and organic matter, with adjustments for density, gravel and salinity.  This texture 
based method is… included within the model as a stand-alone module (Saxton and 
Willey 2004).     
 
 
 
The SPAW model uses the USDA soil textural triangle, as it is the classification diagram 

used in the model’s areas of interest in Washington State and in other locations of 

application throughout the United States.  The USDA triangle is also applied 

internationally in countries that have adopted the UN FAO approach to soil taxonomy. 

Also, as discussed above, the USDA triangle is a reasonably representative classification 

figure, comparable to various other classification schemes.  It is used as a basis for 

comparison throughout the research described in this text.   

 
 

2.1.4 SUMMARY 
 
There is no globally optimal taxonomic method; however, preferred classification 

schemes will address study objectives and expended hydrologic conditions.   

Some classification approaches are simple, such as the basic European Union triangle, 

which includes only five soil classes.  The USDA also has developed a simplified texture 
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system with only five classes, although it is not used as extensively as the twelve group 

classification illustrated in Figure 2.2 (Soil Survey Division Staff 1993).  In contrast, the 

more complicated German system has thirty-one soil groups (Figure 2.9).  Most methods 

identify approximately twelve or thirteen classes.  Researchers have proposed a number 

of alternate soil classification approaches, many of which sacrifice the simplicity and 

clarity of traditional soil textural diagrams for more accuracy or expanded predictive 

capability.  Number of classes, as well as mechanical soil component cut-off levels and 

wide-spread international use, make the USDA system reasonably representative of other 

international systems.   

 



 

41

 

2.2 PEDOTRANSFER FUNCTIONS: FROM SSC TO SOIL HYDROLOGIC 

PARAMETERS  

 

Knowledge of soil hydraulic properties, such as the relationship between water retention 

and tension, is vital to the study and management of water resources.  However, these 

properties are difficult, expensive, and time consuming to measure.  The term 

pedotransfer function (PTF) was introduced by Bouma (1989).  A pedotransfer function 

is a mathematical relationship that links more easily assessed soil data to hydraulic 

properties.  PTFs have been used widely in soil water simulation models, and their future 

use is predicted to contribute to improved climate prediction models (Wosten, 1999).     

 

A variety of pedotransfer functions exist in the scientific literature.  Important factors for 

any PTF include:  

 

• choice of input,  

• mathematical approach to function formulation, and  

• characteristics of datasets used for function formulation, calibration, and testing.  
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2.2.1 INPUT 

Numerous types of soil data have been utilized as pedotransfer function input.  Examples 

of input include particle-size distribution (often expressed as sand/silt/clay (SSC) 

percentage), soil organic carbon content, mineralogical properties (such as proportion of 

illite or montmorillonite clay), bulk density or porosity, limited water retention data (a 

few points on the water retention curve), chemical properties (such as iron oxide content), 

landscape position, mechanical properties (for example, shrink/swell behavior), soil 

structure, geomorphological variables, and soil management (such  as tillage history).  

The important characteristics of input data are the ease of measurability, or comparable 

ease with respect to the hydraulic properties output from the PTF, and data availability 

(Wosten, 2001). 

 

Of the inputs listed above, particle size distribution is most common, partially due to the 

physical connection between SSC and soil hydraulic properties.  Particle diameter is 

indicative of pore-size, and pore-size yields information on variables such as field 

capacity, residual water content, and capillarity.   Also, SSC is a common choice for PTF 

input because SSC is an important variable in a number of disciplines such as agronomy 

and geomorphology and in soil classification schemes around the world.  Thus, records 

and databases of soil particle-size are available for use (Wosten, 2001). 

 

A challenge in the use of SSC as pedotransfer function input is that particle sizes 

associated with sand, silt, and clay are not consistent in all classification systems around 
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the world (Figure 2.1).  Therefore, interpolation is necessary for use of international soil 

databases.  For example, Wosten et al. (1999) developed and described a European map 

of soil hydraulic properties.  For this project, it was desirable to attain compatibility 

between European particle-size records and those of the United Nations Food and 

Agriculture Organization (FAO).  The main difference noted between the soil 

classification methods use by these two groups pertained to the distinction between silt 

and sand.  The European system defined sand particles as those greater than 63 µm, 

whereas the FAO categorized sand particles as those greater than 50 µm.  This was a 

significant problem because researchers routinely record SSC %, not particle diameter, so 

in many cases it was not known what proportion of sand or silt should be shifted to the 

other category to achieve compatibility.  A separate study was initiated to address this 

issue (Nemes et al., 1999).     

 

2.2.2 FUNCTION FORMULATION 

A variety of PTFs have been developed in recent years.  All PTFs have this in common: 

they start with soil data and make predictions concerning soil hydrologic properties.  

Differences include choice of input and use of data, as discussed above and below, 

respectively.  Another disparity is caused by function formulation, or approach to 

establishing a mathematical relationship between soil data and soil hydrologic 

characteristics.  In a piece comparing published pedotransfer functions, Tietje and 

Tapkenhinrichs examined differing approaches to function formulation with regard to 
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predictions about water retention. They grouped PTFs into three categories, functions 

that: 

 

(i) estimate the water content at certain matric potentials (Husz, 1967; Renger, 
1971; Gupta and Larson, 1979; Rawls et al. 1982; Puckett et al., 1985), 

(ii)  estimate soil water retention relations with a physical-conceptual model 
approach (Arya and Paris, 1981; Haver-kamp and Parlange, 1986; Tyler and 
Wheatcraft, 1989), and 

(iii)  estimate parameters of an algebraic retention function (Pachepsky et al., 1982; 
Cosby et al., 1984; Rawls and Brakensiek, 1985; Nicolaeva et al., 1986; 
Vereecken et al., 1989) (Tietje and Tapkenhinrichs, 1993). 

 

The first group establishes relationships between soil data and water retention through 

use of multiple regressions or artificial neural networks (ANNs) (Pachepsky et al. 1996).  

The second group utilizes fractal mathematics and scaled similarities.  The third group 

estimates retention functions including the Brooks Corey model (1964) and the van 

Genuchten equation (1980).  Techniques used to estimate the parameters of these 

equations include multiple regressions and ANNs. 

 

In addition to water retention, PTF output may include saturated conductivity, water 

holding capacity of inorganic soils, and unsaturated soil hydraulic conductivity.  A 

number of recent articles compare the performance of various PTFs.  These include the 

following:  

 

• saturated conductivity (Tietje and Hennings, 1996);  

• water holding capacity of inorganic soil ( Imam et al., 1999);  
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• soil moisture retention curve (Cornelis et al., 2001); and  

• unsaturated soil hydraulic conductivity  (Wagner et al., 2001). 

 

 

As noted above, common techniques used to formulate pedotransfer functions include 

regression and artificial neural network analysis.  Regression analysis was first 

accomplished through linear regression and then advanced to include non-linear 

techniques (Rawls and Brakensiek, 1985).  A problem for regression techniques came 

through the introduction of large soils databases, which provided a very large number of 

soil properties for PTF input.  So many soil properties were available that it was very 

difficult to solve for the shape of the curve describing dependence on all of them.  

Various science and engineering disciplines faced similar issues involving manipulation 

of extensive input and output linked by unknown or poorly understood dependence.  

Techniques involving principle component analysis and various techniques of data-

mining were brought to bear to address this problem (Wosten 2001).    

 

The application of artificial neural networks (ANNs) was one technique used find trends 

in complicated soil hydraulic data.  An artificial neural network is a net of interconnected 

nodes or neurons.  There are many different types of nodes, each of which carries out 

simple computations.  The connections between the nodes establish nodal weight or 

precedence.  The strength and utility of ANNs lie in their ability to “learn” the 

relationship between input and output, through input example data and programmed 
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objective functions, and adjust network weights and computations accordingly.  Once 

programmed and calibrated, ANNs function in a similar manner to regression equations 

by establishing coefficients that describe interconnection and influence various parts of 

the network and applying resulting computations to any new input data.  The type of 

ANN used most often in PTF formulation is the feed-forward network, where data moves 

from input through the nodal layer or layers to output with no feedback or parallel 

connections (Wosten 2001).       

 

Two other PTF formulation techniques are classification regression trees (CARTs) and 

the grouping method of data handling (GMDH).  CARTs split data into two categories 

that minimize variance in response.  Each of the subsets is repartitioned, and so on until a 

desired outcome is reached.  GMDH makes use of an algorithm to determine which soil 

properties significantly influence output and disregards insignificant input (Wosten 

2001).  

 

2.2.3 DATASET CHARACTERISTICS 

Characteristics of the source dataset used for formulation and calibration of a given PTF 

are a significant factor in the accuracy and applicability of that PTF.  A number of 

articles in the scientific literature have ranked different PTFs with regard to utility and 

accuracy of predictions.  Many of these articles make mention the influence of the 

geographical bias of source data.  Cornelius et al. (2001), who ranked PTFs according to 
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soil moisture retention curve output, and Wagner (2001), who examined PTF predictions 

concerning unsaturated soil hydraulic conductivity, give a specific example, saying: 

 

It is worthwhile noting here that at least those PTFs that were developed and 
calibrated on soil samples collected in the Low Lands (Belgium and the 
Netherlands) perform the best. An explanation could be that the soil samples from 
our evaluation data set came from the Low-Land population. The soils from the 
Low Lands that were considered in this study were formed under more or less the 
same conditions. One should, therefore, be careful when applying a PTF in a 
geographical area different from the one where the samples of the calibration data 
set were taken.  Nevertheless, the Vereecken et al. (1989) PTF, for example, has 
proven to perform very well in studies where large data sets were used that were 
derived from different geographical areas (Cornelius et al. 2001). 

 

and, more succinctly, “Some methods may perform better in other areas, where climate 

and geology are more similar to the soils used for determination of the respective PTFs” 

(Wagner 2001). 

 

For a pedotransfer function to achieve universal applicability, a very large dataset with 

soils from around the world would be needed for function calibration.  Such a PTF is not 

yet feasible because such extremely large datasets do not exist.  Also, discrepancies in 

soil classification standards cause a lack of compatibility among some databases.  Thus, 

lack of data contributes to uncertainty in PTF output.  PTFs created or calibrated using 

databases with a limited amount of data should be used with caution outside the bounds 

of this data (Nemes et al., 1998).  PTFs are always dependent on the available data, 

especially with regard to the size, origin, and reliability of soil databases.  Also, lack of 



 

48

certainty or inaccuracy in recorded soil data can adversely affect the accuracy of PTF 

predictions. 

 

Schaap et al. (1998) made use of three different databases to study the effects of source 

data on neural network-based PTF performance.  Databases employed were RAWLS, 

AHUJA, and UNSODA. RAWLS consists of 4515 samples from the United States.  

AHUJA comprises 393 samples from the United States.  UNSODA includes 791 entries 

from a number of international sources.  PTF inputs were SSC percentages and bulk 

density.  Retention parameters and saturated hydraulic conductivity (Ks) were output.  As 

justification for their study, the authors delineate the challenges involved in using 

datasets to formulate and calibrate PTFs: 

 

[T]he distribution of hydraulic and basic soil data in a calibration data set often 
differs from the distribution of data in an independent validation set because of 
geographical or other practical constraints. It is possible that if the calibration-
validation sequence was reversed (i.e., calibration on the validation data set and 
testing on the calibration data set), entirely different PTFs would have been found. 
As a result, a PTF may yield good or bad evaluation results, depending on the 
data used… PTFs may yield different results because of an inherent uncertainty in 
their predictions. A PTF is commonly calibrated on a data set that is just one 
realization of a population of soils. A slightly different PTF would result if 
another realization was available for calibration. As a result, PTF predictions have 
an associated uncertainty, which, if quantifiable, would provide valuable 
information about the reliability of the PTF.   

