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ABSTRACT 

The U.S. Department of Agriculture initiated the Conservation Effects Assessment 

Project (CEAP) in 2003 to quantify water quality and wildlife benefits of conservation 

programs funded by the 2002 Farm Security and Rural Investment Act (Farm Bill).  This 

study examined past effects of various agricultural best management practices (BMPs) 

implemented in the Goodwater Creek Experimental Watershed (GCEW) and investigated 

potential strategies to target future BMPs within this 72 km
2
 watershed in northcentral 

Missouri as part of the CEAP.  Objectives of this study were to 1) quantify effects of 

BMPs on dissolved atrazine and nitrate-N loads in the GCEW, 2) predict future 

monitoring required to detect statistically significant changes in dissolved atrazine and 

nitrate-N load, 3) determine number and extent of BMP establishment required in the 

GCEW to reach detectable reductions in dissolved atrazine and nitrate-N based on BMPs 

known to be effective in this setting, 4) develop new methods to quantify and report soil 

redoximorphic features (SRFs), and 5) investigate advantages/disadvantages associated 

with development of targeted BMP strategies based on hydrologic simulations, terrain 

analyses, and quantification of SRFs. 

 

Evaluation of storm events between 1993 and 2006 showed no significant effect of BMPs 

on dissolved atrazine and nitrate-N after 14% of the GCEW had been affected by BMP 

establishment.  Approximately 20 and 4 years of post-BMP implementation monitoring 

was predicted before a statistically significant (α=0.05) 25% reduction in mean dissolved 

atrazine and nitrate-N can be demonstrated at the GCEW outlet, respectively.  Twenty 

two percent and 34% of cropped fields in the GCEW required establishment of vegetative 



2 

 

filter strips to reduce dissolved atrazine and NO3-N loads by 25% at the GCEW based on 

predictions from a hydrologic model, the Soil and Water Assessment Tool (SWAT).  

Assuming full adoption of this targeted BMP program and available funding, a minimum 

of 10 years would be required for on-the-ground implementation of this plan based on 

consultation with local conservationists in the GCEW.  However, conservationists 

indicated this BMP, while effective for improving water quality in this setting, is not 

likely to be widely adopted by landowners/farm operators due to loss of farmable acreage 

and complex, cost-share program requirements. 

 

The use of a digital camera, image classification software, and exposed soil cores allowed 

a highly accurate (99%), standardized identification of soil redoximorphic features 

(SRFs), a soil property widely used to determine soil saturation, hydrologic flow paths, 

and wetland occurrence.  Further digital image processing allowed the determination of 

representative elementary areas for Low Chroma (17.7 cm
2
) and High Chroma (25.4 cm

2
) 

SRFs, allowing for repeatable documentation of SRFs while incorporating inherent soil 

property variability into measurements. 

 

A targeted plan to implement BMPs in the GCEW will differ based on the use of a 

widely used hydrologic model (SWAT) and terrain analyses (topographic wetness index), 

identifying fields adjacent to stream as the highest risk for pollutant loss or fields along 

GCEW borders as high runoff producing areas, respectively.  This disagreement 

indicated terrain analyses such as the topographic wetness index may not accurately 

predict sensitive landscape positions when soil properties are assumed to be spatially 
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uniform and local hydraulic gradients are based on soil surfaces.  Correlation between 

SRFs and the topographic wetness index was found for one of two GCEW fields, 

indicating field soil surveys may serve as relatively quick reconnaissance methods to 

identify sensitive field areas and concentrated flow paths but additional research may be 

needed to verify these findings at their field locations.  This research highlighted the need 

for continual on-the-ground monitoring and evaluation programs that validate hydrologic 

predictions and targeting strategies so future agricultural conservation may benefit from 

past and future lessons learned. 
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CHAPTER 1 

 

GENERAL INTRODUCTION 

Continued public support for U.S. tax-payer funded programs aimed at reducing 

agricultural pollutants depends on clear demonstrations of water quality improvements.  

The Conservation Effects Assessment Project (CEAP) was begun in 2003 by the U.S. 

Department of Agriculture (USDA) in response to calls for accountability after at least 

$2.6 billion in funding had been appropriated by the 2002 Farm Security and Investment 

Act (Farm Bill) to implement various conservation practices on privately owned 

agricultural land (Duriancik et al., 2008).  The general goal of the CEAP was to increase 

documented effects of various agricultural best management practices (BMPs) on water 

quality, soil quality, and fish and wildlife in selected U.S. watersheds and predict broad 

scale benefits of Farm Bill conservation programs (Mausbach and Dedrick, 2004).  These 

goals were translated into three interconnected research efforts including synthesis of 

existing knowledge on BMP effects, watershed studies undertaken to quantify BMP 

impacts at local levels, and modeling efforts to forecast future conservation needs at 

national/regional scales.  Thirty eight watersheds locations were selected by the end of 

2008 to conduct research necessary to meet these broad goals. 

 

An interim, policy-level review of CEAP was conducted by the Soil and Water 

Conservation Society (SWCS) in 2005 to determine any needed mid-course corrections 

to research plans and expected products generated by the national research effort.  A final 

report detailing important findings of this external review was completed by the SWCS 

(2006).  A number of needed changes were presented by SWCS (2006), stressing the 
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CEAP ―must change direction to become the coherent, science-based assessment and 

evaluation system policy makers, program managers, and the conservation community 

urgently needed‖ (pg. 5, SWCS, 2006).  Notable recommendations included the need to 

rely on on-the-ground monitoring, as opposed to hydrologic modeling, to quantify effects 

of BMPs already established on agricultural landscapes.  Additionally, the SWCS (2006) 

noted the lack of future plans to fund and implement additional on-the-ground monitoring 

networks to assess future agricultural conservation was a critical missing piece of the 

CEAP.  The SWCS (2006) recommended the U.S. Congress mandate one percent of 

funding authorized to Farm Bill conservation programs (approximately $40 million) to 

future evaluation and monitoring of BMPs established in individual farm fields and 

watersheds. 

 

Also in 2005, the Goodwater Creek Experimental Watershed (GCEW) was selected as a 

research component of the CEAP.  The GCEW is a 72 km
2
 instrumented watershed 

located in northcentral Missouri and managed by the USDA Agricultural Research 

Service for water quality and cropping system research.  Water quality concerns within 

the watershed are typical of those in northern and northeastern portions of Missouri 

including high runoff potential of soil, erosion, and large relative delivery of herbicides 

and nutrients delivered from cropped field to neighboring streams (Lerch et al., 2008).  

The overall purpose of the CEAP within the GCEW was to identify interactions among 

conservation practices, biophysical settings, and socio-economic constraints in terms of 

BMP effectiveness.  The time period of BMP establishment investigated by this study 

included the early 1990‘s through mid 2000‘s.
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Specific objectives of the CEAP research within the GCEW included: 

1. Identify crop and crop management history in the watershed. 

2. Detect changes and trends in existing water quality data. 

3. Model water and contaminant fate and transport under historical land use and land 

management practices. 

4. Analyze the impacts of land use and management practices on water quality 

during the pre- and post- BMP implementation periods. 

5. Project the environmental impacts from implementing BMPs on specific 

landscape positions. 

6. Model and analyze the economic impacts from implementation of BMPs on crop 

yields and economic returns. 

7. Identify the economic and sociological factors that lead a farm manager to adopt a 

management practice. 

8. Determine the optimal types, numbers, and locations of BMPs that need to be 

implemented to achieve desirable concentrations of water quality constituents at 

the outlet of the Goodwater Creek watershed and incorporate these determinations 

in a watershed management plan. 

9. Develop an alternative optimum water quality sampling design documenting the 

improvement of water quality. 

10. Develop and distribute materials and a curriculum for training professionals in 

reaching farm operators regarding their role in reducing and controlling water 

quality degradation. 
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A multi-disciplinary team of scientists and graduate students at the University of 

Missouri were responsible for meeting these objectives.  Research presented here 

addresses objectives 2, 4, 5, and 8 stated above through five individual studies.  These 

study titles, respective dissertation chapters (in parentheses), and their formulated 

objectives are listed here. 

 

RESEARCH OBJECTIVES 

STUDY 1 (Chapter 3) 

Title:  Assessing Event-Based Watershed Transport of Atrazine and Nitrate to Evaluate 

Conservation Practice Effects and Advise Future Monitoring Strategies 

Objective 1:  To quantify effects of structural BMPs (e.g., grass waterways, terraces, 

vegetative filter strips, permanent vegetation establishment) on storm event atrazine and 

nitrate load using monitoring data collected between 1993 and 2006. 

Objective 2:  To predict future length of monitoring periods necessary to detect changes 

in dissolved atrazine and nitrate based on four hypothetical load reduction plans (e.g., 5, 

10, 20, and 25% reduction). 

Objective 3:  To identify data collection/monitoring protocol changes that may increase 

future detection power of these water quality trends in the GCEW. 

 

STUDY 2 (Chapter 4) 

Title:  Watershed-Scale BMP Targeting within the Context of Existing Monitoring Data 

and a Hydrologic Model: How Much is Implementation Enough? 



8 

 

Objective 1:  To formulate a BMP targeting scheme in the Goodwater Creek 

Experimental Watershed, Missouri U.S.A., based on minimum load reductions (25%) 

necessary to detect future improvements in dissolved atrazine and NO3
—

N, simulated 

pollutant losses, and existing knowledge of BMP effectiveness in this study area. 

Objective 2:  To visualize this BMP implementation plan on a field-by-field basis to 

better quantify human, financial, conservation policy, and monitoring considerations. 

 

STUDY 3 (Chapter 5) 

Title:  Identification and Quantification of Soil Redoximorphic Features by Digital 

Image Processing 

Objective 1:  To develop and document standardized soil redoximorphic feature 

identification by color from soil cores under controlled light conditions through 

supervised image classification. 

Objective 2:  To quantify accuracy of this image classification approach and the effects of 

moisture and post-classification image processing on selected soil redoximorphic feature 

metrics. 

 

STUDY 4 (Chapter 6) 

Title:  Determination of Representative Elementary Areas for Soil Redoximorphic 

Features Identified by Digital Image Processing 

Objective 1:  To define a representative elementary area for two soil redoximorphic 

feature types, Low Chroma and High Chroma, based on their percent occurrence, spatial 

pattern of occurrence, and location relative to adjacent pedofeatures. 
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Objective 2:  To quantify representative elementary areas for Low Chroma and High 

Chroma at six depth increments from 49 sites in two fields located in the GCEW. 

 

STUDY 5 (Chapter 7) 

Title:  Placement of Agricultural Conservation Practices using a Hydrologic Model, 

Terrain Analyses, and Soil Redoximorphic Features 

Objective 1:  To quantify correlations between simulated surface runoff, dissolved 

atrazine, and dissolved NO3
—

N and terrain analyses for 486 cropped fields in the GCEW. 

Objective 2:  To quantify correlations between soil redoximorphic features at 50 total 

locations in two cropped fields in the GCEW and terrain analyses 
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CHAPTER 2 

LITERATURE REVIEW 

 

SURFACE WATER QUALITY CONCERNS IN THE U.S. MIDWEST 

Streams and rivers hold great potential to provide important goods and services to 

humans.  Examples include water supply, food, irrigation, power generation, navigation, 

and aesthetic/cultural value.  Nevertheless, degradation of river systems is apparent 

worldwide (Reiger et al., 1989; Allan and Flecker, 1993; Gore and Shields, 1995; Nilsson 

et al., 2005).  Scientists have strongly argued the case for greater implementation of 

measures to stop or reverse surface water degradation in response to these trends (e.g., 

Allan and Benke, 2005).  The future success of improving surface water quality depends 

on a comprehensive knowledge of bio-physical processes and human interaction with 

these processes at multiple spatial (e.g., field, 1
st
 order catchment, river basin) and 

temporal scales (e.g., season, year, decades).  However, this knowledge may be more 

efficiently relied on for management decisions involving a specific watershed if it is first 

framed within the larger river system. 

 

The Upper Mississippi River Basin currently holds great interest for coordinated efforts 

among federal, state, and local stakeholders for sustainable management of economic and 

ecological services as well as improvement of water quality (O'Donnell and Galat, 2007).  

This interest is largely due to the reliance of the Midwest U.S.A. on the Upper 

Mississippi River Basin for water supply, grain production, energy production, and 

efficient transportation of agricultural and industrial commodities by commercial 
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navigation.  Forty-eight percent of the Upper Mississippi River Basin is managed for 

row-crop production, primarily corn (Zea mays L.) for grain and soybeans (Glycine max 

L.), and an additional eleven percent is managed for pastureland and/or hay production 

(USGS, 2001).  The importance of the Upper Mississippi River System is evidenced by 

U.S. congressional recognition as a nationally significant ecosystem and commercial 

navigation system in the Water Resources and Development Act of 1986. 

 

A recent assessment of water quality concerns in the Mississippi River by the National 

Research Council (2007) indicates non-point source pollutants (e.g., nutrients, sediments) 

originating from agricultural land use are the primary concern.  This assessment indicated 

the major federal mechanism for addressing surface water pollutants, the U.S. 

Environmental Protection Agency Clean Water Act of 1972, does not have sufficient 

authority to efficiently reduce primary pollutants through regulation of their origins (i.e. 

individual farm fields).  Furthermore, alteration of the Upper Mississippi River by 

channelization, construction of lock and dam structures, fragmentation of channel-

floodplain connections by levee construction, and drainage and cultivation of floodplain 

wetlands magnifies high pollutant concentrations and diminishes the possibility nutrients 

and sediments can be efficiently addressed once delivered to the main river channel.  This 

assessment pointed to the importance of U.S. Department of Agriculture (USDA) 

conservation programs, funded by the 2002 Farm Security and Rural Investment Act 

(Farm Bill), for future efforts to improve surface water quality outside the boundaries of 

the Mississippi River (i.e. agriculturally-dominated tributary watersheds). 
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The USDA has encouraged voluntary adoption of soil and water best management 

practices (BMPs) on or adjacent to agricultural land in the Upper Mississippi River Basin 

through incentive-based programs since the1985 Farm Bill.  Programs expected to be 

increasingly relied upon by producers in the near future include those which address 

―working lands‖ (Claassen, 2007).  These programs include the Environmental Quality 

Incentives Program (EQIP) and the Conservation Security Program (CSP).  Both 

programs provide technical and financial assistance for implementing BMPs that reduce 

nutrient and sediment transport offsite, management of cropping systems relative to field- 

and soil-specific conditions, and whole farm planning.  Whereas the Conservation 

Reserve Program (CRP) has been the largest USDA conservation program in terms of 

USDA funding expended to present, recent increases in commodity prices and biofuel 

production demands may alter its intended use for whole- and partial-field retirement to 

BMP implementation on working lands (Claassen, 2007; Westcott, 2007). 

 

Dominance of BMPs implemented in the Upper Mississippi River Basin and funded by 

the Farm Bill relative to all other water-quality directed efforts (O'Donnell and Galat, 

2007) indicate USDA programs provide the best opportunity to effectively reduce non-

point source pollution to the Upper Mississippi River.  At regional and local levels, a 

successful and efficient plan to reverse water quality impairments due to agriculture may 

be accomplished through 1) an understanding of important physical processes responsible 

for pollutant losses, 2) realistic expectations when assessing impacts of past agricultural 

conservation practices at watershed scales, and 3) developing targeting strategies that 

identify sensitive watersheds, fields, and field areas where pollutant loss may be greatest. 
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CLAYPAN SOILS, HYDROLOGY, AND POLLUTANT TRANSPORT 

The Goodwater Creek Experimental Watershed (GCEW) is a 72 km
2
 watershed located 

in the Upper Mississippi River Basin and included in U.S. research efforts to quantify 

effects of past BMP implementation and formulate new targeting strategies to reduce 

agricultural non-point source pollution.  The GCEW contains soils having a well 

expressed and abrupt argillic horizon, referred to as a claypan.  A claypan is a very 

slowly permeable, subsurface soil horizon having an abrupt textural change of greater 

than 100% increase in clay content between horizons, usually occurring at the first 

argillic horizon (Myers et al., 2007).  Soils meeting these requirements and located in the 

GCEW include Putnam (fine, smectitic, mesic Vertic Albaqualfs), Adco (fine, smectitic, 

mesic Vertic Albaqualfs), and Mexico (fine, smectitic, mesic Vertic Epiaqualfs) soil 

series.  Other associated soils that share similar physical and morphologic properties 

include Leonard (fine, smectitic, mesic Vertic Epiaqualfs) and Armstrong (fine, smectitic, 

mesic Aquertic Hapludalfs).  Additional physical properties of volume changes due to 

changing water content (Baer and Anderson, 1997), saturated hydraulic conductivity of 

the claypan two to three orders of magnitude less than overlying soil horizons (Blanco-

Canqui et al., 2002), and variable depth to the claypan across landscapes (Doolittle et al., 

1994; Udawatta et al., 2004; Jiang et al., 2007) make this watershed and associated soils 

unique from a hydrologic viewpoint. 

 

Early research of response of claypan soils to precipitation indicated lateral flow of soil 

water below the soil surface is an important component of total water yield, especially 
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during periods of high antecedent soil moisture conditions when no vegetative cover is 

present (Minshall and Jamison, 1965; Jamison and Peters, 1967).  These initial studies 

also pointed to the presence of perched water tables due to saturation of soil above the 

claypan, interactions among landscape positions, depth to claypan, soil moisture, and 

greater runoff from flatter, saturated landscape positions compared to highly sloping 

areas (Minshall and Jamison, 1965; Jamison and Peters, 1967).  Later studies examining 

the effect of tillage for corn grain production on runoff from plots containing a claypan 

soil showed the 24-year accumulated runoff (1954-1977) from conventional-tilled plots 

was 13% greater than from conservation-tilled plots.  Greatest differences between tillage 

types was observed during ―wet‖ years (Burwell and Kramer, 1983).  However, an 

additional study of plots receiving no-tillage without cover crops (e.g., rye or winter 

wheat) indicated runoff was greatest over six years (1971-1976) compared to 

conservation- and conventional-tillage (Wendt and Burwell, 1985).  While not measured 

by the authors, Wendt and Burwell (1985) indicated greater infiltration rates induced by 

tillage may have caused less runoff compared to no-tillage where larger antecedent 

moisture conditions and less surface porosity may have existed.  These findings are 

notable given the general acceptance of no-tillage as an effective tool for soil 

conservation and improved water quality (Schnepf and Cox, 2007) and increased 

adoption in the GCEW (Bockhold et al., 2006). 

 

Contributions of overland flow and lateral flow to storm discharge from two claypan 

watersheds in north-central Missouri during four storm events (1998) were documented 

by Schmitt (1999).  Subsurface flow was the dominant contributor to storm flow for a 70 
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ha watershed enrolled in CRP for three events while surface flow was the dominant 

contributor during all events in a 21 ha watershed planted in a corn-soybean crop 

rotation.  Results from this study also indicated overland runoff producing portions (i.e., 

variable source areas) of the landscape are spatially and temporally variable and may be 

affected by plant cover-type (Schmitt, 1999).  Finally, a study of in-situ saturated 

hydraulic conductivity of claypan monoliths by Blanco-Canqui et al. (2002) indicated 

98.5% of water applied to the upper portion of a saturated pasture soil moved laterally 

above the claypan after 48 hours. 

 

Few studies exist that examine pollutant pathways in claypan watersheds.  A study of 

nitrogen pathways (NO3
-
, NH3, and NH4

+
) during 16 months (May 1992 - August 1993) 

in one 0.04 ha cropped field located in the GCEW indicated losses by runoff (1.3%), 

lateral flow (2%), groundwater (30%), and grain harvest (27.3%) (Blevins et al., 1996).  

Five percent of nitrogen remained in the soil and the remaining portions were 

hypothesized to be lost by denitrification and volatization (Blevins et al., 1996).  The 

authors noted effective management practices between November and April would be 

needed (e.g., winter cover crops) to extract available nitrogen present in saturated soils.  

However, this study was limited to one small field, a short time-period, and one portion 

of the GCEW (e.g., watershed divide) where groundwater recharge may dominate as 

opposed to transport to streams through overland flow and lateral flow in other watershed 

areas.  An examination of nitrogen (NO3
-
) and herbicide (atrazine, alachlor, cyanazine, 

metolachlor, and metribuzin) concentrations in northern Missouri and southern Iowa 

streams during 1994-1995 indicated hydrologic pathways may be more responsible for 
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concentrations as opposed to cropping acreage in watersheds (Blanchard and Lerch, 

2000).  This study indicated watersheds containing claypan soils may preferentially 

transport herbicides in surface runoff compared to watersheds containing soils formed in 

deep loess and more permeable subsoils due to greater contribution of surface runoff to 

stream discharge.  Blanchard and Lerch (2000) and Lerch and Blanchard (2003) indicated 

hydrologic pathways as well as interaction of pollutant chemistry, time of application, 

and climate are important considerations in timing and modes of nitrogen and herbicide 

losses to streams.  A paired watershed study conducted to determine effects of two BMPs 

strategies on runoff and pollutants (sediment, nitrogen, and phosphorus) demonstrated 

significant reductions at watershed outlets compared to an untreated watershed (Udawatta 

et al., 2002; Udawatta et al., 2004).  These studies did not determine origin of pollutants 

within study watersheds but did hypothesize total phosphorus losses are affected by depth 

to the claypan and importance of overland flow versus lateral flow (Udawatta et al., 

2004).  Finally, quantification of vertical solute movement (bromide, atrazine, alachlor) 

in claypan soils under differing water contents was undertaken by Kazemi et al. (2008).  

Vertical movement of solutes in initial dry plots (75 days of no rain) was approximately 

0.15 m deeper than movement of solutes in wet plots (75 days exposed to rainfall) 

suggesting preferential transport along vertical shrinkage cracks occurred (Kazemi et al., 

2008).  These results indicate that while surface runoff and lateral soil water flow are 

suspected as dominant pollutant loss pathways, antecedent soil moisture conditions are an 

important consideration for addition vertical movement of applied agrichemicals. 
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ASSESSING IMPACTS OF BMPS AT WATERSHED SCALES 

Review of past research aimed at quantifying impacts of structural BMPs implemented 

on the terrestrial landscape indicate little evidence of beneficial effects has been detected 

at watershed scales.  In the U.S. Midwest, multiple studies have chosen to monitor 

streamflow, dissolved nutrients, total dissolved solids, sediment, herbicides, physical 

habitat, and stream organisms in attempts to show detectable trends during and after BMP 

implementation.  A comprehensive review of BMP adoption, implementation, and 

monitoring in 131 Wisconsin priority watersheds by Wolf (1995) demonstrated the many 

difficulties in demonstrating success of targeted BMP plans.  At the time of this study, 

monitoring studies conducted in 20 watersheds indicated no effects on water quality had 

been observed at watershed scales for all watersheds (Wolf, 1995).  While small scale, 

stream reach studies had indicated localized effects of agricultural BMPs on selected 

water chemistry and biotic variables, the inability to show effects at broad scales was 

likely caused by a lack a pre-BMP establishment monitoring (e.g., baseline), time lags in 

BMP effects, weather effects, and limited establishment relative to predicted 

establishment necessary to significantly change water quality (Wolf, 1995).  Furthermore, 

monitoring networks were not designed to quantify individual effects of the variety of 

BMP types implemented in Wisconsin watersheds, prohibiting the ability to identify the 

most effective means to improve specific water quality constituents.  This study 

highlighted challenges associated with watershed-scale efforts to document BMP effects 

that would be reiterated in similar studies throughout the U.S. Midwest. 
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A preliminary evaluation of BMP effects in the Black Earth Creek Watershed, Wisconsin 

by Walker and Graczyk (1993) three years after BMP implementation indicated both 

effects and non-effects within the study area.  A 14.0 km
2
 catchment within the Black 

Earth Creek Watershed experienced no significant changes (α=0.05) in streamflow 

suspended sediments, total phosphorus, and ammonia-N.  However, another 27.2 km
2
 

watershed did demonstrate significant reductions in suspended sediment and ammonia-N 

(Walker and Graczyk, 1993).  Follow up monitoring in this watershed five years post 

BMP implementation showed similar mixed results for catchments within the watershed 

(Graczyk et al., 2003).  However, water quality monitoring did not quantify individual 

effects of four differing cropland BMPs, one streambank BMP, or one barn yard BMP 

implemented in this watershed.  Monitoring of physical stream habitat, water 

temperature, and fish communities by Wang et al. (2002) showed a combination of 

upland agricultural BMPs combined with riparian revegetation may be required to 

improve stream biological communities in Wisconsin as opposed to upland agricultural 

BMPs or riparian revegetation only.  Later studies by Wang et al. (2006) in additional 

Wisconsin watersheds showed combinations of agricultural BMPs and riparian 

management did not affect biological communities following 13 years of monitoring.  

Wang et al. (2006) hypothesized that broad-scale watershed effects (e.g., past land use 

effects) may mask finer-scale catchment effects of BMPs, decreasing the ability of 

watershed monitoring networks to definitely demonstrate BMP success. 

 

The initial effects of establishing perennial vegetation on streamflow nitrate and atrazine 

concentrations was determined by Schilling and Thompson (2000) for the Walnut Creek 
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Watershed, Iowa.  Following conversion of 13.4% of the Walnut Creek cropland area to 

native prairie and establishment of additional nutrient and herbicide BMPs on 6% of 

cropland area, three years of monitoring indicated no change in atrazine or nitrate 

concentrations occurred.  Possible explanations for not detecting BMP effects included 

more monitoring time required to detect effects, watershed size (5,216 ha) was too large, 

BMPs were not targeted to the most sensitive watershed locations, and the water quality 

monitoring network was not optimally designed to detect effects (Schilling and 

Thompson, 2000).  Follow up analysis of nitrate concentrations after 10 years of 

monitoring had been completed for the Walnut Creek Watershed showed a ≤1.25% 

reduction in annual mean nitrate concentration after a total of 25.4% of the watershed 

area had been converted from cropland to native prairie (Schilling and Spooner, 2006b).  

This small change in nitrate concentration indicated long time periods were needed to 

detect effects of relatively large land use changes within agricultural watersheds.  This 

study also indicated that detection of beneficial water quality effects after BMP 

establishment was much easier in smaller subwatersheds within the Walnut Creek 

Watershed, conversion of cropland to perennial vegetation will likely be needed to 

address agricultural non-point source pollution, and several decades of monitoring will 

likely be required to detect water quality changes in larger watersheds (Schilling and 

Spooner, 2006a). 

 

Fields et al. (2005) quantified effects of agricultural BMPs on fecal coliform streamflow 

turbidity, suspended sediment, and nitrate+nitrite-N for the Sny Magill Watershed, Iowa.  

The primary objective of BMP implementation in this 9,218 ha watershed was to 
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decrease sediment delivery to streams by 50%, followed by additional objectives of 

reducing manure runoff effects on streams and increased BMP adoption by landowners.  

Following 81% landowner participation in establishing various BMPs (e.g., terraces, 

underground outlets, field borders), 10 years of monitoring indicated the primary 

objective of this watershed BMP plan was partially met.  Turbidity was significantly 

(α=0.05) reduced at two of three monitoring stations.  While no overall changes to fecal 

coliform were observed, significant increases in nitrate+nitrite-N were observed (Fields 

et al., 2005).  Increasing trends in nitrate+nitrite-N were attributable to unintended effects 

of BMPs designed to reduce sediment delivery to stream (e.g., terraces drained by 

underground outlets), providing a short-circuit path for dissolved nutrients to enter 

streams.  Lessons learned from this study included choice of BMPs should match stated 

objectives and not result in greater water quality impairment, lag time between BMP 

effects and detectable changes may extend from several years to decades, and a forward 

flexible monitoring strategy at the outset of a BMP evaluation project may be required to 

successfully demonstrate BMP effects (Fields et al., 2005) 

 

While the previous review of watershed-scale monitoring studies suggests difficulty in 

these evaluations due to complex interactions between humans and biophysical processes 

responsible for downstream water quality, it should be noted that flaws of a monitoring 

plan can also result in the inability to demonstrate water quality trends due to BMPs.  

Articulating quantitative objectives that clearly identify the source of the problem 

associated with water quality impairment and targeted by BMP implementation is greatly 

needed to guide monitoring from its initial planning stages but is often missing, 
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misguided, or not used at all (Maher et al., 1994).  No consideration of long term costs of 

monitoring upfront threatens to result in incomplete or sporadic data sets that cannot 

adequately assess water quality trends or answer questions of BMP effectiveness 

(Caughlan and Oakley, 2001; Feyereisen et al., 2008).  Built-in flexibility of monitoring 

networks should be incorporated into data collection plans early on to prioritize key 

variables and enable additional variables to be collected as budgets fluctuate (Stroble and 

Robillard, 2008).  Finally, multiple sources of error and uncertainty that originate from 

streamflow and water quality sampling should be quantified/estimated to guide 

appropriate expectations when documenting trends in water quality constituents and 

assigning reasons for observed changes due to BMPs or land use changes (Harmel et al., 

2006). 

 

TARGETING OF BMP PROGRAMS 

The concept of targeting in soil and water conservation is based on the theory that 

selected areas of a watershed are more prone to transport of non-point source pollutants 

offsite during selected time periods (Walter et al., 2007).  This theory is based on 

observed variability of hydrologic and chemical processes occurring across a landscape 

due to the interaction of biologic, climatic, topographic, soil, and human management 

effects (McClain et al., 2003).  Therefore, application of specific BMPs in hydrologically 

sensitive areas is expected to experience the greatest environmental benefit to cost ratio 

for a given budget.  These environmental benefits may be maintaining or meeting 

regulatory standards for surface waters, improved soil quality, increased wildlife habitat, 

better health of aquatic communities, or ensuring public safety.  A BMP may deliver one 
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or multiple environmental benefits to varying degrees dependent on the specific measure 

implemented, location, and timing.  Potential environmental effects of BMPs 

implemented in agricultural watersheds must also be viewed in context of economic 

impacts to cropping systems and local attitudes.  While targeting is not a new concept or 

goal of USDA BMP programs, the dynamic nature of environmental, economic, and 

social factors continue to present many obstacles to those who advocate these strategies. 

 

The initiation of targeting in federal BMP programs may be viewed as creation and use of 

the Environmental Benefits Index (EBI) by the CRP beginning in 1990.  The EBI is a 

ranking mechanism to select a subset of parcels offered for enrollment in CRP.  Each 

land parcel is assigned a score based on its predicted benefits to water quality, soil 

erosion, and wildlife habitat as well as the cost of enrolling that parcel of land (FSA, 

1999).  Rankings of land parcels based on EBI scores are used to identify land parcels 

which will be offered contracts for a specific signup period due to expected greater 

environmental benefit to cost ratios relative to remaining land offers.  A review of the 

EBI by Ribaudo et al. (2001) pointed to numerous shortcomings including lack of 

quantifiable objectives guiding the scoring methodology, not incorporating the entire 

ecosystem, and no definitive linkage between larger EBI scores and greater 

environmental benefits demonstrated by existing monitoring.  A noteworthy progression 

in federal BMP targeting was the initiation of the Conservation Reserve Enhancement 

Program (CREP) in 1996.  The CREP is a federal-state partnership to identify priority 

river basins for improvement of water quality, to develop quantified program objectives, 

and to formulate specific strategies to achieve objectives.  However, recent assessments 



24 

 

of CREP in the Upper Mississippi River Basin indicate targeting strategies may not be 

cost-effective in meeting objectives due to a first-come-first-serve enrollment process, 

lack of watershed-specific eligibility criteria, and little flexibility in program 

implementation strategies to effectively address variable sources of water quality 

impairment (Khanna et al., 2003; Yang et al., 2005a; Yang et al., 2005b; O'Donnell et 

al., 2008).  Furthermore, monitoring plans necessary to assess CREP effects have not 

been formulated prior to program initiation (Allen, 2005) and quantified objectives are 

unlikely to be demonstrated due to variability of water quality constituents (Richards and 

Grabow, 2003). 

 

Additional targeting of federal BMP programs at the watershed-scale has been 

implemented in recent years (e.g., CSP) and are proposed as a component of new 

agricultural conservation programs funded by the 2008 Farm Bill (e.g., Regional Water 

Enhancement Program; see USDA, 2007).  However, little is currently known about 

effects of past watershed-scale effects of BMP implementation or trends because water-

quality/biologic indicators have been inconsistent (Wolf, 1995; Schilling and Thompson, 

2000; Wang et al., 2002; Fields et al., 2005; Wang et al., 2006). This lack of knowledge 

prohibits the ability of current and future programs to adapt implementation strategies.  A 

continuance of top-down approaches to water-quality improvement in the Upper 

Mississippi River Basin seems less likely to be successful and definitively demonstrated 

compared to a bottom-up approach that better incorporates local knowledge, scientists, 

land owners, agricultural producers, and private industry (Kenney, 1997; Schnepf, 2000; 

EPA, 2005; Curtis et al., 2005; Reeve et al., 2006; Rogers, 2006).  Therefore, a review of 
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targeting strategies that span data and time requirements, required skill sets of users, and 

flexibility in approaches may be useful to local conservationists and watershed managers 

wishing for guidance on approaches that are most appropriate for particular watershed 

settings. 

 

Soil and Water Assessment Tool (SWAT) 

Hydrologic modeling currently plays an important role in evaluating past efforts to 

improve water quality and formulating alternate, future strategies.  The Soil and Water 

Assessment Tool (SWAT) is one model currently used by the U.S. Department of 

Agriculture to evaluate Farm Bill conservation programs whose goal is to improve water 

quality and enhance wildlife habitat.  A review of SWAT development and equations has 

been presented by Arnold et al. (1998), Arnold and Fohrer (2005), and Gassman et al. 

(2007).  The SWAT model is based on a daily-time step, water balance equation that 

accounts for plant available water content, precipitation, runoff, evapotranspiration, 

percolation, and return flow.  Important equations used by SWAT include the Soil 

Conservation Service Curve Number (CN) rainfall-runoff prediction, a kinematic storage 

model for lateral flow, a linear storage equation for percolation rates, Penman-Monteith 

and Hargreaves equations for evapotranspiration, and the Modified Universal Soil Loss 

Equation (Arnold et al., 1998).  Nitrogen losses from soil are predicted separately for 

NO3-N, organic N, and nitrous oxide by surface runoff, lateral flow, percolation, return 

flow, volatilization, and denitrification.  Phosphorus losses are predicted separately for 

soluble, organic, and labile forms in runoff based on partitioning between forms.  
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Pesticide loss is predicted by adsorption and degradation in soil as well as degradation 

and transport in surface runoff and lateral flow. 

 

The SWAT model may be described as a semi-distributed, deterministic hydrologic 

model whose development has been focused on predictions of agricultural management 

on water quality (Arnold et al., 1998).  Since its initial development, SWAT has received 

significant attention from hydrologists and policy makers, motivating continual 

improvement and revision of equations used as well as inclusion of additional 

parameters.  Arnold and Fohrer (2005) discuss its current capabilities and forecast its 

future improvements.  Improvements have included representation of urban environments 

and processes, inclusion of the Green and Ampt Equation for runoff-infiltration 

prediction, and use of GIS for model parameter management.  Increased attention and 

model refinement are ongoing and include bacterial components of water quality, riparian 

zone processes, perched water tables, pothole topography, channel dynamics, and 

inclusion of field-scale model predictions in SWAT algorithms (Arnold and Fohrer, 

2005).  Any conclusion based on model output should be viewed within the context of the 

equations and respective assumptions used by this model. 

 

Clear documentation of SWAT model development for a particular watershed, 

calibration, and application is needed from model users so that implications from 

predictions are clearly understood.  A standardized protocol should be used to meet the 

above mentioned conditions.  Santhi et al. (2001) provided a standardized approach to 

calibrating the SWAT model for a large watershed where non-point source pollution 
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predictions were made.  An iterative approach to adjusting model parameters important to 

surface hydrology, sediment loss, and nutrient parameters, calculating the Nash-Sutcliffe 

Efficiency parameter (NSE) and the coefficient of determination (r
2
), and applying 

decision rules was documented.  This study was useful for suggesting a standardized 

protocol and measures which models could be evaluated.  Later, White and Chaubey 

(2005) reviewed calibration protocols from a number of authors and provided parameters 

most often chosen for calibration of model predictions.  The range in NSE and r
2
 values 

for model predictions and time scales (e.g., annual, monthly, and daily) reported by 

White and Chaubey (2005) also provided a look at the potential accuracy expected for 

SWAT when applied to large watersheds. 

 

More recently, Engel et al. (2007) documented a more holistic approach to development 

of hydrologic models in response to the need for one standard protocol and avoidance of 

investigator bias.  Components of this approach included a quality assurance/quality 

control plan, clear statement of study purpose and objectives, development of hypotheses, 

model sensitivity analysis, model representation issues (e.g, best management practices), 

model calibration, and results interpretation.  Engel et al. (2007) stressed extensive 

documentation at all stages and revised iterative procedures presented by Santhi et al. 

(2001).  More recent guidelines for documenting model accuracy and categorizing 

goodness-of-fit statistics were presented by Moriasi et al. (2007).  Using published 

information on error and uncertainty inherent in streamflow and water quality 

monitoring, ranges of NSE, percent bias (PBIAS), and the ratio of the root mean square 

error to the observation standard deviation (RSR) corresponding to model accuracy 
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categories (e.g., very good, satisfactory, unsatisfactory) were documented.  Suggested 

guidance for SWAT model evaluation allows standardized communication of results 

among an ever expanding number of hydrologists, modelers, engineers, and policy 

makers now using SWAT to shape administration of agricultural conservation programs.  

Any use of SWAT for these purposes should follow standardized procedures 

recommended above so the foundation of targeted BMP plans based on SWAT 

predictions are transparent and subject to improvement as more data becomes available 

and peer-review. 

 

The initial setup of the SWAT model may play an important role in the predictions made 

and should be considered prior to simulations.  Bingner et al (1997) investigated the 

effects of subbasin delineation for a 21.3 km
2
 watershed in Mississippi on predicted 

streamflow and sediment yield.  Increasing the number of subbasins from 47 to 986 for 

this watershed increased predicted sediment yield at the watershed outlet.  Reasons for 

this increase included the sensitivity of slope determinations to number of subbasins.  

Manguerra and Engel (1998) provided a comparison of three different subbasin 

delineation schemes for a 113.4 km
2
 watershed in Indiana: no subbasins, subbasin 

delineation, and grid delineation.  Results indicated that subbasin delineations did not 

significantly differ based on predicted streamflow.  These results indicated that 

delineation of hydrologic response units (HRUs) may be more critical.  Avoidance of 

delineated HRUs that are hydrologically connected may be necessary because SWAT 

does not spatially represent HRUs (Manguerra and Engel, 1998).  These results indicate 
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multiple subbasin delineations should be investigated during model development for 

possible effects on predictions. 

 

Quality as well as spatial and temporal variability of data used for parameterization of the 

SWAT is critical in interpreting results of any effort to predict BMP effects.  Wang and 

Meleese (2005) investigated effects of differing spatial resolution of soil occurrence data 

and respective properties (e.g., USDA STATSGO versus SSURGO) for a 51,500 ha 

watershed in North Dakota.  Results indicated that at the watershed outlet, differences in 

predicted streamflow were negligible for two sets of soil data.  Broader-scale soils data 

(STATSGO) predicted small flows better but finer scale data (SSURGO) were 

recommended based on prediction agreement with observed streamflow for varying 

watershed sizes.  Chaplot (2005) varied the mesh-size of digital elevation model (DEM) 

data to determine effects on predicted streamflow, nitrate, and sediment yields from a 

21.8 km
2
 watershed in Iowa.  The size of DEMs used varied from 20m to 500m.  

Surprisingly, finer-scale DEMs (e.g., <50m) produced greater error in predictions for 

nitrate compared to moderate sized DEMs (e.g., 60-90m).  Predicted sediment losses 

showed greatest errors above 90m DEM sizes (Chaplot, 2005).  Chaplot et al. (2005) also 

investigated increasing rain gage data (1 to 15 gages per watershed) on predicted 

streamflow, nitrate, and sediment for a 51 km
2
 watershed in Iowa and a 918 km

2
 

watershed in Texas.  In both watersheds, nitrate was not found to differ significantly 

based on varying rain gage densities.  However, sediment prediction errors were greatest 

at low rain gage densities.  Maximum input of rainfall data into SWAT was 

recommended for sediment predictions in medium to large watersheds.  A thorough 
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review and consideration of these model setup and data quality issues related to SWAT 

predictions is necessary prior to model development and application for BMP predictions. 

 

After determining what BMPs might be of interest to a researcher developing a SWAT 

model, the representation of BMPs by individual parameters should be considered.  Arabi 

et al. (2006) provide an account of how differing structural BMPs might be represented 

within the SWAT model.  This study predicted BMP effects on streamflow, runoff, 

suspended solids, total phosphorus, and total nitrogen for two watersheds (623 and 730 

ha) in Indiana.  Structural BMPs represented in SWAT models included field buffers, 

terraces, grass waterways, and grade stabilization structures.  Because only one of these 

BMP structures can be directly defined within SWAT (e.g., field buffers), Arabi et al. 

(2006) listed additional parameters important to surface topography, hydrology, sediment 

loss, and channel roughness/erodibility were adjusted.  Following this study, a more 

comprehensive review of the representation of ten common agricultural BMPs in SWAT 

was presented by Arabi et al. (2008).  Agricultural BMPs investigated included contour 

farming, strip-cropping, parallel terraces, cover crops, residue management, field borders, 

filter strips, grass waterways, lined waterways, and grade stabilization structures.  

Parameters in the SWAT model important to hydrologic and physical processes affected 

by each BMP were selected and a sensitivity analysis was performed using a 7.3 km
2
 

watershed in Indiana.  Predictions of streamflow, sediments, nutrients, and herbicides 

were sensitive to the CN.  Other important SWAT parameters that affected predictions 

included those representing baseflow, channel roughness, soil evapotranspiration, soil 
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erodibility, soil available water capacity, fraction of nutrients represented by organic 

forms, and width of filter strips (Arabi et al., 2008). 

 

These studies illustrate the data requirements, assumptions of predictions, considerations 

during model setup, and abilities/disadvantages of using SWAT to represent BMP effects 

in a watershed.  These considerations at the beginning of a targeted BMP plan will dictate 

what structural BMP scenarios can and cannot be investigated for a particular water 

quality improvement strategy and watershed setting using SWAT.  Potential users of this 

hydrologic model should be aware of the necessary time requirements for employing this 

watershed planning tool relative to decision making schedules. 

 

Topographic Wetness Index 

Targeted BMP approaches developed for use in the U.S. Midwest have included the 

calculation of a topographic wetness index (TWI) and identification of watershed areas 

with high index values.  The TWI is a prediction of relative soil saturation based on 

accumulation of water from upslope areas (Beven and Kirkby, 1979).  In this index, 

accumulation of soil moisture is predicted to occur based on near-surface water 

movement downslope through the soil profile (i.e., lateral flow).  The TWI was derived to 

better predict the initiation of surface runoff due to the inability of rain to infiltrate into 

saturated soil (i.e., variable source areas), a process widely observed in humid portions of 

the world (Dunne et al., 1975).  Therefore, large index values may also represent 

landscape areas more prone to pollutant transfer offsite during storm events due to high 

probability of surface runoff and accumulation of lateral flow.  This prediction was 
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originally intended to be used within a watershed scale hydrologic model (TOPMODEL) 

to better represent variable source area hydrology as opposed to infiltration excess runoff 

processes occurring across the complete watershed surface. 

 

The TWI is calculated by:

tan
ln

SCA
TWI  

(1)

where SCA is the specific catchment area (m
2
/m) and β is the slope in degrees.  The 

calculation of the TWI only requires an elevation data set such as a geographic 

information system (GIS) digital elevation model (DEM).  A review of this calculation 

indicates predicted soil wetness and runoff producing areas are controlled by topography 

only.  As a result, this simplified prediction is based on at least seven assumptions and 

limitations summarized by Wilson and Gallant (2000).  The TWI assumes steady-state 

downslope subsurface discharge is the product of average recharge and SCA only. 