 

The authors calibrated PTFs using one database and then tested their PTFs using data 

from the others.  They found that testing with other databases (not the database on which 

a given PTF was calibrated) always produced higher error than testing with the database 
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on which the PTF was calibrated.  These results suggest that the mathematical 

relationships expressed by PTFs are at least partially a function of the specific soils on 

which the PTF was calibrated, and not on a universally applicable relationship between 

soil properties and hydrologic characteristics.  Schaap et al. concluded, “Because most 

PTFs available in the literature have been developed on different databases, it is likely 

that similar, systematically different, predictions are made when these PTFs are used to 

predict soil hydraulic properties” (1998). 

 

Pedotransfer functions are useful analytic tools, with easily assessed soil data as input and 

soil hydraulic properties as output.  However, PTFs must be applied carefully, with 

attention given to function input, mathematical formulation, and the appropriateness of 

lack thereof of the data set used for calibration as compared to the data of a given study.  

Error may result from application of unsuitable PTFs.   
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3  METHODS 

 

 

3.1 HYPOTHESIS 

In the previous section, I discussed various textural classification methods that made use 

of diagrams, commonly manifest as triangles.  The benefits of these diagrams include 

clarity imparted by relatively simple visual expressions of classification.  Pedotransfer 

functions were also covered, the advantage of which is their ability to link soil 

mechanical data to variables of interest, especially hydrologic variables.  

 

My research combines the strengths of classification diagrams and pedotransfer 

functions, making use of both the visual advantages of classification triangles and the 

transformative capability of pedotransfer functions.  As will be discussed in detail in the 

following sections, my research explores response clustering as an alternate approach to 

soil classification.  To facilitate comparisons with established textural grouping methods, 

especially the USDA, I used twelve clusters.  Also, I discard the notion that classification 

should be directly based on texture.  Instead of focusing on physical variations in soil 

grain-size and trying to make classification fit a problem, I submit that classification can 

be based on specifics of the problem, leaving out the step of textural classification.   
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Soil textural groupings are an integral part of soil science.  Conventional approaches start 

with mechanical soil properties and create groups that are meant to simplify analysis, 

including problems that pertain to hydrologic response.  My hypothesis is that more 

useful classification schemes will be created by starting with response and applying an 

inverse approach to generate soil groupings, with a subordinate hypothesis that 

classification may be process or application specific.  The resulting classification system 

has high predictive capacity with a level of simplicity comparable to the USDA soil 

textural triangle or other similar classification diagrams.  The chapters in the Methods 

section will detail how this work was accomplished.          
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3.2 METHODS OVERVIEW 

For initial analysis, I considered soil hydraulic properties including hydraulic 

conductivity (K), water content (θ), and van Genuchten parameters alpha and n (Figure 

3.10 and 3.11).  I arranged soils using a 2% variation in sand, silt, and clay composition, 

for a total of 1326 soils.  Selected soil hydraulic properties were considered based on 

continuous variation over the soil textural range.  The comparison between soil hydraulic 

properties and texture was accomplished with the artificial neural network based 

pedotransfer function software ROSETTA (Schaap, 2000).  

 

After examining K, θ, alpha, and n, I used these properties to simulate hydraulic 

processes including drainage and infiltration.  Hydraulic parameter values were input to 

HYDRUS-1D (a software package for simulating water movement in one-dimensional 

variably saturated media) to model hydraulic processes including drainage, infiltration, 

and response to evapotranspiration.  HYDRUS was run in batch mode to simulate water 

movement in all 1326 soils.  Finally, I compared groupings based on hydrologic process 

or response to traditional soil classification schemes.  A key mathematical tool used to 

group soils based on hydrologic response was cluster analysis, and specifically kmeans 

clustering (Hartigan, 1975). 
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3.1  ROSETTA: PEDOTRANSFER FUNCTION SOFTWARE 

 

As part of the research project described in this thesis, it was necessary to estimate a large 

number of soil hydraulic parameters using pedotransfer functions.  Input data was 

sand/silt/clay (SSC) percentage.  To facilitate the estimation process, I used a software 

package called ROSETTA, which was developed by Schaap et al. at the US Salinity 

Laboratory in Riverside, California.   

 

ROSETTA is an artificial neural network based computer program for estimating soil 

hydraulic parameters.  Parameters estimated by ROSETTA are the van Genuchten (1980) 

water retention parameters, saturated hydraulic conductivity (Ks), and unsaturated 

hydraulic conductivity parameters, using Mualem’s (1976) pore-size model. 

 

The van Genuchten model is expressed as 

 

θ(h) = θr + (θs - θr)/ [1 + (αh)n]1-1/n          (1) 

 

where θ(h) is the measured volumetric water content (cm3 cm-3) at the suction h (cm, 

positive for increasing suction).  Parameters θr and θs (cm3 cm-3) are residual and 

saturated water content, respectively.  Parameter α (>0, in cm-1) is related to the inverse 
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of air entry pressure, and n (>1, dimensionless) quantifies pore-size distribution (van 

Genuchten, 1980).          

 

To reach estimates for unsaturated conductivity, Eq. (1) is combined with the pore-size 

model of Mualem (1976). 

 

 

 

where the effective saturation, Se, is computed as 

 

 

 

K0 is a fitted matching point at saturation (cm day-1).  Traditionally it is taken to be 

equivalent to Ks, but ROSETTA authors argue that this is not a sufficiently accurate 

value, so K0 is considered as a parameter unique from Ks except at saturation.  L is an 

empirical parameter.  Thus, all told, seven parameters are required in this analysis to 

characterize water retention and unsaturated conductivity:  θr, θs, α, n, Ks, K0, and L.   

 

When values for all seven of these soil parameters are available, accurate estimations of 

the water retention curve and conductivity are possible.  However, measuring these seven 

hydraulic parameters would be costly and time-consuming, so it makes sense to estimate 
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them using pedotransfer functions.  In the section of this paper dealing with pedotransfer 

functions, three factors are listed as important for any PTF.  They are:   

 

• choice of input,  

• mathematical approach to function formulation, and  

• characteristics of datasets used for function formulation, calibration, and testing.  

 

The approach used in ROSETTA for these factors is described below. 

 

 

3.1.1 INPUT 

ROSETTA uses models with hierarchical levels of complexity to allow users a choice of 

input.  Model H1 consists of a look-up table.  It gives average parameter values for a soil 

based on the USDA soil textural class to which the soil belongs.  All the input needed for 

H1 is textural classification.  Input for model H2 is SSC percentage.  I used model H2 in 

my research (Figure 3.1).  Model H3 includes bulk density in addition to SSC percentage.  

In model H4 and H5, limited water retention data is added to SSC percentage and bulk 

density as input.  H4 uses water content at only 330 cm (h=33 kPa) suction, and H5 

incorporates retention at 330 cm and 15 bar suction (h=1500 kPa).  These two levels of 

pressure were selected because of their inclusion in the soil database used in ROSETTA.   
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ROSETTA predictions with the least error are those made by model H5, the model with 

the most input data (see Table 3.1); however, improvement in accuracy occurs between 

each of the models as more input is incorporated.  Adding bulk density to input (models 

H3-H5) improved predictions between saturation and h=3200 cm.  Inclusion of a data 

point at h=330 cm (H4-H5) further increased the accuracy of predictions between h=10 

cm and 10,000 cm.  Water retention data at 15 bar (H5 only) provided additional 

improvement at suction greater than 100 cm.  Interestingly, little improvement is noted 

between models H1 and H2.  Adding data on SSC content of a soil does not significantly 

decrease error as compared to textural classification (Schaap et al., 2001).   

    

 

Table 3.1: R2 and RMSE for the five hierarchical models in ROSETTA.  Models predict 
water retention parameters and saturated hydraulic conductivity.  SSC: percentages sand, 
silt, and clay; BD: bulk density; θ33, θ15000: water contents at Ψ=-330 and -15000 cm 
(Schaap et al. 2001).   
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Figure 3.1: ROSETTA hierarchical artificial neural network input screen.  Selections 
indicate model H2, with input S/S/C percentage only. 
 

 

3.1.2 FUNCTION FORMULATION 

In ROSETTA, pedotransfer functions are formulated and calibrated using artificial neural 

networks (ANNs).  The advantage of this approach, as compared to traditional 

regression-based PTFs, is that no prior knowledge about the relationship between input 

soil data and output hydraulic properties is required.  Instead, iterative calibration is 

utilized to determine optimal relations between input and output.  A disadvantage is the 
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black box nature of ANNs (Schaap and Leij 1998).  According the developers of 

ROSETTA: 

 

An advantage of neural networks, as compared to traditional PTFs, is that neural 
networks require no a priori model concept.  The optimal, possibly nonlinear, 
relations that link input data (particle-size data, bulk density, etc.) to output data 
(hydraulic parameters) are obtained and implemented in an iterative calibration 
procedure.  As a result, neural network models typically extract the maximum 
amount of information from the data… Yet, while neural network-based PTFs 
may provide relatively accurate estimates, they contain a large number of 
coefficients that do not permit easy interpretation or publication in explicit form.  
To facilitate application of the PTFs, we have developed the computer program 
ROSETTA (Schaap et al. 2001).   
 
 
 

The type of ANN used in ROSETTA is feed-forward, meaning that data is passes straight 

through the network with no feedback loops.  The networks are comprised of three 

layers– input, hidden, and output– each of which is made up of nodes.  The input and 

output layers have a number of nodes corresponding to the number of input and output 

variables.  Data is input to the ANN, passes through weighted connections (with weights 

anywhere between -∞ and ∞) and reaches the hidden layer of nodes.  At this point, the 

input values and weights are multiplied together and summed Eq. (4) 

 

 

         (4) 
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The resulting values are input into a sigmoid function Eq. (5), which is the output of the 

hidden layer of nodes. 

 

         (5) 

 

 

A bias equal to one is applied (biases ≠ 1 are used to weight different parts of the network 

more heavily than others), and the nodes in the output layer are manipulated in the same 

way as the hidden layer, e.g. input is multiplied by weights and input into a sigmoid 

function.  The result is the model output.  Values of weights between the input layer and 

hidden layer, and between the hidden layer and output layer, are acquired through a 

process of iterative calibration.  In the development of ROSETTA, the MATLAB neural 

network toolbox TRAINLM function was utilized to support neural network calibration 

(Schaap and Leij 1998).  Figure 3.2 shows a diagram of a simple feed-forward neural 

network.     
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 Figure 3.2:  Schematic overview of a three layer neural network.  From Schaap and Leij 
1998. 
 

 

3.1.3 DATASET CHARACTERISTICS 

Three databases were combined to calibrate ROSETTA: RAWLS, AHUJA, and 

UNSODA.  The pooled database contained 2134 soil samples with 20,574 water retention 

measurements.  Most of the soils derived from North America and Europe in temperate to 

subtropical climates.  Saturated hydraulic conductivity measurements existed for 1306 

soils.  Measurements of unsaturated conductivity were available for 235 soils with a total 

of 4117 data points, all of which were taken from the UNSODA database.  In general, 

more data coverage is available for coarse, sandy soils and fewer data points are available 

for fine-grained clayey soils. 
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3.1.4 UNCERTAINTY 

 

3.1.4.1 UNCERTAINTY ESTIMATIONS IN ROSETTA 

Error estimation in ROSETTA is accomplished with the bootstrap method.  

Bootstrapping works by randomly selecting a specified number of samples from a large 

population and solving for a variable of interest in the smaller sample.  Each element of 

the large population has a chance of 1 – [(N – 1)/N]N of being chosen for one or more 

subset, resulting in subsets that include 63% of the original data (Schaap and Leij 1998).  