Additionally, the local hydraulic gradient is approximated by local surface slope and 

saturated hydraulic conductivity is an exponential function of soil depth.  Other 

assumptions include spatially uniform soil properties across a watershed of interest, 

locations in a watershed with the same TWI value will also have the same relationship 

between local water table depth and mean water table depth in the watershed.  Finally, 

this calculation assumes points in a watershed with the same TWI value will have similar 

hydrologic responses to similar hydrologic inputs.  Nevertheless, the ease of its 
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calculation has motivated its widespread use by hydrologists, soil scientists, ecologists, 

and other disciplines to explain broad-scale landscape patterns. 

 

Burt and Butcher (1985) investigated the ability of the TWI to explain measured soil 

moisture at 36 locations in a 1.4 ha hillslope in the United Kingdom.  Examination of 

correlation coefficients for four dates indicates ≤41% of soil moisture variability is 

explained by the TWI alone.  Burt and Butcher (1985) concluded that the TWI may easily 

over- and under-estimate soil moisture at any given point along a hillslope and additional 

factors including soil depth and slope convexity/concavity should be considered by 

terrain analyses.  The prediction of soil properties including A horizon thickness, 

phosphorus, percent organic matter, pH, percent silt, and percent sand using the TWI and 

additional terrain measures (e.g., slope, USLE length-slope factor, profile curvature) was 

attempted by Moore et al. (1993).  A total of 231 soil measurement locations from a 5.4 

ha hillslope in Colorado, USA were used in correlations and indicated variability of soil 

properties accounted for by the TWI ranged from 6% to 37%.  Further use of stepwise 

regression techniques to predict soil properties indicated the TWI was retained in 5 of 6 

linear regressions.  Only equations predicting soil pH did not include TWI as a predictor 

variable (Moore et al., 1993).  Additional prediction of soil properties in a 2 ha California 

hillslope using terrain analyses including the TWI was presented by Gessler et al. (2000).  

Linear regression indicated the TWI alone accounted for greater than 70% of A horizon 

depth, soil depth, and mass of carbon variability. 
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Correlations between the TWI derived from a 4 m DEM and soil moisture recorded at 

over 100 locations in a southern Ohio forest over two years was investigated by Iverson 

et al. (2004).  A mean of 5% of soil moisture variability was accounted for by the TWI 

during this study (Iverson et al., 2004).  A comparison of the TWI with saturated areas 

located in two German watersheds (18 km
2
 and 40 km

2
) was documented by Günter et al. 

(2004).  Saturated areas were delineated by field surveys of soil morphologic properties 

indicating prolonged saturation as well as plant species requiring wet conditions.  

Spearman rank correlations indicated less than 30% of saturated area variability was 

accounted for by the TWI.  A review of these studies indicates the TWI alone may be 

useful for prediction of selected soil properties but poorly accounts for relative soil 

wetness.  Nevertheless, the TWI has been incorporated into various watershed and field 

scale BMP targeting plans. 

 

An example of the formulation of BMP targeting strategies using the TWI was 

documented by Tomer et al. (2003).  In this study, the topographic wetness index was 

calculated from a 30 m DEM for a 20,000 ha Iowa watershed.  Threshold index values 

adjacent to a defined stream network were identified as locations eligible for BMP 

implementation to reduce non-point source pollution transport to streams.  This study 

highlighted the ease at which the topographic wetness index can be calculated, used to 

produce maps predicting soil wetness, and relied on for soil and water management 

decisions.  However, validation of large TWI watershed areas was not accomplished 

through soil moisture monitoring.  Instead, local conservationists visited watershed sites 

and through discussions agreed the TWI was a useful planning tool for water quality 
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improvement (Tomer et al., 2003).  Agreement between threshold values of the TWI and 

soil conservation classifications were also assessed by Tomer and James (2004) for two 

Iowa watersheds (64,000 ha and 78,000 ha).  Eighty percent agreement between TWI>12 

and hydric soils existed for one watershed; whereas <69% agreement between any TWI 

value existed for the other watershed.  Results indicated terrain analyses such at the TWI 

can target BMPs in a watershed (Tomer and James, 2004). 

 

More recently, the TWI has been used to target BMPs at field scales.  Pike et al. (2009) 

relied on field elevation surveys to create a 4 m DEM for 5 fields located in Kentucky.  

Visual assessments of soil erosion and field areas that may require establishment of grass 

waterways was completed for fields, followed by calculation of terrain analyses including 

the TWI.  A logistic regression approach was used to predict placement of grass 

waterways on fields using terrain analyses, then compared to visual assessment to 

determine accuracy.  While general location of grass waterways was predicted by logistic 

regressions, ≥25% misclassification of cells occurred for 3 of 5 fields.  While this 

approached was deemed useful by Pike et al. (2009), these authors stressed the 

importance of further evaluations and confirmation by field planners. 

 

While the study by Pike et al. (2009) represents the first examination of using terrain 

analyses, including the TWI, to accurately locate field areas for BMP establishment, 

studies continue to explain less than half of measured soil moisture variability due the 

TWI (Grayson and Western, 2001) and the TWI is increasingly presented as a useful 

method for BMP placement (Tomer et al., 2009).  As watershed planners consider 
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methods to improve water quality and maximize benefit/cost ratios of BMPs, terrain 

analyses such as the TWI may be a welcome tool because of its ease of use and low 

requirement for data inputs (e.g., DEM).  However, local planners interested in locating 

variable source areas due to soil wetness may find this topographic index does not fully 

account for dynamic soil, land use, and hydrologic processes responsible for pollutant 

losses in a watershed. 

 

Soil Redoximorphic Features 

Soil redoximorphic features (SRFs) are micro- and macro-morphological features within 

soil profiles and landscapes that are associated with particular soil moisture regimes.  The 

presence of SRFs indicates chemical reduction of iron and manganese bearing minerals 

by microbes due to anaerobic conditions.  Anaerobic conditions within soil horizons are 

initiated by accumulation of water as well as fluctuating water tables.  Examples of SRFs 

include mottling of soil colors (e.g., prominent concentrations and depletions of iron 

within a soil horizon as evidenced by orange/red and grey colors, respectively) and a 

gleyed (e.g., drab grey) soil matrix.  Past use of soil redoximorphic features in 

determining hydrology, seasonal water tables, perched water tables, wetland delineation, 

septic system design needs, and subsurface water movement is well documented 

(Veneman et al., 1998).  The examination of SRFs allows a long-term assessment of soil 

moisture regimes in the absence of costly monitoring efforts.  Additionally, SRFs are 

currently used as hydric soil indicators for determining U.S. legal designations of 

wetlands (Blume and Schlicting, 1985; Mausbach and Parker, 2001; NRCS, 2006).  Their 

abundance at particular soil depths and landscape positions can be used to indicate the 
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probability of soil saturation and therefore, runoff producing areas of fields and 

watershed due to saturation excess hydrologic processes. 

 

Qualitative SRF descriptions or general measures of soil depths at which SRFs appear 

has often been relied on for inferring elevated and perched water table depths.  

Franzmeier et al. (1983) documented a soil matrix Munsell Chroma ≤2 was indicative of 

horizons that were saturated for much of the year for selected Indiana soils.  Additional 

observations of soil colors indicated Munsell Chroma 3 was exhibited by horizons often 

saturated while a soil matrix Munsell Chroma of ≥5 was exhibited by horizons seldom or 

never saturated (Franzmeier et al., 1983).  Further examination of soil colors and SRFs 

indicative of saturated conditions by Vepraskas and Wilding (1983) indicated availability 

of Fe and organic matter was an important consideration for selected Texas soils.  

Saturated, reduced conditions were measured at selected soil depths and corresponded to 

a Matrix Chroma of 2 or 3, suggesting one soil color criteria for determining soil 

saturation and aquic moisture conditions was not sufficient (Vepraskas and Wilding, 

1983).  Observations of SRFs in both undrained and artificially drained Iowa soils by 

James and Fenton (1993) indicated present soil morphology was similar between 

toposequences.  Measurement of water table depths in these toposequences demonstrated 

agricultural drainage practices were successful in lowering water table depths but the 

presence of relict SRFs in the drained soils suggest soil genesis in both toposequences 

occurred under similar moisture conditions (James and Fenton, 1993).  Measurement of 

water tables depths and SRFs in a Pennsylvania fragipan soil by Calmon et al. (1998) 

showed use of SRFs to predict water tables depths may incorrectly suggest saturation 
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dynamics.  While water table depths were close to the soil surface during fall and winter 

monitoring seasons, SRFs were observed at a minimum depth of 19 cm.  Factors 

important to SRF formation including organic matter, temperature, and short duration of 

saturation were identified as important factors for disagreement between SRFs and 

monitoring water table depths (Calmon et al., 1998). 

 

Early use of SRFs by Evans and Franzmeier (1988) to explain soil saturation and 

dissolved oxygen content suggested quantitative relationships between soil morphology 

and hydrology are possible.  This study defined color indices based on Munsell Hue and 

Chroma, then relied on field descriptions of soil matrix and SRF color at defined soil 

depths to calculate color index values.  Examination of correlation coefficients indicated 

color index values can account for greater than 67% and 73% of variability attributed to 

saturation time and mean dissolved O2 levels during saturation in selected Indiana soils, 

respectively (Evans and Franzmeier, 1988).  Additional color indices were developed by 

Mokma and Cremeens (1991) based on soil matrix color as well as size and color of 

SRFs.  Color indices correlated well with saturation time of southcentral Michigan soils, 

explaining 76% of saturation time variability (Mokma and Cremeens, 1991).  Morgan 

and Stolt (2006) correlated SRFs at variable soil depths with measured water table depths 

for eight soil sites in Rhode Island.  Variability of mean seasonal water table heights 

explained by SRFs ranged from 42% to 72%.  A two percent soil area characterized by 

Fe/Mn depletions and/or concentrations, determined by Munsell soil colors, was 

determined to be a useful morphologic indicator of water table depth for these soils 

(Morgan and Stolt, 2006).  Finally, He et al. (2003) developed regression equations to 
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predict measured water table depths based on percent occurrence of SRFs.  These 

findings have suggested field descriptions of SRFs can now substitute long-term 

monitoring of soil saturation and water table depths when delineating wetlands in the 

USA (Vepraskas and Caldwell, 2008). 

 

In spite of increased reliance on soil redoximorphic features for predicting hydrology and 

environmental decision making, no significant advances have been made to standardize 

measurements and develop new techniques for description.  Current methods for 

documenting SRFs include field determinations of presence/absence, color description, 

and qualitative estimation of presence and size (Schoeneberger et al., 2002).  

Measurements taken under varying light conditions and the presence of human bias 

across multiple investigators point to needed improvements.  Post et al. (1993)  

demonstrated 53% agreement among Munsell soil color determinations made by soil 

scientists for 41 samples.  Previous determinations of accuracy of soil color descriptions 

indicate perceived (i.e., human) color recognition ranges between 0.5 to 2 units and 0.5 to 

1.75 units of Munsell Value and Chroma, respectively.  Additionally, color fading of 

Munsell color charts has been documented by Sánchez-Marañón et al. (2005), resulting 

in one unit of change to Munsell Hue, Value, and Chroma. 

 

Surprisingly, issues increasing uncertainty in SRF quantification have not been broadly 

addressed by soil scientists to present.  The use of SRFs for predicting hydrology and soil 

saturation has been demonstrated by many studies summarized here.  Potential error in 

these predictions based on human SRF identification and quantification remain a notable 
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drawback to extending these soil description methods to infer sensitive field areas where 

pollutant loss may be greatest.  A targeted BMP strategy based on field SRF descriptions 

may incorporate potential errors associated with field descriptions into on-the-ground 

implementation plans or increase accuracy of descriptions through new standardized 

methods.  In either case, the reliance on this approach to reduce non-point source 

pollution takes advantage of the many existing soil scientists already collaborating with 

landowners and farm operators to better plan agricultural field operations. 
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CHAPTER 3 

Assessing Event-Based Watershed Transport of Atrazine and Nitrate to Evaluate 

Conservation Practice Effects and Advise Future Monitoring Strategies 

 

ABSTRACT 

Continued public support for U.S. tax payer funded programs aimed at reducing 

agricultural pollutants depends on clear demonstrations of water quality improvements.  

The objective of this research is to determine if agricultural best management practices 

(BMPs) implementation in the Goodwater Creek Experimental Watershed (GCEW) has 

resulted in gradual changes to atrazine and nitrate (NO3–N ) loads during storm events.  

An additional objective is to predict future monitoring periods necessary to detect a 5, 10, 

20, and 25% reduction in atrazine and NO3–N event load.  The GCEW is a 73 km
2
 

watershed located in northcentral Missouri and included in the U.S. Department of 

Agriculture Conservation Effects Assessment Project.  Three stream weirs with 

automated water samplers and ten rainfall gauges provided sub-daily data at varying 

seasons and years between 1993 and 2006 for three nested watersheds (12, 31, 73 km
2
).  

Linear regressions and Akaike Information Criteria were used to determine reductions in 

atrazine and NO3–N event loads as BMPs were implemented.  No BMP effects were 

indicated.  Review of previous plot-scale studies shows significant edge-of-field 

reductions in atrazine and NO3–N are possible by implementing vegetative filter strips.  

However, additional studies indicate greater atrazine losses occur from farming systems 

that reduce tillage and retain crop residues to reduce soil erosion as compared to 

conventional tillage farm systems.  Further investigation of event sampling indicated 
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errors in atrazine load calculations may be possible due to minimum threshold levels used 

to trigger autosampling and sample compositing.  Greater variation of NO3–N events 

loads was explained by linear regressions than atrazine loads.  Atrazine requires 

approximately twice the monitoring period relative to NO3–N during critical loss periods 

to detect future reductions in event load, indicating the current data collection protocol 

does not efficiently meet its stated goal of documenting prevailing farming system effects 

on herbicide transport in GCEW.  Appropriate matching of pollutant transport 

mechanisms with autosampling protocols remains a critical information need when 

setting up or adapting watershed monitoring networks aimed at detecting watershed-scale 

BMP effects.  
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INTRODUCTION 

The inability to demonstrate beneficial effects of agricultural conservation practices, also 

known as best management practices (BMPs), on stream water quality is no longer a 

surprising facet of watershed monitoring networks.  Lag-times in expected benefits 

(Wang et al., 2002), persistence of past-land use effects (Davie and Lant, 1994), 

unpredictability in adoption of voluntary programs (Wolf, 1995), and insufficient 

establishment (Meals, 1996) have prohibited detection of water quality changes due to 

BMPs.  Flaws of monitoring networks can further obscure attempts to demonstrate BMP 

effects.  No stated objectives for data collection (Maher et al., 1994), lack of optimal 

experimental designs (Underwood, 1994), no cost considerations up-front for long-term 

monitoring (Caughlan and Oakley, 2001), inability of monitoring programs to adapt as 

budgets fluctuate and collected data are assessed (Stroble and Robillard, 2008), and gaps 

in data collection during critical time periods (Feyereisen et al., 2008) decrease chances a 

monitoring network definitively and efficiently demonstrates long term water quality 

changes in response to BMP implementation.  When unknown changes to land 

management practices during monitoring periods (Edwards et al., 1996), unforeseen 

negative effects of BMPs on water quality constituents (Fields et al., 2005), and climatic 

variability (Longabucco and Rafferty, 1998) are further considered, using existing water 

quality data to demonstrate beneficial effects of BMPs becomes a daunting task for 

researchers and watershed managers. 

 

These difficulties are especially notable given extensive efforts by the U.S. Department 

of Agriculture (USDA) to report benefits of BMPs implemented on U.S. agricultural 
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landscapes (Duriancik et al., 2008) following at least $2.6 billion in BMP program 

funding since 2002 (SWCS, 2004).  The Conservation Effects Assessment Project 

(CEAP) was initiated in 2003 by the USDA-Natural Resources Conservation Service 

(USDA-NRCS) and the USDA-Agricultural Research Service (USDA-ARS) in response 

to government accountability agencies seeking quantifiable benefits of U.S. tax payer 

funded BMP programs (Weltz et al., 2005).  The goal of CEAP is to quantify water and 

soil quality effects of BMPs at watershed-scales and estimate national BMP program 

benefits relative to costs (Mausbach and Dedrick, 2004).  Use of water quality data, BMP 

implementation chronology, area affected by BMPs, and hydrologic data for 

quantification of effects have been limited.  Instead, water quality data have been largely 

used for calibration and validation of watershed-scale hydrologic models necessary for 

computer simulation of BMP effects (Richardson et al., 2008).  Scientific credibility of 

such simulations is often reduced due to errors associated with simple model 

representation of BMPs and non-existent links between BMPs and quantifiable water 

quality changes (SWCS, 2006).  Simply stated by a 2006 external review of the CEAP, 

―simulations and extrapolations cannot – and must not – substitute for on-the-ground 

monitoring and inventory systems designed to determine if anticipated conservation 

benefits are being achieved‖ (pg. 11, SWCS, 2006). 

 

In addition to assessment of BMP effects, data compiled from watershed monitoring 

networks provide an opportunity to reassess monitoring effectiveness relative to data 

collection goals and determine if monitoring designs are optimally designed, both 

spatially and temporally.  This task may be the most beneficial use of collected data at 
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present.  Guidance on these types of analyses using water quality monitoring data is 

available.  Spooner et al. (1987) provided methods for the determination of the smallest 

change in a mean water quality constituent value necessary to identify a difference based 

on sampling effort and hypothesis testing (i.e., minimum detectable change).  The 

USEPA (1993; 1997) presented equations necessary for calculation of sample sizes 

necessary to detect a defined water quality change due to BMP implementation (e.g., 100 

samples necessary to detect a 10% reduction in total suspended solids).  Many water 

quality studies have not considered these minimum detectable change and sampling 

considerations (Loftis et al., 2001), increasing the chance BMP implementation 

complexities, flaws of monitoring networks, and inherit year-to-year variability confound 

BMP effect evaluations. 

 

Water quality studies that have employed statistical power analyses demonstrate the 

utility of these approaches, especially at the initial stages of data collection.  Spooner et 

al. (1987) used measured suspended sediment, fecal coliform, phosphorus, and nitrogen 

from 10 watersheds in Idaho for a minimum detectable change analysis.  Results from 

this study showed water quality changes necessary for a detected difference (p < 0.05) are 

reduced when monitoring period is extended from 2 to 10 years and upstream control 

sites are incorporated into analyses (Spooner et al., 1987).  A similar analysis was 

performed by Galeone (1999) to examine streambank fencing/riparian revegetation in a 

370 ha Pennsylvania watershed.  Inspection of minimum detectable changes for nitrate 

during low-flows and storm events coupled with existing estimates of nitrate removal in 

riparian buffers provided guidance on streambank fencing width and areal establishment 
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needed (Galeone, 1999).  King et al.(2008) calculated minimum detectable changes for 

hydrology, water quality, and aquatic community data collected from a pair of 

channelized and unchannelized watersheds located in Ohio.  Examination of results 

showed BMP implementation in channelized watersheds may be more easily detected by 

future monitoring as compared to BMP implementation in unchannelized watersheds 

(King et al., 2008), thus guiding watershed selection to demonstrate BMP effectiveness.  

Guidance provided from these studies point to critical information a coordinated 

monitoring and BMP implementation program can benefit, influencing choice of BMPs, 

monitoring periods, and geographic/landscape settings where monitoring efforts should 

be targeted. 

 

Water Quality Concerns within the Midwest USA 

The Upper Mississippi River Basin continues to hold great interest for coordinated efforts 

among federal, state, and local stakeholders to sustainably manage economic and 

ecological services as well as improve water quality.  This interest is largely due to the 

reliance of the U.S. Midwest on the Upper Mississippi River Basin for water supply, 

grain production, and efficient transportation of agricultural and industrial commodities 

by commercial navigation.  Forty-eight percent of the Upper Mississippi River Basin is 

managed for row-crop production, largely corn for grain and soybeans, and an additional 

eleven percent is managed for pastureland and/or hay production (USGS, 2001).  A 

recent assessment of water quality concerns in the Mississippi River by the National 

Research Council (2007) indicates non-point source pollutants originating from 

agricultural land use are the primary concern.  This assessment indicated the major 
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federal mechanism for addressing surface water pollutants, the U.S. Environmental 

Protection Agency (USEPA) Clean Water Act of 1972, does not have sufficient authority 

to efficiently reduce primary pollutants through regulation of their origins (i.e., individual 

farm fields).  Conclusions from this study pointed to the importance of USDA BMP 

programs, funded by the Farm Security and Rural Investment Act (Farm Bill), in future 

efforts to improve surface water quality outside the boundaries of the Mississippi River 

and within agriculture-dominated tributary watersheds (National Research Council, 

2007). 

 

Increased delivery of herbicides and nutrients to neighboring U.S. Midwest streams from 

agricultural landscapes has been implicated in decreased water quality at multiple scales.  

Losses of applied atrazine, the most widely applied U.S. herbicide (USDA-NASS, 2006), 

have resulted in episodic disruption of aquatic food chains and local stream 

concentrations potentially harmful to humans due to possible carcinogenic effects 

(USEPA, 1996; Blanchard and Lerch, 2000; DeLorenzo et al., 2001; Lerch and 

Blanchard, 2003).  Areas of the U.S. Midwest have been identified as the number one 

national priority area for addressing surface water quality due to occurrence of nitrogen 

and atrazine within water supplies, often exceeding national drinking water standards 

(USCOTA, 1995).  At the national scale, nitrogen delivered from cropped fields within 

the Upper Mississippi River Basin to the Gulf of Mexico has been identified as a 

dominant causal agent for occurrence and expansion of coastal eutrophication and 

hypoxia (Goolsby et al., 1999; Rabalais et al., 2002).  Following the formulation of the 

Gulf of Mexico Action Plan (MRGM, 2001) and passage of the 2002 Farm Bill, an 
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estimated $3-4 billion has been expended on BMP implementation in the Upper 

Mississippi River Basin through various USDA programs (Vigmostad et al., 2005). 

 

Dominance of BMPs implemented in the Upper Mississippi River Basin and funded by 

the Farm Bill relative to all other water quality directed efforts (O'Donnell and Galat, 

2007) indicates this mechanism provides the best opportunity to reduce herbicide and 

nutrient transport where they originate on individual farm fields.  The knowledge 

necessary for efficiently implementing future BMP plans that may achieve reductions 

rests on scientifically-credible evaluations of past effects.  Similarly, existing watershed 

monitoring networks are in need of guidance to increase data collection efficiency and 

abilities to detect such water quality changes.  The simultaneous evaluation of both BMP 

effects and established monitoring networks serves an overall goal of advancing the 

science of watershed enhancement and assessment.  An objective of this research is to 

quantify effects of structural BMPs (e.g., grass waterways, terraces, vegetative filter 

strips, permanent vegetation establishment) on storm event atrazine and nitrate load using 

monitoring data collected between 1993 and 2006 in a 73 km
2
 tributary watershed of the 

Upper Mississippi River Basin.  An additional objective is to predict future length of 

monitoring periods necessary to detect changes in dissolved atrazine and nitrate based on 

four hypothetical load reduction plans (e.g., 5, 10, 20, and 25% reduction).  Sampling 

protocols are further investigated to identify data collection changes that may increase 

future detection power of this monitoring network. 
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Study Area 

The Goodwater Creek Experimental Watershed (GCEW, Figure 1) was established in 

1971 by the USDA-ARS to document surface water hydrology in the Central Claypan 

Region (Major Land Resource Area 113) of northcentral Missouri, USA.  The Central 

Claypan Region is characterized by soils formed in loess overlying glacial till and a 

―claypan‖ subsurface horizon (i.e., argillic horizon) whose clay content may increase 

greater than 100% relative to overlying soil horizons (Myers et al., 2007).  Soil volume 

changes due to smectitic clay mineralogy (Baer and Anderson, 1997), saturated hydraulic 

conductivity of the claypan two to three orders of magnitude less than overlying soil 

horizons (Blanco-Canqui et al., 2002), and variable depths to the claypan across 

landscapes (Doolittle et al., 1994; Udawatta et al., 2004; Jiang et al., 2007) make this 

watershed and associated soils unique from a hydrologic viewpoint.  Ten of eleven soil 

series identified within this watershed are classified as Poorly or Somewhat Poorly 

Drained (USDA-NRCS, 1995; USDA-NRCS, 2001) and nine of eleven soil series meet 

criteria likely for hydric soils (US Department of Agriculture, 2009).  Lateral soil-water 

flow has been identified as a dominant hydrologic flow path within these soils at high 

antecedent soil water conditions (Minshall and Jamison, 1965; Jamison and Peters, 1967), 

accounting for as much as 98% of applied water when saturated and containing a 

perennial vegetation (Blanco-Canqui et al., 2002). 

 

The GCEW is 73 km
2 
at its most downstream monitoring station.  Topography of the 

GCEW can be characterized as flat and gently rolling with slopes ranging from 0% to 

7%, with most GCEW area (92%) having a 0% to <3% slope (Lerch et al., 2008).  
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Seventy-one percent of land is cropped within GCEW based on 2006 USDA National 

Agriculture Imagery (USDA-FSA, 2006) and windshield surveys within the study area.  

Dominant crops planted in GCEW include soybeans (Glycine max), corn (Zea mays), 

sorghum (Sorghum bicolor), and wheat (Triticum aestivum L.) (Heidenreich and Vance, 

1994).  Other selected land uses include urban/developed (10%), forest (9%), and pasture 

(8%). Two percent of land area was composed of perennial vegetation established on 

former cropland as a conservation practice (i.e., BMP). 

 

This GCEW is included in the Watershed Assessment Studies component of the USDA 

CEAP and the focus of continued BMP implementation and monitoring.  The GCEW lies 

within the larger watershed of Mark Twain Lake, an impoundment serving as a surface 

water drinking water supply for northeastern Missouri.  Increased transport of nutrients 

from tributaries of Mark Twain Lake has been identified as a possible cause for reduced 

drinking water quality in 2006 and 2007 (Baffaut et al., 2009).  Young‘s Creek, of which 

GCEW is a tributary, was identified as 1 of 40 vulnerable U.S. watersheds for atrazine 

losses (Williams et al., 2004) and selected for compliance monitoring of streamflow 

atrazine concentrations in 2004 (USEPA, 2003).  As of 2009, Young‘s Creek was one of 

three U.S. watersheds that exceeded atrazine concentration thresholds set by the USEPA 

(USEPA, 2003), requiring additional monitoring and initiation of BMP planning through 

watershed stakeholder meetings.   
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METHODS 

Watershed Data Collection 

Establishment of the GCEW in 1971 expanded ongoing plot-scale soil erosion and 

surface water hydrology studies.  The objectives of GCEW establishment were to 

determine the influence of precipitation characteristics and watershed scale on water 

yield and determine the basic mechanics of runoff and interflow (Hjelmfelt and Wang, 

1999).  Hydrologic data collected within the GCEW and relevant to this study included 

stream stage at three nested (12, 31, and 73 km
2
) V-notch stream weirs and precipitation 

at ten locations (Figure 1).  Stream stage was recorded at five minute intervals between 

1993 and 2006 using a combination of stilling well stage recorders and electronic data 

loggers.  Rating curves developed and continually refined since 1971 were used for 

conversion of stage measurements to streamflow.  Up to ten rain gages installed 

throughout GCEW measured precipitation at two minute intervals using a combination of 

20-cm weighing buckets and load cells.  A subset of rain gages was decommissioned 

during winter months (November through February) during the study period and a 

smaller number of rainfall gages collected rainfall equivalent snow.  Thiessen polygons 

were constructed by combinations of rain gages available during the study period using 

geographic information systems software.  Thiessen polygon areas were used as 

weighting factors to determine area-weighted precipitation totals at two minute intervals 

for each weir during the study period.  Greater detail of stream stage and rainfall data 

collection can be viewed in Sadler et al. (2006). 
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Beginning in 1990, an additional goal of documenting the impact of prevailing farming 

systems on herbicide contamination and transport was incorporated into the existing 

GCEW monitoring network.  Three automated streamflow samplers were installed in 

1992 at Weirs 1, 9, and 11 (Figure 1) to accomplish this goal.  Automated water samples 

were taken from 1993 to 2006 at Weir 1.  Automated water samples were taken at Weirs 

9 and 11 from 1993 to April 1997.  Weir 1 autosampling was initiated after a 0.317 m
3
/s 

minimum discharge occurred at this location; whereas a 0.035 m
3
/s minimum discharge 

was used for autosampling at Weirs 9 and 11.  The minimum discharge necessary for 

autosampling at Weir 1 was adjusted to 0.06 m
3
/s in 2003.  Flow-interval sampling was 

performed at each weir, compositing up to nine, 100 mL streamflow subsamples to 

represent one unique autosample concentration.  Weekly grab samples were taken at each 

weir during baseflow conditions only and supplemented chemographs prior to and after 

autosampling periods. 

 

Water samples were transported to a laboratory and stored at 2-4
o
 C prior to analysis.  

Samples were filtered through 0.45 m nylon filters within 48 hours of collection and 

analyzed for atrazine and nitrate (NO3–N) within 5 days.  Samples not analyzed within 5 

days were frozen, followed by analysis within 30 days.  Sample atrazine concentration 

was determined by gas chromatography (1993 to 1997) and GC-mass spectrometry (1998 

to 2006).  Detection limits for atrazine were 0.04 g/L (1993 to1997) and 0.003 g/L 

(1998 to 2006).  Sample NO3–N concentration was determined colorimetrically by a Cd 

column and a continuous flow injection system and the detection limit was 0.01 g/L.  

Weir 1 atrazine concentrations from 1993 to 2006 and NO3–N concentrations from 1993 
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to 2004 were used for determinations of BMP effects.  Atrazine and NO3–N 

concentrations at Weir 9 and 11 were available from 1993 to April 1997.  Greater detail 

of chemical analyses is given in Blanchard and Lerch (2000) and Lerch and Blanchard 

(2003). 

 

Implementation of BMPs was determined through meetings with USDA and state soil 

and water conservation technicians and managers.  An aerial map of GCEW was used to 

construct a chronology of BMPs implemented between 1993 and 2006.  Date BMP was 

assumed to be fully functional (e.g., complete establishment of vegetation within grass 

waterways) was also determined.  Fields containing a BMP were noted on aerial maps 

and resulting data were transferred to a geographical information systems database.  Total 

land area (ha) affected by fully functional BMPs upstream of the three GCEW weirs was 

determined from this database at a monthly time scale during the complete study. 

 

Event Identification and Event Load Determinations 

Streamflow measurements and automated streamflow samplers enabled identification of 

storm events at each weir and calculation of atrazine and NO3–N event loads.  Use of 

atrazine and NO3–N event loads for quantification of BMP effects was sought due to the 

high runoff potential of GCEW soils (Lerch and Blanchard, 2003), importance of 

overland and soil-water flow to atrazine loads in surface waters (Ng and Clegg, 1997; 

Hyer et al., 2001), low vulnerability of groundwater to nitrate leaching from overlying 

GCEW soils (Power et al., 2001), and greater accuracy of event loads relative to loads 

determined from less frequent, fixed-interval sampling (Robertson and Roerish, 1999).  
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Additionally, goals of dominant BMPs implemented in GCEW (e.g., grass waterways, 

terraces drained by grass waterways) were to intercept and redirect concentrated overland 

flow while capturing entrained constituents leaving neighboring fields (Schnepf and Cox, 

2007). 

 

Storm events occurring at each weir were identified using the constant-slope hydrograph 

separation method (Hewlett and Hibbert, 1967).  While originally developed for baseflow 

separation of hydrographs, this method identifies overland flow contributions to 

streamflow, hence presence and occurrence of storm events.  The constant-slope 

hydrograph separation method was chosen due to its ease of use, need of one user-

defined criterion, and reproducibility across events and users.  The initiation of a storm 

event was determined by a user-defined minimum hydrograph slope (mm/hr
2
).  Storm 

event duration was identified by connecting the rising limb of the hydrograph to the 

inflection point of the receding hydrograph limb with a straight line defined by the same 

hydrograph slope.  Baseflow and overflow contributions to total event volume identified 

by this hydrograph analysis were not used for evaluation of BMP effects, only total event 

volume.  Event volume, annual discharge, and seasonal discharge were converted to a 

runoff depth (mm) for comparisons and analyses. 

 

A combined hydrograph/hyetograph was examined and a subset of events was manually 

delineated to calculate a mean hydrograph slope for each weir.  Events chosen for manual 

delineation spanned all seasons and periods of available atrazine and NO3–N data for 

each weir to capture variability in runoff due to weather patterns, antecedent soil-
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moisture conditions, land use, and crop management.  The time necessary for overland 

flow from the furthest point in GCEW to reach each weir (time of concentration) was 

calculated to aid in hydrograph slope determinations (Gregory, 1982).  A sequence of 

moderate to high rain intensities at the end of a precipitation event followed by an 

increasing hydrograph within weir time of concentration was used to identify events for 

manual delineations.  One rain gage closest to the furthest drainage point (1.1 km) was 

used to determine the end of rainfall for each event.  Overland flow was assumed to occur 

at the end of each precipitation event and at the furthest drainage point (Figure 2, Point 

1).  The hydrograph position following the end of a precipitation event and the weir time 

of concentration was determined (event end; Figure 2, Point 2).  A straight line 

connecting the initial rising limb of the hydrograph (Figure 2, Point 3) and the event end 

(Figure 2, Point 2) was constructed and a hydrograph slope was calculated (mm/hr
2
).  A 

mean hydrograph slope was calculated for each weir from manually delineated events.  

Finally, events for each weir were identified using the corresponding mean hydrograph 

slope and an automated event identification computer program developed by Dripchak 

(1992) and modified by the USDA-ARS (Figure 2). 

 

Weir time of concentration was also used to determine event-specific storm 

characteristics and prior weather patterns.  Total event rainfall was determined by 

summing precipitation occurring during an event as well as prior to an event, determined 

by subtracting the time of concentration from the rising limb of the hydrograph (Figure 

2).  Rainfall intensities during an event and rainfall occurring 2 to 10 days prior to the 
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rising limb of the hydrograph were determined to quantify storm characteristics and a 

proxy of antecedent soil-water conditions within GCEW. 

 

Atrazine and NO3–N event loads were calculated by multiplying concentrations and 

corresponding five minute streamflow measurements, then integrating over the defined 

event time.  A continuous record of atrazine and NO3–N concentrations during an event 

was predicted by a straight-line interpolation between measured concentrations.  

Concentration prior to autosampling periods was assumed to equal the preceding grab 

sample concentration taken during baseflow.  Concentration following the autosampling 

periods was determined by a straight-line interpretation between the preceding 

autosample and the grab sample concentrations.  Interpolated concentrations were used 

for load determinations when no measured atrazine or NO3–N concentration existed for a 

corresponding five minute interval streamflow measurement.  Event load was only 

determined for events containing at least one auto sample.  Events identified from 

hydrograph analysis and not sampled by autosamplers were noted for later interpretations 

of monitoring protocols.  Only event loads occurring after rainfall events, as opposed to 

events occurring after snowmelt, were used for quantification of BMP effects. 

 

Quantification of BMP effects 

A gradual change, multiple linear regression model was used to quantify effects of BMPs 

implemented in GCEW (Grabow et al., 1999a).  The simplified regression model was: 

iiiii BMPPFY 3210
 (1)
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where i is the event index, Y is atrazine or NO3–N load (kg), β0 is the y-intercept, F is any 

combination of four flow variables, P is any combination of nine precipitation variables, 

BMP is five variables representing cumulative area affected by five BMPs (ha) based on 

cumulative implementation chronology, ε is the residual error, and β1-3 are parameter 

estimates.  Flow variables included event runoff (mm), mean event discharge 

(m
3
/second), maximum event discharge (m

3
/second), and time to maximum event 

discharge (represented as a proportion of event duration, 0-1).  Precipitation variables 

included maximum 30 minute rainfall rate during an event (mm/minute), maximum 60 

minute rainfall rate during an event (mm/minute), event rainfall (mm), and 2, 3, 4, 5, 6, 

and 10 day rainfall totals prior to an event (mm).  Flow, precipitation, and interaction 

terms were included as covariates to reduce variability of atrazine and NO3–N event load 

due to precipitation, storm characteristics, antecedent soil moisture conditions, and event 

runoff.  Five BMPs variables chosen for this analysis included area affected by grass 

waterways (ha), terraces drained by grass waterways (ha), terraces drained by 

underground outlets (ha), vegetative filter strips (ha), and establishment of permanent 

vegetation on cropped fields (ha).  Only one other BMP type, prescribed cattle grazing, 

was implemented affecting <1% of GCEW area and was assumed to not affect atrazine 

and NO3–N losses.  The BMP variable represents the gradual cummulative change in area 

treated with selected BMP and is updated monthly.  This gradual change, multiple 

regression was analyzed in two model selection steps to first reduce the number of 

control variables (e.g., combinations of flow and precipitation variables) and then 

determine the relative importance of primary variables (e.g., BMPs implemented in 

GCEW) to atrazine and NO3–N loads. 
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The goal of the first model selection step was to identify a one parsimonious model, 

avoiding multicollinearity of covariates and arbitrary significance levels.  For these 

reasons, hypothesis testing and stepwise regression techniques were not employed for 

model selection.  Normality of atrazine and NO3–N loads was assessed and log10(x+1) 

transformed when non-normality was indicated using procedures recommended by 

Grabow et al. (1999b).  Preliminary selection of flow and precipitation variables was 

based on inspection of r-squared and Akaike information criterion (AIC) for all possible 

subsets of control variables regressed against event load.  In this case, AIC estimates the 

relative discrepancy between a regression model and the possible mechanisms 

responsible for atrazine or NO3–N loads.  Small, relative AIC model values indicate 

greater representation of these possible mechanism by a selected model compared to 

other candidate models (Burnham and Anderson, 2002).  Determinations of r-squared and 

AIC
 
were followed by examination of dependent-independent variable plots, added-

variable plots, and residual plots (Kutner et al., 2004).  Further transformation of control 

variables was performed when non-linear relationships were indicated by plots.  

Following selection of a reduced number of control variables, temporal autocorrelation of 

residuals was investigated by fitting two exponential covariance models (no nugget and 

nugget) based on procedures recommended by Littell (2007).  Inclusion of either a no-

nugget or nugget exponential covariance model was determined by a Chi-Square 

Likelihood-ratio test (Littell et al., 2007). 
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The goal of the second model selection step matched the previous analyses.  Influence of 

BMPs on atrazine and NO3–N loads was determined using an information-theoretic 

approach (Burnham and Anderson, 2002).  All possible combinations of the five BMP 

control variables were included in models previously selected.  A total of 32 model 

combinations were investigated including a model to represent no BMP effect on atrazine 

or NO3–N load.  Each candidate model‘s corrected AIC (AICc) was used for calculation 

of AICc differences (
i
), model likelihoods, and Akaike weights (wi) using procedures 

recommended by Burnham and Anderson (2002).  The AICc quantifies the same value 

estimated by AIC while correcting for bias due to a large number of variables included in 

regression models.  Values of wi range from 0-1.  High relative wi values indicate a high 

weight of evidence supporting a model given other models proposed (Burnham and 

Anderson, 2002).  The three best models ranked in descending order of wi were 

considered in combination with additional data (e.g., plots of BMP implementation 

chronology and area affected) to support a determination of gradual water quality 

changes. 

 

The complete model selection process (e.g., choice of control and primary variables) was 

completed for Weir 1 atrazine and NO3–N event loads only, due to low BMP 

implementation rates for Weirs 9 and 11 during periods of available data (1993 to April 

1997).  Subsets of Weir 1 events were used for the model selection process to determine 

seasonal and sampling influences on variability of loads explained by regressions and 

BMP effect determinations.  Second-quarter (spring) event loads were used in the model 

selection process to investigate pollutant transport during periods previously identified as 
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critical for atrazine losses (Blanchard and Lerch, 2000; Lerch and Blanchard, 2003).  

Events containing greater than one measured atrazine and NO3–N concentration (e.g., ≥ 

2, 3, and 4) during an event were used in the model selection process to investigate use of 

finer resolution chemographs in analyses.  In effect, these subsets also allowed an 

investigation of event size effects on model selection analyses.  Limiting events to those 

with a greater number of measured concentrations selects larger events due to flow-

interval sampling protocols used for autosampling compositing. 

 

Prediction of Future Monitoring Periods Needed 

The mean squared error (MSE) of linear regressions developed during the first model 

selection step (e.g., selection of control variables only) was used to predict the number of 

sampled events needed to detect a future change in atrazine and NO3–N load by: 

2

)*2(
2**2

D

tMSE
n

knpre  
(2)

where n is the number of sampled events required to detect a future change, t is a 

Student‘s t value with (2 * npre – k) degrees of freedom, npre is the number of events used 

for model selection, k is the number of parameters included in the linear regression 

model, and D is a 5, 10, 20, or 25% change in the mean value of atrazine or NO3–N load 

(Spooner et al., 1987).  This determination assumes a defined pre- and post-BMP 

implementation period will be used for determinations of BMP effects and not a gradual 

change analysis.  A two tailed, α=0.05 significance level was chosen for this prediction 

based on procedures recommended by Richards and Grabow (2003) and Spooner et 

al.(1987).  Equation 2 was solved iteratively, using t values that most closely 
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approximated the corresponding n value after calculations.  The MSE error during the 

pre- and post-BMP period was assumed to be equal following methods described by 

Richards and Grabow (2003). The number of sampled events necessary to detect a future 

5, 10, 20, or 25% change in atrazine and NO3–N load was divided by the mean number of 

events per year to determine the future sampling effort necessary in years. 

 

RESULTS 

Extent and Location of BMP Implementation 

A total of 14.6% of the GCEW area was affected by BMP implementation between 1993 

and 2006.  This affected area represented implementation of grass waterways (GW), 

terraces drained by grass waterways (T w/GW), terraces drained by underground outlets 

(T w/UGO), conversion of cropland to permanent vegetation (PV), vegetative filter strips 

(VFS), or prescribed grazing management (PG) on 97 of 387 cropped fields (25%).  Most 

fields contained GWs (44); whereas T w/GWs and VFS were established on the least 

number of fields (10 fields for each BMP type).  Both GWs and T w/UGOs were 

implemented throughout the study period (Figure 3).  This implementation represents 

7.4% (GWs) and 3.1% (T w/UGOs) of the total area upstream of Weir 1.  Less than 2% 

of GCEW area upstream of Weir 1 was affected by T w/GW implementation that largely 

occurred during the first year of the study period (Figure 3). 

 

Quantification of BMP effects was only completed for Weir 1 due to low implementation 

rates upstream of Weir 9 and 11 during the study period.  One percent of Weir 9 and 11 

watershed area had been affected by BMP implementation for the period of available 
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atrazine and NO3–N event loads (1993 to April 1997).  This represented BMP 

implementation on 2 of 144 and 1 of 57 cropped fields upstream of Weir 9 and 11, 

respectively.  Seventy five percent of total area affected by BMP implementation was 

located exclusively within the upstream area of Weir 1 at the end of 2006. 

 

GCEW Precipitation, Runoff, and Event Identification 

Mean annual precipitation total for GCEW during the study period was 966 mm (SE ± 

42) and ranged from 706 to 1258 mm (Figure 4).  Annual deviance from the 36-year 

mean annual precipitation total for the GCEW (1971-2006; 970 mm) ranged from -264 to 

288 mm.  Second quarter (April through June; hereafter spring) precipitation was 38% of 

total precipitation during the study period.  Spring precipitation ranged from 18 to 54% of 

annual totals.  Mean annual runoff determined from continuous streamflow 

measurements at Weir 1 was 407 mm (SE ± 47) and ranged from 137 to 756 mm. 