Subset distribution of variables is used as a proxy for the distribution in the larger 

population.  Tibshirani (1996) compared various uncertainty estimation procedures 

specifically for use with neural network models.  He found that bootstrapping performed 

best, supporting its application in ROSETTA and other neural network based 

pedotransfer functions.  By combining the bootstrap method with neural network 

calibration, ROSETTA outputs quantified levels of uncertainty on a sample-by-sample 

basis. 

   

3.1.4.2 UNCERTAINTY INTRODUCED INTO SUBSEQUENT MODELING BY 

ROSETTA 

Dataset characteristics described above, regarding the lack of data coverage for fine-

grained soils, introduce uncertainty to research activities that make use of ROSETTA 

output.  The uncertainty quantification, which is also output by ROSETTA, is helpful in 

characterizing this problem. 
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For example for a texture of 60% sand, 30% silt, and 10% clay, model H2 
predicts a saturated hydraulic conductivity of 1.56 log cm day -1 plus or minus a 
standard deviation of 0.11 log cm day -1.  For a coarser texture of 80% sand, 15% 
silt and 5 % clay, the estimates are 1.99 plus or minus 0.079 log cm day -1, 
making this prediction more reliable than the previous one.  The uncertainty 
estimates are useful because they quantify the reliability of model estimates – 
even when no independent hydraulic measurements are available (Schaap et al., 
2001).   

 
 

Throughout the modeling experiment and analysis described in the rest of this paper, 

predictions concerning coarse-grained soil should be considered more certain than those 

that pertain to more fine-grained soils.   

 

The issue of potential bias in ROSETTA was explored by Patil and Rajput (2009).  These 

authors measured in the lab 175 soil water retention characteristics (SWRC) in 41 

profiles. They concluded that predictions made using ROSETTA were reliable, as 

compared with common soil water retention equations, and applicable outside the area of 

ROSETTA development.  Additionally, this study addressed the issue of the level of 

input data appropriate for a given soil.  The authors state, “Easily available minimum 

information on particle size distribution was recommended for use as an input in Rosetta 

for predicting SWRC of clay and clay loam soils. Additional input, including bulk 

density and FC, was recommended for predicting SWRC of sandy clay loam soils. (Patil 

and Rajput, 2009)” 
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3.2  HYDRUS: SUBSURFACE FLOW SIMULATION SOFTWARE 

 

The underlying basis of my research is to recategorize soils based on their hydrologic 

responses.  To do this, I used a numerical model to predict water flow and storage 

changes in the vadose zone under various hydrologic scenarios.  Input data included the 

initial and boundary conditions for flow and the soil hydraulic parameters predicted from 

the pedotransfer function software ROSETTA.  Specifically, I used the saturated soil 

hydraulic conductivity, porosity, and van Genuchten parameters that were predicted 

based on sand, silt, clay percentages. For flow simulations, I used HYDRUS, which was 

developed by Simunek et al. at the USDA and the University of California, Riverside 

(Simunek et al. 2008). 

 

HYDRUS is a software package for simulation of water, heat, and solute transport in the 

subsurface, comprised of a computer program and graphical user interface (GUI).  It is 

capable of simulating flow through saturated, partially saturated, and unsaturated porous 

media.  HYDRUS numerically solves the Richards equation for water flow and 

advection-dispersion equations for heat and solute transport.  It is available in one-, two- 

and three-dimensional versions, but I used the simpler HYDRUS-1D, as it was sufficient 

for the purposes of this study and ran more quickly, allowing me to complete a large 

number of simulations for each hydrologic condition considered.     
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A number of options are available to the user with regard to modeling heat and solute 

transport.  However, my experiment only concerned water flow, so only those aspects of 

the software package will be discussed here.  The reader is referred to the most recent 

HYDRUS User Manual (Simunek et al. 2008) for an in-depth discussion of HYDRUS 

heat and solute transport simulation functionality. 

 

3.2.1 NUMERICAL SOLUTION OF THE VARIABLY SATURATED FLOW 

EQUATION 

In HYDRUS, the Richards equation is solved numerically using a linear finite element 

scheme.  The form of the equation used is appropriate for one-dimensional uniform flow 

in a variably saturated porous medium, with assumptions that water vapor and thermal 

gradients within the flow regime can be neglected:  

     

            
         (1) 
 
          
 
where h is the water pressure head [L], θ is the volumetric water content [L3L-3], t is time 

[T], x distance [L] (positive upward), S is the sink term [L3L-3T-1] (associated with root 

water uptake), α is the angle between the direction of flow and the vertical, and K is 

unsaturated hydraulic conductivity.  K is given by: 

 
 
         (2) 
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where Kr is the relative hydraulic conductivity [dimensionless] and Ks is the saturated 

conductivity [LT-1]. 

 

To solve Eq. 1 numerically, first the soil profile is discretized into N-1 adjacent elements.  

Level of discretization is chosen by the user, and applied via the GUI.  The end of each 

element is a node, and N is the number of nodes.  

 

An iterative process is employed to address non-linearity in the finite difference scheme.  

Equations describing pressure head or water content are solved and re-solved at each time 

step until a sufficient degree of convergence is attained among all of the nodes.  The level 

of convergence considered “sufficient” is defined by a tolerance level selected by the 

user.                

 

3.2.2 INITIAL AND BOUNDARY CONDITIONS 

The solution of Eq.1 requires knowledge of initial pressure head or water content 

distribution, which must be provided by the user.  Boundary conditions may be 

prescribed head or prescribed flux at the top and bottom of the domain.  Other boundary 

conditions include those controlled by atmospheric conditions, free drainage, or flow to 

horizontal drains, but these are special conditions of prescribed head or flux.  For 

example, the atmospheric boundary condition functions by switching between prescribed 

head and flux when a maximum flux rate into the soil has been reached or a ponded 

height of water (specified by the user) has been attained (Simunek et al. 2008).      
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3.2.3 ANALYTIC MODELS 

In HYDRUS, the user is free to choose among five different analytical models describing 

soil hydraulic properties.  They are: 

 

• Brooks and Corey, 1964 

• van Genuchten, 1980 

• Vogel and Cislerová, 1988  

• Kosugi, 1996, and 

• Durner, 1994  

 

I used the van Genuchten model because it has equal or better predictive accuracy as 

compared to the other models (Nandagiri and Prasad, 1996), and it is widely accepted 

throughout the scientific literature as a dominant model.  Also, I had the capability to 

estimate a large number of van Genuchten input parameters through the use of the 

ROSETTA pedotransfer function software package.   

 

3.2.4 SIMULATED HYDROLOGIC CONDITIONS 

For my research, two main hydrologic conditions were modeled: drainage from full 

saturation and infiltration into a soil at field capacity followed by drainage.  For both 

conditions, a 10 m column was modeled with a 1 cm discretization.  For both hydrologic 

conditions it was assumed that the media were perfectly homogenous and isotropic with 
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no hysteresis.  Also, soil structural aspects such as stratification, clay lenses, or root holes 

were neglected.  Discretization was the same for both modeled processes.    

 

For the drainage experiment, the initial condition was in the pressure head with Ψ=-8 

throughout the column to simulate conditions at saturation and steady state, unit gradient 

flow.  Pressure head was not set at zero because the gradient was too steep between Ψ=0 

and the free drainage boundary condition at the bottom of the column.  The steep gradient 

could not be reconciled by HYDRUS for the selected discretization in a limited number 

of iterations, which resulted in crashes of the program for some soils. However, at Ψ=-8 

cm HYDRUS ran all of the soils.   

 

To simulate a situation where drainage would occur, boundary conditions for the 

drainage experiment were set at an atmospheric condition for the top boundary and free 

drainage for the bottom.  As discussed above, an atmospheric boundary is one wherein 

prescribed head is changed to prescribed flux, or vice verse, at a user supplied 

specification.  In the case of my simulation, the atmospheric boundary condition was 

selected to maintain zero flux at the top of the column, so that drainage could be studied 

at the bottom without complications of selecting an evaporation rate at the top.  The “free 

drainage” condition applied at the bottom of the column implies that water can flow 

freely out of the bottom of the column.  This condition is most appropriate to field 

conditions where drainage occurs in a domain far above the water table.  In my 
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simulation, drainage lasted for five days.  Figure 3.3 and 3.4 show the settings selected to 

model drainage from saturation.  

 

 

Figure 3.3: HYDRUS boundary condition input screen with selections used in the 
simulation of drainage from soils at saturation. 
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Figure 3.4: HYDRUS graphical editor with settings used in the simulation of drainage 
from a column at saturation.  Initial condition is in the pressure head (cm).  The green bar 
along the side of the main column indicates level of discretization with green horizontal 
lines marking nodes.  For this simulation N=1001.  The smaller column (upper left) is a 
key for the pressure head values in the main column.    
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For my simulation of infiltration followed by drainage, the initial condition was of field 

capacity, defined as Ψ=-330 cm (Israelson and West, 1922; Veihmeyer and Hendrickson, 

1931).  The upper boundary condition was variable pressure head/flux to allow me to 

apply a wetting front and then stop infiltration, followed by the zero evaporation 

condition used for the drainage experiment, to watch a pulse of water move through the 

column.  The lower boundary condition was set at a constant pressure head, Ψ=0, to 

simulate a water table maintained at the base of the column.  Physical situations that 

would result in a static water table include a very large water table as compared to the 

volume of drainage, or an area of high conductivity in the horizontal direction, but low 

conductivity vertically as might be caused by stratification of soil types or rock 

formations.  In my simulation, infiltration occurred for two days, followed by three days 

of drainage.  Figures 3.5, 3.6 and 3.7 show the settings I selected to model infiltration 

into soil at field capacity followed by drainage. 
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Figure 3.5: HYDRUS boundary condition input screen with selections used in the 
simulation of infiltration into a column at field capacity followed by drainage. 
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Figure 3.6: HYDRUS graphical editor with settings used in the simulation of infiltration 
into a column at field capacity followed by drainage.  Initial condition is in the pressure 
head (cm).  The green bar along the side of the main column indicates level of 
discretization with green horizontal lines marking nodes.  For this simulation N=1001.  
The smaller column (upper left) is a key for the pressure head values in the main column.    
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Figure 3.7: Time variable boundary conditions selected to simulate infiltration into a 
column at field capacity followed by drainage.  Time is in days.  The first 0.1 days of the 
simulation are set to Ψ= -50 cm to avoid crashes of the HYDRUS program related to the 
iterative solution process between nodes of the column.  Similarly, the majority of 
infiltration occurs at Ψ=-5, instead of Ψ=0, to avoid an overly steep gradient between the 
top boundary and the Ψ=-330 cm initial condition in body of the column. The KodTop 
option sets the boundary condition at the top of the column to either prescribed head or 
prescribed flux with 1=prescribed head and -1=prescribed flux.
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3.3 CLUSTERS 

 

“Clustering” is the partitioning of objects or data into subsets.  Generally, clusters are 

devised with the goal of internal cohesiveness and external isolation.  Therefore, research 

has focused on creating homogeneity within clusters and heterogeneity between them 

(Cormack 1971).   

 

Clustering is of interest to a variety of fields, including statistics, psychology, and pattern 

recognition (Steinley 2006).  Reasons for clustering are diverse.  In his book Information 

Theory, Inference, and Learning Algorithms, David Mackay (2003) provides a broad 

description of motivations driving cluster formation: 

 

 [A] good clustering has predictive power. When an early biologist encounters a 
 new green thing he has not seen before, his internal model of plants and animals 
 fills in predictions for attributes of the green thing: it's unlikely to jump on him 
 and eat him; if he touches it, he might get grazed or stung; if he eats it, he might 
 feel sick. All of these predictions, while uncertain, are useful, because they help 
 the biologist invest his resources (for example, the time spent watching for 
 predators) well.  Thus, we perform clustering because we believe the underlying 
 cluster labels are meaningful, will lead to a more efficient description of our data, 
 and will help us choose better actions. 
 
 

Also, clusters can serve as an aid to communication through creating useful categories, 

highlight discrepancies or outlying data points, and serve as a model for learning in 

neural systems (Mackay, 2003).  An example of this last function is the Kmeans 
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technique, a competitive learning algorithm where K clusters compete with each other for 

data points.  The kmeans technique will be described below.  

 
A major challenge in clustering is the sheer number of partitions possible with datasets of 

any size.  The number of combinations of N particles into K unique, non-overlapping, 

non-empty subsets can be found with a Stirling number of the second kind: 

 

 
                    
               (3) 

 
 
 

which is approximately KN/K! (Kaufman and Rousseeuw, 1990).  Thus, if 50 objects are 

to be made into 5 clusters, the number of possible combinations is approximately 

7.4*1032.   

 

The kmeans algorithm is the most popular method of non-hierarchical clustering in the 

cluster validation literature (Steinley 2006).  In this technique, N points are partitioned 

into K clusters, each cluster being parameterized by its mean.  Beginning values of the 

means are chosen, and a two step iterative process occurs: 

 

1) Assignment (of data points to the nearest mean) 

2) Update (of mean values to fit the data assigned to them) 
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This process is repeated until convergence, at which point assignments do not change, so 

updates are not possible (Figure 3.8) (Mackay 2006). 

 

 

 

 

 

Figure 3.8: A graphical representation of the kmeans algorithm with N=40 and K=2.  The 
algorithm converges after three iterations (Mackay 2006).  
 

 

The selection of initial values of means is an important consideration for the kmeans 

algorithm.  Initial values of means influence final values at convergence, so termination 

is at a local optimum that cannot be proven to be a global optimum.  Despite this issue, 

researchers have demonstrated robust clustering with kmeans in the majority of cases 

(Dimitriadou, Dolnicar, and Weingessel, 2002; Steinley, 2003).   
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Number of means is also significant.  Methods to determine an appropriate number of 

means include: 

 

• Algorithm: The kmeans algorithm itself is varied.  One approach combines 

clusters if their means get closer than a specified distance and splits a cluster into 

two if its diameter becomes too large (MacQueen 1967). 

 

• Graph: Objective criterion is plotted against varying values of K, and the shape of 

the curve is examined to evaluate the values of K reached by the algorithm.  This 

method is subjective and thus controversial (Davidson 2002).   

 

• Formula:  An equation is computed across a range of K.  The values of K selected 

are the ones that either minimize or maximize this equation (Steinley 2006). 

 

• Comparison:  For example, in my research, clusters were compared to USDA 

textural groupings.  Thus, it was desirable to choose twelve clusters, so that the 

number of clusters would be equivalent to the number of textures.  
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3.4 USING CLUSTERS TO GROUP SOILS BY HYDROLOGIC RESPONSE 

 

The comparison of textural classifications to groupings based on hydrologic response is a 

contrast between predefined soil properties and variables specifically chosen by and of 

interest to a researcher.  In the section of this paper 2.1 Soil Textural Triangles, soil 

textural classification systems from around the world are described.  These systems 

differ, but all of them have in common an organizational method that classifies soils 

using physical variations in particle size.  Clusters can be used to group hydrologic 

response based on a range of criteria, making them more flexible than traditional textural 

classification approaches.  Clusters can provide meaningful labels, support efficient 

expressions of data, and lead to more confident predictions (Mackay, 2003). 

 

The remainder of this section compares the United States Department of Agriculture 

(USDA) textural classification system to variations in hydrologic parameters.  The goal is 

to illustrate that the USDA’s soil groupings do not fully capture trends in hydrologic 

parameters and to suggest that a different classification system might be better suited for 

this task.   The USDA system divides soils based on percent composition of sand, silt, 

and clay.  The USDA then divides soils into twelve textural groupings based on SSC 

content, as illustrated by the USDA soil triangle (Figure 3.9). 
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Figure 3.9: The USDA soil triangle groups soils into twelve groups based on variations in 
particle size. 
 

 

Plotting hydrologic parameters, predicted using the ROSETTA software program,  over 

textural variations shows that hydrologic parameters, such as water content or hydraulic 

conductivity at a given pressure head, may exhibit trends distinct from and difficult to 

predict by textural variations (Figure 3.10 and Figure 3.11).   
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   a)      b)       c) 
 
Figure 3.10: Water content (θ in cm3/cm3) at (a) Ψ=-10, (b) Ψ=-100, and (b) Ψ=-300 cm 
is plotted over the USDA soil textural triangle.  Values for water content are found by 
solving the Mualem-van Genuchten equation for θ for all soils with the values of Ψ listed. 

 

 
  a)      b)                                             c) 

Figure 3.11: Hydraulic conductivity (log(K) in log(cm/day)) at (a) Ψ=-10, (b) Ψ=-100, 
and (b) Ψ=-300 cm is plotted over the USDA soil textural triangle.   
 

 

 

In Figures 3.10 and 3.11, changes in hydraulic parameters do not coincide with textural 

classifications, but rather cut across the USDA textural groupings.  Much of the changes 

are localized in the bottom right of the textural triangle in the textural class called silt 

loam by the USDA.  Also, soils that are not juxtaposed on the triangle exhibit similar 
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responses.  If this triangle was cut into groups based on water content or hydrologic 

conductivity, the groupings would not be the same as the USDA textural classes.   

 

It is possible to group soils based on hydrologic parameters or processes of interest 

instead of or in addition to physical properties.  Cluster analysis using the kmeans 

algorithm described above provides a tool to address the challenge of creating new 

groupings.  In the examples of parameters such as water content and hydraulic 

conductivity, kmeans clustering can be accomplished via the relatively straightforward 

process of creating clusters out of the values of θ or K at a given Ψ (Figure 3.12). 
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Figure 3.12:   Water content (θ) at full saturation (related to porosity) divided into five 
clusters using the kmeans algorithm. 
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At this point it should be reiterated that, for this study, the ROSETTA computer program 

was used to find values of hydrologic parameters (see section 3.1 ROSETTA: 

PEDOTRANSFER FUNCTION SOFTWARE).  For example, the θsat trends plotted in 

Figure 3.12 are output from ROSETTA.  Groupings made using ROSETTA will have 

associated error.  The database used for calibration of the program has limited coverage 

of high clay content soils, so error is higher in this area of the triangle.  Also, for this 

study, input was limited to SSC to allow for maximum applicability (not requiring 

knowledge of bulk density or water retention data) and ready comparison with the USDA 

classification system, which uses only SSC to group soils.  However, the inclusion of 

other input data, such as bulk density, would produce more certain predictions for all 

soils.  

 

Using the kmeans algorithm to group hydrologic response requires simulating a 

hydrologic process of interest and then selecting results of the process to cluster.  In this 

research, I chose the amount of water present in the top meter of soil through time as an 

interesting indicator.  I chose the top one meter because this metric encompasses the root 

zone of most agricultural crops (Simunek, 2006). Also, this zone is of particular interest 

to climate predictions due to the complex dynamic interactions between infiltration and 

evaporation and transpiration events.  However, different objectives could be utilized for 

other studies or conditions. 
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Figure 3.13 illustrates hydrologic response to a drainage event from soil at saturation for 

all soil types.  Each blue line plots water content through time for a specific soil.  In 

Figure 3.14, hydrologic response is divided into groups based on USDA textural classes.  

Red lines indicate textural classifications, and the green lines are the means of each 

texture.  In Figure 3.15, the same response is split into groups based on response cluster 

classification.  Red lines designate cluster classification, and the green line is the mean of 

a given cluster.  Figures 3.16, 3.17, and 3.18 show the same type of plots for the process 

of infiltrations into media at field capacity followed by drainage: Figure 3.16 illustrates 

the full range of response in blue; Figure 3.17 shows textures in red with means in green; 

and, Figure 3.18 is a plot of clusters (red) with means (green).     

 

Figure 3.13: Hydrologic response to drainage from saturation across all soil types. 
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Figure 3.14: Hydrologic response to drainage from saturation across all soil types.  Red 
areas indicate USDA textural classes.  Beginning in the top left: 1 sand; 2 loamy sand; 3 
sandy loam; 4 loam; 5 silt; 6 silty loam; 7 sandy clay loam; 8 clay loam; 9 silty clay 
loam; 10 sandy clay; 11 silty clay; 12 clay.  The green line is the mean of each texture 
class. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 3.15: Hydrologic response to infiltration into media at field capacity followed by 
drainage across all soil types.  Red areas indicate kmeans response clusters.  The green 
line is the mean of each cluster. 
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Figure 3.16: Hydrologic response to infiltration into media at field capacity followed by 
drainage across all soil types. 

 
 
Figure 3.17: Hydrologic response to infiltration into media at field capacity followed by 
drainage across all soil types.  Red areas indicate USDA textural classes.  Beginning in 
the top left: 1 sand; 2 loamy sand; 3 sandy loam; 4 loam; 5 silt; 6 silty loam; 7 sandy clay 
loam; 8 clay loam; 9 silty clay loam; 10 sandy clay; 11 silty clay; 12 clay.  The green line 
is the mean of each texture class. 
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Figure 3.18: Hydrologic response to infiltration followed by drainage across all soil 
types.  Red areas indicate kmeans response clusters.  The green line is the mean of each 
cluster. 
 

Tools used to support cluster analysis of hydraulic processes include the HYDRUS 

software package (described in section 3.2) and the MATLAB modeling environment.  In 

MATLAB, the function kmeans was used for cluster genesis, using the square Euclidean 

approach to consider distance.  In this approach, each centroid is the mean of the points in 

that cluster.  Examples of cluster-based classifications will be illustrated and discussed in 

more detail in Section 4.1 Cluster Analysis.  
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4  RESULTS AND ANALYSIS 

 

This section describes and examines results from my effort to group soils using 

hydrologic response based clustering.  I begin by inspecting the water content profiles in 

a homogenous soil column through time in response to two hydrologic conditions: 

drainage from full saturation; and infiltration into media initially at field capacity (ψ = -

330 cm) followed by drainage.  I am particularly interested in hydrologic processes in the 

near-surface critical zone.  Therefore, I chose to use the length of water in the root zone 

(uppermost 1 m) as a function of time as the hydrologic response of interest for further 

analysis.  I have two objectives: to examine how well the water storage in the critical 

zone can be predicted based on soil texture; and to determine whether a response-based 

clustering approach can improve the accuracy of these predictions.   

 

Any categorization approach (textural classification, response clustering, etc.) is based on 

grouping members of a set based on a limited number of properties.  The first step to 

response-based clustering is to examine the hydrologic responses across a large number 

of soils and to identify a small number of response characteristics useable for grouping.  

The soils will be clustered based on these response characteristics with the quantity of 

clusters selected to give the same number of groups used in common textural 

classifications.  As a final step, a representative soil will be identified for each cluster as 

the soil within the group that has a length of water as a function of time that is most 

similar to the average across all soils within the group.  
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4.1 CLUSTER ANALYSIS 

 

4.1.1 HYDROLOGIC RESPONSE PROFILES 

To examine the response-based clustering, I began by choosing two hydrologic processes 

of interest: drainage from saturation; and infiltration into soils at field capacity followed 

by drainage (Figure 4.1).  (For information on how the two processes were translated into 

initial and boundary conditions, see Methods Section 3.2 HYDRUS.)  These processes 

are of interest because they cover a range of conditions likely to be encountered in both 

natural and managed settings such as floodplains and agricultural fields.  In addition, 

predicting these responses is important for construction or military transport applications.  
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Figure 4.1:  Typical length of water curves for soils undergoing: i) infiltration into media 
at field capacity followed by drainage and ii) drainage from saturation.  The soil plotted 
here is a sandy loam, with 70% sand, 18% silt, and 12% clay. 
   