 

A total of 51, 32, and 39 events were manually delineated for Weir 1, 9, and 11 

respectively over the period of available atrazine and NO3–N data for each weir.  Mean 

hydrograph slopes were 0.0023, 0.0025, and 0.0091 mm/hr
2
 for Weir 1, 9, and 11 

respectively.  Final automated hydrograph analysis identified a total of 282 events for 

Weir 1 (1993 to 2006), 126 events for Weir 9 (1993 to April 1997), and 142 events for 

Weir 11 (1993 to April 1997). 

 

Weir 1 event runoff was 5008 mm from 1993 to 2006, representing 88% of total runoff at 

that location.  Mean number of Weir 1 events per year was 20.1 (SE ± 2.3) and ranged 
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from 11 to 38.  Mean Weir 1 event runoff was 17.8 mm (SE ± 1.6) and ranged from 0.26 

to 168 mm.  A total of 116 spring events, 41% of all identified events, occurred at Weir 1 

during the study period.  Weir 1 spring event runoff was 2252 mm from 1993 to 2006, 

representing 93% of total spring runoff at that location.  Mean number of Weir 1 spring 

events was 8.2 (SE ± 2.8) and ranged from 4 to 14.  Mean Weir 1 spring event runoff was 

19.4 mm (SE ± 2.8) and ranged from 0.28 to 145 mm.  Similar trends in relative event 

occurrence and runoff were found for Weir 9 and 11. 

 

Event Load Determinations and Autosampling Efficiency 

Sixty six percent of Weir 1 events (187 of 282) were sampled by the automated 

streamflow sampler from 1993 to 2006 due to event discharges meeting minimum 

thresholds for autosampling.  Total runoff of events not sampled was 658 mm.  This 

runoff depth represents 13% of total event runoff at Weir 1 during the study period.  

Mean runoff of Weir 1 events not sampled was 6.9 mm (SE ± 1.9) and ranged from 0.25 

to 126 mm.  Forty percent of events not sampled (38) occurred during spring; whereas 

30% of events not sampled (29) occurred during the first quarter.  Thirty three percent of 

events occurring at Weir 1 between 1993 and 2002 were not sampled; whereas 32% of 

events were not sampled from 2003 to 2006 after adjustment of the minimum threshold 

discharge for autosamplers. 

 

A total of 481 water samples were taken by the autosampler at Weir 1 and used for event 

load determinations.  Fifty nine percent of Weir 1 events contained one water sample.  

Mean number of water samples taken per event was 2.5 (SE ± 0.3) and ranged from 1 to 
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27.  Fifty three percent of water samples (256) taken at Weir 1 from 1993 to 2006 

occurred during spring; whereas 24% of water samples (116) were taken during the 3
rd

 

and 4
th

 quarter. 

 

A total of 1,500 kg of atrazine was lost from GCEW in streamflow from 1993 to 2006 

based on sampled events at Weir 1.  Spring event transport dominated atrazine losses 

during this period (Figure 5a).  Mean event atrazine transport during spring was 17.5 kg 

(SE ± 2.3) and ranged from 0.05 to 100 kg.  Annual spring transport of atrazine ranged 

from <1 to 250 kg for sampled events occurring after rainfall (Figure 6a).  A total of 

457,700 kg of NO3–N was transported in streamflow at Weir 1 between 1993 and 2004 

based on sampled events.  Mean event NO3–N transport was 2,700 kg (SE ± 411) and 

ranged from 1.5 to 17,700 kg.  Annual NO3–N losses ranged from 1,700 to 66,300 kg 

based on sampled events.  Approximately two-thirds of NO3–N event loses occurred 

during spring (Figure 5b).  Mean spring event transport of NO3–N was 3,900 kg (SE ± 

513) and ranged from 5 to 17,700 kg.  Excluding spring events, mean event NO3–N 

losses were 1,800 kg (SE ± 281). 

 

Loss of atrazine in streamflow at Weir 9 and 11 totaled 162 and 180 kg, respectively 

from 1993 to April 1997 based on sampled events.  When considering only complete 

sampling years (1993-1996), atrazine losses in streamflow were 160 (Weir 9) and 180 kg 

(Weir 11).  A larger number of sampled events at Weir 11 (36) compared to Weir 9 (27) 

was considered an important reason for greater atrazine losses from Weir 11 (i.e., 

calculated atrazine losses are based on sampled events only and not additional flow 



78 

 

periods such as baseflow).  A total of 52,600 and 34,800 kg of NO3–N was transported by 

sampled events at Weir 9 and 11 respectively from 1993 to April 1997.  This total was 

reduced to Weir 9 losses of 44,400 kg and Weir 11 losses of 28,300 kg during events 

when only 1993 through 1996 were considered. 

 

A closer inspection of Weir 1 event initiation and the first subsample sample taken by the 

autosampler showed 144 of 187 were sampled after a mean of 17% (SE ± 1.8) of event 

runoff occurred.  This volume missed corresponded to 8.4 hours (SE ± 0.5) after the 

rising limb of the hydrograph and ranged from 0.8 to 59 hours.  Mean event duration 

missed by the Weir 1 autosampler from 1993 through 2002 was 26% (SE ± 1.7) and 

ranged from 0.2 to 99%.  After adjustment of threshold sampling discharge in 2003, 

mean time of events initially missed by Weir 1 autosampler was 9.5 hours (SE ± 1.1) and 

ranged from 2 to 27 hours (e.g., Figure 7a).  This time missed corresponded to a mean of 

29% (SE ± 4.8) of runoff occurring at the beginning of an event.  Inspection of event 

volumes and hydrographs indicated a greater percentage of small volume events occurred 

from 2003 to 2006 compared to 1993 through 2002, possibly causing this difference in 

event duration and volume missed.  Forty two samples taken for events included 

streamflow prior to the event initiation due to the flow interval used for subsample 

compositing and prior occurrence of events (e.g., Figure 7b).  One event was sampled at 

the beginning event time identified from the hydrograph analysis. 

 

Model Selection and BMP Effect Determinations 
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Log-transformed event runoff (mm) was chosen as a control variable for 14 of 17 linear 

regressions models selected to explain variability of atrazine and NO3–N load at GCEW 

weirs (Tables 1-3).  Parameter estimates for log-transformed event runoff predicted an 

increasing atrazine and NO3–N load with increasing event runoff.  Additional rainfall 

variables including total event rainfall (mm), 4 and 10 day rainfall prior to the event 

(mm), and an interaction of event rainfall and 4 day rainfall total prior to an event (mm
2
) 

were chosen as control variables.  Atrazine and NO3–N loads were predicted to increase 

with increasing event rainfall and decrease with increasing rainfall totals prior to an event 

(Tables 1-3).  Log-transformed mean event discharge (m
3
/s) was selected for one linear 

regression (Weir 1 atrazine load, ≥4 autosamples) and was predicted to increase loads 

with increasing mean discharge (Table 1).  Temporal autocorrelation was identified in 11 

of 17 linear regression models selected (Table 1-3). 

 

Greater variation of nitrate loads was explained by covariates chosen for models as 

compared to atrazine loads.  Coefficient of determination values of atrazine load models 

ranged from 0.31 to 0.46 (Table 1); whereas coefficient of determination for nitrate 

ranged from 0.48 to 0.78 (Tables 2-3).  Examination of spring models chosen for Weir 1 

(Tables 1 & 3) further highlighted the greater ability of control variables to explain NO3–

N loads than atrazine loads.  The MSE of Weir 1 spring NO3–N models was less than 0.1 

and r-squared values were greater than 0.7 (Table 3).  No model was chosen for Weir 1 

atrazine load using events with ≥ 3 autosamples due to low variation explained by all 

possible combinations of control variables (e.g., coefficient of determination < 0.2).  This 
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inability to choose a model further highlighted the relative low confidence in abilities to 

predict atrazine from control variables used in atrazine models. 

 

No evidence for gradual reductions in atrazine or NO3–N load as BMPs have been 

implemented in GCEW was indicated by wi values calculated for models using all 

available sampled events (≥1 autosample).  Spring atrazine, spring NO3–N, and all 

seasons NO3–N wi values for models not including any BMP variables ranged from 0.92 

to 0.95 (Tables 4 & 5).  An initial examination of wi values and parameter estimates 

calculated for atrazine and NO3–N models using events with ≥2 autosamples indicated T 

w/GW may have increased loads.  Consideration of area affected by T w/GW (1.7%) and 

measured effects of vegetative barriers on pollutant transfer for these soils (Blanco-

Canqui et al., 2004b; Lin et al., 2007) did not support this finding.  Further examination 

of the increase in area affected by T w/GW in 1994 (Figure 3) coupled with a 99% 

reduction in 1993 atrazine load when events containing ≥2 autosamples are used for 

models relative to loads determined from all sampled events (Figures 6a and 6b) 

suggested T w/GWs did not cause increases in atrazine transport from cropped fields.  

Selecting for events with greater number of autosamples reduced 1993 atrazine events 

used in models from 5 (≥1 autosample) to 1 (≥2 autosamples) (Figure 6a and 6b).  A 

similar decrease in 1993 NO3–N loads when events with ≥2 autosamples were used for 

models was observed, enforcing the conclusion T w/GWs did not increase NO3–N. 
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Sampling Period Necessary for Load Reduction Scenarios 

A trend of decreasing monitoring period necessary to detect a larger reduction in atrazine 

and NO3–N losses was predicted based on MSEs of linear regressions used in predictions 

(Table 6).  Two or more times the monitoring duration was predicted to be necessary to 

detect changes in spring atrazine relative to spring NO3–N at all weirs.  Shortest duration 

of monitoring was predicted for a 25% reduction in NO3–N at Weir 9 and 11 when all 

seasons were considered in analyses (Table 6).  Doubling reduction plans from 10% to 

20% for atrazine and NO3–N resulted in approximately three-quarters less monitoring 

effort to detect future changes.  Seventy five percent of scenarios used for predictions of 

future sampling effort required greater than 10 years of monitoring.  Approximately 20 

years of monitoring is required to detect the highest atrazine reduction scenario (25%) at 

any weir in GCEW (Table 6). 

 

DISCUSSION 

No Evidence Indicating BMP Effects 

This study did not demonstrate reductions of atrazine and NO3–N loads after 

approximately 14% of GCEW area was affected by BMP implementation despite 

beneficial effects shown at edge-of-field scales.  Blanco-Canqui et al. (2004b) showed 

greater than 50% reduction of NO3–N load in overland runoff eight meters into VFS 

established on plots containing soil series present in GCEW.  Lin et al. (2007) used these 

same plots and determined greater than 50% of atrazine load was removed at the same 

distance.  Eight meters was the longest distance along VFSs pollutant loss was quantified 

for these studies.  While VFS were not the dominant BMP implemented, 65% of area 
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affected by BMPs was due to revegetation of some kind to intercept and redirect runoff 

occurring on fields while reducing pollutant transfer (e.g., GWs).  Extrapolating load 

reduction-distance relationships developed by Blanco-Canqui et al. (2004b) and Lin et al. 

(2007) to longer distances of land surface covered by GWs suggests a cumulative 

downstream effect may be detected by monitoring networks.  Edge-of-field GW effects 

have not been quantified for these soils and landscape settings.  However, an event-based 

hydrologic model developed by Hjelmfelt and Wang (1999) for one field in the GCEW 

predicted less than 10% of atrazine load is removed after a 600 meter GW was 

established.  These authors attributed this lack of reduction due to the low permeability of 

claypan soils and atrazine load retained in surface runoff as opposed to infiltrating 

through GWs into deeper soil layers (Hjelmfelt and Wang, 1999).  While the 

quantification of edge-of-field GW effects remains a critical information need due to their 

widespread choice as a GCEW BMP, the interaction of BMPs with GCEW soils should 

be thoroughly considered when water quality trends are interpreted and future 

implementation plans are developed. 

 

The presence of a subsurface claypan horizon imparts many challenges to land managers 

wishing to improve water quality in this U.S. region.  Sediment losses are a water quality 

concern for the Upper Mississippi River Basin and especially watersheds located in the 

Central Claypan Region (National Research Council, 2007; Lerch et al., 2008).  

Agricultural producers have responded to this concern by implementing structural BMPs 

(e.g., those investigated by this study) as well as managerial/behavioral BMPs.  Retaining 

crop residues on the soil surface after harvest by conservation and no-tillage practices 
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represent the latter of these two types of BMPs and may be a significant factor in water 

quality trends.  While no data for tillage practices have been continuously collected for 

the GCEW, county statistics indicate 25 to 30% of crop area retained greater amounts of 

crop residue during this study period (Bockhold et al., 2006).  Plot studies on these soils 

indicate sediment erosion is reduced 85%, runoff is increased 20%, and atrazine losses 

are increased 120% when no-tillage practices are adopted relative to conventional tillage 

(Wendt and Burwell, 1985; Ghidey and Alberts, 1998; Ghidey et al., 2005).  

Additionally, split atrazine applications on soil surfaces during spring prior to and after 

crop planting are favored by agricultural producers in GCEW in conjunction with 

adoption of no-tillage practices (Bockhold et al., 2006).  This application method results 

in two vulnerable spring periods where atrazine may be ―flushed‖ to neighboring streams 

based on timing and intensity of rainfall events (Capel et al., 2001).  Ghidey et al. (2005) 

showed atrazine losses from claypan soil plots receiving split and single applications 

were 5.7 and 2.5% of applied, respectively.  Any beneficial benefits of GWs on atrazine 

delivery to streams may be overwhelmed by unintentional increases in losses from fields 

due to tillage practices when these management-soil-hydrology interactions occur.  When 

additional flushing of mobile pollutants from T w/UGOs (Schnepf and Cox, 2007) 

implemented during the study period (Figure 3) and short-circuiting of atrazine to streams 

by road-side ditches are further considered (Donald et al., 1998), the inability to 

demonstrate GCEW atrazine reduction after BMP implementation is understandable. 

 

Residue management has not been shown to affect NO3–N losses from claypan soils due 

to overland flow (Lerch et al., 2008).  Significant reductions of NO3–N occur when 
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claypan soil runoff is intercepted by BMPs that include various revegetation methods 

(Blanco-Canqui et al., 2004a; Blanco-Canqui et al., 2004b).  Yet, linear regression 

models did not indicate BMPs have reduced NO3–N loads from 1993 to 2004.  The 

simultaneous implementation of T w/UGOs as GWs were established during the study 

period may have also had unintended effects on NO3–N transport (Figure 3).  A paired-

watershed, BMP implementation study was initiated in northeast Iowa as part of the 

EPA‘s National Water Quality Monitoring Program with multiple objectives of reducing 

sediment, nutrient and fecal coliform delivery to streams.  A combination of BMPs was 

implemented in this watershed including T w/UGOs.  Ten years of monitoring indicated 

suspended sediment and streamflow turbidity were reduced while nitrate + nitrite 

concentrations increased 15 to 39%.  Reasons cited for this increase included preferential 

transport of nitrogen by underground tiles used for terrace drainage and unknown 

groundwater dynamics (Fields et al., 2005). 

 

Groundwater NO3–N in glacial till aquifers underlying claypan soils (2.9 to 15.7 m) has 

been characterized by Kitchen et al. (1997).  Comparison of groundwater NO3–N among 

three cropped fields in GCEW indicated previously applied NO3–N may be largely held 

in the immobile soil matrix underlying the claypan and require 20 years to be slowly 

removed by losses to adjacent soil layers.  Additional characterization of soil profile 

NO3–N by Blevins et al. (1996) showed NO3–N preferentially accumulated above the 

claypan as water perched during soil recharge (e.g., winter to spring).  These findings 

suggest streamflow NO3–N may not be significantly affected by baseflow as is the case in 

surrounding Midwest watersheds containing greater permeability soils and subsurface tile 
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drainage networks.  Use of event water samples and grab samples indicated 582,170 kg 

of NO3–N was transported in streamflow at Weir 1 from 1993 to 2004.  Event NO3–N 

loads accounted for 79% of this total.  These observations viewed in context of the 

prevalence of lateral flow during high antecedent soil moisture conditions (Minshall and 

Jamison, 1965; Jamison and Peters, 1967; Schmitt, 1999; Blanco-Canqui et al., 2002) 

indicate a lateral flow mechanism may preferentially transport  NO3–N to streams.  

Review of quarterly NO3–N event loads from 1993 to 2004 indicates 87% is accounted 

for during the first and second quarters (Figure 4).  Establishment of a cover crop after 

grain harvest which utilizes nutrient pools accumulated above claypans from winter 

through spring may be necessary to reduce NO3–N and detect downstream water quality 

changes (Blevins et al., 1996) 

 

Evidence of beneficial BMP effects on water quality has been presented at watershed 

scales, as determined from pre- and post-BMP implementation periods (Park et al., 1994; 

Meals and Hopkins, 2002; Udawatta et al., 2002; Bishop et al., 2005; Fields et al., 2005) 

and trend analyses (Edwards et al., 1996; Makarewicz et al., 2009).  Inspection of these 

studies shows small catchments have been used or a water quality improvement goal was 

well matched with a BMP implementation strategy.  No overall goal or specific 

objectives for water quality improvements were formulated for GCEW by landowners 

and farm operators between 1993 and 2006.  While BMPs implemented in a specific 

watershed setting can have beneficial effects on multiple pollutants (Schnepf and Cox, 

2007), design of structural BMPs implemented in GCEW likely have origins in past 

efforts to conserve soil on highly erosive landscapes common to this region of Missouri 
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(National Academy of Science, 1986).  Future BMP implementation strategies may affect 

water quality trends at detectable levels if quantitative objectives for atrazine or NO3–N 

load reductions at a watershed-scale are stated early on, and then guide BMP choices.  

This targeting of BMPs (Walter et al., 2007) will also need to be matched with a targeted 

monitoring network that sufficiently characterizes storm events during critical pollutant 

transport times and can demonstrate future changes. 

 

Adapting Monitoring Protocols to Detect Future Effects 

Examination of the GCEW monitoring network indicates current data collection protocol 

may not efficiently meet stated goals of documenting farming system effects on herbicide 

transport.  This is due to the potential error associated with event load determinations 

when significant sampling delay occurs.  A mean of 20% (SE ± 1.8) of the event volume 

occurring at the beginning of events was missed by autosamplers at Weir 1 from 1993 to 

2006.  Further inspection of event volume missed after changes to sampling thresholds in 

2003 indicated significant portions of events are still not represented by known 

concentrations.  Atrazine concentrations during an event have been shown to be skewed 

toward the initial portion of the hydrograph with peak concentrations occurring prior to 

peak discharge (Richards and Baker, 1993; Hyer et al., 2001).  Determination of errors in 

mass load calculations based on water sampling strategies by Miller et al. (2007) showed 

greatest errors occur for chemographs skewed toward the rising limb of hydrograph.  

Miller et al. (2007) recommended high frequency/low flow-interval sampling to reduce 

errors, collecting as many as 20 samples per event for small to moderate sized 

watersheds.  Harmel et al. (2002) further recommended setting minimum threshold 
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sampling as low as possible to avoid significant errors in load calculations and to capture 

all possible events.  Following both of these sampling guidelines to reduce error of 

atrazine mass load calculations would increase number of samples collected and analyzed 

from each event.  Such a change in monitoring protocols may be cost prohibitive in the 

case of limited funding.  Approximately half of water samples taken at Weir 1 between 

1993 and 2006 were collected from non-critical atrazine loss periods (1
st
, 3

rd
, and 4

th
 

quarters; Figure 4).  Reallocation of these samples to the rising limb of spring events may 

better serve current monitoring goals. 

 

The current monitoring goal to document herbicide losses as affected by prevailing 

farming systems may require additional data collection if this goal will be fully realized 

at a watershed scale.  Farm system data are not continuously collected for the complete 

GCEW.  Previous studies at plot scales point to crop residue management, incorporation 

of atrazine into soil layers, single versus split atrazine applications, and year-to-year 

cropping patterns as significant factors for atrazine losses.  Additionally, knowledge of 

atrazine application time relative to rainfall events and intensities may greatly increase 

variability explained for observed loads.  Examination of atrazine annual loads and 

number of events (Figure 6a) show 10 events in 1998 transported <50 kg whereas 4 

events in 1996 transported >200 kg.  Timing of events relative to atrazine application has 

long been recognized as a significant factor for large relative losses (Wauchope, 1978).  

Ghidey et al. (2005) indicated  60-days post-application is the critical period for atrazine 

losses on claypan soils.  An annual field-to-field census of these residue and application 
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practices may better account for variability of atrazine loads alone as opposed to 

streamflow and precipitation. 

 

Without information on specific cropping systems and atrazine application rates for the 

GCEW, the current monitoring network may better serve a goal of documenting event 

NO3–N loads.  This is supported by shorter time periods necessary to show water quality 

changes (Table 6) and greater variation of NO3–N load explained by linear regressions 

compared to atrazine (Table 1 and 3).  Nitrate is not expected to follow the same 

chemograph pattern as atrazine during events, with peak concentrations occurring after 

peak discharges (Richards and Baker, 1993; Hyer et al., 2001) due to initial dilution by 

event runoff and later continued release from groundwater/subsurface drainage (Richards 

and Baker, 1993; Jaynes et al., 1999; Tomer et al., 2008).  However, event runoff 

contributed 88% of total runoff and event loads accounted for 79% of NO3–N load at 

Weir 1 from 1993 to 2006.  These results strongly contrast with neighboring Midwest 

watersheds where one half to two thirds of streamflow is accounted for by 

groundwater/subsurface drainage and baseflow contributes 66% of total NO3–N load 

(Schilling and Zhang, 2004; Tomer et al., 2008).  Buildup of NO3–N in near-surface soil 

layers (Blevins et al., 1996), slow permeability of the subsurface claypan (Blanco-Canqui 

et al., 2002), and prominence of lateral flow for these soils during large antecedent soil 

moisture (Schmitt, 1999; Blanco-Canqui et al., 2002) suggest quickflow (i.e., overland 

flow combined with soil-water flow originating above the claypan) may preferentially 

transport NO3–N load as compared to a long-term release by groundwater sources.  

Coefficient of determination values for spring NO3–N regressions at Weir 1 were 
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approximately double those for spring atrazine regressions, suggesting the delay in event 

sampling due to autosampling thresholds may have been well suited to capture this 

quickflow transport mechanism. 

 

While results from this study contribute to the USDA CEAP goals of quantifying BMP 

effects at watershed scales, statistical power analyses highlight future time and effort 

needed to demonstrate reductions.  Land owners, farm operators, and management 

agencies in the GCEW are currently planning for future BMP implementation after 

failing to meet EPA compliance standards for streamflow atrazine detection (USEPA, 

2003).  Compliance standards are based on streamflow concentrations, not loads 

(USEPA, 2009).  Further investigation of linear regression models selected for flow-

weighted atrazine concentrations of Weir 1 sampled events indicated only 1 of 4 event 

subsets (≥3 autosamples per event) can be explained by control variables used in this 

study and the coefficient of determination of this model was 0.21.  While time necessary 

for the EPA to identify the GCEW as non-complaint was 2 years (USEPA, 2007), the 

time necessary to detect a 25% reduction in flow-weighted atrazine concentration was 19 

years. 

 

These statistical power analyses highlight future needs of a well coordinated BMP 

implementation and data collection plan for the GCEW, avoiding reduction targets that 

cannot be evaluated using available monitoring data.  The existing GCEW monitoring 

network may increase future detection power if potential error in mass load calculations 

is reduced by comprehensive sampling coverage during critical loss periods, both 
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seasonally and within events.  A secondary consideration may include re-initiation of 

water sampling upstream of Weir 1 at Weirs 9 and 11.  Adjusting downstream loads for 

upstream sources has been shown to reduce MSE values and increase detection powers of 

monitoring networks (Spooner et al., 1987).  The dominance of BMP implementation on 

fields located exclusively upstream of Weir 1 would have allowed additional analyses to 

detect BMP effects in this watershed area if sampling had been maintained at Weirs 9 and 

11 throughout the study period.  Coefficient of determination values for Weirs 9 and 11 

determined from atrazine and NO3–N load regressions were comparable to Weir 1 

regressions when less than half the observations available for Weir 1 were used (Tables 

1-3).  Terminating Weir 9 and 11 water sampling represented a missed opportunity to 

further evaluate BMP effects in the GCEW for the complete study period (1993-2006). 

 

CONCLUSIONS 

Fourteen years of atrazine (1993-2006) and 12 years of NO3–N (1993-2004) streamflow 

samples were used to evaluate potential effects of BMP implemented in the GCEW as 

part of the USDA CEAP.  No effects of BMPs have been detected based on hydrograph 

analyses and gradual change, multiple linear regression models using event atrazine and 

NO3–N loads.  Review of changing residue management practices and plot scale studies 

of claypan soils indicated any beneficial BMP effects on atrazine losses may have been 

masked by greater transport from cropped fields during the study period.  Past 

implementation of structural BMP may be more targeted to reducing soil erosion; 

whereas managerial/behavioral BMPs (e.g., single versus split applications, avoiding 

applications prior to predicted storm events, incorporation of atrazine into soil layers) 
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may be best suited to reduce atrazine losses in the GCEW.  If additional objectives of 

reducing NO3–N loads are sought, BMPs that sequester residual pools of NO3–N from 

sub-surface soil layers after harvest (e.g., establishment of cover crops during winter 

through spring) may be best for this setting. 

 

Ideally, pilot monitoring studies prior to BMP implementation can address the statistical 

and logistical aspects of a watershed monitoring network relative to stated goals.  In 

reality, an investigation of data collection efficiency after initiation of monitoring may be 

the only alternative.  Comparison of event identification, sampling times, and existing 

knowledge on pollutant chemographs served this purpose here for the GCEW.  

Significant portions of the initial rising limb of hydrographs (20% of initial event 

volume) were missed by the autosampling protocol used at Weir 1, likely causing errors 

in load calculations.  These results accumulated over 14 years, stressing the importance 

of a re-evaluation process early on so that adaptive monitoring occurs and future efforts 

are efficiently utilized.  The uniqueness of GCEW soils and hydrology necessitate greater 

understanding of pollutant transport mechanisms so that any future changes to sampling 

protocols reduce potential errors in load calculations and improve power to detect future 

changes in water quality.  
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Table 1.  Linear regression models chosen for spring atrazine load (kg) at Goodwater Creek Experimental Watershed Weirs 1 

(1993-2006), 9 (1993-April 2007), and 11 (1993-April 2007) by event autosamples used. 

 

    Stramflow/Precipitation Parameter Estimates       

Event 

Autosamples n bo Log(Event Runoff) Log(Mean Q
1
) Event Rainfall 

Temporal 

Autocorrelation MSE
2
 

Coefficient of 

Determination
 

Weir 1 

≥1  78 0.21 0.69 - - Yes 0.17 0.46 

≥2  37 0.17 0.68 - - Yes 0.18 0.31 

≥3 25 NMC
3
 

≥4 22 0.24 - 0.83 - No 0.10 0.38 

Weir 9 

≥1 27 0.16   0.01 No 0.12 0.44 

Weir 11 

≥1 36 0.21     0.01 Yes 0.16 0.36 
1
Mean event discharge 

2
Mean squared error of linear regression model 

3
No model chosen due to low variability explained by control variables
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Table 2. Linear regression models chosen for all seasons nitrate load (kg) at Goodwater Creek Experimental Watershed Weirs 

1 (1993-2004), 9 (1993-April 2007), and 11 (1993-April 2007) by event autosamples used. 

 

    Streamflow/Precipitation Parameter Estimates       

Event 

Autosamples n bo Log(Event Runoff) 4-Day Rain
1
 

Event Rainfall* 

4-Day Rain 

Temporal 

Autocorrelation MSE 

Coefficient of 

Determination 

Weir 1 

≥1 163 2.04 1.01 - -0.0004 Yes 0.11 0.70 

≥2 73 2.11 0.93 - -0.0001 Yes 0.11 0.62 

≥3 45 1.96 0.99 - - Yes 0.13 0.50 

≥4 35 3.08 0.42 -0.01 - No 0.09 0.48 

Weir 9 

≥1 72 1.69 0.97 - - Yes 0.10 0.70 

Weir 11 

≥1 70 1.44 0.93 - - Yes 0.11 0.71 
1
Rainfall total four days prior to an event
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Table 3. Linear regression models chosen for spring nitrate load (kg) at Goodwater Creek Experimental Watershed Weirs 1 

(1993-2004), 9 (1993-April 2007), and 11 (1993-April 2007) by event autosamples available. 

 

    

Streamflow/Precipitation Parameter 

Estimates       

Event 

Autosamples n bo Log(Event Runoff) 10-Day Rain 

Temporal 

Autocorrelation MSE 

Coefficient of 

Determination 

Weir 1 

≥1 70 2.33 0.93 -0.002 Yes 0.09 0.75 

≥2 37 2.56 0.84 -0.004 No 0.06 0.74 

≥3 25 2.62 0.79 -0.004 No 0.06 0.70 

≥4 22 2.59 0.82 -0.004 No 0.05 0.73 

Weir 9 

≥1 25 1.75 0.99 - Yes 0.11 0.75 

Weir 11 

≥1 33 1.49 0.94 - Yes 0.10 0.78 
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Table 4.  Three best ranked linear regressions based on Akaike weights (wi) for spring atrazine load models and all possible 

combination of BMP variables at Goodwater Creek Experimental Watershed Weir 1 (1993-2006).  Corrected Akaike 

Information Criterion (AICc) and AICc differences (
i
) also shown. 

 

Event 

Autosamples Primary Variable Parameter Estimate AICc i
 wi 

≥1 No BMPs - 57.3 0.0 0.94 

 Filter Strips 0.004 64.4 7.1 0.03 

 Terraces Drained By Grass Waterways -0.002 65.4 8.1 0.02 

≥2 No BMPs - 38.0 0.0 0.53 

 Terraces Drained By Grass Waterways 0.029 38.5 0.5 0.41 

 Filter Strips 0.008 44.3 6.3 0.02 

≥4 No BMPs - 15.8 0.0 0.78 

 Terraces Drained By Grass Waterways -0.041 19.0 3.2 0.16 

  Filter Strips 0.006 22.4 6.6 0.03 
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Table 5. Three best ranked linear regressions based on Akaike weights (wi) for nitrate 

load models and all possible combination of BMP variables at Goodwater Creek 

Experimental Watershed Weir 1 (1993-2004).  Corrected Akaike Information Criterion 

(AICc) and AICc differences (
i
) also shown. 

Auto 

Samples Primary Variable(s) 

Parameter 

Estimate(s) AICc i
 wi 

All Seasons 

≥1  No BMPs - 28.3 0.0 0.92 

 Filter Strips -0.010 33.7 5.4 0.06 

 Terraces Drained By Grass Waterways 0.002 37.7 9.4 0.01 

≥2  No BMPs - 46.2 0.0 0.81 

 Terraces Drained By Grass Waterways 0.011 49.6 3.4 0.15 

 Filter Strips -0.006 53.4 7.2 0.02 

≥3  No BMPs - 29.7 0.0 0.44 

 Terraces Drained By Grass Waterways 0.018 29.9 0.2 0.40 

 Terraces + Filter Strips 0.021, -0.018 32.9 3.2 0.09 

≥4  No BMPs - 29.2 0.0 0.80 

 Terraces Drained By Grass Waterways 0.016 32.7 3.5 0.14 

 Filter Strips -0.008 35.9 6.7 0.03 

Spring Season 

≥1  No BMPs - 9.2 0.0 0.95 

 Filter Strips 0.003 16.6 7.4 0.02 

 Terraces Drained By Grass Waterways 0.001 17.9 8.7 0.01 

≥2  No BMPs - 18.1 0.0 0.74 

 Terraces Drained By Grass Waterways 0.015 20.6 2.5 0.21 

 Filter Strips 0.006 25.6 7.5 0.02 

≥3  No BMPs - 16.3 0.0 0.73 

 Terraces Drained By Grass Waterways 0.015 18.9 2.6 0.20 

 Filter Strips 0.009 22.9 6.6 0.03 

≥4  No BMPs - 13.7 0.0 0.75 

 Terraces Drained By Grass Waterways 0.054 16.7 3.0 0.17 

  Filter Strips 0.012 19.6 5.9 0.04 
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Table 6.  Predicted number of monitoring years required to detect four load reduction 

scenarios at a two tail, α=0.05 significance level based on linear regression models using 

all available events sampled for periods of available water samples. 

 

    Monitoring Years Required to Show % Reduction 

Season(s) Pollutant 5% 10% 20% 25% 

   Weir 1 

Spring Atrazine 439 114 31 21 

All Nitrate 92 24 7 4 

Spring  Nitrate 185 49 13 9 

  Weir 9 

Spring Atrazine 401 104 27 18 

All Nitrate 61 16 4 3 

Spring  Nitrate 191 50 13 9 

  Weir 11 

Spring Atrazine 511 132 34 23 

All Nitrate 61 16 4 3 

Spring  Nitrate 150 39 11 7 
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Figure 1.  Location of the Goodwater Creek Experimental Watershed (GCEW) showing 

stream channels, v-notch stream weirs, and precipitation gages used for this study. 
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Figure 2.  Manual event delineation performed for the Goodwater Creek Experimental 

Watershed Weir 1 2006 event by (1) assumption of overland flow ending following 

precipitation, (2) identification of hydrograph position at time of concentration, and (3) 

construction of straight line joining of rising limb of hydrograph with hydrograph 

position at time of concentration.  Final identified event and rainfall period associated 

with the event also shown. 
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Figure 3.  Cumulative area (ha) affected by grass waterways, terraces drained by grass 

waterways, and terraces drained by underground outlets implemented in the Goodwater 

Creek Experimental Watershed from 2003 through 2006. 
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Figure 4.  Annual precipitation (mm) and runoff (mm) totals for the Goodwater Creek 

Experimental Watershed from 1993 to 2006.  Quarterly contributions to annual 

precipitation totals shown. 

 

  



 

115 

 

 

 
 

 

Figure 5.  Quarterly atrazine load (%) from 1993 to 2006 (a) and nitrate (NO3–N) load 

(%) from 1993 to 2004 (b) transported by identified events at the Goodwater Creek 

Experimental Watershed Weir 1. 
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Figure 6.  Annual atrazine load totals (kg) determined from identified events containing 

≥1 autosamples (a) and ≥2 autosamples (b).  Number of events used for annual load 

determinations is reported above each bar. 
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Figure 7.  Autosampling periods and subsequent subsample times relative to identified 

events from 2006 (a) and 1999 (b).  Figures demonstrate both a delay in the first 

autosample taken (e.g., five hours) relative to the rising limb of the hydrograph (a) and 

compositing of samples between events resulting in measured concentrations based on >1 

event (b). 
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CHAPTER 4 

Watershed-Scale BMP Targeting within the Context of Existing Monitoring Data and a 

Hydrologic Model: How Much Implementation is Enough? 

 

ABSTRACT 

Hydrologic modelers and their predictions of water quality effects due to implementation 

of beneficial agricultural practices abound.  Examples of the direct transfer of complex 

model output to on-the-ground practitioners, administrators, and policy makers wishing 

to show measureable benefits of taxpayer-funded conservation programs are less 

common.  An objective of this research is to demonstrate how modification of a common 

watershed-scale hydrologic model, the Soil and Water Assessment Tool (SWAT), 

provides easily interpretable predictions that can immediately motivate iterative 

discussions among modelers, conservationists, and landowners concerning the most 

acceptable strategy to improve surface water quality.  This study was conducted in the 

Goodwater Creek Experimental Watershed (GCEW), Missouri U.S.A., a 73 km
2
 

watershed currently included in national research efforts to quantify effects of past 

conservation practices on privately-owned agricultural land.  The development of a 

targeted, agricultural best management practice (BMP) plan that reduces atrazine and 

nitrate loads at a GCEW water quality monitoring station by a detectable amount (25%) 

was an additional objective of this study.  These BMPs included establishment of 

vegetative filter strips (VFS), incorporation of surface applied atrazine by tillage, and a 

combination of VFSs and atrazine incorporation by tillage.  Predicted risk of pollutant 

loss from 486 cropped fields was quantified by SWAT during 30-year simulations.  
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Evaluation of model accuracy during periods of measured stream flow and water quality 

(1993-2006) indicated closely matched weekly streamflow volume and dissolved atrazine 

load but underestimated dissolved nitrate loads.  Model predictions indicated atrazine 

incorporation by tillage on all GCEW fields will not reduce pollutant loads to detectable 

levels (<25%).  At least 19% and 29% of fields required VFS establishment to reach 

detectable reductions in atrazine and nitrate load at the GCEW water quality monitoring 

station based on SWAT predictions, respectively.  Display of these fields on maps to 

local conservationists indicated full implementation of this BMP plan is unlikely due to 

multiple obstacles including landowner unwillingness to reduce farmable acreage as a 

result of VFS establishment.  Further review of predicted pollutant risk suggested 

increasing financial incentives to landowners whose fields contain selected soil types and 

are within close proximity of streams may increase benefit-cost ratios of current 

conservation programs.  This relatively quick progression from model predictions to 

assessing landowner acceptance and potential cost-share program adaptations motivates 

greater responsibility on the part of modelers to formulate BMP strategies that have better 

opportunities to demonstrate future water quality changes. 
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INTRODUCTION 

Hydrologic modelers now have a larger voice in discussions of U.S. agricultural policy, 

especially within the realm of nonpoint source pollution and strategies to effectively 

address water quality impairment.  This realization is demonstrated by the use of 

watershed-scale models, including the Soil and Water Assessment Tool (SWAT), for 

determinations of regional and national benefits of conservation programs funded by the 

2002 U.S. Farm Security and Rural Investment Act (Mausbach and Dedrick, 2004).  In 

the absence of monitoring, SWAT models are expected to forecast future conservation 

needs in agriculturally-dominated watersheds across the U.S.A. (Duriancik et al., 2008).  

Additionally, model simulations now take into account important socio-economic 

considerations.  The coupling of SWAT with multi-objective optimization algorithms 

enables modelers to consider various combinations of agricultural best management 

practices (BMPs) aimed at pollutant reduction within a watershed while quantifying 

economic interests of agricultural producers (Arabi et al., 2006; Whittaker et al., 2009).  

Such applications have been developed as policy-planning tools for the U.S. Department 

of Agriculture (USDA) to aid in choice and placement of BMPs across watersheds 

(Richardson et al., 2008).  The recent advancements and present use of SWAT in 

decision making surrounding water quality and agriculture provide new directions for 

scientists wishing to further demonstrate the usefulness of such models and guide future 

watershed management. 

 

A scientist, wishing to use watershed models and develop new BMP strategies, benefits 

from many existing model guidelines and past studies.  In the case of SWAT, a continual 
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review and refinement of algorithms (Arnold et al., 1998; Arnold and Fohrer, 2005; 

Gassman et al., 2007), data input used for model setup (Peschel et al., 2003; Chaplot, 

2005; Wang and Melesse, 2005; Geza and McCray, 2008; Cho et al., 2009; Kumar and 

Merwade, 2009), calibration/validation methods (Santhi et al., 2001; White and Chaubey, 

2005), and model parameters that pertain to BMP implementation (Bracmort et al., 2006; 

Arabi et al., 2008) highlight necessary a priori considerations for model users.  Further 

review of SWAT model studies that have identified sensitive watershed areas and 

predicted pollutant reduction based on alternative watershed management scenarios 

demonstrate the guidance available for BMP implementation following review of model 

outputs (Vache et al., 2002; Tripathi et al., 2003; Gitau et al., 2006; Parajuli et al., 2008; 

White et al., 2009).  Nevertheless, two weaknesses are apparent from review of SWAT 

model guidelines and past BMP targeting studies that will continue to lessen the 

usefulness of these efforts: 1) simulating BMP effects does not guide managers on the 

minimum reductions in pollutant loads needed for future, detectable trends in monitoring 

data and 2) model outputs are not easily transferable to local conservation technicians 

wishing to identify specific watershed locations that may be targeted for BMP 

implementation. 

 

Use of on-the-ground monitoring data for watershed modeling efforts has been largely 

focused on quantification of prediction accuracy and calculation of various model 

goodness-of-fit statistics.  However, little to no guidance is given for the common, 

intended use of hydrologic models - the prediction of future, hypothetical scenarios.  

Detailed guidelines for collection, documentation, and use of monitoring data during 
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model evaluation periods exist, ensuring model outputs can be interpreted relative to a 

model‘s ability to simulate water and pollutant transport during past time periods (Engel 

et al., 2007).  Recommended ranges of statistic values for assessing a model‘s output 

(e.g., satisfactory, very good) have also been presented, building upon estimates of 

uncertainty inherent in measured streamflow and water quality data (Moriasi et al., 

2007).  As development of future BMP targeting schemes become a more common 

objective of hydrologic modeling studies, accountability for predicted results will likely 

increase.  It is imperative model users explore not only the uncertainty of monitoring data 

used to assess model performance (Harmel et al., 2006), but the minimum change in 

water quality constituent loads/concentrations needed to detect future trends in a 

particular watershed (Spooner et al., 1987; Galeone, 1999; King et al., 2008).  After 

exploring the variability associated with measuring a particular water quality constituent, 

a hydrologic modeler can avoid targeting schemes that cannot be detected by monitoring 

(e.g., Richards and Grabow, 2003) and choose the minimum, targeted BMP 

implementation necessary to demonstrate water quality improvement in the future. 

 

The non-spatial nature of landscape units represented by SWAT remains a key weakness 

of this model (Gassman et al., 2007).  This weakness further prohibits the spatial 

representation of BMP types throughout a watershed and the simulation of a ―true‖ 

targeted BMP scenario.  Instead, SWAT model outputs are based on aggregations of 

unique soil, terrain, and land use/cover, referred to as Hydrologic Response Units 

(HRUs) (Gassman et al., 2007).  While the use of HRUs has simplified model setup for 

users and enabled the direct use of Geographic Information Systems (GIS) databases (Di 
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Luzio et al., 2002; Olivera et al., 2006), the ability to directly link SWAT output with 

scales captured by past and current Farm Bill conservation programs (i.e., individual 

cropped fields) is lost.  The linkage between multiple models that simulate both field-

scale and watershed-scale processes has been developed (Renschler and Lee, 2005; Saleh 

and Gallego, 2007; Saleh et al., 2008), but requires multi-model proficiency of users, 

limiting its widespread application.  As SWAT has been selected as the primary model 

for the USDA Conservation Effects Assessment Project (CEAP) and integrated into the 

development of new U.S. agriculture policy tools (Richardson et al., 2008), modelers 

may wish to move predictions away from detached landscape units (e.g., HRUs) and 

towards discrete fields within a watershed.  In doing so, local conservationists and 

landowners can directly interpret model predictions while being provided with a 

―roadmap‖ of BMP implementation. 

 

As noted by Easton et al. (2008), the combination of modeling and monitoring hold great 

promise for determinations of BMP effects.  More plainly stated by the Soil and Water 

Conservation Society, ―simulations and extrapolations cannot – and must not – substitute 

for on-the-ground monitoring and inventory systems designed to determine if anticipated 

conservation benefits are being achieved‖ (pg. 16, SWCS, 2006).  The use of existing 

monitoring data to guide pollutant reduction strategies motivates future assessments of 

the success of BMP targeting schemes and a greater sense of accountability for model 

predictions.  When this accountability is coupled with SWAT predicted pollution losses 

at field-scales, hydrologic modelers can better integrate simulations with real-world 

considerations of individual landowners and local conservationists, increasing the 
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relevance and impact of model findings to wider audiences.  The goal of this research is 

to better demonstrate the usefulness of a hydrologic model to current efforts to improve 

rivers located in agricultural landscapes and demonstrate successes.  A study objective is 

to formulate a BMP targeting scheme in the Goodwater Creek Experimental Watershed, 

Missouri U.S.A., based on minimum load reductions (25%) necessary to detect future 

improvements in dissolved atrazine and nitrate-N (NO3
-
N), SWAT simulated pollutant 

losses, and existing knowledge of BMP effectiveness in this study area.  An additional 

objective of this study is to visualize this BMP implementation plan on a field-by-field 

basis to better quantify human, financial, conservation policy, and monitoring 

considerations for those wishing to follow these recommendations to improve water 

quality in this watershed. 