 

As expected, response varied considerably from soil to soil, as well as varying between 

processes (Figure 4.2 a-d).  Figure 4.2 shows the processes of drainage from a saturated 

soil (4.2a and 4.2b) and infiltration into soil at field capacity (4.2c and 4.2d).  Series 

indicate time.  In 4.2a and 4.2c, the simulated soil is loam.  Clay is simulated in 4.2b and 

4.2d.  Hydraulic parameters used for clay and loam represent average values for the 

classes, not a specific SSC.  For the case of drainage from saturation (4.2a and 4.2b), both 

columns begin at a pressure head near zero (Ψ = -8 cm) and become progressively more 

negative with each time series.  However, for infiltration into soil at field capacity (4.2c 

and 4.2d), a wetting front progresses downward through the column, and pressure head 

moves toward zero.  For both processes, loam responds more rapidly than clay.  In 4.2a 

and 4.2b (drainage from saturation), the drying front goes deeper into the column of loam 

than the column of clay at corresponding times.  In 4.2c and 4.2d (infiltration into dry soil 

followed by drainage), the wetting front in loam (4.2c) infiltrates deeper into the column 

faster than the wetting front in the clay column (4.2d).  Also, the curve at the lower bound 

of negative pressure head (-330 cm, corresponding the field capacity) in the clay column 

(4.2d) indicates that at a given time deeper soil is responding more slowly than the soil in 

the column above.  If initial or boundary conditions were changed, these profiles would 

be altered.  For example, choosing a different initial pressure head to represent field 

capacity would change the lowest possible head value on 4.2c and 4.2d.  Any subsequent 
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use of these profiles—for example the creation of groupings based on them—would also 

vary if initial or boundary conditions are changed.  However, in light of the complexity 

inherent in the range of soil water interactions (Equation 3) these two processes will serve 

as example cases. 

 

 
              a)      b) 

 
 c)      d) 
 
Figure 4.2:  Two soils undergoing two hydrologic processes: 
a) Loam undergoing drainage from saturation.   
b) Clay undergoing drainage from saturation.   
c) Loam undergoing infiltration into soil at field capacity followed by drainage.   
d) Clay undergoing infiltration into soil at field capacity followed by drainage. 
Axes on each panel indicate pressure head (cm) versus depth (cm).  Each series indicates 
a different time step, with the following colors representing the following times: dark 
blue: 0.025 days (initial time step); green: 1 day; cyan: 1.925 days; red: three days; pink: 
5 days (final time step). 
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4.1.2 MEASURE OF INTEREST: LENGTH OF WATER IN THE ROOT ZONE 

VERSUS TIME 

Length of water is derived from the profiles shown in Figure 4.2.  The water content of 

each profile is integrated for each process and each soil from 0 to 1 m depth.  All soils in 

the range of the USDA classification system are considered, with sand, silt, and clay 

(SSC) fractions varying by 2%.  This gives a total of 1326 soils. 

 

Figures 4.3 and 4.4 illustrate hydrologic response across time.  In Figure 4.3, only one 

soil is modeled: loam.  Response is plotted at two depths to show effects of varying 

depths on response.  In this simulation, infiltration into loam at field capacity followed by 

drainage, the response curve is the similar at 1 m depth (blue curve) as at 10 cm (black 

curve), except that the response is muted and delayed at depth.  
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4.1.3 FOCAL POINTS USED TO SEGREGATE RESPONSES OF INTEREST 

Figure 4.4 shows hydrologic response across time for a range of soil types.  Response 

differs in detail.  For example, length of water at peak saturation varies among the soils 

due to variations in porosity.  Length of water at the end of the simulation also varies.  

However, shapes of the response curves have some general attributes in common.  For all 

curves, length of water begins low, rises to a maximum point, and falls.  These three 

response periods are informative: they yield data on hydrologic characteristics of each 

soil, and they provide a method to compare soils.  For clustering, it is important to 

determine which parts of the curve are most interesting with respect to characterization of 

response for a given study or goal.  I identify key parts of the response curve and refer to 

them as focal points for analysis.  

 

For the clustering done below, I used early time water content, early time rate of change 

in water content, and late time water content as focal points for the process of drainage 

from saturation.  For the process of infiltration into soils at field capacity followed by 

drainage, I used early time water content, maximum water content, and late time water 

content as focal points.  These choices were based on three goals:  

 

• to use clusters to capture hydraulic response as comprehensibly as possible; 

• to allow direct connection between clustering criteria and soil hydrologic 

properties; and  

• to use a small number of measurements that could be measured in the field or lab. 
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Early time water content, late time water content, and slope of initial change in water 

content/maximum water content provide information on general hydrologic 

characteristics of soils and a means of comparing soils.  Also, they are useful indicators 

because they correlate with specific soil hydraulic properties.  Early time water content 

relates to field capacity; hydraulic conductivity is approximated by the slope of water 

content change; and late time water content describes the amount of water left in soil 

after a fixed period of drainage, so it is combines field capacity and K.  Most importantly, 

the measures chosen are lengths of water, and length of water is the ultimate variable of 

interest.  By choosing to base classification on length of water, we can reasonably expect 

that predictions regarding this chosen variable will improve.  

 

Different goals than those described above could be supported by altering clustering 

strategies.  Selection of focal points is largely a subjective process for effective 

application of clustering approaches.  Thus, clustering is most powerful when hydrologic 

systems are well understood and the prediction objectives are clear.   

 

 

 

 

 

 



 

94

 

 

 

θ [-] 

 
 
 
 
 
 
 
 
Figure 4.3:  Hydrologic response of loam under infiltration at field capacity followed by 
drainage at 10 cm (black curve) and 100 cm (blue curve).  Axes indicate volumetric water 
content (-) and time (days).  Focal points used for response clustering sum length of water 
from the surface to 1 m, including lengths of water corresponding to both curves on this 
figure.    
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Figure 4.4:  Response curve for the process of infiltration into media at field capacity 
followed by drainage across a range of soil types at 1 m depth. 
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Figures 4.5 and 4.6 illustrate continuous variation of water content over all soil types at 

selected times for the cases of infiltration into soil at field capacity followed by drainage 

and drainage from wet soil, respectively.  Water content is plotted over the USDA 

textural classes to allow comparison between simulated water contents and textural 

groupings.  The times shown on these plots are: a) 0.025 days (corresponding to the dark 

blue curve on Figure 4.1); 1.925 days (corresponding to the cyan curve on Figure 4.1); 

and c) 5 days (corresponding to the pink curve on Figure 4.1).  In some cases, trends in 

water content values correspond to delineations among the USDA textural classes.  For 

example, the classes of sand and loamy sand appear to predict the water content 

delineations in 4.5a, 4.5c, 4.6b, and 4.6c. However, Figures 4.5 and 4.6 illustrate that 

response is largely a function of a soil’s fine particle size content, since there is 

significantly more variation in the water content along the clay axis than is represented in 

USDA textural triangle.      
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   c)  
 
Figure 4.5: Water content for process: infiltration into media at field capacity followed by 
drainage.  Color bar values indicate total length of water (cm) in the top one meter of the 
soil column. 
a) Variation of initial length of water across all soils.   
b) Variation in length of water at middle time, corresponding to maximum water content. 
c) Variation in length of water at late time (five days). 
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   c) 
 
Figure 4.6: Water content for process: drainage from media at saturation.  Color bar 
values indicate total length of water (cm) in the top one meter of the soil column. 
a) Values of initial length of water across all soils.   
b) Values in slope of length of water at early time. 
c) Values in length of water at late time (five days). 
 

For all conditions, patterns in response include a high level of variation along the clay 

axis, isolation of high sand content soils, and highly differentiated response in the area of 

the triangle corresponding to the USDA class silt loam.  Differences include the portion 

of the triangle with similar response to high sand soils, degree of variation along the axes 

and in the silt loam area, and, in the early time slope triangle under the drainage condition 

(Figure 4.6b), similar soils are found along the low clay portion of the figure, whereas 

this is not evident in the other triangles.  It is desirable to use indicators that have 

differing patterns to group response.  The use of measures that include differences in the 

patterns of response adds to the information content of clusters: if two different measures 

had the same pattern, it would not be beneficial to use both because no information would 
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be added.  Conversely, increased discrimination becomes possible among soils that 

behave differently under altered conditions.  

 

For the infiltration figures, early and late time patterns are very similar.  Late time for the 

drainage case is also similar to these plots.  This could indicate that including late and 

early time responses as two characteristics for clustering do not improve the performance 

of the clustering.  This hypothesis is explored below in Figure 4.7, which shows response 

clusters plotted over the USDA texture triangle for the condition of infiltration into media 

at field capacity followed by drainage with one of the three focal points left out.  First, 

early time response is not used for clustering; then maximum water content is 

disregarded; and, finally, late time water content is not utilized.  The figure indicates that 

leaving out early time response significantly alters cluster distribution in that the banding 

along the clay axis dominates throughout the triangle.  In the figures that include early 

time response (4.7b and 4.7c), clusters divisions at low clay content are parallel to the 

clay axis, illustrating that clay content is not the dominant driver of response in soils with 

small percent composition of clay.  This approach, comparison of cluster maps with and 

without selected focal points, is an effective method to identify non-informative criteria.       

 

The panels that disregard maximum and late time water content are similar to each other.  

However, I would argue that differing subdivisions of the axes indicate that both 

maximum water content and late time water content contribute to cluster formation.  

Also, percent clay content ceases to be dominant at differing levels.  For the panel with 
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no maximum water content, clay stops governing response near 10% composition.  For 

the panel that disregards late time water content, the change is evident at 20% 

composition.  These differences contribute to the achievement of the first of my two 

stated goals: to use clusters to capture hydraulic response as comprehensibly as possible. 

It is important to note that none of the cluster maps is better than the others in an 

objective sense.  The significant factor is the how well the clusters segregate the 

predictions of interest.   
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c) 

 
Figure 4.7: Clusters for the process of infiltration into media at field capacity followed by 
drainage with  
a) no early time response: only maximum water content and late time water content are 
plotted. 
b) no maximum water content: only early time and late time water content are plotted. 
c) no late time response: only early time and late time water content are plotted. 
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4.1.4 CLUSTERING BASED ON IDENTIFIED FOCAL POINTS 

After identifying and accepting early time water content, maximum/early time change in 

water content, and late time water content as key indicators, I clustered soils using the 

summed water content values for all soils at each focal point.  Figure 4.8a and 4.8b show 

the resulting clusters for the processes of drainage from saturation and infiltration into 

media at field capacity followed by drainage.  As in Figures 4.5, 4.6, and 4.7, clusters are 

plotted over the USDA textural classes.  For both hydrologic processes studied, 

differences exist between the response clusters and the USDA classes.  Various 

differences are apparent between USDA and cluster-based groupings.  They include:  

• Orientations vary of delineations between groups.  Most cluster-based divisions 

are perpendicular to the clay axis; for the textural delineations, this trend is not 

evident.  

• Clusters may combine or break up textural classes.  

• The number of groups varies as a function of position along axes.  Specifically, 

cluster analysis indicates that clay content has the most significant impact in 

group definition, followed by sand and then silt.  Texture classes show no 

overriding preference among soil components (Figure 4.8 and Table 4.2).   

Similarities and differences among textural and cluster-based classifications will be 

discussed in more detail below, as will comparisons between clusters resulting from the 

two simulated processes.     