 

METHODS 

Study Area 

The Goodwater Creek Experimental Watershed (GCEW) is a 73 km
2
 instrumented 

watershed monitored by the USDA Agricultural Research Service (USDA-ARS) and 

located in the Upper Mississippi River Basin (Figure 1).  The GCEW was selected for 

inclusion in the USDA CEAP in 2005 to simultaneously address  water quality concerns 

in concert with socio-economic factors within this watershed.  Water quality concerns in 

the GCEW mirror those present throughout northcentral Missouri including runoff-prone 

soils and large relative transport of herbicides, nutrients, and sediment to neighboring 

streams (Lerch et al., 2008).  The GCEW is characterized by nearly flat to gently rolling 

topography with slopes ranging largely from 0 to <3% but composed of steeper slopes 
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adjacent to major drainageways.  The hydrology of the GCEW is dominated by the 

presence of a  large clay-content subsurface soil horizon that impedes vertical water 

movement during soil profile recharge (winter through spring) and forms surface cracks 

during soil moisture deficits (late summer through fall) (Baer and Anderson, 1997; 

Blanco-Canqui et al., 2002).  Eighty-eight percent of all stream discharge measured at the 

outlet of GCEW from 1993-2006 was composed of runoff events immediately following 

precipitation (Chapter 3).  As a result, surface and near-surface losses of common 

agrichemicals applied to crops in this watershed are suspected as a dominant pollutant 

transport mechanism as opposed to vertical leaching (Power et al., 2001; Lerch and 

Blanchard, 2003). 

 

Interpretation of 2006 USDA National Agriculture Imagery and windshield surveys 

within the study area indicate the GCEW is dominated by row crop agriculture (71%), 

followed by urban/developed (10%), forest (9%), and pasture (8%) (Figure 1).  Common 

crops within the GCEW include soybean (Glycine max), corn (Zea mays), grain sorghum 

(Sorghum bicolor), and winter wheat (Triticum aestivum L.).  In response to soil erosion 

concerns on cropped fields, landowners/farm operators have adopted various behavioral 

and structural BMPs.  Greater amounts of crop residue have been retained on soil 

surfaces within this region of Missouri through reduced tillage practices (Bockhold et al., 

2006).  A total of 14.6% of the GCEW was affected by structural BMP implementation 

between 1993 and 2006 through application of various federal/state cost-share programs.  

The most common cost-shared structural BMPs implemented in the GCEW have 

included grass waterways and terraces drained by underground outlets.  Storm event 
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sampling between 1993 and 2006 indicated no decreasing trends in atrazine or NO3
-
N 

loads (kg) have occurred due to these BMPs (Chapter 3).  Instead, increased delivery of 

dissolved nutrients from cropped fields has been identified as a primary cause for 

impairment of regional surface water supplies (Baffaut et al., 2009).  Additionally, the 

GCEW has exceeded regulatory atrazine concentration thresholds, requiring continued 

water quality monitoring and additional BMP planning through stakeholder meetings 

(EPA, 2003). 

 

SWAT Model Setup and Field Definitions 

The SWAT model, version 2005, was chosen for this study because of its selection for 

the USDA CEAP and its ability to represent variable cropping and management effects 

on watershed hydrology and pollutant transport.  Details on model development and 

equations used to predict surface runoff, groundwater recharge, plant growth, and 

pollutant transport are detailed in Gassman et al. (2007) and Neitch et al. (2005), and 

summarized here.  The SWAT model is semi-distributed, deterministic hydrologic model 

which relies on soils, terrain, and land use data as primary inputs for predictions of the 

hydrologic cycle using mass-balance equations.  The SWAT model was not intended for 

predicting single streamflow events, but rather to assist planners and managers in 

assessing long-term effects of watershed management.  The ArcSWAT interface (version 

2.3.4) was used to define stream networks and 14 nested subbasins within the GCEW 

from existing GIS data sets (Table 1).  Eight rainfall gages, one temperature monitoring 

station (Table 1), and one water quality monitoring station within the GCEW were also 

defined during model setup (Figure 1). 
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While the ArcSWAT interface allows the direct use of soil, terrain, and land use GIS data 

sets for defining aggregated HRUs, this representation of the GCEW was not chosen.  

Instead, a GIS database of agricultural fields and urban/developed land parcels within the 

GCEW was overlain with a GIS soil database to determine the dominant soil for each 

field/land parcel (Table 1).  Model inputs representing individual fields/land parcels and 

their respective dominant soil were stored in a relational database, then used to write 

inputs necessary for the SWAT model using the ArcSWAT interface.  Additional terrain 

parameters important to model predictions, including mean slope and slope length, were 

determined individually for each field/land parcel from a GIS data set of watershed 

terrain (Table 1) and included in model inputs. 

 

Further specification of agricultural operations was included in SWAT model inputs to 

better simulate spatially distributed field management.  The most recent field-by-field 

census of crops planted in the GCEW representing 1990-1993 and windshield surveys 

conducted in 2006 were used to assign four possible crop rotations to fields (Table 1).  

Crop rotations and associated operations (e.g., fertilizer type and amounts, herbicide type 

and amounts, tillage) represented in the SWAT model were based on consultation with 

private crop consultants located in the GCEW and Heidenreich (1996).  Details of these 

rotations can be viewed in Appendix 1 and are briefly discussed here.  A four-year hay 

cutting operation was assigned to agricultural fields identified as pasture/hay land.  Fields 

planted with grain sorghum during any year between 1990 and 1993 were assigned a 

grain sorghum-soybean, two-year rotation.  Fields planted with winter wheat (1990-1993) 
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were assigned a corn-soybean-double crop winter wheat/soybean, three year rotation.  

Fields planted with corn (1990-1993) were assigned a corn-soybean, two year rotation.  

All remaining fields were randomly assigned to the grain sorghum-soybean, corn-

soybean-double crop winter wheat/soybean, or corn-soybean crop rotation.  Following 

initial assignment of crop rotations to row cropped fields, the beginning crop in a rotation 

was randomly assigned (e.g., either corn or soybean beginning a corn-soybean, two year 

rotation).   

 

Assignment of variable crop rotations to fields also allowed associated operations to be 

temporally distributed in the GCEW and based on reported planting records.  Weekly 

records of planting progress (e.g., cumulative percent planted) for selected crops in 

northeast Missouri were used as a guide for planting dates simulated in the SWAT model 

(Table 1).  A three-week period centered on the largest weekly increase in corn planting 

progress for each year between 1993 and 2006 was determined.  Corn and grain sorghum 

planting for each field was randomly assigned to one of three possible weeks previously 

determined and based on the year in which planting occurred (1993-2006).  Random 

selections were constrained to result in the SWAT model simulating the planting of the 

largest proportion of corn/grain sorghum on the week of the largest planting progress 

increase indicated by NASS (2008).  Corn planting dates were used for grain sorghum 

planting due to the lack of comparable planting progress records, similar operation 

scheduling, and similar plant growth requirements.  Soybean planting dates were based 

on the largest weekly increase in soybean planting progress for individual years between 

1993 and 2006 (NASS, 2008).  Winter wheat planting dates were based on consultation 
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with private crop specialists located in the GCEW and Heidenreich (1996).  Timing of 

atrazine and NO3
-
N applications for corn and sorghum was initially based on field 

operations ranging from 4 to 48 days prior to planting and occurring during trafficable 

days (i.e., following multiple days of no measured rainfall).  Later, timing of spring 

atrazine of NO3
-
N applications was altered during the model calibration/validations 

periods. 

 

Model Sensitivity, Calibration, and Validation 

Sensitivity analyses were performed to determine the importance of selected model 

parameters to predicted streamflow, atrazine load, and NO3
-
N load and to guide 

parameter adjustments.  Sensitivity analyses were carried out using the SWAT-CUP 

SUFI-2 algorithm (Abbaspour et al., 2007).  SWAT model parameters important to water 

balance, flow routing, nutrient cycling, atrazine chemistry, and pollutant transport were 

selected (Table 2) following initial iterations of SUFI-2.  A Latin Hypercube sampling 

was carried out leading to n combinations of parameter values where n represents the 

desired number of model simulations used to determine parameter sensitivity.  A total of 

1000 model simulation runs was used to determine parameter sensitivity.  Daily 

predictions of mean streamflow (m
3
/s), NO3

-
N load (kg/d), and atrazine load (mg/d) from 

1993 to 1999 were compared to observed daily values and used to calculate the Nash-

Sutcliff efficiency (NSE) statistic:
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where obs

iY is ith observed value, sim

iY  is the ith SWAT predicted value, and 
meanY  is the 

mean of observed values.  The NSE statistic can vary between -∞ and 1 and measures 

how well the plot of observed versus predicted values fit a 1:1 line.  Values of NSE 

approaching 1 indicate a higher degree of prediction efficiency; whereas a value of 0 

indicates the predicted values are no better than the average of the observed values 

(ASCE, 1993).  Latin Hypercube generated parameter values were regressed against NSE 

values calculated for each of the n simulations and outputs of interest (e.g., streamflow, 

NO3
-
N load, atrazine load).  SWAT predictions were considered sensitive to model 

parameters by a significant t-test of partial regression coefficients (α=0.05).  Parameter 

sensitivity was evaluated for streamflow, NO3
-
N load, and atrazine load separately. 

 

Observed streamflow, atrazine load, and NO3
-
N load at the GCEW water quality 

monitoring station were compared to SWAT model predictions at that location to 

quantify simulation accuracies, guide needed parameter adjustment, and alter scheduling 

of field operations.  Atrazine and NO3–N loads were calculated by multiplying measured 

concentrations and corresponding five minute streamflow measurements, then integrating 

over defined time periods (i.e., days).  Continuous atrazine and NO3–N concentrations 

were predicted by a straight-line interpolation between measured concentrations, 

allowing for load determinations over time periods of interest. 

 

An initial model equilibration period spanning three years (1990-1992) was simulated to 

equilibrate components of the hydrologic cycle represented by SWAT (e.g., moisture 
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distributions in soil profiles, streamflow, residual nutrient concentrations).  A seven year 

calibration period (1993-1999) and validation period (2000-2006) were used to evaluate 

SWAT predicted streamflow and atrazine load.  A seven year calibration (1993-1999) 

and five year validation period (2000-2004) were used to evaluate predicted NO3
—

N load 

(kg) due to delaysin data processing of NO3
—

N concentration data following 2004.  

Structural BMPs implemented in GCEW (e.g., grass waterways, terraces) between 1993 

and 2006 were not represented in the SWAT model due to previous water quality 

analyses indicating these efforts have not affected atrazine or NO3
—

N loads (Chapter 3). 

 

A manual, iterative adjustment of parameters previously identified as sensitive, was 

performed during the calibration period (1993-1999) by reviewing graphical and 

statistical comparisons of SWAT predictions and observed values.  This manual 

calibration process was followed by altering the scheduling of herbicide and fertilizer 

operations during the entire model evaluation period (1993-2006).  Scheduling of field 

operations was adjusted year-by-year during the entire evaluation period based on the 

need to better represent spatially and temporally distributed field operations in the GCEW 

and observations of large under- and over-predicted pollutant loads after an initial review 

of calibration/validation periods.  Fields were selected randomly to adjust atrazine and 

NO3
—

N application dates earlier or later than initial dates specified during SWAT model 

setup.  This adjustment process was performed iteratively by examining predicted-

observed 1:1 plots and additional evaluation statistics.  
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Model accuracy during the calibration and validation periods was quantified by 

calculation of three evaluation statistics recommended by Moriasi et al. (2007) including 

the NSE, percent bias (PBIAS), and the ratio of the root mean square error to the 

observation standard deviation (RSR).  The PBIAS was calculated by: 
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where PBIAS is the percent deviation of predicted values from observed values.  Positive 

PBIAS values indicate underestimation of model predictions, whereas negative values 

indicate overestimation.  The RSR was calculated by: 
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where the root mean square of model predictions (numerator) are standardized by the 

standard deviation of observed values (denominator).  The RSR statistic varies from a 

value of 0 to large positive values.  A RSR value of 0 indicates a perfect model 

simulation. 

 

Evaluation statistics were calculated at the annual, monthly, and weekly (Sunday through 

Saturday) time scales for streamflow (m
3
/week) during the calibration and validation 

periods.  The NSE, PBIAS, and RSR were also calculated at a weekly time scale for 

atrazine load (kg/week) during spring months (April, May, and June) when atrazine 

concentrations were measured.  Spring months were chosen for the evaluation of SWAT 
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predicted atrazine due to identification of this time period as a critical loss period 

(Chapter 3).  Evaluation statistics for NO3
-
N load were calculated at a weekly time scale 

(kg/week) during all months when NO3
-
N concentrations were measured.  A weekly time 

scale was chosen as the finest scale for model evaluation of atrazine and NO3
-
N due to 

GCEW streamflow events typically lasting greater than 24 hours (Chapter 3) and the 

inability of SWAT to route single hydrologic events with detail, thus causing some time 

offsets biases at the daily time scale (Arnold et al., 1998).  Examination of final 

evaluation statistics allowed a quantitative assessment of the SWAT model‘s ability to 

simulate physical processes and pollutant transport in the GCEW and important to the 

formulation of a BMP targeting strategy. 

 

BMP Targeting Strategy 

A goal of reducing atrazine and NO3
-
N loads at the GCEW water quality monitoring 

station (Figure 1) by 25% through implementation of vegetative filter strips (VFSs), 

incorporation of atrazine into surface soil layers by tillage following surface application, 

and a combination of VFSs and atrazine incorporation was used to develop a field-by-

field BMP targeting strategy for the GCEW.  This pollutant reduction goal was based on 

a previous analysis of mean atrazine and NO3
-
N loads predicting 21 and 4 years of post-

BMP implementation monitoring were required to show 25% change in mean loads, 

respectively (Chapter 3).  We assumed water quality monitoring in the GCEW will 

continue at its current location for these time periods due to long-term support by the 

USDA-ARS.  Additionally, analysis of existing water quality data collected by the 

USDA-ARS from 1993 to 2006 (Chapter 3) indicated all cost-share BMPs implemented 
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in the GCEW to present have not reduced atrazine and NO3
-
N loads.  In contrast, plot- 

and field-scale studies have demonstrated five-meter VFSs reduce atrazine and NO3
-
N 

loads by >50% (Blanco-Canqui et al., 2004; Lin et al., 2007) and incorporation of surface 

applied atrazine reduces runoff losses by 69% (Ghidey et al., 2010). 

 

In the SWAT model, reduction of atrazine and NO3
-
N load transported with surface 

runoff by VFSs, trapef, was predicted by: 

2967.0)(367.0 widthtrapef

 

(4)

where width is the width of the VFS established at the edge of fields and reduction is 

expressed as a fraction of the load.  Reduction of atrazine and NO3
-
N loads transported 

with subsurface flows by VFSs, trapef,sub, was predicted by: 

100

)1302.51661.2(
,

width
trap subef

 

(3)

where reduction is also expressed as a fraction of the total load.  A 15-meter VFS was 

chosen for SWAT simulations based on consultation with local conservationists (personal 

communication, T. Hill, U.S. Department of Agriculture Natural Resources Conservation 

Service, May 1, 2010).  Reduction of atrazine losses by moving tillage operations to 

immediately follow surface application was calculated as a function of the atrazine 

amount available for mixing and depth of tillage.  Thirty percent of atrazine within a 

depth of 100 mm from the surface was made available for mixing.  As a result, surface 

atrazine concentrations were reduced and less total atrazine was available for transport by 

surface runoff.  Surface reductions were a function of soil horizonation represented for 
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each field in SWAT and variable across the GCEW.  Calculations for mixing and 

redistribution due to tillage can be viewed in Neitsch et al. (2005). 

 

Agricultural fields were ranked by the risk of atrazine and NO3
—

N losses, measured by 

mean pollutant yield (kg/ha*yr) during two, 30-year SWAT simulations to guide 

formulation of this BMP targeting strategy.  Mean pollutant yield was calculated by 

simulating all agricultural fields adopting a corn-soybean or all agricultural fields 

adopting a soybean-corn rotation beginning in 1977.  Two variants of a corn-soybean 

rotation were used for two 30-year simulations due to the application of atrazine and 

NO3
—

N during alternating years and the wish to predict pollutant losses for all years.  

Measured rainfall and temperature data from 1977 to 2006 were used for these two 

SWAT simulations.  Fixed operation dates (e.g., herbicide application, nutrient 

application, tillage, planting) for all fields were used for both simulations and determined 

by calculating the mean operation dates used for the final calibrated/validated model 

(1993-2006).  Use of identical crop rotations and fixed operation dates was chosen to 

remove confounding factors of various cropping rotations and rainfall patterns relative to 

operation scheduling when simulating pollutant yield from individual fields.  Therefore, 

field rankings of pollutant yield were focused on bio-physical interactions among soil 

properties, slope, slope length, rainfall patterns within the GCEW, and a crop rotation 

requiring atrazine and NO3
—

N input to fields.  Four relative categories of pollutant loss 

risk (high, moderate, low, and very low) were assigned to fields based on rankings 

(descending order) of atrazine and NO3
—

N yield. 

 



 

136 

 

Field rankings for pollutant yield were used to predict the minimum number of highest 

ranked fields necessary to adopt each of the three BMP strategies and reduce pollutant 

loads by 25% at the GCEW water quality monitoring station.  These predictions were 

also based on row crop rotations only (no pastured fields) represented on fields between 

1993 and 2006.  Final location of fields necessary to reach reduction goals were noted on 

a map of the GCEW and used to determine co-location of existing cost-shared BMPs, 

land ownership, and estimated time for full implementation of BMP strategies based on 

consultation with local conservationists. 

 

RESULTS 

Field Representation within SWAT Model 

A total of 486 row cropped/pastured fields were represented in the SWAT model in 

addition to remaining urban/developed and forested land parcels.  Mean area of fields 

was 12.8 ha (SE±0.52) and ranged from 0.1 to 60.9 ha.  The most common dominant 

field soils were the Mexico silt loam and Mexico silty clay loam soil series (fine, 

smectitic, mesic Vertic Epiaqualfs) containing a restrictive, large-clay content horizon at 

330 to 690 mm, occurring on GCEW interfluves/shoulder landscape positions, and 

composing 54% of field area represented in the SWAT model.  Least common field soils 

represented by the SWAT model were those of the Belknap-Twomile-Gifford 

association, a toposequence of Albaqualfs to Fluvaquents commonly found on landscapes 

surrounding larger-order streams.  Mean field slope was 1.5% (SE±0.04) and ranged 

from 0.003 to 5.8%.  Mean slope length of fields ranged from 10 to 115 m and averaged 

31 m (SE±0.6). 
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Assignment of crop rotations during SWAT model setup resulted in variable proportions 

of the GCEW containing row crops year-to-year from 1993 to 2006.  This variability was 

due to the representation of two- and three- year rotations as well as alternating initial 

crops used within the same rotation type (e.g., corn or soybean beginning a corn-soybean 

two-year rotation) at the beginning of the SWAT simulation.  Single-cropped soybean 

represented the largest, mean percentage of crop area (37%), followed by corn (26%), 

double cropped winter wheat-soybean (16%), and grain sorghum (11%).  Corn planting 

operations represented by the SWAT model ranged from April 3 to June 25 between 

1993 and 2006.  Soybean planting operations ranged between May 7 and July 5 during 

this model evaluation period.  Final scheduling of atrazine application represented by the 

SWAT model between 1993 and 2006 ranged from March 19 to June 29. 

 

GCEW Rainfall, Runoff, and Water Quality Sampling 

Mean annual precipitation total for GCEW during the model evaluation period was 966 

mm (SE ± 42) and ranged from 706 to 1258 mm (Figure 2).  Deviance from the 36-year 

mean annual precipitation total for the GCEW (1971-2006; 970 mm) ranged from -264 to 

288 mm.  Second quarter (April through June) precipitation was 38% of total 

precipitation during the study period.  Spring precipitation ranged from 18 to 54% of 

annual totals.  Mean spring precipitation during the streamflow calibration period (1993-

1999) was 397 mm (SE ± 31) and ranged from 300 mm to 536 mm.  During the 

streamflow validation period (2000-2006), mean precipitation was 335 mm (SE ± 37) and 

ranged from 194 mm to 436 mm.  Mean annual runoff measured at the water quality 
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station was 407 mm (SE ± 47) and ranged from 137 to 756 mm.  When comparing the 

streamflow calibration and validation periods, mean runoff at the GCEW monitoring 

station was 446 mm (SE±77) and 366 mm (SE±55), respectively.  Mean precipitation 

during the calibration period was 955 mm (SE±77); whereas, the mean precipitation 

during the validation period was 976 (SE±43). 

 

A total of 66 spring weeks between 1993 and 2006 contained measured streamflow 

atrazine concentrations and were used for evaluation of SWAT predictions.  Number of 

spring weeks containing measured atrazine concentrations per year ranged from 1 to 9 

and the mean was 4.7 sampled weeks/year (SE±0.6).  Forty-two weeks contained 

measured atrazine concentrations during the atrazine calibration period (1993-1999) as 

compared to 24 weeks during the atrazine validation period (2000-2006).  A total of 144 

weeks between 1993 and 2004 contained measured NO3
-
N concentrations.  Mean number 

of sampled weeks/year was 11.8 (SE±3.3) and ranged from 3 to 21 sampled weeks/year.  

Number of sampled weeks during the nitrate calibration (1993-1999) and validation 

(2000-2004) periods was 98 and 44, respectively. 

 

Model Sensitivity, Calibration, and Validation 

Predicted streamflow, atrazine load, and NO3
-
N load were sensitive to 21 SWAT model 

parameters based on multiple linear regressions between parameter values and the NSE 

(Table 2).  Slope, flow routing, and snowfall parameters were important to all predicted 

outputs examined by this study.  Additionally, predicted flow was sensitive to parameters 

representing stream channel roughness, surface runoff lag time, and groundwater 
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evaporation to overlying soil horizons.  Model parameters also important to predicted 

atrazine included slope length and fraction of pesticide available for surface runoff/lateral 

flow transport in surface soil layers.  Amount of nitrogen represented in the organic soil 

fraction, denitrification rates, thresholds for groundwater flow, and the fraction of 

nitrogen available for surface runoff/lateral flow transport in surface soil layers were 

important to predicted NO3
-
N load.  Additional parameters important to outputs but not 

included in sensitivity analyses included the Soil Conservation Service curve number 

associated with field operations (crop planting, tillage, harvest) and used to predict 

surface runoff.  Operation curve numbers were not included in sensitivity analyses due to 

the specification of 22 possible, 17-year (1990-2006) crop rotations for fields in the 

SWAT model and the inability to efficiently specify these associated operation curve 

numbers in the SWAT-CUP setup. 

 

A total of 25 parameters were changed from default values during manual calibration of 

the SWAT model based on results of sensitivity analyses and previous measured data.  

Dimensions of GCEW stream channels, representing three parameters were changed to 

measured values cited by Heidenreich (1996).  Plant heat units, a SWAT parameter 

responsible for predicting plant growth and biomass accumulation, was altered based on 

comparison of predicted crop yields and crop yields reported by NASS (NASS, 2010).  

Eleven parameters were manually adjusted during calibration of streamflow, resulting in 

monthly model accuracies (Table 3) rated as ―very good,‖ the most accurate rating 

category documented by Moriasi et al. (2007).  Review of the streamflow calibration 

statistics indicated weekly values were equal to monthly values.  Validation statistics 
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indicated less accurate predictions of streamflow relative to the calibration period (Table 

3).  However, validation statistic values for monthly streamflow fell within ―good‖ (NSE 

and RSR) and ―very good‖ (PBIAS) evaluation categories (Moriasi et al., 2007).  Closer 

review of predicted-observed 1:1 plots indicated underestimations of moderate to large 

weekly streamflow (Figure 3). 

 

Unsatisfactory model accuracy was indicated for weekly atrazine load predictions during 

the calibration period following initial adjustment of parameters important to atrazine 

transport.  The weekly atrazine NSE and RSR statistic values during the calibration period 

after initial parameter adjustments were -11 and the 3.5, respectively.  Following review 

of under- and over-predicted weekly atrazine loads (Figure 4a) and reported corn planting 

progress (Figure 5a), adjustment of atrazine application progress for the GCEW improved 

model accuracy (Figure 4b).  Weekly atrazine NSE and RSR statistic values improved to 

0.83 and 0.41 during the calibration period (Table 4) after a more gradual atrazine 

application progress for the GCEW was represented for selected years (Figure 5b).  This 

improvement was mirrored during the validation period when comparing model accuracy 

prior to (Figure 4c) and following adjustment of atrazine application progress (Figure 

4d).  A more gradual atrazine application progress was justified because of farm operator 

reliance on two custom applicators for as many as 30 farm operators in the GCEW.  

Weekly atrazine NSE values during the validation period improved from -1.5 to 0.93 after 

adjustment of atrazine application scheduling.  Review of evaluation statistics (Table 4) 

and final predicted-observed 1:1 plots (Figure 4b&d) indicated weekly atrazine load 

predictions during the calibration and validation periods closely matched measured loads. 
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Similar improvements to weekly predicted NO3
-
N load were observed after adjustment of 

NO3
—

N application progress.  The NSE and RSR statistic values were -0.1 and 1.0 

following initial parameter changes, respectively.  The NSE improved to 0.34 and the 

RSR improved to 0.81 during the calibration period (Table 5) after representing a more 

gradual NO3
-
N application in the GCEW for selected years.  Comparison of NO3

-
N 

statistics (Table 5) and predicted-observed 1:1 plots indicated underestimations of weekly 

NO3
—

N during the calibration (Figure 6a) and validation (Figure 6b) periods.  While 

PBIAS values calculated for weekly NO3
-
N load indicated ―good‖ model performance 

during the calibration and validation periods, NSE and RSR statistics during the same 

time periods indicated ―unsatisfactory‖ model performance (Moriasi et al., 2007).  Data 

sources documenting grazing cattle, discharge from concentrated cattle operations, 

discharge from septic systems, and discharge from waste water treatment lagoons did not 

exist and were not included in SWAT predictions.  

 

Field Rankings of Atrazine/NO3
-
N Risk  

Simulated atrazine yield from 486 GCEW fields ranged from 0.005 to 0.5 kg/ha*year 

during 30-year simulations (1977-2006) when corn-soybean and soybean-corn rotations 

beginning in 1977 were considered together.  This range translated to 0.36% to 31% of 

annual applied atrazine.  Eighteen-percent less atrazine mass was transported from fields 

based on 30-year simulation of fields adopting a soybean-corn rotation beginning in 1977 

as compared to a corn-soybean rotation.  Mean field atrazine yield was 0.14 kg/ha*year 

(SE±0.001) and ranged from 0.12 to 0.18 kg/ha*year when the two, 30-year simulations 
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were considered.  Mean annual field loss of atrazine was 9.4% (SE±0.06) and ranged 

from 7.8% to 12.0% based on these simulations.  Field simulated NO3
-
N yield ranged 

from 0.8 to 21 kg/ha*year during the two, 30-year SWAT model runs.  Six-percent less 

nitrate mass was transported by surface runoff/lateral flow when a soybean-corn rotation 

beginning in 1977 was represented by the SWAT model as compared to a corn-soybean 

rotation.  Mean field NO3
-
N yield was 6.7 kg/ha*year (SE±0.03) and ranged from 5.7 to 

7.9 kg/ha*year when the two, 30-year SWAT simulations were used for pollutant yield 

calculations.  Graphical comparison of mean simulated annual atrazine and NO3
-
N yields 

indicated predicted risk of pollutant losses on GCEW fields were positively related 

(Figure 7). 

 

Maps indicating ranks of atrazine and NO3
-
N yield further demonstrated similarities 

between risks of pollutant loss from fields (Figure 8).  High risk fields for atrazine and 

NO3
—

N were co-located in northcentral and northern portions of GCEW adjacent to 

Goodwater Creek and its tributaries.  Five high risk fields for NO3
-
N losses were located 

in the southern portion of GCEW (Figure 8b).  Mean slope length and slope of high risk 

atrazine fields (1-122 ranked) were 29.7 m (SE±1.1) and 1.1% (SE±0.08), respectively.  

Mean slope length and slope of very low risk atrazine fields (365-486 ranked) were 31.5 

m (SE±1.3) and 1.4% (SE±0.07), respectively.  Closer inspection of high risk atrazine 

fields indicated Mexico silty clay loam and Leonard silty clay loam made up 71% and 

28% of soil series represented on this GCEW area, respectively.  Review of very low risk 

atrazine fields indicated 99% of this GCEW area was represented by the Mexico silt loam 

series.  Similar slope length, slope, and soil series comparisons existed for high and very 
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low risk NO3
—

N fields.  Notable differences between soil series commonly found on high 

versus very low risk pollutant loss fields included lower hydraulic conductivity of the 

second soil layer (0.01 mm/hr versus 9 mm/hr), less available water capacity of the 

second soil layer (0.14 to 0.16 cm/cm versus 0.23 cm/cm) and larger clay content of the 

second soil layer (46% to 52% versus 22%) based on available soil surveys for the 

GCEW (Table 1).  These differences in physical soil properties are attributable to lesser 

depths to the argillic horizon for Mexico silty clay loam and Leonard silty clay loam as 

compared to Mexico silt loam. 

 

BMP Targeting Strategy 

A total of 91 row cropped fields required adoption of 15 m VFSs to reduce atrazine loads 

by 25% at the GCEW water quality monitoring station based on crop rotations 

represented during the SWAT model evaluation period (1993-2006).  A total of 142 row 

cropped fields required adoption of 15m VFSs to reduce NO3
-
N load by 25% during this 

same time period.  This larger number of fields represented the identical 91 fields chosen 

for a 25% reduction in atrazine load and an additional 51 fields.  Comparison of atrazine 

(Figure 9a) and NO3
-
N (Figure 9b) VFS targeting maps showed most fields were adjacent 

to Goodwater Creek.  A 15% reduction in NO3
-
N  load was predicted at the water quality 

monitoring station after fields shown in Figure 9a adopt 15m VFSs; whereas, a 35% 

reduction in atrazine load was predicted after fields shown in Figure 9b adopt 15 m VFSs.  

A 20% reduction in atrazine load was predicted at the water quality monitoring station 

when incorporation of atrazine into soil layers by tillage following surface application is 

adopted by all row cropped fields.  Less than a 1% change in NO3
-
N load was predicted 
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by the SWAT model when tillage immediately follows atrazine application on all row 

cropped fields.  No difference in pollutant load reductions at the water quality monitoring 

station was predicted for a BMP strategy that relies on VFSs only versus adoption of 

VFSs in combination with atrazine incorporation by tillage.  The absence of additive 

benefits of both VFSs and atrazine incorporation by tillage was due to VFSs represented 

on field borders and the overshadowing effects of VFSs predicted by SWAT. 

 

Eleven fields identified as high risk for atrazine and NO3
—

N pollutant loss were not 

included in the VFSs targeting strategies (Figure 9) due to existing cost-share VFSs 

adopted by the landowner/farm operator.  Closer inspection of fields identified for the 

VFSs targeting scheme to reduce atrazine load (Figure 9a) indicated 22 of 91 had adopted 

cost-share BMPs other than VFSs between 1993 and 2006.  The most common structural 

BMP adopted on these fields included grass waterways (13 fields) followed by terraces 

drained by underground outlets (7 fields).  One field contained a cost-share grass 

waterway and a terrace drained by underground outlets (UGO).  A total of 39 unique 

landowners were identified from fields targeted for VFSs establishment to reduce 

atrazine load.  Review of fields identified for adoption of VFSs to reduce NO3
-
N load 

(Figure 9b) indicated 16 landowners represented the additional 51 fields chosen for this 

targeting strategy.  Four of these additional 51 fields had adopted cost-share BMPs in the 

last 14 years and this BMP was grass waterways. 

 

At least 10 years would be required for on-the-ground implementation of VFS for 142 

fields identified in Figure 9b based on consultation with local conservationists and 
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meeting additional prerequisites (personal communication, T. Hill, U.S. Department of 

Agriculture Natural Resources Conservation Service, May 1, 2010).  These prerequisites 

included greater funding above current budgets, increased staffing to implement VFSs, 

and 100% adoption by landowners/farm operators.  Local conservations indicated full 

adoption of the current BMP targeting plan was not currently possible based on small 

adoption rates for VFS establishment in GCEW (one request in the past four years) as 

well as administration of U.S. conservation programs and associated funding spread 

across larger political boundaries (personal communication, T. Hill, U.S. Department of 

Agriculture Natural Resources Conservation Service, May 1, 2010). 

 

DISCUSSION 

Conservation Planning and BMP Implementation Policy 

This study demonstrated SWAT model outputs representing field-scale pollutant loss 

have great potential for agricultural policy review and watershed management at locals 

levels in additional to complex bio-physical/economic watershed modeling algorithms 

now used (Arabi et al., 2006; Whittaker et al., 2009).  A more complete integration of 

landowner interests, voluntarily-adopted BMP programs, and predicted BMP effects 

requires spatially-referenced, finer-resolution model outputs not available from HRUs 

typically represented in SWAT.  When inputs/outputs of the SWAT model depend on 

fields/land parcels, conservationists and landowners can be immediately provided with 

watershed ―roadmaps‖ for proposed BMP implementation as demonstrated by Figure 9.  

Such construction and display of maps may lead to iterative discussions, field-by-field 

compromises, and further simulation of alternative BMP strategies while maintaining 
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water quality improvement goals and informing stakeholders.  This stakeholder 

involvement is expected to provide critical information for watershed planning that may 

not be adequately quantified by modelers, economists, and policy makers alone (Wilcock 

et al., 2003).  Additional benefits from this collaboration may also include an assessment 

of the acceptance federal/state cost-share agreements by landowners and needed 

adjustments to conservation programs to realize on-the-ground successes. 

 

Fields identified for detectable reductions in pollutant load were located adjacent to 

Goodwater Creek and its tributaries (Figure 9).  Review of GCEW land use/cover (Figure 

1) shows riparian forests of variable widths are located in the GCEW.  Further 

investigation of fields identified for atrazine and NO3
-
N load reduction showed 71% (101 

of 142) are located within 25 meters of Goodwater Creek and its tributaries (1:24,000 

scale).  The effectiveness of dissolved pollutant trapping by remnant riparian forests 

relative to established VFSs in GCEW is unknown.  However, the proximity of cropped 

fields to drainage ways and the increased vulnerability of remnant riparian forests to 

concentrated flow paths relative to forests bordered by VFSs (Knight et al., 2010) 

indicate possible short-circuiting of surface runoff to neighboring streams from these 

field-forest interfaces may be a criticial pathway of pollutant transport.  This pollutant 

transport pathway may be especially important for lower-order streams where riparian 

lengths are narrower compared to larger-order streams (Herring et al., 2006). 

 

Local conservationists indicate farmable acreage reduced by VFSs, high grain prices, 

competitive land rental rates, and required maintenance to receive annual soil rental 
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payments for VFSs will continue to deter wide adoption of this BMP (personal 

communication, T. Hill, U.S. Department of Agriculture Natural Resources Conservation 

Service, May 1, 2010).  Therefore, administration of a federal/state cost-share program 

that offers increased financial benefits to landowners who adopt VFSs in cropped fields 

within a specified distance (e.g., 25 meters) of streams may be a needed program 

adaptation for the GCEW based on SWAT model predictions.  Review of predicted risk 

of pollutant losses from GCEW fields also indicated targeted BMP programs that rely on 

soils (e.g., shallow depth to large clay content horizons) may also increase downstream 

effects of BMPs.  Similar policy/program adaptations have already been incorporated into 

existing federal conservation programs within Missouri (e.g., Conservation Reserve 

Enhancement Program), providing one-time incentive payments and increased annual soil 

rental rates for BMP implementation in watersheds supplying drinking water reservoirs 

(FSA, 2000).  Nevertheless, studies that incorporate predicted field-scale pollution loss 

within defined watersheds guide further focusing of financial resources and increase the 

potential benefit-cost ratio of conservation programs.  This greater focusing of financial 

cost incentives may be especially needed in the GCEW to demonstrate detectable water 

quality improvements in the foreseeable future. 

 

BMPs and Field Operations Represented by SWAT 

While VFS have not been widely adopted in the GCEW, studies indicate established 

BMPs (grass waterways, terrace drained by UGOs) have not affected GCEW water 

quality trends (Chapter 3) but VFSs are generally effective at sequestering dissolved 

nutrients and herbicides from agricultural fields (Dabney et al., 2006; Dosskey et al., 
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2010).  Comparison of predicted field-scale atrazine reduction in surface runoff due to 

VFSs and measured plot-scale atrazine reduction documented by Lin et al. (2007) for 

these soils showed close agreement (32% and 45% reductions, respectively) after 

establishment of 8 m VFSs.  Additionally, SWAT predicted surface NO3
—

N reductions 

(15 m VFS width; Eq. 4) and extrapolated surface reductions from plot-scale equations 

developed by Blanco-Canqui et al. (2004) for these soils also indicated similar load 

changes (82% and 85% reductions, respectively).  While an initial review of this 

agreement indicates relative confidence in SWAT predictions, direct transfer from 

measured reductions at plot-scales to field-scales has not been quantified for this study 

area. 

 

Measured effects of tillage following surface applied atrazine have not been found to be 

scale-dependent (plot- versus field-scales) in the GCEW (Ghidey et al., 2010), do not 

require reduction of farmable acreage, and have been identified as the most direct method 

to reduce herbicide transport in surface runoff (Capel et al., 2001).  These reasons and no 

significant differences in NO3
—

N transport due to residue management (Lerch et al., 

2008) motivated its inclusion as a potential BMP strategy to investigate with the SWAT 

model.  Predicted atrazine reductions at the GCEW water quality monitoring station after 

adoption of this BMP on all fields was considerably less (20%) than reductions measured 

from past field studies (69%) in the GCEW (Ghidey et al., 2010).  However, this study 

predicted atrazine reductions based on a 14 year period, 486 fields adopting 4 possible 

cropping rotations, and various soils, slopes, and field areas as opposed to the two fields, 
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14 plots, a corn-soybean rotation, and six years of monitoring data used by Ghidey et al. 

(2005; 2010). 

 

Review of plots and fields used by Ghidey et al. (2005; 2010) indicated an expected 

variability in soil properties important to surface runoff/infiltration and adsorption of 

herbicides existed.  Depth to large clay content horizons ranging from 110 to 1200 mm 

(Jiang et al., 2007b), 1.4% to 3.4% organic matter (Kitchen et al., 2005), large soil 

volume changes associated with soil wetting and drying (Baer and Anderson, 1997), and 

one order of magnitude differences in saturated hydraulic conductivity across landscape 

positions (Jiang et al., 2007a) highlight potential difficulties in predicting herbicide losses 

from these fields when one or more than one soil series is used as input for model 

predictions.  In the case of SWAT, soil properties important to surface runoff and 

infiltration (e.g., overland flow roughness coefficient, saturated hydraulic conductivity, 

available water capacity) as well as fraction of pollutant availability for transport are not 

dynamic.  Furthermore, micro-topography changes within fields due to tillage (e.g., 

ponding, micro-channels along furrows) and potentially important to pollutant loss 

cannot be currently represented by SWAT.  The above factors may partially explain 

disagreement between atrazine reductions predicted at the GCEW water quality 

monitoring station and expected reductions based on past field studies. 

 

The fraction of atrazine initially applied to the surface soil later may be altered (0-1), 

representing later incorporation into deeper soil layers by tillage.  However, a method to 

specify fractions of atrazine remaining in surface layers following use of various tillage 
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implements has not been documented at present.  The importance of representing variable 

atrazine application progress in SWAT to predict losses (Figures 4 &5), low potential for 

future adoption of VFSs by GCEW landowners (personal communication, T. Hill, U.S. 

Department of Agriculture Natural Resources Conservation Service, May 1, 2010), and 

demonstrated benefits of herbicide incorporation by tillage for this study area (Ghidey et 

al., 2005; 2010) highlight a need to develop a parameter adjustment protocol (e.g., Arabi 

et al., 2008) that represents tillage effects on near surface atrazine fractions available for 

loss in surface runoff.  Further monitoring and in-field documentation of tillage mixing 

efficiency/depths and the redistribution of atrazine in soil profiles may be needed to 

better guide these parameter adjustments.  Tradeoffs between accelerated erosion rates 

due to increased tillage (i.e., surface soil disturbance and decreased soil cover) and 

reduction of herbicides loss through incorporation following surface application may 

ultimately determine the holistic water quality benefits of this BMP in this setting. 

 

Use of Existing Water Quality Data for BMP Strategies 

The use of existing GCEW water quality data incorporated additional considerations to 

targeted BMP strategies investigated here by allowing an estimate of total effort (e.g., on-

the-ground BMP implementation and post-BMP monitoring) needed to demonstrate 

future success.  Approximately 28 total years are predicted for full VFS establishment on 

fields identified in Figure 9a (7 years) and measurement of atrazine loads (21 years) prior 

to determining statistically significant (α=0.05) changes in atrazine load at the GCEW 

water quality monitoring station.  This estimate is based on consultation with local 

conservationists (personal communication, Terry Hill, U.S. Department of Agriculture 



 

151 

 

Natural Resources Conservation Service, May 1, 2010), previous minimum detectable 

change analyses by (Chapter 3) and assumptions of no significant changes to future 

atrazine application amounts as well as full adoption of VFSs by GCEW landowners.  If 

all fields identified in Figure 9b adopt VFSs, approximately 14 total years, 10 years for 

VFS establishment and 4 years to detect significant differences in measured load, are 

estimated to demonstrate NO3
-
N load reductions (α=0.05).  An additional 7 years beyond 

this estimate (21 total years) would be required to demonstrate atrazine load reductions 

(total of 21 years).  This lesser time period for demonstrating atrazine load reductions 

when comparing strategies represented in Figure 9b and Figure 9a is due to larger 

reductions in atrazine reductions predicted by the SWAT model (35% versus 25%, 

respectively). 

 

A review of these time estimates instills a greater sense of realism for hydrologic 

modelers wishing to inform on-the-ground BMP implementation while 

administrators/policy makers hope to demonstrate program successes to their 

constituents.  When hydrologic models represent detached landscape units (HRUs) and 

do not consider the difficulty in demonstrating water quality changes, BMP targeting 

strategies may be presented to decision makers in simpler terms – ―agricultural land with 

soil x, slopes y to z are predicted as critical sources of pollutants and should be targeted 

for BMP implementation to improve water quality.‖  While this modeling approach may 

increase broad acceptance of predictions and later incorporation into new conservation 

programs, it does not answer the fundamental question-―How much is enough?‖  This 

approach also does not allow for program adaptation by conservationists familiar with 
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individual fields, associated landowners, and existing water quality monitoring networks 

positioned to demonstrate BMP effectiveness. 

 

A review of predicted field risk of pollutant loss (Figure 8a&b) and final VFS strategies 

(Figure 9a&b) indicated high ranking fields adjacent to the most downstream portions of 

Goodwater Creek were not identified for VFS establishment.  A BMP plan based solely 

on high risk for pollutant loss would have included these fields in northeastern portions of 

the GCEW for VFS establishment.  However, the existence of a water quality monitoring 

station upstream of these fields resulted in their removal from plans represented by 

Figures 9a&b.  In this case, the incorporation of an existing water quality monitoring 

station into a BMP targeting strategy resulted in the cost-effectiveness of BMP 

implementation framed within the additional goal of demonstrating success or failure of 

conservation programs funded by tax payers. 

 

CONCLUSIONS 

A watershed-scale hydrologic model, SWAT, was used to predict field-scale risk of 

pollutant loss and develop a BMP targeting strategy to reduce atrazine and NO3
-
N load to 

detectable levels in the GCEW, Missouri U.S.A.  A modification of initial model inputs 

allowed for predictions to be spatially-referenced as opposed to using aggregated soil, 

terrain, and land use/cover areas for predictions.  This approach proved useful, allowing 

the representation of a targeted BMP program on a watershed map that is easily 

interpretable to landowners and conservationists ultimately responsible for its adoption 

and implementation.  A minimum of 19% and 29% of GCEW cropped fields required 
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VFS establishment to reduce atrazine and NO3
—

N loads by 25%, respectively.  Following 

consultation with conservation technicians, the potential of this BMP strategy to be fully 

implemented in the GCEW was unlikely due to unwillingness of landowners to reduce 

farming acreage by establishing VFS, economic factors associated with land rental/grain 

prices, and conservation program requirements of VFS maintenance. 

 

Further investigation of a BMP strategy that does not reduce farmable acreage (e.g., 

incorporation of surface applied atrazine by tillage) was completed using the SWAT 

model.  Predictions of atrazine load indicated reductions at the GCEW water quality 

monitoring station were less than detectable levels (<25%) when all row cropped fields 

adopted this BMP.  Additional discussions with conservation technicians allowed for a 

field-by-field discussion/quantification of BMPs that landowners have already adopted 

and additional considerations when formulating future, alternate BMP plans.  These 

iterative discussions, based on watershed maps created directly from SWAT outputs, 

have great potential for hydrologic modelers wishing to guide adaptations of current U.S. 

agricultural conservation programs so future BMP implementation is effective and more 

importantly, has a greater chance to demonstrate measurable water quality effects. 
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Table 1.  Data inputs used in the construction of a watershed-scale hydrologic model, the Soil and Water Assessment Tool 

(SWAT), for the Goodwater Creek Experimental Watershed, Missouri U.S.A. 

 

SWAT Model 

Data Input Source Description Citation 

Streams USGS
1
 Geological Survey 

National Hydrography Dataset 

1:24,000-scale hydrography dataset Smiley and Carswell Jr. (2009) 

Terrain USGS
1
 National Elevation 

Dataset 

1/3 arc second (10 meter) grid spacing 

elevation dataset 

Gesch et al. (2009) 

Fields/Land 

Parcels 

FSA
2
 Common Land Units Smallest contiguous land unit with 

common land management, owner, and 

producer association 

FSA (2004) 

Soil NRCS
3
 SSURGO Soil Data Set 1:24,000-scale soil survey NRCS (1995; 2001) 

Rainfall ARS
4
 Cropping System Water 

Quality Research Unit 

2-minute interval record of rainfall depth 

aggregated at a daily time scale 

Sadler et al. (2006) 

Temperature ARS
4
 Cropping System Water 

Quality Research Unit 

Daily recorded minimum and maximum 

temperature 

Sadler et al. (2006) 

Crop Planting 

Progress 

Northeast Missouri NASS
5
 

Crop Condition and Progress 

Weekly census of cumulative percent of 

corn and soybean planted 

NASS (2008) 

1
U.S. Geological Survey 

2
U.S. Department of Agriculture (USDA) Farm Service Agency 

3
USDA Natural Resource Conservation Service 

4
USDA Agricultural Research Service 

5
USDA National Agricultural Statistics Service 
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Table 2.  Sensitivity of Soil and Water Assessment Tool (SWAT) predicted mean daily flow (m
3
/s), atrazine load (mg/d), and 

nitrate load (kg/d) to model parameters.  Significance (p-values) of parameter values regressed against the Nash-Sutcliffe 

efficiency statistic for predicted outputs are shown.  Sensitive parameters are bolded (α=0.05)
 

 

  Output Sensitivity 

SWAT-CUP Parameter Description Flow Atrazine Nitrate 

v__ERORGN.hru Organic Nitrogen Enrichment Ratio 0.04 0.26 <0.001 

v__ESCO.hru Soil evaporation compensation factor 0.60 0.002 0.28 

v__HRU_SLP.hru______AGRR Mean slope steepness (row cropped fields) 0.05 <0.001 <0.001 

v__HRU_SLP.hru______PAST Mean slope steepness (pastured fields) 0.07 0.82 0.01 

v__SLSOIL.hru Slope length for lateral subsurface flow 0.16 <0.001 0.04 

v__SLSUBBSN.hru______AGRR Mean slope length (row cropped fields) 0.29 <0.001 0.01 

v__GWQMN.gw Threshold depth for groundwater return flow 0.14 0.43 0.01 

v__REVAPMN.gw Threshold depth for groundwater evaporation 0.01 0.26 0.26 

v__CH_N2.rte Manning's N value for channel roughness <0.001 0.03 0.29 

v__CDN.bsn Denitrification exponential rate coefficient 0.26 0.65 <0.001 

v__MSK_CO1.bsn Muskingum routing coefficient for normal flow <0.001 0.17 0.01 

v__MSK_CO2.bsn Muskingum routing coefficient for low flow <0.001 <0.001 0.002 

v__NPERCO.bsn Nitrogen percolation coefficient 0.14 0.21 <0.001 

v__PERCOP.bsn Pesticide percolation coefficient 0.26 <0.001 0.02 

v__SFTMP.bsn Snowfall temperature 0.01 0.89 0.75 

v__SMFMX.bsn Maximum snow melt rate 0.03 0.05 0.01 

v__SNO50COV.bsn Snow water equivalent (50% snow cover) <0.001 <0.001 <0.001 

v__SNOCOVMX.bsn Minimum snow water equivalent (100% snow cover) 0.04 0.01 0.39 

v__SURLAG.bsn Surface runoff lag time <0.001 0.20 0.06 

v__HLIFE_S.pest.dat Degradation half-life (soil) 0.82 <0.001 0.48 

v__SKOC.pest.dat Soil organic carbon adsorption coefficient 0.47 <0.001 0.49 
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Table 3.  Annual, monthly, and weekly model accuracy statistics for predicted 

streamflow. 

 

Statistic Time Scale 

Calibration Period 

(1993-1999) 

Validation Period 

(2000-2006) 

NSE
1 

Annual 0.81 0.60 

 Monthly 0.79 0.70 

 Weekly 0.79 0.65 

PBIAS
2 

Annual 

9.8% 8.6%  Monthly 

 Weekly 

RSR
3
 Annual 0.44 0.63 

 Monthly 0.46 0.54 

 Weekly 0.46 0.59 
1
Nash-Sutcliffe efficiency statistic 

2
Percent bias 

3
Ratio of root mean square error to observation standard deviation 
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Table 4.  Weekly model accuracy statistics for predicted atrazine load. 

 

Statistic 

Calibration Period 

(1993-1999) 

Validation Period 

(2000-2006) 

NSE
1 

0.83 0.93 

PBIAS
2
 -1.60% 11.5% 

RSR
3 

0.41 0.26 
1
Nash-Sutcliffe efficiency statistic 

2
Percent bias 

3
Ratio of root mean square error to observation standard deviation 
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Table 5.  Weekly model accuracy statistics for predicted dissolved nitrate load. 

 

Statistic 

Calibration Period 

(1993-1999) 

Validation Period 

(2000-2004) 

NSE
1 

0.34 0.37 

PBIAS
2 

28% 34% 

RSR
3 

0.81 0.79 
1
Nash-Sutcliffe efficiency statistic 

2
Percent bias 

3
Ratio of root mean square error to observation standard deviation 
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Figure 1.  Location of the Goodwater Creek Experimental Watershed (GCEW), 2006 

land/use cover distributions in the GCEW, and location of the streamflow /water quality 

monitoring station used in this study. 
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Figure 2.  Annual precipitation (mm) and runoff (mm) totals for the Goodwater Creek 

Experimental Watershed from 1993 to 2006.  Quarterly contributions to annual 

precipitation totals shown. 
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Figure 3.  Predicted and measured streamflow (m
3
/week) during the model calibration 

(1993-1999) (a) and validation periods (2000-2006) (b). 
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Figure 4.  Predicted and measured atrazine load (kg/week) prior to (a) and following (b) 

adjustment of atrazine application progress during the model calibration period (1993-

1999).  Predicted and measured atrazine load (kg/week) prior to (c) and following (d) 

adjustment of atrazine application progress during the model validation period (2000-

2006). 

 



 

173 

 

 
Figure 5.  Documented corn planting progress (cumulative percent area planted) in 

northeastern Missouri relative to simulated corn planting progress for the Goodwater 

Creek Experimental Watershed (a) and initial and final representation of atrazine 

application progress (cumulative percent of total mass applied) (b) for 1999. 
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Figure 6.  Predicted and measured dissolved nitrate (NO3
-
N ) load (kg/week) during the 

model calibration (1993-1999) (a) and validation periods (2000-2004) (b). 
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Figure 7.  Predicted, mean dissolved atrazine and nitrate (NO3
-
N) yield (kg/ha*year) of 

486 agricultural fields in the Goodwater Creek Experimental Watershed.  Predictions 

based on a 30-year simulation (1977-2006) representing adoption of a two year, corn-

soybean rotation on all fields. 

 



 

176 

 

 
Figure 8.  Field ranking of predicted pollutant yield and associated risk categories for 

atrazine (a) and dissolved nitrate (NO3
-
N) in the Goodwater Creek Experimental 

Watershed. 
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Figure 9.  Predicted number and location of fields required to adopt 15 meter vegetative 

filter strips (VFS) to reduce atrazine (a) and dissolved nitrate (NO3
-
N) load (b) by 25% at 

the water quality monitoring station.  Field selections based on predicted risk of atrazine 

and NO3
-
N loss and no existing cost-share VFS on fields.  A total of 91 (a) and 142 (b) 

fields shown. 
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CHAPTER 5 

Identification and Quantification of Soil Redoximorphic Features by Digital Image 

Processing 

 

ABSTRACT 

Soil redoximorphic features (SRFs) have provided scientists and land managers with 

insight into relative soil moisture for approximately 60 years.  The overall objective of 

this study was to develop a new method of SRF identification and quantification from 

soil cores using a digital camera and image classification software.  Additional objectives 

included a determination of soil moisture effects on quantified SRFs and image 

processing effects on interpretation of SRF metrics.  Eighteen horizons from selected 

landscapes in the Central Claypan Area, northcentral Missouri, USA were photographed 

from exposed soil cores under controlled light conditions.  A 20 cm
2
 area was used for 

SRF quantification following a determination of the initial gravimetric water content of 

horizon faces.  Overall color determination accuracy was 99.6% based on Munsell soil 

color groupings used for SRF identification.  Rewetting of air-dry horizon faces by 

successive application of 1 mL of deionized water demonstrated little change in identified 

SRFs after seven applications.  Mean change in identified Low Chroma and High 

Chroma SRFs between the seventh and tenth rewetting sequences was 2% (SD ± 4) and 

0.03% (SD ± 0.3), respectively.  However, ten of eighteen horizons contained greater 

area of Low Chroma after ten rewetting sequences compared to the same horizon at the 

initial moisture state.  Metrics characterizing SRF boundaries, shapes, number of SRFs, 
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and mean area of SRFs were sensitive to post-classification image smoothing.  Methods 

demonstrated by this study provide an opportunity to better integrate pedology with other 

related earth sciences by allowing standardized quantification of SRFs as well as a 

determination of human error associated with current visual estimates. 
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INTRODUCTION 

Color is the most cited attribute used for soil classification and land use decisions by 

people around the world (Barrera-Bassols and Zinck, 2003).  Human perception of color 

is dependent on both a physical stimulus (e.g., reflected wavelengths striking receptors 

within the eye) and the processing of nerve impulses within the brain.  The latter of these 

represents a subjective, psychological aspect of color perception that is dependent on an 

individual‘s color experiences and varies among multiple observers (Thompson, 1995).  

While color references have been adopted to aid in transfer of soil color knowledge (e.g., 

Munsell soil color charts), the lack of standardized, objective color perception by humans 

remains a notable source of error when describing and classifying soils.  Reliable land 

management decisions based on interpretations of soil color and color patterns (e.g., soil 

redoximorphic features) require accurate, concise measurements. 

 

Soil redoximorphic features (SRFs) are micro- (surface and interiors of soil structural 

units) and macro- morphological (horizon and profile) features formed by oxidation-

reduction chemical reactions mediated by microbes in association with saturated and 

anaerobic conditions within soil profiles and landscapes.  Examples of SRFs include 

accumulations and depletions of Fe and/or Mn in soil profiles relative to the surrounding 

soil matrix (Schoeneberger et al., 2002).  The identification of SRFs is typically 

performed in the field by color descriptions and has been relied upon by many hydrology 

and pedology investigations.  Examples of SRF use include documenting wetland soil 

morphology (Blume and Schlicting, 1985), correlating soil water and oxygen content 

with soil color (Evans and Franzmeier, 1988), studying altered drainage effects on soil 
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morphology (James and Fenton, 1993), correlating subsurface flow paths with soil color 

(Brouwer and Fitzpatrick, 2002), and documenting restrictive, subsurface horizon effects 

on hillslope hydrology (Calmon et al., 1998). 

 

More recently, measured and predicted water table depths have been correlated with SRF 

estimates of presence and abundance made by human observers (Genthner et al., 1998; 

He et al., 2003; Morgan and Stolt, 2006).  These findings suggest SRF estimations made 

in the field by human observers can substitute for monitoring soil water regimes in legal 

designations of wetlands (Vepreskas and Caldwell, 2008).  However, imprecise 

measurements (e.g., lack of repeatable color recognition in the field by one or multiple 

observers), unknown accuracy (e.g., error associated with areal estimates), and undefined 

representative elementary areas (see VandenBygaart and Protz, 1999) remain.  Increasing 

confidence in land management actions based on SRF interpretations requires more 

defendable methods for quantification. 

 

Digital image processing techniques, often used in soil micromorphology, have provided 

useful tools for quantifying various soil attributes.  A method for quantifying 

micromorphological features based on color was demonstrated by Protz et al. (1992).  In 

this study, multi-channel images (e.g., red, green, and blue color values, hereafter RGB) 

of soil thin sections were used to quantify soil voids, organic material, mineralogy, and 

SRFs (Protz et al., 1992).  Additional use of remote sensing software by Terribile and 

FitzPatrick (1992; 1995) demonstrated the usefulness of image classification algorithms 

for identifying and quantifying mineralogy from soil thin sections.  Adderley et al. (2002) 
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refined digital image processing of soil thin sections by converting RGB to Munsell 

colors to aid in feature interpretation.  Aydemir et al. (2004) reexamined the use of 

remote sensing software and indicated identification of mineralogy from soil thin sections 

by automated classification algorithms was very similar to manual, point-counting 

methods.  Drawbacks to these methods include initial subjective decisions regarding 

color values that constitute particular morphologic/mineralogical features, time and 

equipment required to prepare soil thin sections, number of samples that can be 

processed, and limits on the areal size of samples analyzed. 

 

Objective color determinations are possible and have been a focus of selected soil 

classification, mineralogy, and pedotransfer studies.  Chromometers, spectrometers, and 

digital cameras have been used to accurately determine Munsell and RGB color values 

(Fernandez and Schulze, 1987), examine moisture effects on soil color (Shields et al., 

1968), document accuracy of soil color descriptions (Shields et al., 1966; Cooper, 1990; 

Post et al., 1993), examine iron oxide contents of soils (Levin et al., 2005), and predict 

soil organic matter content (Kirshnan et al., 1980; Sudduth and Hummel, 1991; Viscarra 

Rossel et al., 2008).  However, these studies have relied on disturbed (e.g., sieved) soil 

samples, prohibiting the quantification of color patterns formed in situ. 

 

The use of digital cameras to objectively identify pedon color has been recently 

attempted.  van Huyssteen et al. (2006b) demonstrated the use of digital camera and 

digital image analysis to quantify soil color from 10 excavated soil pits.  The authors 

documented disagreement between visually interpreted colors and colors determined 
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from digital image processing. Validation of this methodology showed only one Munsell 

Hue (i.e., 7.5YR) was accurately reproduced by digital image capture (van Huyssteen et 

al., 2006a), thus limiting the extension of this method to the continuum of soil colors 

often observed.  Additionally, image analysis did not objectively discriminate SRFs from 

the matrix soil color during image processing and could not quantify potential error due 

to varying light conditions and camera setup among soil pits (van Huyssteen et al., 

2006b). 

 

Increased use of soil morphology for predicting hydrology at the soil profile and 

landscape scales, quantitative methods used in soil micromorphology, and various soil 

color measurement devices motivate the development of new SRF identification and 

quantification methods.  Such a method can simultaneously advance emerging, 

interdisciplinary sciences relying on soil morphology.  For example, Hydropedology 

seeks to better link pedology, soil physics, and hydrology through use of quantitative 

hydromorphological data (Lin, 2003; Lin et al., 2008).  Moving from descriptive 

pedological studies and soil profile descriptions to a more quantitative science is needed, 

resulting in data more amenable to statistical testing and pedotransfer functions.  This 

advance will promote more holistic studies of soil by integrating quantitative data already 

produced by the fields mentioned above and many other related earth sciences (e.g., 

ecology and geology). 

 

This purpose of this study is to demonstrate the usefulness of readily available digital 

camera equipment and remote sensing software to the field of pedology.  The overall 
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objective of this research is to develop and document standardized SRF identification by 

color from soil cores under controlled light conditions through supervised image 

classification.  The use of soil cores, as opposed to soil thin sections or soil pits, is 

highlighted to demonstrate a less destructive and more time efficient method of obtaining 

quantitative, morphological measurements of SRFs formed in situ.  Additional objectives 

are to quantify accuracy of this image classification approach and the effects of moisture 

and post-classification image processing on selected SRF metrics. 

 

METHODS 

Study Area and Soil Sampling 

Two study sites were selected, Field 1 and 2, located within 2 km of Centralia, MO, USA 

(39° 13´ 58´´ N, 92° 07´ 57´´ W).  Study sites and soil core locations were chosen to 

match locations with existing order one soil surveys and previous soil characterization 

data.  Each field is managed for grain production and has been cropped using a corn-

soybean rotation with minimum tillage (Field 1) and no-tillage (Field 2).  Additional site 

history, management practices, conservation measures, and geomorphic setting is detailed 

by Kitchen et al. (2005), Lerch et al. (2005), and Myers et al. (2007). 

 

Soil series described at these sites included Putnam and Adco (fine, smectitic, mesic 

Vertic Albaqualf) as well as Mexico and Leonard (fine, smectitic, mesic Vertic 

Epiaqualf).  Cummulic Mollisols (Argialbolls) were also identified at each site.  Soils 

described at the two study sites form a succession of summit (Putnam, Adco), shoulder 

(Mexico), backslope (Leonard), and footslope (Argiabolls) landscape positions.  This soil 
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catena is typical of the northcentral Missouri Claypan Region (Myers et al., 2007).  

Examples of SRFs identified for these soil series include Fe and Mn concentrations, 

depletions, and concretions (NRCS, 1995).  Three soil series (Putnam, Mexico, and 

Leonard) meet criteria for designation as a hydric soil (NRCS, 2009).  Seasonal perched 

water tables and lateral flow above a large clay content argillic horizon (i.e., claypan) has 

been observed for these soils (Jamison and Peters, 1967; Blanco-Canqui et al., 2002). 

 

We extracted 8-cm diameter, 120-cm long soil cores on 31 Oct. 2008 and 1 Nov. 2008 

from the two study sites.  A total of six cores, three from each study site, were used in 

this study (Table 1).  Soil cores were stored in capped polyethylene terepthalate glycol 

plastic tubing, transported to a controlled temperature room within 8 hr of collection, and 

stored at 0° C.  Soil cores were removed from storage 24 hr prior to core preparation and 

image capture. 

 

Core Preparation and Image Capture 

A total of 18 horizons (3 horizons per core) were chosen for analysis to capture a range of 

horizon designations, depths, and textural classes (Table 1).  Each horizon was prepared 

for digital photography separately.  Soil cores were cut into 23-cm long segments and 

manually split lengthwise along structural voids, avoiding contact and smearing of 

exposed ped faces.  This preparation produced two exposed horizon faces (Figure 1).  

Prior horizon designations for the study sites were confirmed following splitting of cores.  

An initial gravimetric water content of one horizon face was determined for each core by 

collecting one to two grams of soil, avoiding the central portion of the exposed face used 
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for image capture (Figure 1).  The remaining horizon face was allowed to air-dry, 

followed by a determination of gravimetric water content using the methods specified 

above.  Hereafter, these two types of horizon faces will be referred to as Initial and Air-

dry, respectively. 

 

A Nikon D80 digital camera, containing a 3,872 x 2,592 pixel image sensor, and a 

Nikkor 60 mm f/2.8 lens were used to obtain digital images of horizon faces.  Two Nikon 

Wireless Speedlights were radially mounted to the end of the camera lens at 90° and 

270°, angled 30° toward the optical axis, and used as light sources.  A manual flash 

output level was chosen to insure repeatable exposure for all images.  The camera body 

was mounted to a tripod and placed 25 cm from each horizon face, measured from the 

end of the camera lens housing.  Individual pixel size was 700 µm
2
 based on this camera 

setup distance.  All digital images were captured in a dark laboratory room.  We assumed 

no effects of remaining ambient light (e.g., light entering from sources outside the 

laboratory) on image capture and processing due to the short distance between the 

lighting sources and horizon face.  A remote shutter release was used for image capture.  

A lens aperture of f25 and a shutter speed of 1/10 s were used to ensure a complete, 

focused image of each horizon face. 

 

The file format of final stored digital images was RAW (digital negative file) in RGB 

color space.  This file format excluded use of automated image compression and white 

balance algorithms (e.g., JPEG).  A manual white balance was performed for each image 

by photographing a standard 18% gray card.  Manual white balance was performed 
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separately for each day of photography.  A 20 cm
2
 (1610 x 1610 pixels) region of interest 

(ROI) was chosen for SRF identification (Figure 1).  An image of each horizon face was 

acquired immediately after the initial and air-dry gravimetric water content samples were 

taken, producing two images of the same horizon at differing water contents (Table 1). 

 

Wetting of Horizon Faces 

A series of wetting and rewetting sequences were performed on the Initial and Air-dry 

horizon faces, respectively, to quantify the effects of increasing soil moisture on horizon 

color and identified SRFs.  A single wetting/rewetting sequence included the application 

of 1 mL of deionized water followed by image capture 10 min after application time.  

Water was applied as a fine mist at a 25 cm distance from the horizon face.  A 10 min 

time period after wetting was chosen to avoid possible glistening effects of applied water 

on the horizon face.  The camera and core setup was stationary for the entire 

wetting/rewetting sequence.  Six wetting sequences were performed on the Initial horizon 

face followed by a determination of the final gravimetric water content.  Ten rewetting 

sequences were performed on the Air-dry horizon face followed by a determination of the 

rewetted gravimetric water content.  Number of wetting and rewetting sequences chosen 

was determined by monitoring color values from a subset of test horizon faces until the 

difference in mean RGB value was less than 2% between successive applications.  

Gravimetric water contents were determined by methods previously specified.  Mean 

color value of each horizon face was quantified in 8-bit RGB color space (0 to 255 

possible values per color) during wetting/rewetting sequences.  Comparison of SRFs 
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from images during wetting/rewetting sequences was also performed following digital 

image processing. 

 

Supervised Image Classification Procedures 

A supervised image classification procedure using Munsell soil color charts and existing 

definitions of SRFs (Schoeneberger et al., 2002) was developed to create an objective 

and repeatable SRF identification method for all horizon images.  The range of Munsell 

colors chosen for supervised classification procedures was based on a total of 165 profile 

and 2,332 SRF color descriptions made by trained soil scientists for soil series in 

Missouri matching those found at the study site (MCSS, 2008). 

 

A total of 238 Munsell soil colors (10R, 2.5 – 10 YR, 2.5 – 5 Y) from a new, never used 

Munsell soil color chart, version 2000, were photographed twice using the same camera 

and light settings described above.  This produced two sets of Munsell soil color images.  

The first set of Munsell color images were used as a training data set to define mean RGB 

values of the 238 Munsell soil colors.  A rectangular ROI was created for each 

photographed Munsell color and a mean RGB value was determined from pixel values 

falling inside the ROI.  A total of 238 spectral signatures were created from this data set. 

 

The second set of Munsell soil color images was only used for an accuracy assessment, 

ensuring use of separate data sets to generate spectral signatures (i.e, first set of Munsell soil 

colors) and determine classification accuracy (i.e., the second set of Munsell soil colors).  

Each pixel from the second set of Munsell soil color images was assigned to one of 238 
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possible spectral signatures created from the first set of Munsell soil color images using a 

supervised image classification.  A minimum distance algorithm was used for this 

classification assignment based on the smallest calculated Euclidean distance.  Euclidean 

distances (hereafter, spectral difference values) were calculated as the difference between the 

candidate pixel‘s RGB value (i.e., image being classified) and the spectral signatures‘ RGB 

values.  Two files were produced from each image classification, one containing each pixel‘s 

assigned spectral signature and the other containing the corresponding spectral difference 

value.  See Leica (2005) for further details on supervised image classification procedures, 

algorithms, and files produced. 

 

Accuracy of this classification procedure was determined from 50 randomly located 

pixels per Munsell soil color.  An error matrix was produced to determine accuracy of 

Munsell soil color groups and the KHAT statistic.  Accuracies were calculated by 

dividing the diagonal value by the column total.  The KHAT statistic was calculated 

using procedures outlined by Congalton and Green (1999).  The KHAT statistic  

varies between -1 and 1 and measures actual agreement between the training and 

reference data as opposed to chance agreement.  A value of 0 indicates a random 

classification.  A value of 0 indicates that the classification performed no better than a 

random assignment.  Values greater than 0.8 indicate strong agreement between classification 

results and ―true‖ Munsell soil colors (Congalton and Green 1999). 

 

All images used in image classification procedures were stored in 16-bit RGB color space 

(0 to 65,535 possible values per color).  A 16-bit RGB color space was chosen to 
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maximize color accuracy and discrimination during image classification as opposed to 

less accurate, lower bit color spaces (e.g., 8-bit).  ERDAS Imagine v9.1 software was 

used for image classification procedures. 

 

Post-Classification Image Processing 

Color of horizon faces was determined by supervised image classification and SRFs were 

identified from groupings of Munsell soil colors.  A total of 238 Munsell soil colors were 

categorized into five color groups including High Value, Low Chroma, High Chroma, 

Matrix, and Low Value/Chroma.  Color groups were defined by ranges of Munsell Value 

and Chroma across all Hues photographed (Table 2).  Color groups were based on ranges 

of Munsell Value and Chroma recommended by Schoeneberger et al. (2002) for SRF 

identification and 2,332 SRF color descriptions previously made for matching soil series 

(MCSS, 2008).  Color groups allowed for more efficient quantification of SRFs and 

remaining soil features as opposed to interpretation of individual Munsell soil colors.  

Additional terminology from Schoeneberger et al. (2002) analogous to our color groups 

is presented in Table 2.  However, we did not infer chemical compositions of color 

groups used for SRF identification (e.g., Fe or Mn content). 

 

Void spaces located on the surface of horizon faces were identified by thresholding 

spectral difference values.  An iterative process of identifying voids (e.g., vertical cracks, 

worm holes, space between structural units) from images and documenting spectral 

difference values was performed (Lillesand et al., 2004).  Spectral difference values can 

range from 0 to 97,569 based on the 238 spectral signatures used in this study and 
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defined in 16-bit RGB color space.  A spectral difference value of ≥5,477 was chosen to 

identify voids.  All other pixels having a spectral difference value <5,477 were used for 

identification of SRFs by color groups.  Voids and color groups were represented on each 

classified image. 

 

A 3x3 majority filter was applied to the Initial and Air-dry horizon faces, as well as all 

images used in the wetting/rewetting sequences, prior to quantification of color groups.  

This smoothing technique was performed by determining the majority color group for 

each pixel.  The majority color group was determined for a 3x3 window, measured in 

pixel units, and centered on each candidate pixel.  This final image processing technique 

was performed to remove ‗salt-and-pepper‘ effects often present following a pixel-by-

pixel image classification (Lillesand et al., 2004).  Percent area of Low Chroma and High 

Chroma for wetting and rewetting sequences was determined to examine change in SRF 

identification due to varying soil moisture.  Percent area of color groups was corrected 

for void space. 

 

Application of 3x3, 4x4, 5x5, and 6x6 majority filter window sizes was applied to each 

Initial horizon face to quantify the effect of post-classification smoothing on selected 

metrics.  The use of variable sized windows for post-classification smoothing was 

examined due to its common use in digital image processing (e.g., remote sensing 

applications) but lack of guidelines or widespread use in quantitative soil morphology.  

Variable-sized windows were applied to the classified image individually, not 

sequentially.  Absolute change in percent area and percent change in mean patch (i.e., 
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SRF feature) area, number of patches, edge density, and shape contiguity of color groups 

were determined relative to the unsmoothed Initial horizon face.  Edge density was 

calculated by the ratio of total edge length to total area of a color group and quantifies 

boundary complexity.  Shape connectedness and patch boundary configuration was 

quantified by shape contiguity.  Values of shape contiguity range between 0 and 1 with 

increasing values indicating greater connected patches (LaGro Jr., 1991).  All post-

classification image processing was performed using ArcGIS v9.1 software.  Metrics 

were calculated using Fragstats v3.3 software. 

 

An Intel Pentium R, 1.59 GHz processor and 2.00 GB of RAM were used for digital 

image processing.  Automated image import, formatting, classification, and processing 

programs were constructed to process multiple files without operator supervision (i.e., 

batch processing). 

 

RESULTS 

Water Content and Wetting/Rewetting Effects on Color 

Mean initial gravimetric water content of horizon faces was 0.27 g g
-1

 (SD ± 0.05) and 

ranged from 0.21 to 0.37 g g
-1

.  Eleven of eighteen Initial horizon faces increased in 

water content following six wetting sequences (Table 1).  Mean change in water content 

following six wetting sequences was 0.02 g g
-1

 (SD ± 0.04).  Textural class of horizon 

faces that did not increase in water content was silt loam, with the exception for one silty-

clay loam horizon.  Mean air-dry gravimetric water content was 0.04 g g
-1

 (SD ± 0.02) 
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and ranged from 0.01 to 0.07 g g
-1

.  Mean change in water content of Air-dry horizon 

faces following ten rewetting sequences was 0.16 g g
-1

 (SD ± 0.04). 

 

Examination of 8-bit RGB values of horizon faces studied (n=18) during the wetting 

sequence indicated no increasing or decreasing trend occurred for Field 1 (Figure 2a) and 

Field 2 samples.  However, changes in 8-bit RGB values were observed between 

individual wetting sequences.  Mean percent change in 8-bit RGB values following six 

wetting sequences was -0.1% (SD ± 0.8) and ranged from -1.7% to 1.9%.  Mean 8-bit 

RGB color of horizon faces was observed to decrease during rewetting of Air-dry horizon 

faces.  This trend was observed for Field 1 (Figure 2b) and Field 2 horizon faces.  Mean 

percent change in 8-bit RGB values following the ten rewetting sequences was -15.9% 

(SD ± 2.7).  Mean change in 8-bit RGB color values was -14.9% (SD ± 2.8) following 

seven rewetting sequences; whereas, the mean change between the seventh and tenth 

rewetting sequence was -1.0% (SD ± 0.9).  Slight movement of soil particles was visually 

observed during wetting/rewetting sequences, indicated by the appearance and 

disappearance of small voids (i.e., reworking of the soil fabric due to physical impact of 

water mist). 

 

Classification Accuracy 

Examination of the error matrix produced from a total of 11,900 pixel assessments 

indicated overall accuracy was 99.6%.  Color group accuracies ranged from 98% to 

100%.  Twenty-one and twenty-two pixels of 2800 total Matrix pixels were misclassified 
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as Low Chroma and Low Value/Chroma, respectively (Table 3).  The KHAT statistic 

was 0.99, indicating strong agreement between training and reference data sets. 

 

Supervised Image Classification and Post-Classification Processing 

An example of SRF identification by color groups is presented in Figure 3.  Total time to 

complete digital image processing per file after image capture was 12 min.  Time to 

import one image from the digital camera, select the ROI, and export of the file to image 

classification software was 5 min. (Figure 3a).  Time to perform one supervised image 

classification was 5 min. (Figure 3b and 3c).  Time to complete post-classification 

processing including color grouping (Figure 3d), thresholding of voids (Figure 3e), 

production of the final classified image (Figure 3f), and post-classification smoothing 

was 2 min. 

 

An example of color grouping for a subarea identified in Figure 3a is presented in Figure 

4.  Variability of Munsell Hue (Figure 4a), Value (Figure 4b), and Chroma (Figure 4c) 

are shown for one High Chroma SRF prior to color grouping (Figure 4d).  Munsell Hue 

was observed to vary more than Value and Chroma for identified SRFs.  Figure 4d shows 

the classified image prior to post-classification smoothing, highlighting a ‗salt-and-

pepper‘ effect on SRF identification due to pixel-by-pixel image classification. 

 

Wetting/Rewetting Effects on SRF Identification 

Low Chroma was identified for all horizon faces.  Percent area of Low Chroma identified 

from Initial Field 1 horizon faces ranged from 0.09 to 35% (Figure 5a); whereas, percent 
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Low Chroma of Initial Field 2 horizon faces ranged from 0.2 to 41%.  Four of five 

horizons containing the greatest Low Chroma were designated as Eg horizons and 

percent area ranged from 18 to 41%.  Small changes in percent Low Chroma between 

wetting sequences were observed for all horizon faces (Figure 5a).  The mean percent 

change in Low Chroma after six wetting sequences was 1% (SD ± 4.2). 

 

High Chroma was identified for 16 of 18 Initial horizon faces.  Percent area of High 

Chroma from Initial Field 1 horizon faces ranged from 0.008 to 20%; whereas, percent 

High Chroma of Initial Field 2 horizon faces ranged from 0.004 to 4% (Figure 6a).  Mean 

percent change in High Chroma after six wetting sequences was -0.3% (SD ± 0.3).  No 

consistent increasing or decreasing trends were observed for all color groups and 

horizons during the wetting sequences. 

 

Sixteen of eighteen Air-dry horizon faces contained a greater percent Low Chroma 

compared to matching Initial horizon face and the mean difference was 29% (SD ± 0.3).  

Percent area of Low Chroma identified from Air-dry Field 1 horizon faces ranged from 3 

to 80% (Figure 5b); whereas, percent Low Chroma from Air-dry Field 2 horizon faces 

ranged from 2 to 87%.  All horizon faces with identified High Chroma (16 of 18) showed 

a greater identified percent area for Air-dry horizon faces compared to the matching 

Initial horizon face.  Mean difference between Air-dry and Initial percent High Chroma 

for matching horizon faces was 5% (SD ± 6). 
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Decreasing trends in percent Low Chroma (Figure 5b) were observed for 17 of 18 Air-

dry horizon faces during the rewetting sequences.  Mean reduction in percent Low 

Chroma after the seventh rewetting sequence was 23% (SD ± 24). Mean reduction in 

percent Low Chroma between the seventh and tenth wetting sequence was 2% (SD ± 4).  

A decreasing trend in identified High Chroma during rewetting sequences was also 

observed (Figure 6b).  A mean reduction of 3% (SD ± 5) for percent High Chroma 

occurred after seven rewetting sequences.  Mean reduction in percent High Chroma 

between the seventh and tenth rewetting sequence was 0.03% (SD ± 0.3). 

 

One horizon face, sample 33- -2, increased in percent Low Chroma after ten rewetting 

sequences (15 to 38%).  Visual inspection of the rewetted images for sample 33- -2 did 

not reveal possible explanations for this change (e.g., glistening effect due to water on 

horizon face).  However, quantification of classified Munsell colors prior to color 

grouping indicated the Air-dry horizon face was dominated by Munsell Value 4 and 5 

and Chroma 3.  Following rewetting sequences, color was dominated by Munsell Value 4 

and Chroma 2, resulting in greater area grouped as Low Chroma.  An associated 

reduction in the Matrix color group further highlighted this effect on final percent color 

groups.  No increase in percent High Chroma for sample 33- -2 occurred during the 

rewetting sequences. 

 

All 18 horizons contained identified Low Chroma areas for the Initial horizon face and 

the Air-dry horizon face after ten rewetting sequences.  Greater Low Chroma area 

occurred for 10 of 18 horizon faces after ten rewetting sequences compared to the 
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matching Initial horizon faces.  Differences in Low Chroma ranged from -11 to 33%.  No 

significant linear trend between differences in percent Low Chroma and differences in 

gravimetric water content of Initial horizon faces and the matching Air-dry horizon face 

after ten rewetting sequences was found (p = 0.3).  Percent High Chroma was more 

similar between the Initial horizon face and the Air-dry horizon face after ten rewetting 

sequences.  Mean difference in percent High Chroma between these matching horizons 

was 0.8% (SD ± 1.9) 

 

Post-Classification Smoothing Effects 

An example of post-classification smoothing effects on SRF patch geometry from a 

subarea identified in Figure 3a is shown in Figure 7.  Generalized effects of post-

classification smoothing were an elimination of isolated (1-4 pixel) patches (Figure 7a) 

by the 3x3 window (Figure 7b), simplification of individual patch boundaries and shapes 

by the 4x4 and 5x5 windows (Figure 7c and 7d), and an increase of patch connectedness 

by the 6x6 window (Figure 7e). 

 

A trend of reduced Low Chroma and High Chroma percent area was identified for the 18 

Initial horizon faces as window size of post-classification smoothing increased.  

However, reductions in percent area were small compared to reductions in total number 

of patches (Table 4).  Mean number of Low Chroma patches from Initial horizon faces 

not smoothed was 6,095 (SD ± 4329).  Mean number of Low Chroma patches was 3,411 

(SD ± 2348) and 1,350 (SD ± 966) after use of the 3x3 and 6x6 majority filter window 

size, respectively.  Greater than one-third of Low Chroma and two-thirds of High 
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Chroma patches were eliminated following use of the 3x3 majority filter window (Table 

4), indicating a large number of isolated pixels existed after supervised classification and 

color grouping.  Mean area of Low Chroma patches was 0.04 mm
2
 (SD ± 0.04) and mean 

area of High Chroma patches 0.01 mm
2
 (SD ± 0.14) for Initial horizon faces not 

smoothed.  Mean area of Low Chroma and High Chroma patches increased to 0.13 (SD ± 

0.13) and 0.08 mm
2
 (SD ± 0.14), respectively, following the use of 6x6 majority filter 

window.  This represented more than a doubling of mean Low Chroma area and 

quadrupling of mean High Chroma area (Table 4).  These increases were attributed to 

elimination of small, isolated patches. 

 

Edge density of Low Chroma and High Chroma was 3.2 (SD ± 2.7) and 0.6 mm/mm
2
 

(SD ± 1.1), respectively, for 18 Initial horizon faces with no post-classification 

smoothing.  Following use of the 6x6 majority filter, Low Chroma edge density was 1.0 

mm/mm
2
 (SD ± 0.9) and High Chroma edge density was 0.1 mm/mm

2
 (SD ± 0.2).  

Percent reduction in edge density mirrored percent reduction in number of patches for 

both Low Chroma and High Chroma (Table 4).  Mean shape contiguity of Low Chroma 

increased from 0.4 (SD ± 0.05) to 0.6 (SD ± 0.04) when the classified image was 

smoothed by the 6x6 majority filter window.  Mean shape contiguity of High Chroma 

patches was 0.2 (SD ± 0.06) and 0.6 (SD ± 0.10) for the 18 Initial horizon faces prior to 

smoothing and following use of a 6x6 majority filter window, respectively.  Greater 

percent increase in High Chroma shape contiguity with increasing majority filter window 

size was observed compared to Low Chroma (Table 4). 
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DISCUSSION 

Use of Soil Cores for SRF Identification 

The method described here allows a relatively rapid, non-destructive, and accurate 

assessment of SRF occurrence from soil cores.  This method may also be viewed as a 

quantitative version of site reconnaissance as recommended by Lindbo et al. (2008).  

Additionally, evaluations of SRF metrics over varying ROIs are possible, allowing a 

determination of a representative elementary area (REA) for SRF descriptions 

(VandenBygaart and Protz, 1999).  Subsequent REA analyses can provide guidance on 

sampling methods required to meet specific objectives (e.g., accurate determinations of 

percent Low Chroma using the smallest sampling area possible).  Excessive site disturbance 

and sampling effort may then be avoided if an REA analysis indicates coring of a specific 

diameter is sufficient as opposed to pit excavation.  While this study quantified a 20 cm2
 area, 

additional image processing indicated up to a 40 cm2
 area (2,277 x 2,277 pixels) can be 

quantified from 8 cm diameter cores.  In addition to accurate SRF determinations, new 

findings within the field of micropedology are expected from more detailed investigations of 

classified images produced by this method. 

 

This method noticeably differs from existing methods used to quantify soil morphology 

due to no use of additional preparation (e.g., plastic impregnation, thin sectioning).  

Texture of soils, lack of any significant rock fragments within soil profiles, lack of large 

roots, and ambient soil moisture conditions allowed cores to be quickly prepared in the 

laboratory for digital photography.  Preparation of soil cores by simply breaking along 

the structural units allowed us to quantify SRFs formed in situ and located on ped 
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surfaces.  Any attempts to further prepare horizon faces (e.g., manually smooth an 

exposed horizon) are expected to bias expression and quantification of SRFs, changing 

areal extent and shapes of individual features.  This bias may vary with textural classes of 

soil studied.  Methods presented here were developed after attempts to prepare faces with 

high speed cutting saws proved unreliable due to smearing of large clay-content horizons.  

Previous attempts to use a digital camera within a soil pit by van Huyssteen et al. (2006b) 

relied on manual smoothing of pit faces.  However, these authors did not quantify this 

effect on soil colors.  Standardized preparation of exposed faces, in addition to consistent 

lighting conditions, remains a challenge when attempting to objectively quantify color 

from soil pits in the field. 

 

Advantages of Digital Photography and Image Processing 

A known accuracy for color recognition is an immediate benefit of this method.  This 

accuracy determination is necessary when interpreting SRF descriptions and using 

resulting data to make quantitative predictions.  Our accuracy determination was based 

on five color groups chosen to meet our objectives of demonstrating SRF identification 

from existing color definitions and descriptions of the soil series studied here.  However, 

the creation of 238 spectral signatures during supervised classification setup allows any 

combination of colors to be used in image analysis to address specific study objectives.  

Thus, this method could be used for other quantitative assessments beside SRF 

descriptions (e.g., identification and quantification of void space, root morphology, 

krotovinas, etc.). 
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Additional error matrices constructed to determine accuracies of unique Value/Chroma 

combinations (e.g., Munsell Value and Chroma 4/3 across all Hues) indicated an overall 

accuracy of 98.8% and a KHAT statistic of 0.99.  Only one Value/Chroma combination 

(8/1) was accurate for less than 90% of pixels evaluated.  This accuracy allowed further 

investigation of classified images to understand trends in SRFs (e.g., sample 33- -2 

during rewetting sequence).  Overall accuracy of unique Munsell Hue, Value and Chroma 

(e.g., 10YR 4/3) was 74.2% and the KHAT statistic was 0.74.  A determination of nearest 

neighbors in RGB color space for the 238 Munsell soil colors used in this study indicated 

color determinations using these methods are most sensitive to differences in Hue.  This 

sensitivity combined with scattering of light from rough, horizon faces is reflected in the 

large variability of Hue for classified images (see Figure 4).  While this method relied on 

RGB color space, an additional step of converting pixel values to other available color 

spaces (e.g., CIELAB, see Viscarra Rossel et al., 2006) prior to digital image processing 

may increase accuracies for individual Munsell soil colors. 

 

The use of classified images produced from this method with GIS software affords many 

opportunities within the field of quantitative soil morphology.  Our image classification 

process allowed the identification of soil voids by spectral difference values.  While 

metrics reported here were for Low Chroma and High Chroma, it is possible to quantify 

void areas, shapes, and boundaries.  Occurrence of SRFs within a specified distance of 

soil voids can be determined (e.g., percent Low Chroma within 0.1 to 1 mm of voids), 

thus possible indicators of soil moisture regime can be also be quantified (Bouma, 1983).  