 

103

 
a)      b) 
 
 Figure 4.8: 
a) Response clusters for the process of drainage from soil at saturation plotted over the 
USDA textural classes. 
b) Response clusters for the process of infiltration from soil beginning at field capacity 
plotted over the USDA textural classes. 
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4.1.5 SILHOUETTE PLOTS 

Kmeans clustering functions by assigning data points to the nearest mean, then updating 

mean values to fit the data assigned to them.  The goal is to create groups with high levels 

of internal cohesiveness and external isolation.  Silhouette plots illustrate how well a set 

of clusters achieve these objectives by measuring how close each point in a cluster is to 

points in adjacent clusters.  The measure has a range of +1 to -1.  A value of +1 indicates 

that points are far from points in the other clusters.  A value of zero is assigned to points 

that do not distinctly belong to one cluster or another.  Data points given a value of -1 

probably should be in different clusters. Thus, silhouettes are measures of both the 

quality of the groupings with regard to similarity or closeness among group members and 

of the amenability of the data to be put into groups.   

 

The silhouette can be calculated as: 

 

                     (4) 

 

which can be expressed as: 
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where i is each data point in the set, a(i) is the dissimilarity of point i from the other 

points in cluster a, and b(i) is the dissimilarity of i from the points in cluster b.  The value 

of a(i) can be interpreted as a measure of how well i is matched to the cluster it is 

assigned to, with lower values corresponding to closer matches.  Dissimilarity measures 

are then computed for data point i as if it was a member of all the other clusters.  The 

cluster which yields the lowest value, excepting cluster a, is labeled b and considered as 

the neighboring cluster.  Thus, the value of b(i) refers to the average dissimilarity of data 

point i with respect to the data in the neighboring cluster.  Any measure of dissimilarity 

can be applied, but for consistency I used the square Euclidean distance measure, which 

is the same measure I utilized to create clusters with the kmeans algorithm.  In the square 

Euclidean approach, squared distance is considered as the squared difference between 

values of two points.      

 

The silhouette plots in Figure 4.9 illustrates that many points in the kmeans cluster 

groupings for both simulated processes (infiltration into media at field capacity followed 

by drainage and drainage from saturation) have large silhouette values, greater than 0.5.  

This suggests that that the clusters are fairly distinct from adjacent clusters.  However, 

several clusters also contain low positive and negative value, indicating that either an 



 

106

optimal clustering has not been reached or that the data are not fully amenable to 

grouping.  The textural classes perform worse than kmeans cluster groups for both 

processes, with many points with low positive and negative silhouette values, indicating 

that texture classes are not well separated.  This is especially true of texture classes 6 (silt 

loam) and 12 (clay). 
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Figure 4.9: Silhouette values for the process of infiltration into soil at field capacity 
followed by drainage (top) and drainage from saturation (bottom).  Response clusters 
(left) and textures (right) are plotted.  From top to bottom in each plot on the left, textures 
are: 1 sand; 2 loamy sand; 3 sandy loam; 4 loam; 5 silt; 6 silt loam; 7 sandy clay loam; 8 
clay loam; 9 silty clay loam; 10 sandy clay; 11 silty clay; 12 clay. 
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Average silhouette values can be used as a more quantitative way to compare groupings 

for the simulated processes.  Average silhouette values for the cases plotted in Figure 4.9 

are listed in Table 4.1.  Tables 4.2 and 4.3 record the percent of each classification 

method with silhouette values greater than 0.5 (Table 4.2) and less than 0 (Table 4.3).  

The purpose is to provide a quantitative version of the data illustrated in Figure 4.9.   

 

Infiltration grouped by 12 clusters 0.4419 

Infiltration grouped by 12 textures -0.0148 

Drainage grouped by 12 clusters 0.2466 

Drainage grouped by 12 textures -0.1729 

Table 4.1: Average silhouette values for the cases of infiltration into media at field 
capacity followed by drainage and drainage from full saturation, grouped by response 
clusters and textural classes. 
 
 
Infiltration grouped by 12 
clusters 

666/1326 soils          50% 

Infiltration grouped by 12 
textures 

398/1326 soils        30% 

Drainage grouped by 12 
clusters 

471/1326 soils        36% 

Drainage grouped by 12 
textures 

302 /1326 soils       23% 

Table 4.2: Percent of each grouping method with silhouette values greater than or equal 
to 0.5. 
 
 
Infiltration grouped by 12 
clusters 

163/1326 soils     12% 

Infiltration grouped by 12 
textures 

697/1326 soils     53% 

Drainage grouped by 12 
clusters 

399/1326 soils     30% 
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Drainage grouped by 12 
textures 

853/1326 soils     64% 

Table 4.3: Percent of each grouping method with silhouette values less than or equal to 0. 
 

Silhouettes are also useful for identification of the best number of clusters to use for a 

given dataset.  Silhouette plots for the case of infiltration into media at field capacity 

followed by drainage for five and twenty-four clusters, respectively, are shown in Figure 

4.10.  Also, Figure 4.11 plots average silhouette values across varying numbers of 

clusters.  It is important to note that smaller numbers of clusters have an advantage over 

larger numbers in that, for example, if all the data was in only one cluster, silhouette 

values would be +1 everywhere.  This effect at least partially explains why the case of 

two clusters performs best in this example.  However, the higher average silhouette value 

of the six cluster classification over the case of five clusters is attributable to data set 

characteristics.  Also, interestingly, twelve clusters, which is the number I chose for this 

research, appears to be a good choice compared to average silhouette values of local 

cluster numbers. 
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Figure 4.10:  Silhouette plots for the process of infiltration into media at field capacity 
followed by drainage, for the cases of five and twenty-four clusters, respectively. 
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Figure 4.11: Mean silhouette values across a range of cluster numbers. 

 

I also created silhouettes of the simulated data from each process grouped with the other 

process’ clusters.  That is to say, data pertaining to drainage from saturation was grouped 

using clusters for infiltration into media at field capacity followed by drainage.  Also, 

data from infiltration into media at field capacity followed by drainage was grouped 

using clusters made from the process of drainage from media at saturation.  For both 

cases, the mean silhouette values were in agreement with original mean silhouette values 

listed above to within three decimal places.  This suggests that an optimal grouping for all 

processes may be possible.    
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4.1.6 ANALYSIS OF CLUSTER CHARACTERISTICS 

The following discussion focuses on clusters created with the goal of maximizing internal 

cohesiveness and external isolation.  Subdivision of axes indicates a hierarchical 

relationship among mechanical soil components: for both processes, clay has more 

divisions than sand, which has more than silt.  This indicates that variations in clay 

content have a more significant effect on hydrologic response than changes in the sand or 

silt.  Group delineations are also indicative of the strong influence of clay content on 

response for both processes.  Divisions between cluster groups are, in general, roughly 

orthogonal to the clay axis and skewed in relation to the sand and silt axes, resulting in 

group delineations parallel to the silt axis, which indicates the relative unimportance of 

silt as a soil component.  This agrees with the results of Marshall (1947), discussed in 

section 2.1 Soil Textural Triangles:  Classification by mechanical soil composition, but is 

at odds with a number of international soil classification schemes.  For example, the 

European Union soil class divisions run largely parallel to the sand axis, suggesting a 

systemic disregard for sand in soil class definition (Figure 4.12).  My results indicate that 

a more appropriate classification would deemphasize silt relative to sand.   
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Figure 4.12: European Union Soil Textural Triangle (Hypres 2009). 

 

Because the USDA triangle is commonly used and fairly representative of other 

international classification diagrams (see 2.1 Soil textural triangles: Classification and 

mechanical soil composition), I will focus analysis on the similarities and differences 

between response cluster soil groupings and the USDA system. Comparisons indicate 

that clusters may maintain, divide, or combine USDA classes.  An example of 

maintenance is found in the USDA division between sand and loamy sand in the example 

of drainage from saturation.  Division occurs notably in texture silt loam: both modeled 

processes split what was one class in the USDA system into four new groups.  The 

textural class clay is also highly divided, with five groups in the drainage from saturation 

triangle and six in the infiltration into soil at field capacity followed by drainage triangle.  

Conglomeration of classes can be seen in the sand and loamy sand treatment in the 
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infiltration into soil at field capacity diagram, indicating a notable difference between the 

two modeled processes as these two classes are maintained in the drainage from 

saturation diagram.  Cluster groupings also commonly cut across and include portions of 

several USDA classes.   

 

The number of unique SSC combinations in each cluster varies based on the processes 

used for clustering.  However, the clustering technique promotes roughly even 

distribution of the soils compared to a much less uniform distribution based on soil 

texture.  In the example of the USDA system, the clay group is dominant with regard to 

number of soils (Figure 4.13).  Mean standard deviation, considered as the standard 

deviation in each group averaged across all twelve groups, was infiltration and drainage: 

0.3635 cm; drainage: 0.2914 cm; and textures: 0.4512 cm.  Also, see Figure 4.20 for 

group standard deviation values for textures and infiltration and drainage from saturation.  
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a)          b)         c) 
 
Figure 4.13:  Cluster/texture number is plotted along the x-axis, with the number of 
members in a cluster increasing along the x-axis.  The y-axis is the number of soils in 
each cluster for:   
a) Infiltration in media at field capacity followed by drainage. 
b) Drainage from full saturation. 
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c) USDA soil textures.  From left to right, textures are: 1 sand; 2 loamy sand; 3 sandy 
loam; 4 loam; 5 silt; 6 silt loam; 7 sandy clay loam; 8 clay loam; 9 silty clay loam; 10 
sandy clay; 11 silty clay; 12 clay. 
 

 

The most likely reason for the differences between textural classes and groupings based 

on response has to do with the motivation behind creation of texture classes.  According 

to Marshall (1934), 

Whitney (1911) first defined the texture classes of the United States’ surveys in terms of 
the relative proportions of sand, silt and clay by the examination of data secured from 
over eight thousand samples.  This system was further developed by Davis and Bennett 
(1927) and the extensive experience of the United States’ surveyors summarized as a 
triangular diagram… This diagram is naturally based on the particle dimensions 
standardized in the United States.   
 

The USDA divisions are based on empirical data, with a large sample set.  The resulting 

figure has the advantage of covering a wide range of physical variation.  It is possible that 

the soil groupings were based on the specific data in hand, so that distinct soils were 

identified and classes created to fit them.  Also, the lines may have been drawn as they 

were to make clay a catch-all group for all of the soils that do not drain well, which 

would make sense for agricultural applications that motivate the USDA.  Another 

possibility is that the groupings were made to reflect what surveyors believed to be the 

distribution of soils in the United States, so that discrimination of clay was not necessary 

because of their experience regarding its relatively infrequent occurrence or lack of 

consequence for agriculture.  However, relating soil class to hydrologic response is not 

described as a goal.       
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Similarities between the results based on the two modeled processes include the order of 

axis subdivisions.  Specifically, clay is more subdivided than sand, which is more 

subdivided than silt.  However, the actual number of divisions varies along both the sand 

and clay axes (Table 4.2).   Axis subdivisions are calculated by counting the number of 

times group divisions cross soil component axes.  Group divisions that do not abut an 

axis are not counted.  These results indicate a relative importance of soil textural 

components, but they do not allow for quantitative descriptions of mechanical soil 

component hierarchy. 

 

 

   

Soil Component Divisions: 
Infiltration followed 
by drainage 

Divisions: Drainage 
from saturation 

Divisions: Textures 

Clay  7 8 5 

Sand 5 6 4 

Silt 4 4 4 

Table 4.4: Cluster divisions crossing each axis of a traditional soil textural triangle for 
two simulated hydrologic processes: infiltration into a soil column at field capacity 
followed by drainage and drainage from media at saturation.  USDA texture divisions 
crossing each axis are also shown. 