Associations of SRFs with root channels can be measured and used for study of wetland 
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soil/plant interactions (Vepraskas, 2001).  Contrast of SRFs with the surrounding matrix, 

an attribute currently described by field soil scientists (Schoeneberger et al., 2002), can 

be accurately quantified for specified distances.  The combination of spatial analyses with 

multiple metrics produced for SRFs affords future opportunities to quantitatively explore 

relationships previously described qualitatively. 

 

Image classification allows a larger number of SRF metrics to be calculated than reported 

here (e.g., fractal dimension, proximity indices, contagion, see Turner et al., 2001).  

Metrics chosen for this study allowed for a simple investigation of post-classification 

smoothing effects.  However, this type of investigation is critical to understanding how 

post-classification smoothing can affect interpretation of SRF metrics.  Whether a SRF 

reflects current versus relict moisture regimes can be based on the determination of 

diffuse versus sharp boundaries (Vepraskas, 2001) and may be of interest for particular 

soils.  A determination of edge density quantifies this SRF morphology attribute.  A 

choice of no post-classification smoothing or a small majority filter window size may be 

most appropriate when determining SRF edge density.  However, a dual objective to 

assess the mean area of the most dominant SRF patches may not be met due to inclusion 

of isolated pixels.  Determining what metric may best address a particular study 

objective, what effect post-classification smoothing will have on metric values, and what 

is the variability of metrics across soil moisture conditions are critical information needs 

at the beginning of any study using SRFs. 

 

Importance to Soil Classification and Land Management Decisions 



 

203 

 

Our results indicated guidelines used for soil descriptions may be better defined and more 

consistently applied by integration of digital photography and image classification.  The 

U.S. Department of Agriculture Soil Survey Manual states two soil water states should be 

used for color descriptions: ‗moist‘ and ‗dry.‘  Whereas the ‗dry‘ state is considered air-

dry, the ‗moist‘ state is determined when the color does not change upon additional 

moistening (Staff, 1993).  Our use of a digital camera and 8-bit RGB color space 

indicated this strict condition may never be met.  Up to a 17% change in 8-bit RGB color 

value was observed for an individual wetting sequence despite the relatively large percent 

saturation (0.87 ± 0.21) of these horizons.  The contribution of reworked soil particles 

and increasing water content to changes in RGB color values for horizons used in this 

study is unknown.  Difficulty in precisely determining the ‗moist state‘ of a given soil by 

human observers will likely continue, drawing attention to possible effects and biases on 

soil descriptions and SRF identification.  Greater transferability of SRF descriptions may 

be possible if more specific guidelines are used for ‗moist‘ state used (e.g., <5% change 

in 8-bit RGB color after 5 applications of 1 mL of water) and horizon color is objectively 

determined. 

 

The rewetting of Air-dry horizon faces showed 8-bit RGB color value was quickly 

reduced after four rewetting applications and values were relatively stable following the 

seventh water application.  Percent area of Low Chroma and High Chroma during 

rewetting sequences was also generally stable between the seventh and tenth water 

application (≤2% change in percent area).  However, large differences in Low Chroma 

between the Initial horizon faces and matching horizon faces following ten rewetting 
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sequences existed (-11 to 33%).  These results point to the important consideration of 

rainfall patterns, profile recharge, and antecedent soil moisture conditions when choosing 

a time period to perform soil descriptions and/or digital image capture.  Time of year 

effects (i.e., moisture status of soil) on SRF determinations may significantly impact 

attempts to predict soil saturation and frequency (see He et al., 2003; Vepraskas and 

Caldwell, 2008), causing variable results for the same horizon. 

 

Our results indicate an objective quantification of ‗moist‘ SRFs from same pedon/horizon 

at two different initial moisture contents may result in two widely different SRF 

descriptions.  These findings, viewed in context of the potential error associated with 

color perception by humans, point to the low precision and high uncertainty possible in 

current field descriptions of soil.  Previous accuracy determinations of human color 

perception showed ranges of perceived Munsell Value and Chroma were 0.5 to 2 units 

and 0.5 to 1.75 units within the tested color, respectively (Shields et al., 1966).  Post et al 

(1993) documented 52% agreement of Munsell color determinations by soil scientists for 

41 soil samples.  Additionally, Sánchez-Marañón et al. (2005) showed color fading of 

Munsell soil color charts occurs over time by as much as one unit in Hue, Value, and 

Chroma, resulting in references that do not truly represent their intended color. 

 

The combined factors mentioned above are expected to cause error in field 

determinations of SRF presence by color, as well as areal estimates.  Examination of an 

individual SRF feature shows significant variation in color and complex geometry at fine 

scales (Figure 4).  The ability of trained soil scientists to determine individual feature 
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boundaries and ignore interior portions of features not meeting SRF definitions (e.g., 

Munsell Chroma 3 versus 2) while making accurate areal determinations is unknown.  

Increased complexity of SRF geometry and decreasing size of individual features will 

likely increase error in areal estimates.  Mean area of Low Chroma and High Chroma 

patches identified from Initial horizon faces was <0.05 mm
2
 prior to use of image 

smoothing.  A notable contribution this method can make to current land management 

decision making is the quantification of error associated with SRF determinations for a 

range of soil, SRFs, and soil scientists.  Quantifying this error will allow functional 

relationships among monitored water table depths, saturation frequencies, and SRFs to be 

correctly made using structural analyses, as opposed to incorrect applications of 

regression techniques (Webster, 1997). 

 

CONCLUSIONS 

This study demonstrated the successful integration and application of methods previously 

developed in soil micromorphology, remote sensing, and digital photography to the field 

of pedology.  The use of image classification allowed us to accurately determine colors 

and quantify color patterns formed in soil (i.e., SRFs) for a defined area (20 cm
2
) from 8-

cm soil cores, reducing time associated with use of soil thin sections.  This method allows 

new quantitative measures of SRFs and spatial relationships within soil horizons to be 

made, promoting future interdisciplinary studies among soil hydrologists, chemists, 

physicists, and pedologists.  Wetting/rewetting of horizon faces for this method showed 

that widely different SRF estimations can result for the same horizon at different soil 

moisture conditions.  Inaccurate predictions of soil saturation frequency from functional 
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relationships between measured water table depths and SRFs are possible due to this 

variation.  Examination of post-classification smoothing effects on classified images 

points to the importance of matching metrics and image processing methods with specific 

research objectives.  Possible confounding effects of image processing on SRF 

interpretations can be avoided at the beginning of any study by this examination of 

smoothing effects on metrics.  Finally, this method allows error associated with human 

estimations of SRFs to be quantified.  Such assessments remain a critical information 

need so that confidence in the use of SRF descriptions for land management decisions is 

properly placed. 

 

Application of this method to differing soils may be dependent on textural class, ability to 

extract soil cores (e.g., subsurface restrictions due to rock fragments and roots), and soil 

moisture conditions.  Use of this method for soils similar to those reported here is 

recommended for relatively moist conditions (e.g., following profile recharge).  Cores 

used in this study were conducive to separation along structural units due to relatively 

moist conditions during sampling.  This method is recommended, when possible, as a 

quantitative site reconnaissance technique for SRF investigations.  Images produced here 

can be used in REA analyses to determine a representative sampling unit for pedological 

research, potentially reducing unnecessary pit excavation and increased sampling effort. 
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Table 1.  Sample codes, soil series or taxonomic Great Group, horizon designation, depth, textural class, and water content of 

soils used for image analysis.  

 

     Water Content (g g
-1

) 

Soil 

Series/Great 

Group Sample Horizon 

Depth of 

Image 

Center (cm) 

Textural 

Class
a
 Initial Final Air-Dry Rewetted 

Field 1 

Putnam 01-02 Ap1 15 SIL 0.37 0.31 0.01 0.14 

 01-00 Btg1 43 C 0.35 0.46 0.07 0.27 

 01--2 Btg4 43 C 0.31 0.34 0.05 0.17 

Argialbolls 15-05 A2 29 SIL 0.27 0.24 0.02 0.12 

 15-02 Eg1 58 SICL 0.29 0.31 0.04 0.20 

 15--1 Bt2 94 SIC 0.34 0.39 0.06 0.22 

Mexico 09-01 Eg1 20 SIL 0.21 0.22 0.03 0.16 

 09--1 Btg2 31 C 0.34 0.39 0.06 0.25 

 09--4 Btg4 77 SICL 0.24 0.27 0.05 0.20 

Field 2 

Adco 39-02 A2 11 SIL 0.24 0.24 0.05 0.13 

 39-01 Eg1 27 SIC 0.25 0.26 0.03 0.17 

 39--2 Bt3 67 SICL 0.32 0.36 0.07 0.33 

Leonard 33-02 Ap1 5 SICL 0.22 0.26 0.03 0.16 

 33-00 Bt1 19 SIC 0.31 0.36 0.07 0.25 

 33--2 Bt3 49 SICL 0.28 0.28 0.05 0.25 

Argialbolls 27-05 A2 18 SIL 0.23 0.22 0.02 0.18 

 27-03 Eg2 57 SIL 0.21 0.21 0.02 0.14 

 27-00 Bt1 99 SIL 0.25 0.24 0.02 0.19 
a
 SIL, silt loam; SICL, silty clay loam; SIC, silty clay; C, clay. 
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Table 2.  Groupings of Munsell soil colors used for identification of soil redoximorphic features. 

 

  Munsell©  

Color Groups  Code Hue Value Chroma  Soil Redoximorphic Terminology
a
 

High Value HV All 8 ≤8  

Low Chroma LC All 7 - 4 2 - 1 Redox Depletions 

High Chroma HC All 7 - 3 8 - 4 Redox Concentrations 

Low Value/Chroma LV/C All 2.5 1 Redox Concentrations 

Matrix M All 7 - 2 3  

 M All 2.5 2  
a 
Schoeneberger , P. J., Wysocki, D. A., Benham, E. C., Broderson, W. D., 2002. Field book for describing soils. Version 2.0, 

Natural Resources Conservation Service, National Soil Survey Center, Lincoln, Nebraska. 
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Table 3.  Error matrix of color groups produced from an accuracy assessment of the 

supervised image classification procedure.  Total number of accuracy points shown. 

Correctly classified pixels are located in the diagonal element.  Color group codes shown 

in Table 2. 

 

Code HV LC HC M LV/C Total 

HV 1750       0       0       0     0 1750 

LC       0 2800       0       0     0 2800 

HC       0       0 4200     21     0 4221 

M       0       0       0 2757     0 2757 

LV/C       0       0       0     22 350   372 

Total 1750 2800 4200 2800 350 11900 

 

 



 

216 

 

Table 4.  Mean change in selected metrics of 18 Initial horizon faces due to majority filter 

window size chosen for post-classification smoothing.  Change is determined relative to 

the classified image containing no post-classification smoothing. 

 

 Majority Filter Window Size 

Metric 3x3 4x4 5x5 6x6 

 Low Chroma 

Area (%)
a
     –0.5     –1.1     –1.1     –1.5 

# of Patches
b
   –45   –63   –73   –79 

Mean Patch Area 
b
     61   110   189   247 

Edge Density
b
   –33   –68   –56   –74 

Shape Contiguity
b
     30     44     59     65 

 High Chroma 

Area (%)      –0.2      –0.3     –0.3     –0.3 

# of Patches    –71    –81   –88   –92 

Mean Patch Area    151    213   344   454 

Edge Density    –58    –84   –78   –87 

Shape Contiguity    128    149   184   204 
a
 Absolute difference 

b 
Percent difference 
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Figure 1.  Prepared horizon face and 20 cm
2
 region of interest chosen for image analysis. 
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Figure 2.  Change in mean 8-bit RGB color value for Field 1 samples during (a) wetting 

and (b) rewetting sequence.  Mean RGB is calculated for each image over all pixels 

within the 20 cm
2
 area.  Each pixel‘s value is calculated by the sum of red, blue, and 

green 8-bit color values, then divided by three.  Sample numbers are described in Table 1. 
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Figure 3.  Representation of supervised image classification for sample 15-02 described 

in Table 1 including (a) initial image capture, (b) supervised classification of colors using 

238 Munsell soil colors, (c) spectral difference values, (d) grouping of Munsell colors, (e) 

thresholding of void spaces from spectral difference values, (f) and merging of color 

groups and voids to produce final image.  Subarea identified in (a) is detailed in Figures 4 

and 7. 
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Figure 4.  Results of supervised image classification for Munsell (a) Hue, (b) Value, (c) 

Chroma, and (d) the final classified image based on color groups listed in Table 2.  

Subarea is noted in Figure 3A. 

 



 

221 

 

 
 

 

Figure 5.  Change in Low Chroma color group for Field 1 samples during (a) wetting and 

(b) rewetting sequence. Sample numbers are described in Table 1. 
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Figure 6.  Change in High Chroma color group for Field 2 samples during (a) wetting and 

(b) rewetting sequence.  Sample numbers are described in Table 1. 
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Figure 7.  Geometry of a High Chroma color group based on (a) the final classified 

image, (b) a 3x3 majority filter window size, (c) a 4x4 majority filter window size, (d) a 

5x5 majority filter window size, and (e) a 6x6 majority filter window size.  Subarea is 

noted in Figure 3A. 
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CHAPTER 6 

Determination of Representative Elementary Areas for Soil Redoximorphic Features  

Identified by Digital Image Processing 

 

ABSTRACT 

Photography has been a welcome tool in documenting and conveying qualitative soil 

information.  When coupled with image analysis software, the usefulness of digital 

cameras can be increased to advance the field of micropedology.  The determination of a 

representative elementary area (REA) still remains a critical information need for soil 

scientists so that field measurements are independent of sample size and account for 

spatial heterogeneity.  An objective of this study was to define and determine an REA for 

Low Chroma and High Chroma soil redoximorphic features (SRFs) present in claypan 

soils of northeastern Missouri, USA using a digital camera and image classification 

techniques.  An additional objective was to examine REA differences between these two 

SRF types, soil depths, and landscape positions to highlight sampling considerations 

when quantifying SRFs in the field.  Three metrics were chosen to quantify SRF 

heterogeneity, including percent occurrence, mean Euclidean distance, and the 

Interspersion/Juxtaposition Index.  The relative change in these metrics was determined 

for 16 image sizes ranging from 2.5 cm
2
 to 40 cm

2
and used to identify an REA.  Results 

showed REAs (mean±SE) for Low Chroma (17.7 cm
2
 ± 0.4) and High Chroma (25.4 cm

2
 

± 0.7) were significantly different (α=0.05).  Further review of REAs indicated large 

sampling diameters (>8 cm) are necessary to simultaneously capture REAs of Low 

Chroma and High Chroma SRFs.  When SRFs were considered separately, a ≥5 cm 
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diameter core is recommended to reach an REA for Low Chroma, allowing accurate 

quantification for soil classification purposes and hydric soil determinations.  Federal and 

state agencies requiring quantifiable measures of soil pedofeatures for land management 

decisions may greatly benefit from determining these minimum measurement scales, 

ensuring appropriate data collection methods in the future.  
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INTRODUCTION 

The choice of a sampling unit used for field collection of soil data is largely left to the 

discretion of the investigator.  A review of U.S. protocols for field soil descriptions offers 

little to no guidance concerning appropriate sampling units necessary to obtain 

representative soil attribute data.  The definition of a pedon remains an ambiguous and 

theoretical construct (Holmgren, 1988) with broad area boundaries between 1 and 10 m
2
 

(USDA, 1993).  Additionally, 10 of 12 soil horizon attributes recommended for field data 

collection from horizons do not have a standardized minimum volume/area for data 

collection nor a method to determine an appropriate sampling unit (Schoeneberger et al., 

2002).  As exceptions, a 1 cm
2
, 1 dm

2
, or 1 m

2 
area is recommended for quantifying roots 

and pores based on three diameter classes of these features (Schoeneberger et al., 2002).  

The presence of such explicit guidelines is surprising considering the lack of any other 

comparable specificity for all other soil attribute data.  As a result, past and current soil 

knowledge may be greatly influenced by observer biases and preferred, easily used, or 

locally adopted sampling methods.  These deficiencies are notable given recent calls to 

integrate existing soil information into large databases for use in pedotransfer functions 

and regional/global predictions of biogeochemical processes (Lin, 2003; Sanchez et al., 

2009). 

 

The representative elementary area (REA) concept, a variant of the representative 

elementary volume (REV) concept, holds great potential for defining sample units from 

which to collect soil attribute data.  The REV concept has received significant attention 

from physical scientists since its presentation by Hubbert (1956) and Bear (1972).  When 
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applied to a three-dimensional porous medium, the REV concept defines a volume at 

which increasing sample size and associated soil heterogeneity no longer affects the 

average value of a measured parameter (Bear and Bachmat, 1984).  The parameter of 

interest has often been pore space and fluid flow processes for soil physics.  Hydrologists 

have extended these principles to watersheds, identifying a two dimensional landscape 

area (REA) having average rainfall, infiltration, and runoff rates relatively constant as 

increasing areas are considered (Woods et al., 1988).  Further application of the REA 

concept to soils was accomplished by Buchter et al. (1994), relying on soil thin sections 

to document areal percentage of coarse fragments from soil monoliths.  In this case, an 

REA was visually determined from graphs by noting when oscillation of the mean coarse 

fragment percentage ceased with increasing area viewed (Buchter et al., 1994).  An REA 

was quantitatively determined by VandenBygaart and Protz (1999) for soil pores 

observed from prepared thin sections.  These authors arbitrarily defined an REA where 

parameter values did not change more than ± 10% relative to the next greater area in 

three successive increasing areas of measurement (VandenBygaart and Protz, 1999).  

Surprisingly, micropedology studies have failed to advance these REA concepts, often 

assuming sampling area is sufficient to meet particular study objectives (e.g., Holden, 

2001; e.g., Adderley et al., 2002; Adderley et al., 2006). 

 

Micropedology (i.e., micromorphology) studies may be viewed as an extension of field 

morphological studies, relying on preparation of thin sections for observation of soil 

features under various magnification scales (Wilding and Flach, 1985).  While early 

interpretations were largely through deduction, intuition, and guess-work using 
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microscopes and hand lens (FitzPatrick, 1993; Stoops, 2009), the adoption of various 

image capture techniques and analysis software has allowed for more repeatable, 

consitent identification and quantification of pedofeatures (Murphy et al., 1977; Moran et 

al., 1989; Protz et al., 1992; Terribile and FitzPatrick, 1992; Terribile and FitzPatrick, 

1995; Aydemir et al., 2004).  Image scanning equipment and digital cameras have 

permitted even larger soil areas to be studied and quantified (Buchter et al., 1994; Velde 

et al., 1996; Levin et al., 2005; van Huyssteen et al., 2006; Viscarra Rossel et al., 2008).  

Even so, recent guidelines for preparation of soil areas fail to consider the determination 

of an REA (e.g., Stoops, 2003; e.g., Vepraskas and Wilson, 2008), drawing into question 

the adequacy of micropedology studies to achieve their stated objectives (VandenBygaart 

et al., 2008).  If future goals of micropedology are to better bridge gaps between the 

laboratory and field (Vepraskas and Wilson, 2008) and address practical problems 

(Mermut, 2009), a determination of REAs that guide field collection of soil attributes is 

needed.  Applicability of these REA determinations may be further increased by 

investigating soil attributes currently relied upon by U.S. federal agencies for 

jurisdictional purposes. 

 

Soil redoximorphic features (SRFs) are morphologic indicators of oxidation-reduction 

chemical reactions mediated by microbes and resulting from anoxic conditions due to soil 

saturation.  Presence of SRFs has been used by pedologists and field scientists to infer 

soil moisture regimes for approximately 60 years (Veneman et al., 1998).  Quantitative 

relationships between water table depths and soil redoximorphic features have been 

documented by various authors (e.g., Zampella, 1994; e.g., Genthner et al., 1998; He et 
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al., 2003; Morgan and Stolt, 2006), suggesting monitoring of water tables may be 

substituted by field description of SRFs (Vepraskas and Caldwell, 2008).  This 

association of SRFs with soil hydrology has provided U.S. agricultural agencies with 

field methods necessary for identifying wetlands and enforcing farm commodity 

programs (e.g., 1985 USDA Farm Bill Swampbuster provisions).  Identifying SRFs by 

color at particular soil depths is also used to indicate hydric soils, one of three landscape 

features necessary for identification of wetlands by the U.S. Army Corps of Engineers 

(USACE, 1987; NRCS, 2006). 

 

In addition to identifying SRFs at particular soil depths, field soil scientists are required 

to estimate SRF percent occurrence to confirm particular hydric soil indicators.  The F3: 

Depleted Matrix indicator is the most commonly observed hydric soil indicator at 

wetland boundaries and is defined as a soil layer having ≥60% area with Munsell chroma 

≤2  (USACE, 2008).  Further review of procedures for sampling reveals no standard 

viewing area is recommended.  Instead, sampling is recommended to a specified depth 

(approximately 1 m) by digging a hole, use of an auger, or use of soil probe (NRCS, 

2006; USACE, 2008).  When the REA concept is considered, SRF parameters (e.g., 

percent occurrence) will vary for a particular soil layer as differing areas are viewed due 

to inherent soil heterogeneity.  That is to say, one observer may identify a particular 

hydric soil indicator when a 2 cm diameter soil core from a push probe is viewed and 

simultaneously not identify the same indicator when a 20 cm slice of soil from a shovel is 

viewed.  This potential discrepancy is significant, calling into question hydric soil 

determinations when no explicit area is included in guidelines for their description. 
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Against a backdrop of significant hydrologic, water quality, and ecological effects due to 

extensive wetland losses in North America (Blann et al., 2009), repeatable, consistent, 

and standardized SRF identification is needed to make future land management decisions 

more defensible.  Micropedologists have already employed image analysis techniques 

necessary to define REAs for various pedofeatures, yet have not commonly done so.  As 

expressed by VandenBygaart and Protz (1999), knowledge of soil processes and their 

morphologic indicators across multiple scales is greatly needed in soil science but widely 

lacking.  The overall goals of this study is to continue the discussion of defining REAs 

for pedofeatures and outline methods micropedologists may use to determine a 

standardized viewing area for SRFs.  A study objective is to define an REA for two SRF 

types, Low Chroma and High Chroma, based on their percent occurrence, spatial pattern 

of occurrence, and location relative to adjacent pedofeatures.  An additional objective is 

to quantify REAs for Low Chroma and High Chroma at 6 depth increments from 49 sites 

and 2 fields located in northcentral Missouri, USA.  A final objective is to investigate 

differences between REAs for landscape positions, depths, and SRF types, highlighting 

considerations when observing SRFs across multiple locations with various sampling 

devices. 

 

METHODS 

Study Area and Sampling 

Two cropped fields, Fields 1 (37 ha) and 2 (13 ha) located in the U.S. Midwest and 

within 2 km of Centralia, MO (39° 13´ 58´´ N, 92° 07´ 57´´ W), were selected for this 
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study (Figure 1).  Fields were selected to supplement SRF data collected from this study 

with existing soil textural data and 1:5,000 scale soil mapping.  Soils at these fields are 

classified as Albaqualfs, Epiaqualfs, or Argialbolls (Great Group level, U.S. Soil 

Taxonomy) and nine of eleven soil series described on these landscapes meet criteria 

likely for hydric soils (NRCS, 2009).  An abrupt textural transition from surface horizons 

to an argillic horizon whose clay content may increase 100% relative to the overlying 

horizon is a prominent feature of these soil landscapes (Myers et al., 2007).  

Approximately one-half to three-quarters of clay minerals in the argillic horizon are 

composed of smectite, resulting in up to 40% volume changes in this horizon during 

wetting and drying cycles (Baer and Anderson, 1997).  Depth to the argillic horizon 

ranges from a few centimeters to greater than one meter across these catenas largely due 

to erosion of loess-derived surface horizons in higher landscape positions and downslope 

deposition in lower hillslope positions.  Soils are commonly referred to as ―claypan soils‖ 

due to prominence of this subsurface soil feature and its effects on land management and 

hydrology.  Perched water tables formed during soil recharge (winter through spring) and 

lateral flow above the argillic horizon have been documented (Minshall and Jamison, 

1965; Jamison and Peters, 1967; Blanco-Canqui et al., 2002).  Prominent SRFs are 

commonly observed throughout claypan soil profiles including Fe and Mn 

concentrations, concretions, and depletions (NRCS, 1995). 

 

A total of 49 cores were collected and analyzed in this study (24 and 25 cores from Field 

1 and Field 2, respectively) (Figure 1).  Study sites were selected, in part, due to existing 

soil textural data and 1:5,000 scale soil mapping used to supplement SRF data collected 
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in this study.  However, several field sites not previously sampled were included in this 

study to capture field area observed as ―wet‖ based on visual observations (e.g., standing 

surface water after rain events) and terrain analysis (e.g., large upslope drainage area).  

Eight-cm diameter, 120-cm long soil cores were sampled from all sites.  Soil cores were 

stored in capped polyethylene terepthalate glycol plastic tubing, transported to a 

controlled temperature room within 8 hr of collection, and stored at 0° C.  Soil cores were 

removed from storage 24 hr prior to core description.  Soil cores were sectioned and split 

lengthwise along structural units in the lab.  Horizons were described using procedures 

recommended by Schoeneberger et al. (2002) and existing soil characterization data from 

sites. 

 

Image Capture and Locations 

A digital camera containing a 3,872 x 2,592 pixel image sensor was used to capture 

images of exposed cores, avoiding further preparation and thin sectioning.  Exposed cores 

were placed 25 cm from the camera setup, resulting in a 700 µm
2
 soil area represented by 

each individual pixel, assuming flat image areas captured.   Digital photography was 

performed in a dark laboratory room.  Manual lighting, aperture, and shutter speed 

settings were used to insure repeatable exposure of images.  Further setup and camera 

settings are detailed in Chapter 4 

 

Up to six, 40 cm
2
 digital images (2,277 x 2,277 pixels) were acquired for each core 

dependent on the soil horizonation captured by sampling (Figure 2).  Maximum image 

size was 40 cm
2
 based on diameter of cores used for this study.  Imaging of cores began 
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by photographing the first argillic horizon, identified as image 00.  Four additional 

images were captured at 11.5 cm increments below the first argillic horizon, measured 

from the midpoint of image 00.  These images were identified as -1 through -4 (Figure 2).  

Finally, an image 11.5 cm above the midpoint of the 00 image (Stoops, 2003) was 

captured if the overlying horizon was described as an E horizon.  This image was 

identified as +1 (Figure 2).  Images of A horizons immediately above an argillic horizon 

were not used for this study to avoid recent management effects on SRFs and REA 

interpretations.  Knowledge of field management practices (Kitchen et al., 2005) and 

visual inspection of soil cores indicated A horizons immediately above the argillic 

horizon commonly exhibited properties acquired from tillage, erosion, and deposition 

processes following row-cropping (e.g., broken horizon boundaries, clods, and weak to 

moderate platy structure).  An 11.5 cm depth increment was used due to maximum image 

areas chosen, avoidance of overlapping/adjacent images, and camera setup design.  Image 

depths and horizons were chosen for photography because of the common occurrence of 

SRFs at these soil profile locations.  Depths chosen also constituted control sections of 

soil profiles commonly used for a determination of moisture regime based on U.S. Soil 

Taxonomy. 

 

Soil Redoximorphic Feature Identification and Image Analysis 

A detailed description of methods used to identify SRFs from cores is presented in 

Chapter 4 and is summarized here.  Images were stored in 16-bit red, green, and blue 

(RGB) color space.  Image pixels were assigned to 238 possible Munsell soil colors 

(Hues 10R, 2.5 – 10 YR, 2.5 – 5 Y) by a supervised image classification procedure using 
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a minimum spectral distance algorithm.  Additionally, thresholding (Lillesand et al., 

2004)of spectral distance values enabled identification and representation of soil voids on 

final classified images.  Groups of Munsell soil colors indicative of SRFs were used to 

identify Low Chroma and High Chroma SRFs (Table 1) based on recommendations by 

Schoeneberger et al. (2002) and 2,332 prior color descriptions of SRFs present in claypan 

soils (MCSS, 2008).  Overall accuracy of SRF identification based on Munsell soil color 

groups was 99.6% (Chapter 4).  A 6x6 pixel window, majority function was applied to 

final classified pixels to remove ―salt-and-pepper‖ effects of a pixel by pixel 

classification and smooth 40 cm
2
 images (Lillesand et al., 2004; Chapter 4). 

 

Fifteen additional images, ranging from 2.5 (570 x 570 pixels) to 37.5 cm
2
 (2,205 x 2,205 

pixels) at 2.5 cm
2
 increments were created from each classified 40 cm

2
 image.  These 

fifteen additional image sizes were created by selecting the respective area from each 

final classified image, centered on the original 40 cm
2
 image.  Creation of additional 

images allowed the quantification of Low Chroma and High Chroma SRFs for a 

sequence of image areas necessary for REA determinations (Fig 3). 

 

Defining a Representative Elementary Area 

A definition for an REA was developed by considering a simple, conceptual model of 

processes occurring in claypan soils and important to SRF formation.  Formation of SRFs 

is proposed to occur largely as a result of seasonal perched water tables (Minshall and 

Jamison, 1965; Myers et al., 2007).  Oxidation and reduction of particular elements is 

expected to be closely tied to the location of large clay content horizons and cycling of 
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oxic-anoxic conditions, thus favoring ferrolysis as a dominant soil and SRF forming 

process on these low-relief, poorly drained landscapes (Culver and Gray, 1968; 

Brinkman, 1970; Bartelli, 1973).  Additionally, transport of reducible elements through 

pores and along structural voids is expected to be a significant factor in SRF formation 

due to shrink-swell properties of these soils (Bouma, 1983; Vepraskas, 2001).  Depletions 

(Low Chroma) and concentrations (High Chroma) are expected to co-occur in relation to 

each other and other pedofeatures (e.g., voids, matrix, etc.).  This co-occurrence is 

confirmed by 162 previous claypan soil descriptions, indicating depletions and 

concentrations occur together in varying amounts throughout horizons included in this 

study (MCSS, 2008).  Therefore, an REA for SRFs which considers relative occurrence, 

spatial occurrence, and location relative to other pedofeatures was proposed. 

 

An REA for Low Chroma and High Chroma was based on three metrics including (1) 

percent area, (2) mean Euclidean distance, and (3) the Interspersion/Juxtaposition Index 

(IJI).  Percent area is calculated by quantifying pedofeature area relative to the image 

area, expressed as a value ranging from 0 to 100%.  Mean Euclidean distance quantifies 

the mean distance among discrete patches of one particular pedofeature, measured in 

millimeters.  The IJI quantifies the evenness or clumping of all pedofeature types in the 

image area investigated, ranging in value from greater than 0 to 100%.  Greater IJI values 

indicate pedofeatures are more evenly distributed across the area viewed (McGarigal and 

Marks, 1995).  Percent area and mean Euclidean distance were calculated for Low 

Chroma and High Chroma, separately.  The IJI was calculated for the complete image, 

taking into account all pedofeature types.  Pedofeatures considered in the IJI included the 
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Matrix, Voids, High Chroma, Low Chroma, and Low Value/Chroma identified during 

image analysis using procedures detailed in Chapter 4. 

 

The three REA metrics were calculated for each sequence of 16 image sizes from 2.5 to 

40 cm
2
 (Figure 3.).  A metric REA was identified separately for Low Chroma or High 

Chroma after (1) three successive increases of image area resulted in parameter values 

that did not change ±10% relative to next greater image area and (2) parameter values did 

not change ±10% for all remaining (i.e., larger) image increments (Figure 3).  This REA 

definition builds upon criteria proposed by VandenBygaart and Protz (1999) and requires 

increasing image areas to not affect parameters after a temporary plateau in values is 

reached (e.g., Figure 3b).  A final REA was reached for Low Chroma or High Chroma 

only after percent area, mean Euclidean distance, and the IJI met these requirements.  A 

final REA was identified as the maximum REA of the three component metrics (Figure 

3c).  Ten cm
2
 was the minimum and 40 cm

2
 was the maximum final REA based on image 

areas used and REA criteria.  Percent of images meeting the final REA for Low Chroma 

and High Chroma by depth increments (+1 through -4) were determined to investigate 

sampling efficiency of 8 cm diameter cores in capturing this minimum sampling area. 

 

Sampling Device and REA Comparisons 

Final REA of each image (cm
2
) was divided by the thickness of the corresponding 

described horizon (cm) to calculate the minimum sampling diameter (cm) needed to 

capture a REA.  An assumption of isotrophy between horizontal and vertical soil image 

dimensions was made for these calculations.  These determinations allowed investigation 
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of sampling method effects on reaching an REA for horizons included in this study and 

commonly encountered during field descriptions of these soils (E, Bt, and Btg horizons).  

Only images not crossing horizon boundaries were used for these calculations.  Minimum 

sampling diameters were compared to a standard push probe (2 cm) and a hydraulic 

probe (5 cm) diameter to determine percent of horizons and sites for which a minimum 

sampling diameter was ≤2 or ≤5 cm. 

 

A split-split-plot analysis of variance (ANOVA) statistical design was used to compare 

least squares REA means.  Three treatment factors including landscape position (summit, 

shoulder, backslope, and footslope), depth (+1 through -4) and SRF type (Low Chroma 

and High Chroma) and their interaction terms were included in this comparison using the 

Proc MIXED procedure of SAS (Littell et al., 2007).  Soil series determined by a 1:5,000 

scale soil survey of Field 1 and 2 served as a proxy of landscape position for this analysis.  

Pairwise differences of least squares means for selected treatment factors and interaction 

terms were considered a priori using a Tukey-Kramer adjustment of p-values.  Therefore, 

ANOVA F-tests were not used for interpretation of differences between factor/interaction 

level means (Hancock and Klockars, 1996).  Pairwise differences were considered 

significant at α=0.05 level. 

 

RESULTS 

Images Used and Final REA Summary Statistics 

A total of 234 images were used in the REA analysis, ranging from 28 to 48 per depth 

increment (Table 2).  Low Chroma was identified from all samples.  A total of 227 of 234 
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images (97%) used for this REA analysis contained High Chroma based on image 

analyses. 

 

Mean depth to first argillic was 37 cm (SE±3.9) and ranged from 5 to 110 cm.  Fifteen of 

49 sites sampled contained the complete set of 6 depth increments used by this study 

based on depth to the first argillic horizon and horizonation captured by cores.  Twenty-

two sites contained 5 depth increments and the remaining 12 sites contained ≤4 depth 

increments. 

 

Review of final REAs indicated 66% of all images reached an REA for SRF types 

present (Low Chroma and/or High Chroma) based on a maximum 40 cm
2
 image area 

used in this study.  When SRF types were considered separately, Low Choma reached an 

REA for 98% of images and High Chroma reached an REA for 65% of images.  Closer 

inspection of image depths indicated percent of images reaching REA for Low Chroma 

ranged from 96% to 100% (Table 2).  Percent of image depths reaching a High Chroma 

REA ranged from 60% to 74%.  Thirteen of 49 sites (27%) reached an REA for SRF 

types present, a 40 cm
2
 maximum image area considered, and all included depth 

increments.  This small percentage was due largely to images not meeting REAs for High 

Chroma.  A total of 45 of 49 sites (92%) reached an REA for all depth increments when 

only Low Chroma was considered. 

 

Arithmetic mean REA for Low Chroma and High Chroma was 17.7 cm (SE±0.4) and 

25.4 cm (SE±0.7), respectively.  Closer inspection of REA for Low Chroma indicated 
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mean values for depth increments were less than 20 cm
2
 (Figure 4).  Mean REA for Low 

Chroma ranged from 16.7 to 18.6 cm
2
.  In contrast, mean REAs of High Chroma were 

greater than 20 cm
2
, ranging from 20.7 to 29.7 cm

2
 for the six depth increments (Figure 

4).  The greatest mean REA values for Low Chroma and High Chroma both occurred at 

the +1 depth (i.e., E horizon overlying the first argillic horizon).  The least mean REA 

values for Low Chroma and High Chroma both occurred at the -4 depth (Figure 4). 

 

Component Metrics Used for Final REAs 

Review of metric plots for image sizes ranging from 2.5 to 40 cm
2
 documented changing 

parameter values as image size considered was increased at 2.5 cm
2
 intervals (Figs. 5-8).  

Examination of component metrics used for a final REA determination indicated 73% 

(167 of 229) of Low Chroma REAs were based on one of the three metrics used, as 

opposed to two or more metrics sharing the same maximum metric REA (Figure 3).  The 

IJI solely determined the final Low Chroma REA for 106 of these 167 images (Figure 5).  

Mean Euclidean distance determined the final Low Chroma REA for 1 of these 167 

images (Figure 6).  Seventy-seven percent of High Chroma REAs were based on one of 

three metrics used.  In contrast to Low Chroma, mean Euclidean distance determined the 

final High Chroma REA for 51 of these 113 images (Figure 7).  Additionally, percent 

area determined the final High Chroma REA for 48 of 113 images (Figure 8). 

 

Five images did not meet a Low Chroma REA and 80 images did not meet a High 

Chroma REA based on the 8 cm diameter core and REA definitions used by this study.  

The five images that did not meet a final Low Chroma REA also did not meet a final 
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High Chroma REA.  Four of five images not meeting a final Low Chroma REA did not 

reach an REA for the IJI metric.  Inspection of images not meeting a High Chroma REA 

showed most (65%) failed to meet one of the three component metric REAs.  This metric 

was most often mean Euclidean distance (39 of 52) followed by percent area (12 of 52). 

 

REA Sampling Effects and Mean Differences 

Examination of sampling effects on the ability to capture REAs indicated Low Chroma 

REAs are reached greater than three-quarters of the time when horizons are considered 

separately and a push probe is used (Table 3).  More than doubling the sampling diameter 

from a 2 cm push probe to a 5 cm hydraulic core results in capturing a Low Chroma REA 

for greater than 95% of horizons.  However, approximately two-thirds of horizons reach a 

High Chroma REA when the same 5 cm sampling diameter is used (Table 3).  Less than 

one-third of E and Btg horizons reach a High Chroma REA when a 2 cm push probe is 

used for sampling.  When horizons are considered as a continuous vertical sequence a 

push probe is sample sites, less than 50% and less than 10% of sites reach an REA for 

Low Chroma and High Chroma, respectively.  The use of a 5 cm hydraulic core resulted 

in capturing a Low Chroma REA for 90 sites when all horizons were considered as a 

sequence (Table 3).  In contrast, 78% sites do not reach a High Chroma REA when a 5 

cm diameter core is used (Table 3). 

 

Review of significant differences of least squares means showed High Chroma REA was 

significantly greater than Low Chroma for most image depths and all landscape positions 

examined by this study (Table 4).  Only least squares means of REAs at the -4 depth were 
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not significantly different between Low Chroma and High Chroma.  Overall, High 

Chroma REA was 8.6 cm
2
 greater than Low Chroma REA.  Greatest difference in least 

squares means for REAs based on depth increments was at the +1 depth and was 13.3 

cm
2
 (Table 4).  High Chroma REA was greater than 30 cm

2
 at the +1 depth.  In general, 

differences of least squares means between Low Chroma REA and High Chroma REA 

decreased with soil depth.  Greatest difference in least squares means for REAs based on 

landscape position was at the summit and was 10.9 cm
2
.  The least difference in least 

squares means for landscape positions was at the backslope (Table 4). 

 

DISCUSSION 

Considerations When Defining an REA 

This study highlights the benefits of both a conceptual and quantitative approach to 

defining REAs for pedofeatures.  In the absence of multi-scale measurements of soil 

properties and processes important to understanding SRF formation (e.g., pH, Eh, organic 

matter content, water content, temperature), a simple conceptual model based on 

ferrolysis (Brinkman, 1970) was considered for these soils, then used to formulate a 

quantitative REA definition.  Just as conceptual models of landscape-scale processes 

have provided guidance to soil surveyors (Hudson, 1992), a profile- and micro-scale 

conceptual model identified three metrics necessary to accomplish objectives of this 

study.  Indeed, micropedologists working in a lab setting have much to gain from 

employing techniques relied on by traditional pedologists in the field.  At the same time, 

micropedologists must not be blinded by one particular model and fail to consider 

differing processes important to current observations of pedofeatures (Schaetzl and 
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Anderson, 2005).  While not an objective of this study, micropedologists may wish to 

define multiple REAs for the same soil parameter based on more than one conceptual 

model, then determine possible REA differences based on additional metrics, classic 

statistics, and hypothesis testing.  In doing so, micropedologists can take advantage of the 

quantitative measures presented by this study and continue the discussion of defining an 

REA for pedofeatures. 

 

Results from this study draw attention to the lack of previous studies conducted to define 

an REA and no standard REA protocol currently used.  Specifically, maximum image 

area used and successive increases in image area should be thoroughly considered when 

defining an REA for future studies.  Sweeney (1994) used a maximum thin section area 

of 5.91 cm
2
 (510 x 510 pixels) to determine an REA for soil pores.  Image sequences 

were based on pixel dimensions, sequentially increasing both dimensions by 50 pixels 

(Sweeney, 1994).  VandenBygaart and Protz (1999) relied on rectangular thin sections 

and a maximum image size of 16.5 cm
2
 (2,815 x 3,760 pixels) during an REA analysis of 

soil pores.  Difference in sequential image areas was not constant and ranged from 0.3 to 

greater than 3 cm
2
 (VandenBygaart and Protz, 1999).  In contrast to these studies, a 

maximum image size of 1,225 cm
2
 was used to determine REAs for coarse fragments in 

soil monoliths.  Pixel size was 1 cm
2
 and images were increased by 2 pixels for each 

dimension between sequential images (Buchter et al., 1994).   

 

A review of these studies indicates choice of image sizes was based largely on sample 

preparation common to micropedology studies.  Reliance on Kubiëna tins for soil 
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sampling and preparation of traditional soil thin sections may limit image area based on 

microscope viewing of pedofeatures.  Thin sections used for micropedology studies 

commonly range between 13 and 38 cm
2
 (Vepraskas and Wilson, 2008).  The use of 

additional imaging equipment (e.g., scanners, digital cameras) now allows greater areas 

to be captured, as demonstrated by Buchter et al. (1994).  While methods used in this 

study are based on 8 cm cores and a maximum image area of 40 cm
2
, the use of a larger 

maximum image area is possible but expected to result in variable REAs for the same soil 

parameters (Hillel, 2003).  Additionally, altering areal differences between image 

sequences from 2.5 cm
2
 to greater or lesser values may also result in variable REAs.  In 

this case, results presented here may be viewed as a first approximation of an REA for 

Low Chroma and High Chroma present in claypan soils of northeastern Missouri, USA.  

Future studies may investigate the robustness of REA values for a particular pedofeature 

by altering maximum image areas used for particular pedofeatures.  Such considerations 

are common to the field of landscape ecology, recognizing the effect of grain (i.e., pixel 

dimensions) and spatial extent (i.e., maximum study area) on study results (Turner, 1989; 

Levin, 1992). 

 

The definition of an REA proposed here differs from that presented by VandenBygaart 

and Protz (1999) by requiring parameter values to not change ±10% for all other 

increasing area increments up to the maximum image area (40 cm
2
).  This definition 

recognizes a ―temporary microscopic REA‖ may exist (Figure 3b) and three successive 

images of increasing area may not sufficiently capture soil heterogeneity important to 

pedofeatures.  This inability to capture soil heterogeneity in successive images may be 
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due in part to area increments used for image sequences (2.5 cm
2
).  Additionally, 

representation of three dimensional pedofeatures in two dimensions can result in 

incorrect interpretations of geometry and resulting quantitative measures (Stoops, 2003).  

Finally, all possible pedofeatures of interest may not be contained by small image sizes, 

affecting selected metrics (e.g., IJI).  When these factors were considered, a stricter 

definition of an REA for SRFs was chosen.  At the same time, it was assumed a 8 cm 

diameter cores captured one unique pedon.  As increasing areas are considered for future 

REA analyses, the chance of including multiple pedons in images may be increased.  In 

the absence of definitive methods to identify pedon boundaries, future studies must 

consider whether heterogeneity observed in soil samples of a given area is a function of 

microscopic (e.g., within pedon) or macroscopic factors (e.g., across pedon), then define 

REAs accordingly. 

 

Implications for Soil Sampling, Mapping, and Hydric Soils 

Review of mean REAs for Low Chroma and High Chroma (Table 4) confirmed REAs 

can differ between soil pedofeatures (Bear and Braester, 1972; Hillel, 2003).  Differences 

between Low Chroma and High Chroma REAs were also present at most depth 

increments and all landscape positions (Table 4).  An examination of sampling effects on 

REAs showed a study objective to quantify Low Chroma and High Chroma at multiple 

depths across claypan soil landscapes would not be well matched with use of standard 

push probe (Table 3).  These results stress the importance of determining REAs first by 

micropedology studies, then matching study objectives for a particular soil parameter(s) 

with an appropriate field sampling method. 
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Furthermore, an objective to use previously collected Low Chroma and High Chroma 

data obtained from multiple sampling methods (i.e., areas considered) in predictions of 

hydrologic regime or saturation would be ill advised for these soils.  Image sequences 

showed differences in percent occurrence of SRFs (Low Chroma and High Chroma) can 

range up to 32% for one unique sample based on area considered (2.5 to 40 cm
2
).  As 

calls for synthesis of existing soil information into global databases are considered 

(Sanchez et al., 2009), results from this study indicate an initial metadata analyses 

focused on determining the range of sampling volumes/areas used for previous data 

collection is critical. 

 

The poor ability to capture REAs for a complete vertical sequence of depth increments 

(+1 through -4) and sites considered by this study is noteworthy given the use of SRFs 

for soil classification purposes (Table 3).  A review of 162 pedons sampled from claypan 

soil associations in Missouri, USA indicated 133 were classified as Aqualfs (Suborder 

level, U.S. Soil Taxonomy).  Further review of these pedons showed 99 of 133 (74%) 

were sampled by use of a soil core ranging from 2.5 cm to 7.5 cm in diameter (personal 

communication, G. Butler, U.S. Department of Agriculture Natural Resources 

Conservation Service, April 1, 2010).  U.S. classification of soils to the Aqualf suborder 

requires enough active ferrous iron for a positive reaction to alpha,alpha dipyridyl 

(USDA, 1999).  Alternatively, classification is based on the presence of SRFs at a depth 

between the lower boundary of the Ap horizon or a 25 cm depth, whichever is deeper, 

and 40 cm (USDA, 1999).  This general SRF presence must be accompanied by a 
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determination of at least 50% of redox depletions having a chroma 2 or less on the faces 

of peds or in the matrix within the upper 12.5 cm of the argillic horizon. 

 

When only the 00 and -1 depth increments encompassing the upper 12.5 cm of the 

argillic horizon were considered as a continuous vertical sequence, 70% of sites used by 

this study would reach an REA when sampled with a 2.5 cm probe.  The probability of 

reaching an REA for 00 and -1 depth increments for sites increased to 97% when a 7.5 

cm diameter is used.  In this case, the choice of a 2.5 to 7.5 cm diameter probe would 

result in most sites reaching an REA for depths used for Suborder classification.  While 

pedons used for this study were not classified by earlier surveys, these results point to the 

claypan soil classification uncertainty that can be predicted by REA studies prior to 

initiating field studies and choosing field sampling methods.  It is not expected that every 

soil sample used for mapping and classification purposes should be large enough to 

include REAs.  However, results presented here encourage the alternating use of large 

sample areas (e.g., large diameter cores, soil pits) with smaller ―reconnaissance 

sampling‖ (e.g., small diameter probes) when mapping and classifying soils to reduce 

uncertainties. 

 

Sites used by this study did not meet technical standards for hydric soil indicators due to 

thickness/color of surface horizons (USACE, 2008).  However, a depleted matrix below 

surface horizons was commonly observed based on image analyses.  A depleted matrix 

having ≥60% of area whose color is Munsell chroma ≤2 is a requirement for four 

separate hydric soil indicators used in the U.S. Midwest including the most common 
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(e.g., F3: Depleted Matrix, USACE, 2008).  Further review of images indicated four sites 

met the requirement of ≥60% Low Chroma at the 40 cm
2 
image area.  Sites were located 

on each field and occurred in depositional footslopes or adjacent to 

waterways/concentrated flow areas.  Two of four sites would be incorrectly characterized 

as having a matrix with <60% Munsell chroma ≤2 when an area less than the REA was 

viewed.  The probability of incorrectly characterizing these sites was 57% and 100% 

when these reduced image areas were considered.  These probabilities of misclassifying a 

requirement for the most common hydric soil indicator may not be tolerated by land 

owners or agencies seeking to accurately delineate and protect wetlands.  In these cases, a 

determination of REAs by micropedology studies may be necessitated prior to field 

investigations so jurisdictional decisions rest on defensible sampling protocols. 

 

CONCLUSIONS 

The REAs of Low Chroma and High Chroma SRFs were determined based on previous 

attempts to document a volume/area at which the quantification of soil properties 

becomes independent of spatial heterogeneity.  This REA method relied on exposed soil 

cores and the use of three metrics to achieve study objectives.  Percent occurrence, mean 

Euclidean distance, and the Interspersion/Juxtaposition Index were used as measures of 

SRF heterogeneity based on a conceptual model of soil forming processes in landscapes 

of northcentral Missouri, USA.  This initial consideration of soil forming processes 

important to SRFs provided a useful approach for future quantitative micropedology 

studies investigating these and other pedofeatures.  Additionally, image analysis of SRFs 

did not require preparation of soil thin sections, reducing time necessary to generate 
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results.  This efficient determination of REAs motivates greater integration of 

micropedology studies conducted in a lab setting with soil surveys and mapping.  Results 

presented here highlight information needs this REA analysis can address prior to field 

soil data collection: (1) an empirical determination of minimum soil areas necessary to 

quantify pedofeatures and (2) an appropriate sampling method that matches this 

determination. 

 

Study results showed a sampling diameter of 5 cm is recommended for quantification of 

Low Chroma in claypan soil horizons.  However, an REA for High Chroma was reached 

for approximately two-thirds of images analyzed, indicating an 8 cm core is not large 

enough to allow consistent determinations of both types of SRFs.  Therefore, a study 

objective to quantify multiple SRFs must balance sampling effort needed to reach 

multiple REAs at each horizon/site with usefulness of data.  Accurate quantification of 

Low Chroma SRFs currently outweighs quantification of High Chroma SRFs for these 

soils based on U.S. Soil Taxonomy and wetland delineation methods.  Review of image 

sequences used for REA determinations of individual images (2.5 to 40 cm
2
) indicated 

percent Low Chroma varied across threshold values commonly used for soil 

classification (>50%) and hydric soil indicators (≥60%).  While soil scientists may 

integrate large and small diameter sampling methods to reduce uncertainty of soil 

surveys, little to no uncertainty may be tolerated when hydric soil determinations are 

conducted.  In this case, REA determinations for SRFs may be a critical first step in 

wetland delineations based on soil sampling.  
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Table 1. Groupings of Munsell soil colors used for identification of soil redoximorphic 

features. 

 

 Munsell©  

Soil Redoximorphic 

Feature 
Hue Value Chroma Common U.S. Terminology

a 

Low Chroma All 7 - 4 2 - 1 Redox Depletions 

High Chroma All 7 - 3 8 - 4 Redox Concentrations 

a 
Schoeneberger , P. J., Wysocki, D. A., Benham, E. C., Broderson, W. D., 2002. Field 

book for describing soils. Version 2.0, Natural Resources Conservation Service, National 

Soil Survey Center, Lincoln, Nebraska. 
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Table 2.  Number of images used and meeting a representative elementary area within a 

40 cm
2
 area summarized by depth increments and presence of soil redoximorphic 

features. 

 

   Low Chroma  High Chroma 

Image 

Depth 

Images 

Used n REA met  n REA met 

+1 28  28 27  27 17 

  0 48  48 46  47 32 

-1 46  46 45  43 26 

-2 40  40 40  39 23 

-3 38  38 38  37 24 

-4 34  34 33  34 25 

Totals 234  234 229  227 147 

 



 

 

2
5
9

 

Table 3.  Percent of images meeting a Representative Elementary Area (REA) summarized by two sampling diameters and soil 

redoximorphic features (Low Chroma and High Chroma).  Images considered separately by horizon and together as continuous 

vertical sequence of horizons at each site. 

 

 Low Chroma  High Chroma 

Horizon(s) n 

Push Probe 

(2 cm) 

Hydraulic Core 

(5 cm)  n 

Push Probe 

(2 cm) 

Hydraulic Core 

(5 cm) 

E 28 77% 98%  27 32% 62% 

Bt 105 91% 97%  104 55% 65% 

Btg 101 86% 96%  96 26% 63% 

        

Continuous Sequence 49 43% 90%  49 8% 22% 
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Table 4. Least squares REA means for selected main effects and interaction terms.  

Across a row, treatment levels with different letters are significantly different (α = 0.05). 

 

Effect 

Low Chroma 

(cm
2
) 

High Chroma 

(cm
2
) 

SRF
1
 Type 18.0a 26.6b 

   

Depth x SRF Type   

+1 17.9a 31.2b 

00 18.2a 27.2b 

-1 16.9a 27.3b 

-2 19.5a 27.7b 

-3 18.7a 24.7b 

-4 17.1a 21.6a 

   

Landscape Position x SRF Type   

Summit 18.7a 29.6b 

Shoulder 17.3a 25.9b 

Backslope 16.8a 23.5b 

Footslope 19.4a 27.5b 
1
Soil redoximorphic feature 
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Figure 1.  Study fields and sites used for sampling and determination of Representative 

Elementary Areas (REAs) for soil redoximorphic features. Field 1 (a) and Field 2 (b) 

shown. 
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Figure 2.  Schematic of depth increments used for image capture and a determination of 

Representative Elementary Areas (REAs) for soil redoximorphic features.  Image not to 

scale. 
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Figure 3.  Graphical representation of the Representative Elementary Area (REA) 

concept for soil redoximorphic features including 16 image size increments from 2.5 to 

40 cm
2
 ( ), a ±10% change in metric values after three successive increases in image area 

( ) and the determination of the final REA based on the maximum metric REA(▲). 

Metrics used for final REA include percent area (a), mean Euclidean distance (b), and 

Interpersion/Juxtaposition Index (c). 
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Figure 4. Arithmetic mean and standard error of Low Chroma and High Chroma 

Representative Elementary Areas (REAs) summarized by depth increments. 
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Figure 5.  Plots of the Interspersion/Juxtaposition Index for image sequences examined at 

the -4 depth increment.  Each line represents a sample.  Sixteen image sizes, 2.5 to 40 

cm
2
, at 2.5 cm

2
 area increments shown.  Minimum and maximum sample Representative 

Elementary Areas (REAs) for this metric are represented by dashed lines.  Mean REA for 

this metric is represented by the solid line. 
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Figure 6.  Plots of Low Chroma mean Euclidean distance for image sequences examined 

at the -2 depth increment.  Each line represents a sample.  Sixteen image sizes, 2.5 to 40 

cm
2
, at 2.5 cm

2
 area increments shown.  Minimum and maximum sample Representative 

Elementary Areas (REAs) for this metric are represented by dashed lines.  Mean REA for 

this metric is represented by the solid line. 
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Figure 7.  Plots of High Chroma mean Euclidean distance for image sequences examined 

at the -3 depth increment.  Each line represents a sample.  Sixteen image sizes, 2.5 to 40 

cm
2
, at 2.5 cm

2
 area increments shown.  Minimum and maximum sample Representative 

Elementary Areas (REAs) for this metric are represented by dashed lines.  Mean REA for 

this metric is represented by the solid line. 
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Figure 8.  Plots of High Chroma area for image sequences examined at the -4 depth 

increment.  Each lines represents a sample.  Sixteen image sizes, 2.5 to 40 cm
2
, at 2.5 cm

2
 

area increments shown.  Minimum and maximum sample Representative Elementary 

Areas (REAs) for this metric are represented by dashed lines.  Mean REA for this metric 

is represented by the solid line. 
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CHAPTER 7 

Placement of Agricultural Conservation Practices using a Hydrologic Model, Terrain 

Analyses, and Soil Redoximorphic Features 

 

ABSTRACT 

Increasing the efficacy of conservation in agricultural landscapes to improve water 

quality is widely agreed upon. Yet, a methodology that best guides these strategies may 

be less clear.  Multiple approaches are now available that use hydrologic predictions, 

terrain, or soil properties to identify sensitive landscapes based on physical processes 

responsible for pollutant loss.  The goal of this study is to examine three approaches that 

can be used to guide placement of agricultural best management practices (BMPs) at a 

watershed and field scale.  An objective is to quantify correlations between field 

predictions of surface runoff, atrazine yield, and nitrate-N yield made by the Soil and 

Water Assessment Tool (SWAT) and terrain analyses including specific catchment area 

(SCA), length-slope factor (LSF), and the topographic wetness index (TWI) for the 

Goodwater Creek Experimental Watershed (GCEW).  An additional objective is to 

correlate soil redoximorphic features (SFFs) and terrain analyses (SCA, LSF, TWI) based 

on surface and subsurface topography at 50 sites in two GCEW cropped fields.  The 

GCEW is a 72 km
2
 watershed located in northcentral Missouri, USA and included in 

current U.S. research efforts to maximize benefit-cost ratios of agricultural conservation 

programs.  Greatest number of data prerequisites was required for setup and calibration of 

the SWAT model prior to prediction of sensitive agricultural fields within the GCEW.  

Thirty year SWAT simulations indicated cropped fields adjacent to Goodwater Creek 
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exhibited greatest atrazine and nitrate-N yield.  Closer inspection of fields indicated soil 

properties associated with shallow depths to the argillic horizon may play a dominant role 

in pollutant loss for individual fields.  No correlations between SWAT predictions and 

the terrain analyses existed.  Examination of watershed areas characterized by high TWI 

values indicated the assumumption that topography solely controls soil moisture/runoff 

producing area may not be appropriate at a watershed scale for this setting.  Further 

visual examination of field scale terrain analyses indicated agreement between 

predictions of erosion potential and soil moisture based on discrete flow paths 

represented by finer scale elevation data sets available for these locations.  Percent Low 

Chroma and High Chroma SRFs were significantly correlated with the surface and 

subsurface TWI for one field, indicating quantified SRFs may be useful in selected areas 

for identification of important hydrologic pathways.  Further consideration of strategies 

to guide BMP placement indicate follow up monitoring is likely needed to increase 

confidence in predictions whereas flexibility and iterative information exchange during 

plan development may be required for wide adoption of plans by private landowners and 

farm operators. 
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INTRODUCTION 

Accurate knowledge of pollutant transport mechanisms remains the foundation of an 

effective strategy to improve surface water quality.  However, information detailing 

physical and biogeochemical processes responsible for pollutant losses are generally 

lacking (McClain et al., 2003), possibly compromising current decision making aimed at 

improving water quality.  Even so, recent advances in watershed modeling to target 

pollutant sources have not been directed at a better representation of the most important 

processes (i.e., surface runoff generation) but the incorporation of human factors into 

simulations including landowner acceptance of best management practices (BMPs) and 

benefit/cost ratios of agricultural conservation programs.  This integration has occurred 

due to the understanding that socioeconomic barriers to landowners considering BMP 

implementation (e.g., financial incentives compared to reduction of farmable acreage) 

continue to prohibit wide adoption of environmentally beneficial farm practices (Napier 

and Tucker, 2001; Robinson and Napier, 2002).  Decision support systems that include 

hydrologic simulations now simultaneously quantify economic interests of landowners 

while predicting optimal BMP placement to effectively reduce non-point source 

pollutants (Coiner et al., 2001; Yang et al., 2003; Arabi et al., 2006; Whittaker et al., 

2009).  These targeted BMP strategies have become an central component of U.S. 

research efforts to maximize water quality improvement and inform future agricultural 

policy (Mausbach and Dedrick, 2004; Richardson et al., 2008).  Following these 

advancements, a reassessment of hydrologic predictions, including dominant pathways 

and watershed areas with greatest pollutant loss, may still be needed to increase 
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confidence in future U.S. agricultural policies and targeted placement of BMPs across 

watersheds. 

 

The ability of widely used watershed models, including the Soil and Water Assessment 

Tool (SWAT), to accurately represent hydrologic pathways responsible for pollutant loss 

is often questioned.  Detractors of rainfall-runoff predictions in SWAT, based on the Soil 

Conservation Service curve number (CN) method, note that the CN has been applied 

beyond its intended use and does not reflect the current state of knowledge surrounding 

watershed hydrology (Garen and Moore, 2005).  While the CN method, developed in the 

1950s, was intended to predict streamflow amounts at a watershed outlet from a given 

precipitation amount (SCS, 1956), it is currently used in SWAT to predict surface runoff 

rates occurring on discrete landscape units within a complete watershed and on a daily 

time step (Neitsch et al., 2005).  This unintended use of the CN implies surface runoff 

occurs across all land surfaces due to infiltration excess processes (Garen and Moore, 

2005), as opposed to saturation excess processes observed to be a dominant cause of 

overland flow in many humid, well vegetated watersheds (Hewlett and Hibbert, 1967; 

Dunne et al., 1975; Ward, 1984; Steenhuis et al., 1995).  These saturation excess areas 

are often located in discrete landscape areas characterized by shallow soils, restrictive 

subsurface soil layers, topographically converging areas, and lateral water flow beneath 

the soil surface (Walter et al., 2000).  Because hydrology is the primary driver of 

pollutant transport (Nash et al., 2002; McClain et al., 2003), a better representation of 

these saturation excess and surface runoff producing areas has been identified as a needed 



 

273 

 

advancement for watershed models to better target BMPs within a watershed (Walter et 

al., 2007).  

 

A relatively simple prediction of soil saturation due to subsurface lateral soil water flow 

and important to appearance of surface runoff producing areas is the topographic wetness 

index (TWI).  The TWI was originally derived by Beven and Kirkby (1979) to better 

predict downslope accumulation of lateral flow, areas of saturation excess, and overland 

flow generation.  Since this prediction is based solely on terrain (i.e., an elevation 

dataset), the TWI and other terrain analyses have been readily used by hydrologists and 

soil scientists to explain streamflow and soil saturation dynamics across multiple scales 

with varying success (O'Loughlin, 1981; Burt and Butcher, 1985; O'Loughlin, 1986; 

Iverson et al., 2004; Lin et al., 2005; Sørensen et al., 2005; Tomer et al., 2006; 

Williamson et al., 2006; Kim and Kim, 2007).  Further application of the terrain analyses 

to predict spatially-distributed soil properties has been conducted by various authors 

wishing to link predicted soil wetness to horizon thickness, organic matter, pH, 

phosphorus, and above ground biomass (Moore et al., 1993; Gessler et al., 1995; Gessler 

et al., 2000; Kaspar et al., 2006; Thompson et al., 2006).  More recently, the use of the 

TWI, indices of upslope contributing area, and predictions of soil erosion have been 

suggested as tools to identify sensitive portions of the landscape that may contribute large 

relative amounts of pollutants following visual confirmation in the field (Tomer et al., 

2003; Pike et al., 2009; Tomer et al., 2009).  The relative ease of calculating and 

displaying topographic information, including the TWI, has likely led to this application 
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in BMP targeting and watershed management, even after most studies explain less than 

half of soil moisture variation based on these analyses (Grayson and Western, 2001). 

 

Hydropedology, the linking of soil morphology/classification with an understanding of 

local hydrology, has been identified as a relatively untapped discipline to better 

understand dominant flow paths and predict sensitive landscape areas for pollutant loss 

(Lin, 2003; Lin et al., 2006).  Soil scientists have long recognized the relationship 

between current soil morphological features and past soil forming processes driven by 

water flow and saturation (Bouma, 1983; Veneman et al., 1998).  More recently, soil 

redoximorphic features (SRFs), morphologic features formed due to periodic saturation 

and redistribution of reducible elements within soil profiles, have been quantitatively 

linked to measured and predicted soil saturation (Genthner et al., 1998; He et al., 2003; 

Morgan and Stolt, 2006).  These findings have motivated the suggestion that field 

assessments of SRFs by soil scientists can replace long-term monitoring when attempting 

to delineate saturated areas relative to the surrounding landscape (Vepraskas and 

Caldwell, 2008).  Further comparison of soil descriptions and measured soil saturation by 

Brouwer and Fitzpatrick (2002) and Ticehurst et al. (2007) have demonstrated dominant 

flow paths, including lateral flow, can be identified using SRFs and later used to inform 

targeted agricultural management practices.  While this integration of hydrology and 

pedology has direct relevance to within-field placement of BMPs, human assessments of 

SRF presence and abundance by color (Shields et al., 1966; Post et al., 1993) as well as 

misinterpretations of present hydrology based on relict SRFs (Vepraskas, 2001) are 

notable sources of error. 
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The preceding review suggests at least three approaches (e.g., hydrologic models, terrain 

analysis, and SRFs) are available to landowners and practitioners wishing to locate 

sensitive landscapes and maximize benefit/cost ratios of agricultural BMPs.  Needless to 

say, combinations of these approaches are now suggested to overcome individual 

weaknesses, validate predictions, and better represent physical processes responsible for 

pollutant loss (Bryant et al., 2006; Easton et al., 2008), requiring greater skill sets from 

potential users.  As calls for accountability of past efforts to improve water quality in 

agricultural landscapes grow (Duriancik et al., 2008) and impairment of rivers worldwide 

continue (Allan and Flecker, 1993; Nilsson et al., 2005), relatively simple and proven 

strategies that effectively target and reduce pollutant loss from agricultural fields to 

nearby streams are greatly needed.  This need occurs at multiple scales (e.g., regions, 

watersheds, stream segments, individual fields, landscape poositions) and will likely 

require local adaptations to be successful.  Final confidence in selected strategies will 

surely take time due to on-the-ground monitoring and evaluation needed to demonstrate 

their success in varying geographic regions.  Until then, an investigation of data 

requirements, inherent assumptions, time/effort required to fully implement, and 

flexibility of these strategies may help to guide practitioners on which choice may be 

most appropriate for particular settings and available resources. 

 

The goal of this study is to demonstrate what three approaches to a BMP targeting 

strategy would look like for a complete watershed and associated agricultural fields, 

determine possible agreement between approaches, and consider reasons for their 
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disagreement based on local watershed conditions.  An objective is to quantify 

correlations between SWAT simulated surface runoff, dissolved atrazine, and dissolved 

nitrate-N (NO3
-
N) and terrain analyses for 486 cropped fields in the Goodwater Creek 

Experimental Watershed, Missouri USA.  An additional objective is to quantify 

correlations between the SRFs at 50 total locations in two cropped fields and terrain 

analyses.  Terrain analyses based on surface versus subsurface elevation were also 

investigated at the two cropped fields previously mentioned to determine the usefulness 

of alternative terrain analysis calculations in identifying flow paths not represented by the 

soil surface.  Achieving these objectives is intended to inform administration of 

conservation programs funded by the 2002 U.S. Farm Security and Rural Investment Act 

(Farm Bill) and implemented at both watershed and individual field scales. 

 

METHODS 

Study Area 

The Goodwater Creek Experimental Watershed (GCEW) is a 72 km
2
 watershed located 

in northcentral Missouri, USA. (Figure 1) and included in the U.S. Department of 

Agriculture (USDA) Conservation Effects Assessment Project (CEAP).  The CEAP 

studies undertaken in the GCEW have broad goals of simultaneously addressing socio-

economic and physical/chemical factors important to water quality impairment while 

optimizing BMP placement.  In the GCEW, high relative delivery of herbicides and 

nutrients to streams compared to surrounding regions has been tied to agricultural land 

use and high-runoff potential of soils (Lerch et al., 2008). 
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Row cropped fields dominate land use/cover in the GCEW, making up 71% of this 

watershed (Figure 1).  Urban/developed (10%), forest (9%), and pasture (8%) are 

additional land uses/covers present within the GCEW.  Soybeans (Glycine max), corn for 

grain (Zea mays), grain sorghum (Sorghum bicolor), and winter wheat (Triticum aestivum 

L.) are the most common crops planted in the GCEW.  Soil genesis in this U.S. Midwest 

region has favored the development of a large clay content, argillic horizon at depths 

ranging from 0 to 120 cm below the soil surface on relatively flat to very gently sloping 

topography (Jiang et al., 2007).  Greater than half of the argillic horizon mineralogy is 

composed of smectite, resulting in 40% volume changes during wetting/drying (Baer and 

Anderson, 1997) and a saturated hydraulic conductivity two to three orders of magnitude 

less than overlying horizons (Blanco-Canqui et al., 2002).  Development of perched 

water tables and lateral flow has been identified as a likely, dominant hydrologic 

characteristic of these landscapes due to this restrictive subsurface horizon, especially 

during soil profile recharge and high antecedent soil moisture conditions (Minshall and 

Jamison, 1965; Jamison and Peters, 1967).  An in-situ measurement of water movement 

for three saturated, claypan soil pedons containing a perennial grass cover indicated 

98.5% of water moved laterally above the argillic horizon (Blanco-Canqui et al., 2002).  

Hydrograph analyses at the outlet of the GCEW have shown 88% of total streamflow 

between 1993 and 2006 occurred immediately following precipitation, indicating surface 

and near-surface pathways dominate hydrology in this setting (Chapter 3).  The GCEW 

constituted the watershed chosen for investigating potential BMP targeting approaches. 
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Two cropped fields located in the GCEW, Field 1 (37 ha) and Field 2 (13 ha), were 

selected to investigate field-scale BMP targeting approaches (Figure 2).  Soil series 

described at each field (1:5,000 scale surveys) capture the typical toposequence present in 

these soil catenas, including summit, shoulder, backslope, footslope, and headwater 

floodplain landscape positions.  Great Group classification of soils (U.S. Soil Taxonomy) 

located in Field 1 and 2 identified Albaqualfs, Epiaqualfs, or Argialbolls.  Each field is 

managed for grain production and has been cropped using a corn-soybean rotation with 

minimum tillage (Field 1) and no-tillage (Field 2).  Additional management of Field 1 

including incorporation of surface applied herbicides, planting of winter cover-crops, and 

delineation of productivity/conservation subareas has been undertaken to demonstrate 

management strategies that improve water quality, reduce soil erosion, and increase 

profitability (Kitchen et al., 2005).  A cost-share grass waterway and two terraces drained 

by underground outlets were established on Field 2 capturing an ephemeral stream 

entering from an adjacent field and concentrated flow areas, respectively.  Greater detail 

of field management, conservation measures, and geomorphic setting can be viewed in 

Kitchen et al. (2005), Lerch et al. (2005), and Myers et al. (2007).  Each field has been 

managed by the USDA Agricultural Research Service (USDA-ARS) as part of various 

research efforts within the GCEW since the 1970‘s (Sadler et al., 2006).  As a result, data 

sets necessary for construction and display of BMP targeting strategies were available for 

each field and the complete GCEW from the USDA-ARS as well as publically available 

sources. 
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Data Necessary for BMP Targeting Approaches 

The SWAT model, version 2005, was chosen as a hydrologic model to guide targeted 

BMP placement in the GCEW due to its formal inclusion in the CEAP (Duriancik et al., 

2008) and its ability to represent spatially and temporally explicit management effects on 

pollutant loss and transport within a defined watershed (Gassman et al., 2007).  Data used 

for creation of a SWAT model for the GCEW included Geographic Information System 

(GIS) databases of land use, terrain, and soil (Table 1).  Land use/cover for individual 

fields/land parcels was determined by reviewing the most recent field-by-field census of 

planted crops (1990-1993) compiled by Heidenreich (1996) and 2006 windshield surveys 

of the GCEW.  Four possible crop rotations were represented in the SWAT model to 

evaluate model accuracy when monitoring data was available (1993-2006).  Crop rotation 

selections were based on review of recorded field cropping patterns and consultation with 

private crop specialists.  These four rotations included a four year hay cutting rotation, a 

three year corn-soybean-double crop wheat/soybean rotation, a two year corn-soybean 

rotation, and a two year grain sorghum-soybean rotation.  Additional data sets were used 

to define streams (1:24,000 scale), represent spatially and temporally distributed 

operations on cropped fields (e.g., annual planting progress of dominant crops), and 

determine accuracy of model predictions (e.g, measured rainfall, temperature, and 

streamflow) (Table 1). 

 

Terrain analyses conducted at a watershed-scale for the GCEW were based on a 10 m 

resolution digital elevation model (DEM) data set publically available and distributed by 

the U.S. Geological Survey (Table 1).  Terrain analyses conducted for the GCEW were 
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summarized for each agricultural field.  An overlay of the GIS database of individual 

fields/land parcels was used to define field/land parcel boundaries during this summary. 

 

Terrain analyses conducted at a field-scale (Fields 1 and 2) were based on real-time 

kinematic (RTK) and soil apparent electrical conductivity (ECa) surveys conducted by the 

USDA-ARS.  Field 1 and 2 elevation data were collected by 10 m RTK transects (vertical 

accuracy 3-5 cm) in 2005 and 2007, respectively.  Interpolation of elevation points was 

performed using a simple kriging procedure to create a continuous elevation map for each 

field at a 5 m resolution.  The elevation of the first argillic horizon was predicted by ECa-

topsoil depth relationships documented by Kitchen et al. (1999), Sudduth et al. (2001), 

and Sudduth et al. (2003).  A Veris 3100 mobile unit composed of six rolling coulters in 

direct contact with the soil surface simultaneously measured shallow and deep soil ECa 

along 10 m transects for each field in 2005 (Sudduth and Kitchen, 2006).  A multiple 

regression equation relating inverse ECa values to the measured depth to the first argillic 

horizon (i.e., top soil depth) at each field was developed (Table 2).  Regressions were 

used to predict top soil depth at ECa measurement locations in each field.  Interpolation 

of predicted top soil depth was performed using a simple kriging procedure to create a 

continuous top soil depth map for each field at a 5 m resolution.  Interpolated top soil 

depth (m) was subtracted from interpolated elevation (m) using GIS procedures to create 

a continuous map representing the elevation of the first argillic horizon for each field. 

 

A total of fifty sites, 25 per field (Fields 1 and 2), were chosen for quantification of SRFs.  

Selected sites used for SRF quantification were chosen to match existing long-term soil 
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monitoring sites containing available soil characterization data.  Additional sites were 

chosen to include field areas not previously sampled and indicated as relatively ―wet‖ 

based on visual observations (e.g., standing surface water after rain events) and terrain 

(e.g., large or converging upslope drainage area).  Eight cm diameter, 120 cm long soil 

cores were sampled from each site and transported back to a controlled lab setting for 

quantification of SRFs.  A detailed description of core preparation and digital image 

processing used to quantify SRFs is detailed in Chapters 5 and 6 and summarized here.  

Forty cm
2
 digital images were taken at 11.5 cm depth increments for each core.  A 40 

cm
2
 area was chosen due to previous determinations of representative image areas for 

Low Chroma and High Chroma (Chapter 6).  All images were referenced to the midpoint 

of the image captured from first argillic horizon, identified as 00 (Figure 3).  Images 

above the first argillic horizon were designated by a ―+‖ and the corresponding depth 

increment (e.g., +1, Figure 3).  Images below the first argillic were designated by a ―-‖ 

and the corresponding depth increment (e.g., -1, Figure 3).  Number of digital images and 

presence of specific depth increments varied among sites due to erosional/depositional 

processes occurring across fields, variable depths to the first argillic horizon, and 

horizonation captured during sampling.  Percent Low Chroma and High Chroma (Table 

3) were quantified from all images using digital image processing techniques to 

document depletions and concentrations of Fe, Mn, and other reducible elements likely 

due to periodic saturation and anaerobic conditions at each site. 
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Targeted BMP Approaches 

Mean annual surface runoff (mm), atrazine yield (kg/ha), and NO3
-
N yield (kg/ha) from 

486 agricultural fields located in the GCEW were predicted by the SWAT model 

following model sensitivity analyses, adjustment of SWAT model parameters, and 

evaluation of model accuracy (Chapter 4).  Surface runoff, atrazine, NO3
-
N were chosen 

as criteria for BMP targeting due to GCEW hydrology dominated by surface 

contributions (Blanchard and Lerch, 2000), increased delivery of dissolved nutrients 

identified as a primary impairment of regional water supplies (Baffaut et al., 2009), and 

atrazine concentrations in GCEW streamflow exceeding regulatory thresholds (EPA, 

2003).  Predictions of hydrology and pollutant loss were based on two, 30 year 

simulations (1977-2006) representing either all agricultural fields adopting a corn-

soybean rotation or all fields adopting a soybean-corn rotation beginning in 1977.  Two 

variants of a corn-soybean rotations were used for two 30 year simulations due to the 

application of atrazine and NO3
-
N during alternating years and the wish to predict 

pollutant losses for all years.  Measured rainfall and temperature data from 1977 to 2006 

were used for SWAT simulations.  Fixed operation dates (e.g., herbicide application, 

nutrient application, tillage, planting) were used for all fields and both simulations.  Use 

of identical crop rotations and fixed operation dates was chosen to remove confounding 

factors of various cropping rotations and rainfall patterns relative to operation scheduling 

when simulating pollutant yield from individual fields.  Therefore, predictions of 

hydrology and pollutant yield were focused on bio-physical interactions among soil 

properties, slope, slope length, rainfall patterns within the GCEW, and a crop rotation 

requiring atrazine and NO3
-
N input to fields.  Maps representing mean annual field 
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surface runoff, atrazine yield, and NO3
-
N yield predicted by SWAT were displayed to 

examine spatial patterns of values relative to stream networks, soils, and GCEW 

boundaries. 

 

The 10 m DEM representing a continuous elevation data set for the GCEW was used to 

calculate specific catchment area (SCA), the length-slope factor (LSF), and the TWI 

based on surface elevation.  These topographic attributes were chosen due to their 

previous use in watershed- and field-scale strategies to implement BMPs in the U.S. 

Midwest (Tomer et al., 2003; Pike et al., 2009; Tomer et al., 2009).  The SCA (m
2
/m) 

was calculated by:

WidthFlow

AreangContributiUpslope
SCA

 
(1)

where Flow Width corresponds to the resolution of the DEM used for the calculation.  

The SCA quantifies the upslope area contributing flow to a point in question.  Greater 

SCA values indicate larger upslope contributing area.  The LSF was calculated by: 

3.14.0

0896.0

sin

13.22

SCA
LSF

 

(2)

where β is the slope in degrees.   The LSF is equivalent to the length-slope factor in the 

Revised Universal Soil Loss Equation and is a relative index of erosion at a point for 

slope lengths <100 m and slope gradients <14° (Wilson and Gallant, 2000b).  Greater 

LSF values indicate topographic conditions favoring erosion.  The TWI was calculated 

by:  
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tan
ln

SCA
TWI  

(3)

and predicts soil wetness due to topographic controls only.  Important assumptions of the 

TWI include steady-state conditions, spatially uniform soil properties, saturated hydraulic 

conductivity of the soil is an exponential function of depth, and the local hydraulic 

gradient is approximated by the local surface slope (Wilson and Gallant, 2000b).  Larger 

TWI values indicate greater soil wetness due to upslope lateral flow and greater 

probability of surface runoff due to saturation excess processes.  Calculation of terrain 

analyses was conducted in ArcGIS software using the TauDEM algorithms developed by 

Tarboton (1997).  The TauDEM algorithms were chosen for terrain analyses because of 

their ability to represent multiple flow directions originating from one point and avoid 

bias associated with grid direction (Tarboton, 1997; 2003).  Maps displaying SCA, LSF, 

and the TWI were constructed to examine spatial patterns of values relative to stream 

networks, soils, and agricultural fields in the GCEW. 

 

The same topographic attributes were calculated at the field scale.  Surface and 

subsurface elevation data sets for Fields 1 and 2 were used to calculate the SCA, LSF, 

and TWI at field-scales.  Subsurface elevation (i.e., first argillic horizon) data sets were 

used for terrain analyses due to their potential importance to routing water and dissolved 

constituents in each field (Daughtry et al., 2001; Logsdon, 2007) and a failure to meet 

assumptions of the TWI due to varying depths to the argillic horizon.  As a result, two 

sets of terrain analyses were available for each field, identified by ―Sur‖ to represent 

terrain analyses based on the surface elevation (e.g., Sur-TWI) and ―Sub‖ to represent 
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terrain analyses based the subsurface elevation (e.g., Sub-TWI).  The TauDEM 

algorithms were also used for terrain analyses conducted for Field 1 and Field 2.  Maps 

displaying these terrain analyses were constructed to view spatial distribution of values 

across fields. 

 

Percent Low Chroma and High Chroma SRFs were summarized for individual depth 

increments from +1 to -4 and all depth increments above the first argillic horizon.  Depths 

used for quantification of SRFs were chosen because of the common occurrence of SRFs 

at these soil profile locations and the presence of an eluviated horizon above the argillic 

horizon having a variable thickness and amount of SRFs, indicating possible removal of 

reducible Fe and Mn due to perched water tables, ferrolysis, and lateral flow (Brinkman, 

1970; Bartelli, 1973).  Scatterplots of percent Low Chroma and High Chroma versus 

terrain analyses were reviewed to determine possible trends in SRFs across each field 

separately.  Additional statistical analyses were conducted to relate SRFs to terrain 

analyses for each field. 

 

Correlation Analyses 

Correlation analyses were conducted to determine the ability of multiple approaches (e.g., 

SWAT, terrain analyses, and SRFs) to precisely identify watershed or field areas 

predicted as delivering large relative amounts of pollutants or expressing physical 

processes important to pollutant transport (i.e., soil saturation).  The association of 

SWAT predicted runoff, atrazine yield, and NO3
—

N yield of GCEW fields with SCA, 

LSF, and the TWI was determined by examination of scatterplots, calculation of the 
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correlation coefficient (r), and a determination of r > 0 (α=0.05).  Mean and maximum 

values of SCA, LSF, and the TWI for GCEW agricultural fields were used in scatterplots 

and correlation analyses.  Mean values were used to characterize overall field conditions 

(e.g., mean TWI); whereas maximum values were used to quantify greatest upslope 

contributing areas (e.g., maximum SCA).  The association of measured SRFs and the 

SCA, LSF, and TWI at field sites was determined separately (Field 1 versus 2) using 

scatterplots, calculation of r, and a determination of r > 0 (α=0.05).  Point values and a 

3x3 grid cell mean of the SCA, LSF, and TWI were used in scatterplots and correlation 

analyses.  A 3x3 grid cell mean was used to remove salt-and-pepper effects typical of 

grid data (Lillesand et al., 2004) and smooth terrain analysis results.  Normality of all 

variables was assessed using histogram plots and the Shapiro Wilk‘s W test.  Spearman 

rank correlation analyses were used in cases of non-normality of variables and the rank 

correlation coefficient was calculated. 

 

RESULTS 

Requirements for Targeted BMP Approaches 

Seven data sets were necessary for setup of the SWAT model and an additional two 

monitoring data sets were used for evaluation of model accuracy during periods of 

available data (Table 1), making this watershed-scale approach the most demanding in 

terms of data management prerequisites.  Additional alteration of SWAT inputs was 

necessary to predict hydrology and pollutant loss from individual fields within GCEW 

(i.e., as opposed to aggregations of land use, terrain, and soil) and represent temporally 

distributed field operations important to pollutant loss (Chapter 4).  These alterations 
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required custom data management as opposed to default SWAT model interface 

operations that represent non-spatial aggregations of soil, terrain, and land use/cover.  

Total time for data acquisition, data management, model setup, adjustment of model 

parameters, and completion of 30-year simulations used to assess field hydrology and 

pollutant loss was approximately 2.5 months (all time requirements based on 1 person, 8 

hour work day, 5 day work week).  In contrast, one data set was necessary for GCEW 

terrain analyses and one additional data set was required to summarize results by 

individual fields (Table 1).  Time for data acquisition, data management, GIS procedures 

to produce terrain analyses, and summarization of results by individual farm field was 

approximately one day. 

 

Representation of terrain analyses for Fields 1 and 2 required only two data sets (Table 

1).  However, this field-scale approach required additional steps relative to watershed 

scale terrain analyses including initial field data collection, data management, 

preprocessing, and statistical procedures (Table 2) to produce continuous elevation data 

sets representing the surface and subsurface argillic horizon.  Time to complete these 

requirements for Fields 1 and 2 was approximately two weeks.  Soil sampling and 

standardized SRF quantification based on methods detailed by in Chapter 5 required 

approximately 1.5 months.  Requirements of this approach included core sampling (2 

days), core preparation and digital image capture (1 month), and final image 

analysis/quantification of SRFs (2 weeks).  This time requirement was based on one 

individual performing these tasks and familiarity with this standardized SRF 

identification method (Chapter 5). 
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Watershed-Scale Approaches 

Accuracy of SWAT predicted streamflow was ―good‖ and ―very good‖ (Moriasi et al., 

2007), weekly atrazine load predictions closely matched measured values (r
2
>0.84; 

Chapter 4), and weekly NO3
-
N load predictions were underestimated (r

2
<0.44; Chapter 4) 

during periods of available monitoring data (1993-2006).  Simulated mean annual surface 

runoff of 486 agricultural fields ranged from 299 mm to 1090 mm (434mm±8), 

representing 0.30 to 0.38 (0.34±0.0009) of mean annual precipitation based on 30 year 

SWAT model simulations (1977-2006).  Examination of GCEW mean annual field 

surface runoff indicated fields adjacent to Goodwater Creek and its tributaries, located in 

northcentral portions of this watershed, were predicted to have the greatest values (Figure 

4a).  Mean simulated atrazine yield was 0.14 kg/ha*year (SE±0.001) and ranged from 

0.12 to 0.18 kg/ha*year.  These simulated atrazine yields represented a 9.4% (SE±0.06) 

mean loss of applied atrazine, ranging from 7.8% to 12%.  Mean simulated NO3
-
N yield 

was 6.7 kg/ha*year (SE±0.03) and ranged from 5.7 to 7.9 kg/ha*year.  Large simulated 

atrazine and NO3
—

N yields from fields were co-located in northcentral portions of the 

GCEW along Goodwater Creek and its tributaries (Figure 4b&c).  Further review of 

mean field slopes (Figure 5a), saturated hydraulic conductivity (Ksat) of soil above the 

argillic horizon (Figure 5b), and depth to the argillic horizon (Figure 5c) based on 

available soil surveys (1:24,000) indicated these co-located sensitive fields were 

characterized by large slopes, slow Ksat, and shallow depths to the argillic horizon.  

Visual comparison of SWAT simulated streamflow, atrazine, and NO3
-
N indicated fields 
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adjacent to Goodwater Creek, with large relative slopes and shallow depths to the argillic 

horizon should be the focus of a targeted BMP program. 

 

The SCA of GCEW ranged from 10 to 71,047 m
2
/m based on the 10 m resolution DEM.  

The maximum SCA of agricultural fields ranged from 20 to 71,047 m
2
/m and averaged 

12,314 m
2
/m (SE±564).  Mean values of SCA for fields ranged from 11 to 5,496 m

2
/m 

and these values were distributed throughout the GCEW (Figure 4d).  Maximum SCA 

values of fields were also dispersed across the GCEW.  The LSF of the GCEW ranged 

from <0.0001 to 19.5 and mean LSF values of fields ranged from <0.0001 to 0.922.  

Review of mean LSF field values across the GCEW indicated greatest values were found 

adjacent to mid and lower sections of Goodwater Creek and its tributaries (Figure 4e).  