 

Another similarity is the general shape and distribution of clusters.  Groupings are 

oriented to allow for the hierarchy of textural components discussed above, banding 

along the clay axis, and subdivision in the area of the triangle corresponding to the USDA 

textural class silt loam.  However, specifics of how these criteria are met differ.  Shapes 
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and locations of clusters are similar, but not identical.  To bring back a previous example, 

sand and loamy sand are one group for infiltration into media at field capacity followed 

by drainage, but there are two separate clusters in this portion of the triangle for the 

process of drainage from saturation.  Also, more continuity across the triangle in the 

clusters resulting from clay axis banding is apparent in the drainage triangle.  

Examination of the similarities and differences between the two modeled processes 

indicates that clusters may be used to make general statements about trends in response 

among varying hydrologic processes.  However, a process-unique classification scheme 

may be preferable in order to complete detailed, quantitative analysis.  Ultimately, the 

optimal classification scheme will characterize the full range of response with minimal 

error.  If clustering schemes perform best with regard to objectives and expected 

conditions, they should be implemented and, if not, they should be rejected.  

 

Finally, the number of clusters in this study was set at twelve to allow comparison 

between cluster-based groupings and the USDA textural classification system.  However, 

the number of clusters may be any positive integer.  (A minimum of two is required for 

the clusters to have any value, however.)  Cluster number may be based on outside 

considerations, such as my comparison with the USDA system.  It is also possible to 

choose clusters based such criteria as the capturing of predefined levels of variation, set 

size, or value of data within a set.  Some numbers of group divisions are more appropriate 

for the data, as is shown in Figure 4.11. 
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Figure 4.14 divides the hydrologic process of infiltration into soil at field capacity 

followed by drainage into five and twenty-four clusters, respectively.  The goal is to 

check if the trends discussed above persist, or if they are in some way a function of 

cluster number.  The hierarchy of axes subdivision is still apparent, with clay divided into 

more sections than sand, which is more finely divided than silt.  Also, a relatively high 

degree of variation in the USDA class silt loam is still evident.  The banding effect along 

the clay axis is quite pronounced on the figure with twenty-four clusters.  Also, banding 

is apparent along the sand axis at low levels of clay content, with a fairly consistent cut-

off point at 10% clay.   
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Figure 4.14: Clusters made of the process of infiltration into soils at field capacity 
followed by drainage for:  
a) five clusters  
b) twenty-four clusters 
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4.1.7 ANALYSIS OF THE EFFECTIVENESS OF CLUSTERING 

The preceding discussion has focused on clusters created with the goal of minimizing 

variation with groups, but the question remains: how well do the clusters described above 

capture other types of variation?  Specifically, variation in clusters with respect to group 

mean is of interest, as is the capability of clusters to cover the range of hydrologic 

responses.  To address this question, I examine the capability of a soil classification 

system to group soils closely about the mean response within a group of either clusters or 

textures.  The mean of a group is considered as the soil with a length of water most 

similar to the average through time.   

 

Figure 4.15 plots root mean squared error (RMSE) for texture and cluster-based 

approaches in the process of infiltration into soil at field capacity followed by drainage.   

 

RMSE is calculated as: 

                n=t   

                  1/n[ ∑   (Lwn – Lwm)2]0.5                            (5) 
                      n=1 

 

where t=201, corresponding to the number of time steps in my simulations, and Lwm 

considered as the mean length of water in each cluster through time. 

 

In Figure 4.15, error refers to the difference between the average for a group and the 

normalized values of group members. Clusters realize lower RMSE values, 

corresponding to tighter groupings around the mean.   
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At this point it should be reiterated that kmeans grouping will be partially based on 

beginning locations of seeds and number of iterations before termination, which means 

that different clusters may result from the same data.  Significant variations in final 

groupings may result from differing seed locations.  This problem is exacerbated if the 

number of iterations is limited, even though a set number of iterations is often desirable 

because of limited processor time.  I addressed this issue by running the kmeans 

algorithm multiple times and selecting the final iteration with the lowest RMSE values.  

For this study, the best cluster set was chosen out of 1000 kmeans algorithm runs.  I 

concluded that 1000 runs was sufficient after running the algorithm 10000 times and 

noted that little improve occurred with regard to minimized RMSE as compared to 1000 

runs.  For more information on this aspect of clustering, see Methods section 3.3 Clusters.   
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Figure 4.15: Cumulative RMSE (in length of water (cm)) is plotted for all soils for cluster 
and texture based groupings.  The process is infiltration into media at field capacity 
followed by drainage.   
 
 

The far right portion of Figure 4.15 shows a difference in cumulative RMSE across all 

soils of approximately 7 cm.  This value indicates that, in this example, clusters provide a 

26% improvement over textures with respect to distance between group members and 

group mean, calculated as the difference between cumulative length of water values of 

textures and clusters across all soils divided by cumulative length of water values of 

textures across all soils: (27 cm-20 cm)/27 cm.  In other words, if the mean value of 

length of water in each group was used to predict the length of water in all the other 

group members, the error resulting from this process would be 26% lower for cluster 

based groupings as compared to textures.   

 

Figure 4.16 illustrates length of water in each cluster averaged for the three focal point 

times (early time, time of maximum water content, and late time) for the process of 

infiltration into media at field capacity followed by drainage.  Textures are also shown.  

This figure illustrates that, when soils are clustered to maximize internal cohesiveness 

and external isolation, it does not necessarily follow that length of water will be tightly 

grouped.  In this case, average length of water shows a considerable spread, especially in 

soils in the low length of water range.  However, the mean length of water across the 

twelve clusters groupings is higher than across the twelve texture groupings, indicating 

greater discrimination of soils with high water contents by cluster based groups.  High 
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water content soils are usually those with elevated percent composition of clay, which 

soils, my research indicates, provide a more significant contribution to overall response 

than sand or silt.  Also, cluster RMSE is lower than texture RMSE for multiple objective 

clustering (Figure 4.15).   
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Figure 4.16:  Increasing length of water is plotted with group number for clusters based 
on multiple objectives (early time water content, maximum water content, and late time 
water content) for the process of infiltration into soils at field capacity followed by 
drainage.  Increasing length of water is also plotted with textures.  Panels correspond to 
the following: 

a) Clusters 
b) Textures 
c) Both clusters and textures plotted together for comparison 

 
 
 
 

4.1.8 REPRESENTATIVE SOILS 

The reason variation in length of water in cluster with respect to group mean is of interest 

involves the concept of representative soils.  These are the soils in each cluster that have 

the lowest RMSE through time, as calculated by deviation from the mean cluster water 

content.  Representative soils are useful because a single soil can be used to represent the 

average response of each group. This allows for the consideration of a small subset of all 

possible soils, rather than requiring that each soil be considered.  This is particularly 

important if soil type is to be varied across a wide range and then used in a 

computationally intensive model.  Representative soils apply the technical definition of a 

cluster to soil classification.  A cluster is defined by the soils that are members of the 

group, and by the cluster centroid, which is the location where the sum of the distance 

from all the group members is the least.  A representative soil is closest to the centroid 

through time.  Thus, a representative soil minimizes the distance to other members of its 

assigned cluster through time. 
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Figure 4.17 shows representative soils based on the process of infiltration into media at 

field capacity followed by drainage in relation to the USDA soil textural triangle.  In each 

cluster, the soil with a length of water closest to the mean for the cluster is marked.  Note 

that representative soils do not always fall at the physical center of the cluster to which 

they are assigned.      

 

Figure 4.17: Representative soils for each response cluster, identified for the process of 
infiltration into soils at field capacity followed by drainage.  The cluster map for the 
process identified is also plotted for reference. 
 
 
Figure 4.18 shows the location of representative soils for the processes of infiltration into 

soils at field capacity followed by drainage and drainage from saturation.  With only one 

exception (near the middle of the triangle) the representative soils are different for both 

processes, which supports the need for process specific classification. However, for seven 
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of the twelve representative soils the location of the representative for drainage 

corresponds to a decrease of approximately 10% sand as compared to the representative 

for infiltration and drainage.  This trend is likely due to the importance of sand in 

controlling initial drainage from saturation, where sandy soils are highly differentiated 

(Figure 4.6).  Also, it may be related to the dominance of coarse textures at or near 

saturated conditions.  Referring back to the hydrologic response curves in Figure 4.1, the 

high water content portion of the response curve, were we expect coarse soils to be most 

dynamic, is visited twice by the process of infiltration into soil at field capacity followed 

by drainage; whereas, for the example of drainage from saturation, coarse soils drain in 

the early portion of the curve and water content continues to decrease: the shape of the 

drainage-only curve suggests that sand content has little further contribution after the 

early stages of response.  

 



 

125

sand

loamy sand

sandy loam

loam
silt loam

silt

clay loam

sandy
clay

silty
clay

sandy clay
loam

silty clay
loam

clay
pe

rc
en

t c
la

y

10

20

30

40

50

60

70

80

90

100

percent silt

10

20

30

40

50

60

70

80

90

10
0

percent sand

102030405060708090100
 

Figure 4.18:  Blue circles indicate representative soils for the process of infiltration into 
media at field capacity followed by drainage. Green stars indicate representative soils for 
the process of drainage from saturation. Representative soils for the USDA textures are 
also plotted as black stars. 

 
 
 

Clusters group soils to be close to other group members and close to the group mean with 

respect to the identified objectives.  Also, clusters based groupings should capture the 

range of response.  Figure 4.19 shows response across time (in blue) for an iteration of 

the condition of drainage from saturation.  Average values for textures are plotted in 

black on the left and for clusters on the right.  This plot demonstrates that cluster-based 

grouping leads to a wider range of behaviors, nearly covering the entire range of the 

initial set, and less overlap of representative soil responses.   
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a)       b) 
 
Figure 4.19: A subset of response for the process of drainage from saturation (blue) is 
plotted across time with average water content (black) of:  
a) Textures       
b) Clusters 

 
 

 
 

4.1.9 STANDARD DEVIATION AMONG CLUSTERS 

Clusters are not specifically designed to minimize standard deviation within groups.  

Rather, the goal of clustering is to maximize internal cohesiveness and external isolation 

by creating most-like groups at selected focal points in the response curve.  However, 

minimizing standard deviation is of interest because tight groupings are better 

characterized by their representative soils.  I applied the methods described below in an 

attempt to reduce standard deviation. 
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In one attempt to lower standard deviation, I created a small number of kmeans clusters 

and divided clusters according to standard deviation, with more divisions in areas with 

higher standard deviation. Then, I ran the algorithm again.  I thought this technique 

would lower standard deviation by creating more groups in areas with large variation in 

standard deviation. 

 

In a different attempt, I split response into equal sections by dividing the range of 

response by the desired number of clusters and using this value as a metric.  The first 

cluster was those soils from the minimum of response up to less than or equal to one 

times the metric.  The second groups was defined as greater than one times the metric up 

to less than or equal to two times the metric.  This method of division was continued until 

the desired number of clusters was attained.  My theory was that this method might lower 

standard deviation by defining groups with adjacent response values.  Also, I wanted to 

see how this relatively simple technique for group creation compared to the kmeans 

approach.    

Finally, I ran the kmeans algorithm a large number of times (n=10 000) and selected the 

set of clusters with the minimum standard deviation.  For other parts of the work 

described in this paper, n=1000.  It took approximately three hours to run the algorithm 

10 000 times.  One-thousand runs took 15-20 minutes. 

 

These three techniques were compared with the standard deviation of clustering with 

n=1000 and with textures (Figure 4.20).  Groups are sorted by increasing standard 
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deviation, so group numbers may not be the same for different cases.  For the n=1000 set, 

selection was made based on minimized RMSE.  This is the cluster set for the process of 

infiltration into media at field capacity followed by drainage used throughout this paper.   

 

Of the three methods described above, the only one to reduce standard deviation was the 

selection of minimized standard deviation out of 10 000 kmeans realizations.  As 

compared to 1000 realizations, mean standard deviation values decreased by 

approximately 0.02 cm, a reduction of about 5.4% as compared to the mean of the 

n=1000 case.  Although time consuming, the use of a large number of realizations is 

preferable because it achieved the lowest RMSE among clusters.  These results support 

the use of kmeans clustering, even though reducing the standard deviation of the 

outcomes is not the specific goal of the kmeans approach.   

 

0 2 4 6 8 10 12
0.2

0.4

0.6

0.8

1

1.2

1.4

1.6

1.8

2

Group Number

S
ta

nd
ar

d 
D

ev
ia

tio
n 

in
 L

en
gt

h 
of

 W
at

er
 (

cm
)

Kmeans Clusters with Standard Deviation Minimized

 

 
std equal clusters

std extra step

std textures
std 1k realizations

std 10k realizations

 
 



 

129

Figure 4.20: Standard deviation across twelve groups is plotted for clusters with equal 
divisions of response; clusters with standard deviation groups assigned after an initial 
clustering; textures; clusters with minimized RMSE as decision rule and 1000 
realizations; clusters with minimized standard deviation as decision rule and 10 000 
realizations. 
 
 
 
Grouping Method Mean Standard Dev. (cm) Cum. Standard Dev. (cm) 
Equal Clusters 1.1546 13.8551 

Extra Step 0.9017 10.821 

Textures 0.4512 5.4143 

1k realizations 0.3630 4.3618 

10k realizations 0.3439 4.1267 

 
Table 4.5 Mean standard deviation and cumulative standard deviation are tabulated for 
the following: clusters with equal divisions of response; clusters with standard deviation 
groups assigned after an initial clustering; textures; clusters with minimized RMSE as 
decision rule and 1000 realizations; clusters with minimized standard deviation as 
decision rule and 10 000 realizations. 
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4.2 APPLICATIONS 

 

Clusters break things into similar groups.  Application of clusters to soil classification 

involves using the similarity among group members to capture all of the relevant 

responses most efficiently.  This can be done by measuring all of the different responses 

with minimum redundancy.  The following three studies are examples of what I consider 

to be three main field applications of response clusters: confident representation of a 

range of hydrologic response with a relatively small number of samples; identification of 

key measurement locations in a heterogeneous study site; and contribution to efforts to 

upscale point measurements to field or regional scales.     

 

Nemes et al (2005) examined the application of pedotransfer functions to the theory and 

practice of land management.  Their study involved several case studies, including the 

evaluation of benefits and risks associated with irrigation.  As an integral portion of this 

study, soil cores were collected from sites of interest in Hungary.  Locations for soil 

sampling were chosen based on their proximity to each other (all were within 50 m).  The 

field from which the samples were taken was notable for its heterogeneity in crop yield, 

and the authors also noted large variation in texture among the samples.  Only three 

samples were taken, so it is unlikely that the full physical variations in soil properties 

were represented.  The technique of cluster analysis could be useful in this study.  SSC 

was recorded as a part of this study to illustrate soil variability.  If SSC was applied to 

cluster soils according to their hydrologic responses, measurement locations could be 
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chosen to characterize variation in soil response.  As a result, the authors could make 

more confident predictions regarding the impact of irrigation on water balance at the 

study site.  

 

Herbst and Diekkruger (2002) investigated spatial variability of heterogeneous soil 

hydraulic properties on hydrologic fluxes, especially run-off generation.  Point 

measurements and statistical data on SSC distribution were available.  Soil properties 

were modeled as choropleth map of soil units, catchment average, spatial 

random distribution, and stochastic simulation with soil properties calculated using point 

data fed into pedotransfer functions.  Extrapolation of point data was accomplished by 

using multiple regression, ordinary kriging, external drift kriging and regression kriging.  

Locations of point measurements were chosen to create even divisions of the study 

catchment.  The assumption was that equal spatial distribution of measurement locations 

was the best way to characterize field variability.  If clustering techniques had been used 

to select key measurement locations instead of even spacing, the authors could have 

captured the range of variability with more confidence (Figure 4.19). 

 

Herbst et al. (2006) studied the use of various geostatistical methods and various 

extrapolation techniques including multiple regression, ordinary kriging, external drift 

kriging and regression kriging model C to examine the effects of terrain variables on soil 

hydraulic properties.  Point measurements and statistical data on SSC distribution were 

available.  Measurement locations are selected to reflect regular spacing.  As an 
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alternative to extrapolation techniques, cluster analysis could yield data on areas likely to 

exhibit similar behavior to point measurement locations.  Besides a potential decrease in 

uncertainty, the benefit of clustering in this example is that cluster groupings have 

physical meanings.   

 

For most cluster applications to soil classification, SSC data is needed.  For the United 

States, SSC data is available for almost all locations. One source is the United States 

Geological Survey database STATSGO, which is obtainable online at 

http://soildatamart.nrcs.usda.gov. 

 

Cluster analysis is useful to save processor time.  If used in place of the full range of 

variation, representative soils significantly simplify analysis.  For example, modeling the 

dependence on soil water content and distribution of cosmogenic neutron flux involves so 

much computation that a super computer is required.  Super computer time is expensive 

and users must wait in line.  In light of these conditions, it is desirable to select 

representative soils instead of running all soils.  Of course, some loss resolution is 

experienced when one group member is used in lieu of all members, but losses can be 

minimized with statistical data regarding water content distribution. 

 

Finally, applications of response clusters are possible by basing classification on 

variables of interest besides length of water.  Possibilities are extensive.  For example, 

soils could be clustered using similar methods as those discussed above and a focus on 
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saturated and unsaturated conductivity.  Or, a subset of high clay soils could be grouped 

on cation exchange capacity.  As another example, process specific conductivity and 

water content/pressure head could be combined to create soil groupings, and these classes 

could be applied to make predictions concerning the amount of water likely to result from 

drilling into differing soils.  Many other types of groupings would also be achievable.       
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5  SUMMARY AND CONCLUSIONS 
 
 
 

Soils are complex; they exhibit a wide range of physical variations and hydrologic 

responses.  Often too few data points are available to fully capture the range of response 

for a given study or location.  Classification of soils becomes necessary to reduce 

complexity and to allow comparison among various soils.  Soil taxonomy systems in use 

around world focus on texture to group soils.  As a measure of physical variation in 

particle grain size, textures are grouped into classes, and classes are used to make 

predictions about hydrologic variables such as hydraulic conductivity or pressure 

head/water retention relationships.  The hypotheses explored in my research holds that 

more useful classification schemes will be created by starting with hydrologic response 

and applying an inverse approach to generate soil groupings.  Also, I submit that 

classification should be based on objectives and expected conditions, instead of exclusive 

focus on textural variation.  Clustering techniques can be used to group soils based on 

primary variables of interest.  Thus, classification for hydrologic purposes can be based 

directly on hydrologic responses, using the tool of cluster analysis.     

 

An important conclusion reached through this work involves the dynamic nature of soil 

groupings.  Cluster groups are based on hydrologic response and, as response is a 

function of hydrologic process, clusters differ with varying processes.  Also, focal points 

can be selected for clustering within response curves and choice of these points affects 

cluster formation.  Thus, cluster-based classifications are dependent on and unique to 
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both hydrologic processes and study objectives.  I conclude that no single best grouping 

of soils exists.  Rather, classification is most appropriate when carried out on a process 

and objective specific basis.   

 

For this study, focal points were selected for their information content.  Trial and error 

was employed to find points where soils exhibited widely differing responses.  For future 

work, a correlation matrix could be used to find focal points in the response curves with 

the highest possible levels of variation.   

 

Response clustering approaches to classification involve the researcher in the process of 

classification, thus facilitating the creation of more meaningful groupings.  If unique soil 

classes are generated for a given problem, there exists no question about why boundaries 

fall in certain locations or if groupings are appropriate for specific applications.  

Researchers can use cluster maps to see how classifications differ for a given process and 

condition, and use this knowledge to inform their research.  Therefore, comprehension of 

site-specific variability in hydrologic processes is enhanced through use of response 

clusters.   

 
 
Hydrologic information provided or augmented by analysis of response clusters includes: 

confident representation of a range of hydrologic response with a relatively small number 

of samples; identification of key measurement locations in a heterogeneous study site; 

and contribution to efforts dealing with the up scaling of point measurements to field or 
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regional scales.  The listed functions are accomplished by clustering data from a study 

site based on focal points in the response curves and then identifying a soil capable of 

characterizing each group.  Measurements taken at identified representative soils can 

capture the range response because cluster groupings are designed to split response into 

comprehensive, non-overlapping sections.  Representative soils vary for differing 

processes.  Key measurement locations can be identified by planning sensor networks to 

capture the full range of response, again utilizing representative soils.  Up scaling is 

possible through extrapolation of response cluster characteristics to similar soils outside 

of the study site.  Effective use of cluster analysis is assisted by clear study objectives and 

a high level of comprehension of hydrologic conditions for a given area of interest.       

 

Characteristics of cluster groupings express their information content.  As a part of my 

research, two hydrologic processes were modeled: drainage from saturation and 

infiltration into media at field capacity followed by drainage.  Cluster groupings were 

unique for each process; however, a number of similarities among cluster characteristics 

were observed.  For both processes, variability in clay content is more significant than 

variability in sand content, which is more important than silt content with regard to 

hydrologic response.  The exception to this hierarchy is soils with low clay content 

(≤10% for most conditions), where the shape and orientation of groups indicates that sand 

content becomes the fundamental driver of response.  Also, isolation of soils with a large 

percent composition of sand and a high level of variation in soils corresponding to the 
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USDA texture classes clay and silt loam is evident for most modeled conditions, 

indicating that these soils are of strong interest in characterizing response.   

 

Cluster groupings reflect water content patterns.  When plotted over the USDA textural 

triangle, orientation of the delineations among clusters corresponded to a high level of 

variation along the clay axis, as did the size and occurrence of clusters throughout the 

figure.  These trends were not apparent for textural groupings.  I conclude that, for 

clusters, there is a physical meaning to group orientation, size, and occurrence; for 

textures, the relationship is unclear. 

 

Silhouette plots are a measure of how well data fit into the groups to which they have 

been assigned.  Cluster score significantly better than textures on silhouette plots and 

silhouette averages.  USDA textures do especially poorly in the groups of silt loam and 

clay, the groups in which significant variations in water content were noted.  Silhouette 

plots also can be used to choose numbers of divisions.  Twelve groups were used in this 

study to allow comparison to USDA textures.  However, analysis of average silhouette 

values indicates that, for this dataset, twelve groups are preferable as compared to 

neighboring group numbers. 

 

Variation about the mean is not explicitly captured by cluster analysis.  However, RMSE 

calculations indicate that clusters perform better than textures at minimizing this measure.  
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One way to get even closer is by performing kmeans clustering with numerous, varying 

seed values and using minimized standard deviation to decide which cluster set to keep. 

 

 
I conclude that cluster analysis is a useful tool for soil classification.  Response clusters 

allow flexibility in taxonomy, where textural classification methods do not.  Also, the 

USDA and other international soil classification schemes are non-optimal due to their 

lack of stress on the soil mechanical variables that have the most effect on response.  

Response clusters provide an alternative, theoretically sound approach to classification 

with a high level of predictive capacity and a level of simplicity comparable to the USDA 

soil textural triangle or other similar classification diagrams.  
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