The mean TWI of the GCEW was 10 and ranged from 4 to 24.  Mean TWI values of 

agricultural fields were greatest along borders of the GCEW and furthest from Goodwater 

Creek and its tributaries (Figure 4f).  Selected fields located in the central portion of the 

GCEW and on the drainage divide between Goodwater Creek and a major tributary were 

also characterized by large mean TWI values.  Mean TWI of GCEW fields ranged from 

6.6 to 16.0 and averaged 9.8 (SE±0.09).  Comparison of terrain analysis maps with mean 

field slopes and soil horizonation/properties showed contrasting relationships.  Large 

field LSF values corresponded with greatest field slopes, slow relative Ksat above the 

argillic horizon, and shallow depth to the argillic horizon (Figure 5).  Alternatively, large 

field TWI values correspond to large fields slopes, slow relative Ksat above the argillic 

horizon, and greater depths to the argillic horizon.  Review of terrain analyses 

summarized by GCEW fields demonstrated conflicting strategies to effectively reduce 
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runoff and pollutant loss, identifying either fields adjacent to the Goodwater Creek (e.g., 

LSF) or fields located on major drainage divides/watershed boundaries (e.g., TWI).  This 

conflicting strategy was further illustrated by scatterplots of mean field values of the LSF 

and TWI (Figure 6). 

 

All SWAT simulated field outputs and most terrain analysis values summarized for fields 

were non-normal distributed.  Therefore, Spearman rank correlation analyses were used 

for investigation of agreement between watershed-scale BMP approaches.  Visual 

comparison of BMP targeting maps produced from SWAT model simulations (Figure 4a-

c) with terrain analyses (Figure 4d-f) indicated the LSF may best agree with locations of 

large relative SWAT predicted streamflow, atrazine yield, and NO3
-
N yield.  Further 

review of correlation analyses and scatterplots indicated this association did not exist.  

Less than one-fifth of the variability of field rankings based on SWAT simulated values 

was accounted for by field rankings based on the LSF (Table 4).  Similarly, small 

variability of field rankings based on SWAT simulated values was accounted for by the 

field ranking based on the TWI.  Strong agreement between SWAT simulated atrazine 

and NO3
—

N yield existed (Table 4).  Spearman rank correlations and scatterplots 

indicated agreement between an approach to target BMPs based on SWAT simulations 

and terrain analyses using SCA, LSF, and the TWI did not exist for the GCEW. 

 

Field-Scale Approaches 

Field 1 terrain analyses based on surface and subsurface analyses indicated matching 

large SCA, LSF, and TWI values within central field areas, corresponding to a natural 
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drainage way and localized slope increases adjacent to it (Figure 7).  Extent and width of 

the drainage way were not well represented by the publically available 10 m DEM 

(Figure 2a&c).  Additional east-west drainage paths, erosion potential, and soil wetness 

were predicted by terrain analyses based on the surface elevation (Figure 7a-c) altered by 

past field management and direction of tillage/planting operations.  Finer-scale, RTK 

elevation data sets indicated eastern and southeastern portions of Field 1 did not drain 

toward the northern outlet, representing 27% of Field 1 area determined by field borders 

(i.e., roads and fence lines).  Still, greater total drainage area of Field 1 was represented 

by the RTK elevation data set (27 ha) versus the 10 m DEM data set (20 ha).  Notable 

differences between surface and subsurface terrain analyses included additional 

concentrated flow paths originating from eastern portions of Field 1 (Figure 7a&d), less 

east-west effects of field operations on subsurface slopes (Figure 7b&e), and localized 

areas of predicted soil wetness along western, eastern, and southern field borders (Figure 

7c&f).  A northwest portion of Field 1 was predicted to have relatively great erosion 

potential compared to remaining field areas by the Sur-LSF (Figure 7b) and currently has 

<20 cm of soil above the argillic horizon .  A large localized area of soil wetness was 

predicted at the northern border of Field 1 by the Sub-TWI (Figure 7f), corresponding to 

an overwash/depositional area of Field 1 where depths to the argillic horizon are greater 

than 1 m. 

 

Field 2 terrain analyses based on surface and subsurface elevation data sets similarly 

identified matching high relative SCA, LSF, and TWI values in selected field locations.  

These selected locations included concentrated flow paths occurring on eroded backslope 
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positions of central portions of Field 2.  At least three concentrated flow paths originating 

from eastern portions of Field 2 were identified by Sur-SCA and Sub-SCA (Figure 

8a&d).  Visual comparison of 0.5 m contours based on the RTK survey (Figure 2b) and 

the 10 m DEM (Figure 2d) indicated general agreement in relief across Field 2 but the 

inability of the 10 m DEM to delineate all concentrated flow paths.  Comparison of 

maximum Sur-SCA and Sub-SCA values indicated greater upslope contributing areas 

were represented by surface elevation as opposed to subsurface elevation  (Figure 8a&d).  

This large difference was due to no subsurface elevation surveys available for 

neighboring fields and unknown contributions from these fields.  Upslope contributing 

areas from a bordering field resulted in large relative Sur-SCA values along the northern 

border of Field 2 (Figure 8a).  A concentrated flow path parallel to the ephemeral stream 

dissecting Field 2 and adjacent to the northern field border was identified by the Sub-

SCA (Figure 8d).  Effects of two terraces established in Field 2 were evident from review 

of Sur-LSF and Sur-TWI, reducing erosion potential and increasing predicted soil 

wetness in northcentral portions of this field (Figure 8b&c).  Both the Sur-TWI and Sub-

TWI identified two elongated areas of predicted soil wetness (Figure 8c&f) 

corresponding to concentrated flow paths and predicted areas of high erosion potential.  

However, the Sub-TWI identified localized areas of predicted soil wetness in summit 

landscape positions along the eastern field border and along the southern border of the 

ephemeral stream dissecting Field 2. 

 

A total of 188 and 182, 40 cm
2
 digital images of SRFs were captured from Fields 1 and 2, 

respectively.  When only considering depth increments between +1 and -4, a total of 135 
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Field 1 and 124 Field 2 digital images were captured.  Percent Low Chroma area ranged 

from 2 to 67% when considering digital images analyzed from +1 to -4 depths of Field 1 

and 2.  Mean percent Low Chroma immediately above the argillic horizon (+1 depth 

increment) for all field sites was 17% (SE±2.8) and ranged from 2% to 63%.  When 

comparing Fields 1 and 2, mean percent Low Chroma of the +1 depth increment was 

15% (SE±3.4) and 19% (SE±4.6), respectively.  A general trend of decreasing, then 

increasing percent Low Chroma was observed from near surface to deeper soil depths for 

both Fields 1 and 2 (Figure 9).  Mean percent Low Chroma was greatest at the -4 depth 

for both Fields 1 and 2, accounting for a mean of 28% of soil area at this depth for both 

fields.  Mean percent Low Chroma was smallest for the -1 depth in Field 1 (5%±1) and 

smallest for the 00 depth in Field 2 (13%±3).  Percent Low Chroma of all horizons 

overlying the argillic horizon (above 00 depth increment) averaged 7% (SE±2.6) for 

Field 1 and 11% (SE±3.9) for Field 2.  A general trend of increasing percent High 

Chroma area from near surface to deeper soil depths was observed for both fields (Figure 

9).  High Chroma increased from a mean of ≤1% at the +1 depth to >5% at the -4 depth at 

both fields.  Percent High Chroma area ranged from <0.1% to 36% when considering all 

digital images analyzed from the +1 to -4 depths of Fields 1 and 2.  Mean percent High 

Chroma for all horizons overlying was 0.2% (SE±0.1) for Field 1 and 0.7% (SE±0.6) for 

Field 2. 

 

Spearman rank correlations were used to determine correlations between SRF measures 

and terrain analyses calculated for Field 1 and 2, separately.  Scatterplots and correlation 

coefficients indicated no association between SRFs and Sur-SCA, Sub-SCA, Sur-LSF, or 
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the Sub-LSF existed for either Field 1 or 2 based on point values or a 3x3 grid cell mean.  

However, selected correlations between percent Low Chroma and High Chroma and the 

TWI existed for Field 2 (Figure 10).  Site rankings of Low Chroma above the argillic 

horizon were positively correlated (p<0.05) with site rankings of the 3x3 mean of Sub-

TWI (Figure 10a); whereas, site rankings of High Chroma at the -4 depth were negatively 

correlated (p<0.05) with site rankings of the 3x3 mean of Sub-TWI (Figure 10b).  The 

Spearman correlation coefficient increased from 0.48 to 0.60 when one outlier was 

removed from correlation analysis of examining associations between Sub-TWI and 

percent Low Chroma above the argillic horizon (Figure 10a).  This outlier was identified 

due to its proximitiy to the Field 2 fence line and a large tree as well as expressing greater 

than two times more percent High Chroma than the next greatest High Chroma site.  The 

Spearman correlation coefficient was reduced from -0.68 to -0.62 when one outlier was 

removed from correlation analysis examining associations between Sub-TWI and percent 

High Chroma at the -4 depth (Figure 10b).  This outlier was identified due to its 

proximity to the ephemeral channel dissection Field 2 and observed overwash effects on 

soil properties at this site. Similar relationships were found with the Sur-TWI calculated 

for Field 2 but no significant correlations (p<0.05) between SRFs and the Sur-TWI or 

Sub-TWI existed for Field 1 (Table 5). 

 

DISCUSSION 

Requirements versus Confidence in Watershed Approaches 

The use of SWAT to predict field surface runoff and pollutant loads required the greatest 

time and skill sets (GIS, database management, basic understanding of hydrologic/soil 
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predictions) compared to terrain analyses used at a watershed scale.  This larger amount 

of effort was partially due to the equations used for predictions and data requirements of 

those equations (Table 1).  While only summarized here, the SWAT model is based on 

the amalgamation of at least 5 previous models used to simulate hydrology, plant growth, 

channel routing of water and entrained constituents, and in-stream processing of those 

constituents (Arnold et al., 1998; Gassman et al., 2007).  As a result, this complexity in 

predictions and interrelationships within SWAT requires model users to be familiar with 

equations, inherent assumptions, data inputs appropriate for these equations, limits of 

predictions relative to individual objectives, and clearly document these details before its 

application to on-the-ground decision making (Engel et al., 2007).  This familiarity is 

typically followed by a sensitivity analysis and a statistical evaluation of model accuracy 

(as was performed here), demonstrating a model can adequately simulate biophysical 

process within a specific watershed (Moriasi et al., 2007).  Needless to say, this required 

greater time as compared to an understanding of assumptions, derivations, and 

predictions made by the TWI only.  Knowledge of personnel skill sets, time requirements 

for plan formulation versus decision making timelines, and needed spatial resolution of 

plan outputs should be an important first consideration of watershed managers seeking an 

approach to target BMPs within defined landscapes. 

 

Additional effort was required during SWAT model setup to represent individual 

agricultural fields as opposed to the default, non-spatial aggregations of soil, terrain, and 

land use/cover typically used for SWAT simulations (Gassman et al., 2007).  However, 

this alteration of default model setup demonstrated needed flexibility in the application of 
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SWAT, associating land ownership and field boundaries with pollutant loss vulnerability.  

This flexibility in representing SWAT outputs on a field-by-field basis also allows 

visualization of simulations not available from default SWAT output (Figure 4).  While 

visualization of the TWI was also possible, little flexibility in the TWI calculation existed 

as compared to spatially and temporally distributed cropping rotations, 

planting/agrichemical operations, and tillage operations that were specified in SWAT for 

individual fields and are known to be an important determinant of pollutant delivery from 

these soil landscapes (Wendt and Burwell, 1985; Ghidey et al., 2005; Ghidey et al., 

2010). 

 

Confidence in hydrologic/water quality predictions may not only be required of policy 

makers, modelers, and conservationists for implementation of targeted plans, but also 

from local landowners and farm operators due to the voluntary nature of U.S. agricultural 

conservation programs.  Hydrologists will likely continue to debate the best equations 

and associated models for predicting hydrologic pathways and pollutant at various scales.  

The most logical source of answers to these debates will come from on-the-ground 

monitoring which quantifies physical processes important to pollutant transport and 

documents long-term results of targeted BMP plans.  It is unknown whether the outcomes 

of CEAP, which has promised to increase the scientific understanding of environmental 

effects of agricultural conservation programs, will trigger this needed monitoring since it 

is a critical missing component of current research (SWCS, 2006).  However, confidence 

on the part of landowners and farm operators may also require that limitations and 

assumptions of proposed plans are presented upfront, information exchange occurs 
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throughout formulation of targeted approaches, and complex outputs are presented in 

ways that enable action at local levels (Clark, 1995; Wilcock et al., 2003).  While the 

SWAT model required significant investment in time and data necessary for model setup 

and prediction (Table 1), this approach may be best suited for such an iterative process 

due to its flexibility in representing field-by-field predictions (Figure 4) and incorporating 

distributed land management into predictions as opposed to a static metric of soil wetness 

represented by the TWI. 

 

Disagreement in Watershed Scale Approaches 

Examination of the TWI and SWAT predictions indicated disagreement between field 

locations that experience greater soil wetness and transport high pollutant loads, 

respectively (Figure 4).  While the TWI does not directly predict pollutant loss, it does 

represent areas that have a greater probability of saturation excess runoff.  Because the 

hydrology of these soil landscapes are dominated by surface and near-surface water 

movement (Chapter 3; Blanchard and Lerch, 2000; Blanco-Canqui et al., 2002), this 

physical process was suspected as the dominant pathway for pollutant transport to GCEW 

streams.  As a result, a targeted BMP approach that uses the TWI only to prioritize fields 

with high runoff volumes for establishment of vegetative filter strips or multi-species 

riparian buffers would result in a majority of effort focused away from fields adjacent to 

major streams of GCEW and towards watershed boundaries (Figure 4f).  Comparison of 

the field SCA (Figure 4d) and mean slope values (Figure 5a) shows relative flat 

topography typical of watershed boundaries and divides was responsible for large TWI 

values in these GCEW areas.  This disagrees with the classic representation of a dynamic 
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runoff generating area shrinking and expanding from perennial streams due to downslope 

accumulation of soil moisture (Dunne et al., 1975; Hibbert and Troendle, 1988; Walter et 

al., 2000).  The appearance of runoff generating areas away from perennial streams and 

closer to watershed divides may be possible due preferential flow paths (Sidle, 2006).  In 

this study, the identification of these watershed areas in the GCEW was due to the use of 

topography only for predictions, as opposed to a more holistic accounting of variable soil 

properties found in this watershed. 

 

Assumptions important to the TWI and known to not be met in the GCEW include 

uniform soil properties and a local hydraulic gradient approximated by local surface 

slope.  Review of Ksat and depth to the argillic horizon (Figure 5b&c) shows large 

variability of these properties across the GCEW.  Closer inspection of SWAT simulations 

indicated greatest atrazine yields occurred from fields characterized by soils having 

slower Ksat, less available water capacity, and shallowest depths to the argillic horizon 

compared to low atrazine yielding fields (Chapter 4).  Additionally, slope lengths and 

slopes were similar between large and small yielding atrazine and NO3
-
N fields (Chapter 

4).  Similar trends in soil properties, slope lengths, and slopes existed between large and 

small yielding NO3
-
N fields.  Because SWAT simulations were based on static operation 

dates (e.g., planting, herbicide application, tillage) and similar rotations (e.g., corn 

soybean) on all fields, these results indicate soil properties may play a dominant role in 

GCEW pollutant transport.  While the TWI identified soils having greater depths to the 

argillic horizon (i.e., greater available water capacity) as greater runoff producing areas, 

SWAT results indicated fields with shallower soil depths to the argillic horizon (i.e., less 
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available water capacity) were greater sources of pollutant losses.  The latter of these 

scenarios is more likely to occur in the GCEW based on general understanding of 

increasing available water capacity relationships with increasing soil depths to the 

restrictive, clay-rich argillic horizon and runoff producing processes. 

 

Alterations of the TWI have been suggested to account for soil property variability, 

including incorporations of Ksat and soil depth into equations (Agnew et al., 2006).  

However, additional calculations of an alternative TWI suggested by Agnew (2006) 

indicated no improvement in rank correlations with SWAT predictions occurred after 

taking into account both Ksat and depth to the argillic horizon (|r|<0.25) and no shift of 

fields vulnerable to great surface ruoff from GCEW boundaries to area surrounding 

streams.  Use of the TWI to adjust available water capacity (AWC) of soils represented in 

SWAT simulations has also been suggested by Easton et al. (2008) to overcome 

weakness in CN predictions made by the SWAT model.  This procedure is intended to 

increase predicted runoff in watershed areas with greater TWI values by adjusting default 

soil properties (Easton et al., 2008).  While further investigation of terrain analyses 

coupled with hydrologic models is needed across varying geographic regions and 

associated soils to determine advantages or disadvantages relative to default predictions 

(i.e., CN runoff method), improvement of all SWAT models may not be possible.  This 

may especially be the case for the GCEW due to the importance of soil physical 

properties that may have a much greater effect on soil moisture as compared to 

topographic controls alone. 
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Agreement in Field Scale Approaches 

Agreement between SRFs and terrain analyses was indicated for one field (Field 2), 

suggesting SRFs may serve as a relatively quick indicator of hydrologic pathways in 

selected GCEW areas.  Assuming terrain analyses correctly identified Field 1 and 2 areas 

that may benefit from BMP establishment, consideration of additional factors may be 

necessary when using SRFs to account for soil moisture variability in these modified 

landscapes.  Field 1 is located along a watershed divide, exhibits 3.7 m of relief, and has 

not been the focus of structural BMP implementation to present.  Field 2 is adjacent to 

Goodwater Creek, exhibits 7.2 m of relief, and has been the focus of structural BMP 

implementation to present (grass waterway, two terraces drained by underground outlets).  

Both fields have and continue to experience erosion, redistributing surface soils and their 

associated morphologic properties downslope.  Gains and losses of topsoil have 

approached 45 cm in Field 1 (Lerch et al., 2005).  No topsoil was present above the 

argillic horizon at two sites in Field 2 and ten Field 2 sites contained <20 cm of topsoil 

above the argillic horizon.  Tillage and deposition effects were evident in Fields 1 and 2 

when examining soils sampled at selected sites (e.g., broken horizon boundaries, clods, 

and weak to moderate platy structure).  Furthermore, chemical properties important to 

SRF formation, including organic matter and pH, are known to vary within fields 

(Kitchen et al., 2005), causing possible variation in microbial processes important to 

oxidation-reduction of Fe and Mn.  While SRFs accounted for greater than one-third of 

variation in predicted soil wetness (Figure 10), further quantification of field and site 

attributes including Fe, Mn, and organic matter content may be necessary to determine 

the usefulness of this field method alone in the GCEW. 
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Surface and subsurface terrain analyses generally agreed on location of concentrated flow 

areas, erosion potential, and soil wetness within each field (Figures 7&8) as compared to 

disagreement among watershed scale terrain analyses (Figures 4&6).  This agreement 

was not surprising given the greater topographical information captured by RTK surveys 

as compared to publically available DEMs and the importance of this finer-detail 

topography to quantifying hydrologic patterns (Wilson and Gallant, 2000a).  The use of a 

30 m DEM for terrain analyses and placement of BMPs has been demonstrated by Tomer 

et al. (2003; 2009).  While disagreement in locations of concentrated flow, erosion 

potential, and soil wetness are possible (e.g., erosion potential on backslope positions 

versus soil wetness on footslope), comparison of Field 1 and 2 terrain analyses with field 

observations (e.g., concentrated flow paths, shallow top soil depth) suggested a 5 m DEM 

was needed to capture important hydrologic features in these fields as compared to 

publically available 10 m DEMs.  The future availability of finer-scale DEMs derived 

from airborne elevation assessments (e.g., LiDAR) may be necessary to improve 

representation of flow paths and terrain analyses at watershed scales.  Until then, 

collection of fine-scale elevation data sets by field surveys may be necessary for targeted 

BMP placement based on terrain analyses alone. 

 

Subsurface terrain analyses highlighted additional transport pathways not identified by 

surface terrain from both fields and potentially important to a targeted BMP approach.  

These identifications may be important to a strategy to intercept large flow volumes and 

sequester nutrients/herbicides (Figure 7a&d, Figure 8a&d).  Rank correlations indicated 
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that both surface and subsurface terrain analyses equally explained variation in SRFs 

(Table 5).  However, accumulation of dissolved NO3
—

N above the argillic horizon has 

been documented within this study area (Blevins et al., 1996) and by others (Daughtry et 

al., 2001), suggesting additional information provided by subsurface surveys may be 

needed to isolate important flow paths and riparian areas vulnerable to non-point source 

pollution originating below soil surfaces.  In the absence of subsurface terrain analyses, 

results presented by this study indicate SRFs may be used as a reconnaissance method to 

locate these potential subsurface pathways, then verify their importance later through 

additional soil moisture and dissolved nutrient/herbicide data collection.  

 

CONCLUSIONS 

A comparison of a simulations made by a widely used hydrologic model, SWAT, and 

predictions made by terrain analyses (specific catchment area, erosion potential, soil 

wetness) was conducted to determine requirements and agreement between approaches 

now used to target BMPs at a watershed scale.  The use of SWAT required the most data 

for setup and model calibration prior to predicting GCEW fields that are most sensitive to 

surface runoff, atrazine losses, and NO3
-
N losses.  The SWAT model predicted fields 

adjacent to Goodwater Creek within the northcentral portion of this watershed as 

locations that should be targeted by future BMPs aimed at improving water quality.  

Further investigation of SWAT predictions indicated soil properties associated with 

shallow depths to the argillic horizon including lesser available water capacity and 

smaller Ksat values, were indicative of sensitive agricultural fields.  These SWAT 

predictions did not agree with terrain analyses.  Visual comparison of terrain analyses 
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indicated opposing strategies were suggested by individual metrics.  The LSF predicted 

greatest erosion potential for fields adjacent to Goodwater Creek and the TWI predicted 

greatest soil wetness and runoff producing areas along GCEW boundaries and watershed 

divides.  Further review of terrain analysis assumptions, especially for the TWI, indicate 

this relatively quick prediction of sensitive watershed areas may not be appropriate for 

this study area due to known variability in soil properties and the importance of these 

properties to vertical and lateral movement of soil water.  The SWAT model, while 

requiring the greatest effort and time for setup, can provide stakeholders and local 

conservationists with a relatively flexible tool for information exchange, model 

improvement, and representation of BMP placement strategies as opposed to static 

predictions made by terrain analyses. 

 

Field scale terrain analyses and SRFs were compared for two cropped fields in the 

GCEW, indicating agreement between percent Low Chroma and High Chroma at 

selected depths in one field.  Visual comparison of terrain analyses for both fields 

indicated relative agreement between predictions of specific catchment area, erosion 

potential, and soil wetness based on discrete flow paths represented by elevation data 

collected for each field.  Further review of subsurface terrain analyses indicated 

additional flow paths not identified by surface terrain were identified.  These additional 

subsurface flow paths may be especially important for improving water quality in these 

soil landscapes due to the previous research documenting dissolved nutrient accumulation 

above restrictive argillic horizons and the prominence of lateral flow during large 

antecedent moisture conditions.  In the absence of fine scale soil moisture monitoring and 
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subsurface surveys, SRFs may serve as a reconnaissance method for locating important 

flow paths, establishing soil moisture/monitoring networks, and guiding future BMP 

placement in selected watershed areas.  Collection of additional soil properties (e.g., soil 

chemical properties, relative saturation) and inclusion of more fields in SRF-terrain 

analysis studies may be needed to verify soil morphologic features are useful for guiding 

placement of BMPs in this watershed.  
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Table 1.  Data sets used for the Soil and Water Assesment Tool (SWAT), watershed–scale terrain analyses (W-TA), field scale 

terrain analyses (F-TA), and quantification of soil redoximorphic features (SOIL). 

BMP 

Strategy Data Set Source Description Citation 

SWAT Streams USGS1 Geological Survey 

National Hydrography Dataset 
1:24,000-scale hydrography dataset Smiley and Carswell 

Jr. (2009) 
SWAT 
W-TA

 
Terrain USGS National Elevation Dataset 1/3 arc second (10 meter) grid spacing 

elevation dataset 
Gesch et al. (2009) 

SWAT 
W-TA 

Fields/Land Parcels FSA2 Common Land Units Smallest contiguous land unit with common 

land management, owner, and producer 

association 

FSA (2004) 

SWAT Soil NRCS3 SSURGO Soil Data Set 1:24,000-scale soil survey Soil Survey Staff 
(1995; 2001) 

SWAT Rainfall ARS4 Cropping System Water 

Quality Research Unit 
2 minute interval record of rainfall depth Sadler et al. (2006) 

SWAT Temperature ARS Cropping System Water 

Quality Research Unit 
Daily recorded minimum and maximum 

temperature 
Sadler et al. (2006) 

SWAT Crop Planting 

Progress 
Northeast Missouri NASS5 Crop 

Condition and Progress 
Weekly census of cumulative percent of 

corn and soybean planted 
NASS (2008) 

SWAT Streamflow ARS Cropping System Water 

Quality Research Unit 
5-minute interval streamflow converted 

from stage measurements 
Sadler et al. (2005) 

SWAT Water Quality ARS Cropping System Water 

Quality Research Unit 
Atrazine and nitrate-N weekly loads 

determined from event sampling of 

concentrations 

Sadler et al. (2005) 

F-TA Terrain ARS Field 1 and 2 real-time 

kinematic surveys 
10 m transect, elevation surveys Kitchen et al. (2005) 

F-TA Subsurface Terrain ARS apparent electrical 

conductivity (ECa) 
10 m transect, ECa surveys using a Veris 

3100 mobile unit 
Sudduth and Kitchen 

(2006) 
SOIL Soil Redox Features Field 1 and 2 Soil Sampling 8 cm wide, 120 cm long soil cores Chapter 3 

1U.S. Geological Survey 
2U.S. Department of Agriculture (USDA) Farm Service Agency 
3USDA Natural Resource Conservation Service 
4USDA Agricultural Research Service 
5USDA National Agricultural Statistics Service 
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Table 2.  Multiple regression equations relating topsoil depth (TD) to shallow and deep apparent electrical conductivity (ECa) 

collected by a Veris 3100 mobile unit, root mean square error (RMSE), coefficient of determination (R
2
), and analysis of 

variance F-test (P>F). 

 

  

Measured Topsoil 

Depth (cm)  Statistics of Fit 

Field n Mean (±SE) Range Regression Equation RMSE R
2
 P>F 

Field 1 25 34 (SE±4.3) 13-98 TD=4.4 + (-665*ECa Shallow
-1

) + (2827* ECa Deep
-1

) 10.8 0.74 <0.001 

Field 2 24 40 (SE±6.7) 4-113 TD=-27 + (-664* ECa Shallow
-1

) + (3813* ECa Deep
-1

) 9.3 0.91 <0.001 
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Table 3.  Groupings of Munsell soil colors used for identification of soil redoximorphic 

features. 

 

 Munsell©  

Soil Redoximorphic 

Feature 
Hue Value Chroma Common U.S. Terminology

a 

Low Chroma All 7 - 4 2 - 1 Redox Depletions 

High Chroma All 7 - 3 8 - 4 Fe and/or Mn Redox Concentrations 

a 
Schoeneberger , P. J., Wysocki, D. A., Benham, E. C., Broderson, W. D., 2002. Field 

book for describing soils. Version 2.0, Natural Resources Conservation Service, National 

Soil Survey Center, Lincoln, Nebraska. 
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Table 4.  Spearman rank correlation coefficients for simulated mean annual surface 

runoff (mm), mean annual atrazine yield, (kg/ha), mean annual nitrate yield (kg/ha), 

mean specific catchment area (SCA), mean length-slope factor (LSF) and the mean 

topographic wetness index (TWI) of 486 agricultural fields in the Goodwater Creek 

Experimental Watershed. 

 

 

Surface 

Runoff 

Atrazine 

Yield 

Nitrate 

Yield SCA LSF TWI 

Surface Runoff       

Atrazine Yield 0.45      

Nitrate Yield 0.54 0.93     

SCA 0.04 0.03 0.08    

LSF 0.22 0.40 0.40 0.12   

TWI -0.24 -0.39 -0.40 0.07 -0.89  
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Table 5.  Spearman rank correlations of soil redoximorphic features (SRFs) area (%) at 

specific soil depths and the topographic wetness index based on surface elevation (Sur-

TWI) and the elevation of the argillic horizon (Sub-TWI) for Field 1 and 2. 

 

  Field 1  Field 2 

SRFs Depth Sur-TWI Sub-TWI  Sur-TWI Sub-TWI 

Low 

Chroma 

Above 00 -0.03 0.14  0.49 0.48 

+1 -0.01 0.16  0.47 0.42 

 00 -0.06 0.39  0.36 0.25 

 -1 0.13 0.09  0.24 0.07 

 -2 0.25 0.26  -0.03 0.07 

 -3 -0.07 0.43  0.05 0.35 

 -4 0.17 0.03  0.04 0.31 

       

High 

Chroma 

Above 00 -0.25 -0.01  -0.06 -0.01 

+1 -0.23 -0.16  -0.02 -0.12 

 00 0.18 -0.33  -0.41 -0.25 

 -1 -0.09 -0.23  -0.18 -0.39 

 -2 -0.20 -0.02  -0.18 -0.02 

 -3 0.07 -0.47  -0.30 -0.32 

 -4 0.09 -0.16  -0.63 -0.68 
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Figure 1.  Location and 2006 land/use cover distributions of the Goodwater Creek 

Experimental Watershed (GCEW). Location of Field 1 and 2 indicated. 
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Figure 2.  Sites chosen for quantification of soil redoximorphic features in Field 1 (a) and 

Field 2 (b).  Half meter contour lines based on real time kinematic surveys interpolated to 

a 5 m resolution (a & b) and a publicly available 10 m resolution elevation data set (c & 

d) shown. 
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Figure 3.  Schematic of depth increments used for digital image capture and a 

quantification of soil redoximorphic features. Image not to scale. 
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Figure 4.  Mean annual surface runoff (a), atrazine yield (b), and NO3-N yield (c) of 486 

agricultural fields in the Goodwater Creek Experimental Watershed determined from 30 

year Soil and Water Assessment (SWAT) simulations.  Mean specific catchment area (d), 

length-slope factor (e), and topographic wetness index (f) determined from a 10 m 

resolution elevation data set also shown. 
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Figure 5.  Mean slope of 486 agricultural fields (a), saturated hydraulic conductivity 

(Ksat) determined from a 1:24,000 scale soil survey (b), depth to the argillic horizon 

determined from a 1:24,000 scale soil survey (c), and location of cost-share best 

management practices (BMPs) implemented between 1993 and 2006. 
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Figure 6.  Scatterplot of mean topographic wetness index and mean length-slope factor 

values of 486 agricultural fields in the Goodwater Creek Experimental Watershed. 
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Figure 7.  Specific catchment area (m
2
/m) (a), length-slope factor (b), and topographic 

wetness index (c) calculated for Field 1 based on a 5 m resolution surface elevation data 

set.  Specific catchment area (m
2
/m) (d), length-slope factor (e), and topographic wetness 

index (f) calculated for Field 1 based on a 5 m resolution subsurface elevation data set. 
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Figure 8.  Specific catchment area (m
2
/m) (a), length-slope factor (b), and topographic 

wetness index (c) calculated for Field 2 based on a 5 m resolution surface elevation data 

set.  Specific catchment area (m
2
/m) (d), length-slope factor (e), and topographic wetness 

index (f) calculated for Field 2 based on a 5 m resolution subsurface elevation data set. 
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Figure 9.  Mean and standard error of Low Chroma and High Chroma areas of six depth 

increments sampled in Field 1 (a) and Field 2 (b).  
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Figure 10.  Plot of 3x3 grid cell mean values of the subsurface topographic wetness index 

versus Low Chroma area above the argillic (00) horizon (a) and High Chroma area at the 

-4 depth increment (b) from Field 2.  Spearman rank correlations (r) shown for all sites 

(solid line) and removing one outlier (dashed line).  Outliers identified by open circles. 

  



 

334 

 

CHAPTER 8 

CONCLUSIONS 

Five studies were conducted within the Goodwater Creek Experimental Watershed 

(GCEW) to address objectives of the U.S. Department of Agriculture Conservation 

Effects Assessment Project (CEAP).  Important CEAP objectives formulated for the 

GCEW and addressed by these studies included the determination of water quality 

changes and trends due to existing agricultural best management practices (BMPs), 

quantification of water quality impacts due to existing BMPs, prediction of water quality 

impacts due to additional BMP implementation, and determination of optimal types, 

number, and locations of BMPs that need to be implemented to achieve desirable water 

quality constituents at the GCEW outlet.  Important conclusions gained from these 

studies are summarized here. 

 

1. No significant reductions in storm event dissolved atrazine and nitrate-N loads 

were demonstrated after approximately 14% of GCEW area was affected by BMP 

implementation between 1993 and 2006.  This lack of watershed scale effects 

occurs despite beneficial effects of BMPs demonstrated at edges of fields and 

plots by previous studies examining soils and cropping systems found in the 

GCEW. 

2. Examination of the GCEW water quality monitoring network indicates current 

data collection protocol may not efficiently meet stated goals of documenting 

farming system effects on herbicide transport.  Significant sampling delay was 

identified by closer inspection of sampling times and rising limbs of hydrographs 
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due to flow-proportional sampling protocols used in the GCEW.  A mean of 20% 

(SE ± 1.8) of the storm event volume occurring at the beginning of events was 

missed by autosamplers at the GCEW outlet from 1993 to 2006. 

3. Approximately 20 years of post-BMP monitoring at the GCEW outlet would be 

required in the future to detect changes in dissolved atrazine (α=0.05) if additional 

BMPs were implemented with objectives of reducing loads by 25% .  Four years 

of post-BMP monitoring at the GCEW outlet would be required in the future to 

detect changes in dissolved nitrate-N (α=0.05) if additional BMPs were 

implemented with objectives of reducing loads by 25%. 

4. Improved calibration and validation of the Soil and Water Assessment Tool 

(SWAT) model for the GCEW was accomplished by representing individual 

agricultural fields/land parcels in predictions as opposed to groupings of soil, 

terrain, and land use (e.g., default hydrologic response units).  This improvement 

is further accomplished by representing spatially and temporally distributed field 

operations (e.g., timing of herbicide and nutrient applications) important to 

pollutant losses on a field-by-field basis.  Weekly Nash Sutcliffe Efficiency 

values for atrazine loads improved from -11 to 0.83 and -1.5 to 0.93 during the 

calibration and validation periods following this alternative SWAT model setup, 

respectively. 

5. Visualization of the SWAT model on a field-by-field basis provided an alternative 

and more direct method of viewing model predictions and incorporating 

additional landowner attributes into possible BMP targeting strategies.  This 

visualization also allowed simulations to identify high risk fields for pollutant 
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loss, enabling the prediction of effort required, in terms of number of fields and 

associated land owners, to reach pollutant reduction targets. 

6. A total of 91 of 419 GCEW cropped fields required adoption of vegetative filter 

strips to reduce dissolved atrazine load at the GCEW outlet by 25% based on 

current cropping systems and 14 year SWAT simulations (1993-2006).  A total of 

142 of 419 cropped fields required adoption of vegetative filter strips to reduce 

dissolved nitrate-N load at the GCEW outlet by 25% based on current cropping 

systems and 14 year SWAT simulations (1993-2006).  Incorporation of atrazine 

by a tillage operation immediately following surface herbicide application was 

predicted to reduce dissolved atrazine load by 20% following the adoption of this 

BMP by all GCEW cropped fields based on SWAT simulations.  This BMP was 

predicted to not have an effect on dissolved nitrate-N load at the GCEW outlet. 

7. A 99% accurate determination of soil redoximorphic features (SRF) based on 

Munsell soil color groupings from exposed soil cores was demonstrated through 

the use of a readily available digital camera and image classification software.  

This method was 99% accurate for unique Munsell Value and Chroma groupings 

(e.g., 8/1) and 74% accurate for the 238 Munsell soil colors from Hue 10R to 5Y. 

8. Up to a 17% change in Low Chroma occurred during rewetting of exposed soil 

cores despite relative high saturation of cores (0.87 ± 0.21) used for SRF 

quantification.  Comparison of initial Low Chroma determinations from exposed 

cores and a reassessment after rewetting air-dried cores indicated large differences 

in percent area (-11% to 33%).  These results indicate differences in interpretation 

of soils can readily occur based on antecedent moisture conditions, potentially 
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altering hydric soil identifications and land use decision making based on soil 

morphology. 

9. Post-classification image processing had large effects on quantification of SRF 

occurrence, shape, and spatial arrangement.  Any study wishing to use digital 

image processing for SRF quantification should consider these changes to metrics 

relative to project objectives before beginning a study. 

10. A Representative Elementary Area (REA) for SRFs was defined using a 

conceptual model of physical processes important to SRF formation as well as 

digital image processing techniques.  This definition was translated into 

quantitative decision rules based on measures of percent occurrence, mean 

Euclidean distance, and the Interspersion/Juxtaposition Index for Low Chroma 

and High Chroma SRFs.  The definition of an REA for SRFs is greatly needed to 

standardize current use of SRFs for hydric soil identification, wetland delineation, 

soil saturation, and dominant hydrologic flow paths along hillslopes. 

11. A 17.7 cm
2
 and 25.4 cm

2
 REA was determined for Low Chroma and High 

Chroma SRFs based on analysis of image areas ranging from 2.5 cm
2
 to 40 cm

2
, 

respectively.  When considering both SRF types (Low Choma and High Chroma) 

and the complete vertical sequence of images captured from 8 cm diameter cores, 

an REA was reached for 13 of 49 cores.  When only considering Low Chroma, 45 

of 49 cores reached REAs for the complete vertical sequence of images captured 

from 8 cm diameter cores. 

12. A quantified REA and probability of capturing an REA for complete soil cores or 

specific soil horizons have important implications to choice of soil sampling 
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methods (e.g., push probes versus moderate size hydraulic cores) and objectives 

of a field soil sampling effort (e.g., soil classification, hydric soil identification, 

identification of subsurface saturation/flowpaths).  Future REA studies are 

encouraged so that inherent soil property variability is accounted for in 

measurements. 

13. A watershed scale (GCEW) targeting strategy based on SWAT simulations and 

the Topographic Wetness Index (TWI) disagreed on locations of fields that 

contribute the largest amounts of dissolved pollutants (atrazine and nitrate-N) and 

fields where the greatest probability of saturation excess runoff occurs, 

respectively.  The SWAT model indicated fields adjacent to Goodwater Creek 

having shallow depths to the argillic horizon contributed the greatest amounts of 

atrazine and nitrate-N load.  The TWI identified fields having low slopes located 

along the border of the GCEW as the greatest runoff producing areas. 

Assumptions of the TWI including uniform soil properties and a local hydraulic 

gradient approximated by local surface slope may not be appropriate for the 

GCEW due to varying depths to the argillic horizon and variable saturated 

hydraulic conductivities of surface soils above the restrictive, argillic horizon. 

14. Specific Catchment Area (SCA), Length-Slope Area (LSF), and the TWI 

similarly identified discrete, high value areas in both Fields 1 and 2, indicating 

general agreement among terrain analyses used to identify large volumes of 

predicted flow, erosion, and soil wetness.  The utility of using fine-scale elevation 

data sets as compared to publically available, broader scale data was indicated by 

inspection of terrain maps created from varying resolution data sets.  The use of 
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terrain analyses for landscape characterization and location of watershed and field 

areas for BMP establishment will likely continue as finer scale elevation data 

become available for whole watersheds (e.g., airborne LiDAR). 

15. No agreement between SRF occurrence at 25 sites in Field 1 and terrain analyses 

was indicated by Spearman rank correlations.  However, agreement between Low 

Chroma area above the argillic horizon (r = 0.48) and High Chroma area 46 cm 

below the argillic horizon (r = -0.68) with the TWI calculated from subsurface 

terrain (i.e., first argillic horizon) was indicated by Spearman rank correlations in 

Field 2.  These results indicated SRFs may not be useful for locating sensitive 

field locations in all watershed areas, assuming the TWI accurately predicts soil 

wetness.  A more rigorous evaluation of SRFs useful for inferring soil moisture 

may require in-situ soil moisture measurements at multiple depths and locations 

across fields for relatively long time periods (at least one year). 

 

In summary, this study addressed major objectives of the national CEAP as well as 

objectives specific to the GCEW CEAP component.  To present, most CEAP studies, 

including results presented here, have not demonstrated watershed scale BMP effects on 

water quality constituents using monitoring data.  While increasing technologies will 

likely motivate additional strategies for optimal BMP placement in agricultural 

watersheds, confidence in conservation programs will likely come from clear 

demonstrations of benefits through dedicated, on-the-ground evaluation systems.  Results 

presented here suggest additional years to decades may be required for these 
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demonstrations.  Policy makers must be aware of this time lag when administering 

current and future agricultural conservation programs.
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Appendix 1.  Crop rotations simulated by the Soil and Water Assessment Tool (SWAT, version 2005) for agricultural fields in 

the Goodwater Creek Experimental Watershed.  Dates specified represent default dates and not actual date used for the final 

calibrated/validate model. 

 

Rotation Year Operation Date 

Fertilizer/ 
Atrazine 

Rate (kg/ha) 

Fertilizer/Atrazine 

Surface Application 

Fraction 

Mixing 

Efficiency/Depth 

(mm) 

Corn-Soybean-

Double Crop 

Wheat/Soybean 

1 Anhydrous Ammonia Application April 15 147 0.4  

 
Diammonium Phosphate 

Application April 16 78 1  

 Atrazine Application April 17 1.5 1  

 Field Cultivation May 5   0.30/100 

 Plant Corn for Grain May 6    

 Harvest/Kill Corn for Grain November 1    

2 Plant Soybean June 1    

 Harvest/Kill Soybean October 15    

 
Diammonium Phosphate 

Application October 5 45 1  

 Urea Application October 7 34 1  

 Plant Winter Wheat November 1    

3 Ammonium Nitrate Application April 15 78 1  

 Harvest/Kill Winter Wheat June 30    

 Plant Soybean July 1    

 Harvest/Kill Soybean October 15    
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Appendix 1 continued. 

 

Rotation Year Operation Date 

Fertilizer/ 
Atrazine Rate 

(kg/ha) 

Fertilizer/Atrazine 

Surface Application 

Fraction 

Mixing 

Efficiency/Depth 

(mm) 

Grain 

Sorghum-

Soybean 

1 Anhydrous Ammonia 

Application 
April 15 123 0.4  

 Diammonium Phosphate 

Application 
April 16 56 1  

 Atrazine Application April 17 1.5 1  

 Field Cultivation May 5   0.30/100 

 Plant Grain Sorghum May 6    

 Harvest/Kill Grain Sorghum November 1    

2 Plant Soybean June 1    

 Harvest/Kill Soybean October 15    

      

Corn-Soybean 1 Anhydrous Ammonia 

Application 
April 15 147 0.4  

  Diammonium Phosphate 

Application 
April 16 78 1  

  Atrazine Application April 17 1.5 1  

  Field Cultivation May 5   0.30/100 

  Plant Corn for Grain May 6    

  Harvest/Kill Corn for Grain November 1    

 2 Plant Soybean June 1    

  Harvest/Kill Soybean October 15    
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Appendix 1 continued. 

 

Rotation Year Operation Date 

Fertilizer/ 
Atrazine Rate 

(kg/ha) 

Fertilizer/Atrazine 

Surface Application 

Fraction 

Four-Year Alfalfa  1 Elemental Phosphorus March 30 45 1 

 Plant Alfalfa April 1   

 Harvest Alfalfa September 1   

2 Harvest Alfalfa May 30   

 Harvest Alfalfa June 30   

 Harvest Alfalfa September 1   

3 Harvest Alfalfa May 30   

 Harvest Alfalfa June 30   

 Harvest Alfalfa September 1   

4 Harvest Alfalfa May 30   

 Harvest Alfalfa June 30   

 Harvest Alfalfa September 1   

 Harvest/Kill Alfalfa November 1   
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