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ABSTRACT 

 

 

SOIL ORGANIC CARBON IN SOIL WATER CONTENT VARIABILITY; 

DETECTION AND APPLICATION IN AGRICULTURAL FIELDS 

 

Hida Manns Advisor: 

University of Guelph, 2015 Professor Aaron A. Berg 

 

 

 

The promise of satellite remote sensing to deliver frequent and high resolution soil water content 

(SWC) on a global scale is dependent on the interpretation of the electrical energy reflectance 

from the earth surface.  Soil texture and surface roughness have been taken into account in field 

surface variation, however, soil organic carbon (SOC) has not previously been considered as a 

factor in the passive remote sensing algorithm development.  The SMAPVEX12 field sampling 

campaign, in preparation for the 2015 satellite launch provided an opportunity to test additional 

agricultural variables on multiple fields (55), and over a range of soil texture, soil organic matter, 

crops, crop maturity and rainfall.  Soil organic carbon was more highly correlated to the average 

SWC at each sampling date than soil texture or bulk density although all soil variables were 

significantly correlated with each other.  While soil texture was the dominant variable in multiple 

linear regression of SWC in wet conditions, in the driest sampling times, SOC alone explained 

the highest percentage of variability in SWC.  In the analysis of the passive remotely sensed data 

from the aircraft measurements during SMAPVEX12, SOC also explained more variability in 

the absolute and relative SWC anomalies than soil texture.   

The ability of SOC to predict SWC and vice versa, developed from the SMAPVEX12 data 

was tested on fields sampled for SWC in 2008 in the same vicinity of Manitoba, in very dry 



weather.  Both SOC and SWC were predicted to within field variability.  A geostatistical 

analysis of data from SMAPVEX12 sites confirmed the existence of a significant cross-

variogram with a range of 5 km, over which SOC and SWC expressed the identical variability in 

soil.  Remote sensing of SWC may capitalize on this dual relationship to improve the 

interpretation of soil emissivity in passive remote sensing, to provide covariates in downscaling 

and modelling of SWC, and possibly to assist in measurement of SOC for ecosystem modelling.  
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CHAPTER ONE  

 

INTRODUCTION 

1.1 Overview 

Quantitative observations of soil water content (SWC) are currently a limiting factor in 

developing the relationships and feedbacks between water, soil and climate (Dai et al., 1999; 

Koster et al., 2004; Seneviratne et al., 2010).  Remote sensing presents a new avenue to obtain 

SWC measurement over frequent intervals and vast spatial scales with the launch of the SMAP 

(Soil moisture active and passive) satellite (Entekhabi et al., 2010).  Improved spatial and 

temporal resolution of SWC will enable new strides in modelling land surface water flow 

(Vereecken et al., 2008), global climate (Koster et al., 2010; Seneviratne et al., 2010) and soil 

processes (Seneviratne et al., 2010).   

SWC variability is a primary issue when allocating single measurements from remote 

sensing to spatial distributions and in moving between landscape scales in hydrological 

modelling (Oldak et al., 2002b; Teuling and Troch, 2005).  In order to interpret surface 

reflectance from space and apply sparse measurement points to field scale, the variability of 

SWC due to soil structure and surface conditions becomes as important as the point estimates 

(Koster et al., 2010).  To improve accuracy, models need to include the dominant soil and 

meteorological processes that can be attributed to specific water regimes (Vereecken et al., 

2008). 

Soil texture and surface roughness have been used in current models to explain variation in 

the dielectric constant of soil, however soil organic carbon (SOC) that also affects SWC has not 

been included in algorithms to interpret remote sensing reflectance.  Early pedotransfer functions 

relating SWC to soil textural class alone are still widely used in hydrological models today 
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(Saxton et al., 1986; Tuller and Or, 2004) and they are valid as long as soil organic matter 

(SOM) is also low (Pollacco, 2008; Resurreccion et al., 2011; Zacharias et al., 2007).  Hudson 

(1994) and Rawls et al., (2003) have produced sound analysis of data from across the USA that 

shows (SOC) (~ 58% of SOM) increased the field capacity and wilting point of soils and 

improves the explanation of SWC by 10% above soil texture alone.  SOC has more recently been 

added to hydrology models as a modification to porosity, but the true potential for SOC to 

modify SWC is not currently understood or utilized to assist in SWC determination.  Surface 

residue as well, significantly influences soil moisture in agriculture (Unger, 1978) similar to the 

effect of SOC (Rawls et al., 2003).  The need for higher accuracy in predicting SWC suggests 

that surface residue and SOC should be more thoroughly investigated for their role in SWC 

variability in a range of soil, crop and rainfall conditions.   

This thesis will identify the amount of variability of SWC that can be attributed to soil 

surface factors and SOC in particular.  The primary goal is to reduce the variability unaccounted 

for in the interpretation of remotely sensed SWC.  The data from several Canadian field SWC 

sampling campaigns (RADARSAT-2, 2008 and SMAPVEX12, 2012) provided data on SWC at 

multiple sample points and fields on the Canadian prairies where there was also an intersection 

of the three major soil groups (sand, loam and clay).  The data provided analysis at field and  

regional scale, over daily and crop growing season time frames, with varying wetness/drying  

regimes and with samples from soil cores, field SWC hydraprobe measurements and 1.4 km  

aerial averaged passive remote sensing SWC.  Surface residue and roughness were also available 

in the 2008 study data and SOC was measured from the 2012 soil cores.  The relationships  

between the soil variables and SWC were analyzed with correlation, regression, geostatistical 

patterns and inverse modelling.  
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The primary objective of this thesis was to test if land management practices that alter SWC 

could also affect SWC variability to the extent of being considered significant factors in 

predicting SWC at field scale.  In particular, is SOC a factor to be considered in SWC estimation 

that has not previously been considered as a predictive component in soil hydrology models or in 

remote sensing SWC retrieval algorithms?   The multi-field and time scales of the SMAPVEX12 

study allowed us to ask if the influence of SOC on SWC also differed with 1) rainfall, 2) SOC 

levels and 3) soil texture.  My hypothesis was that SOC would contribute significant variability 

to SWC and the influence would be greatest at 1) low SWC, 2) high SOC and with increasing 

sand textured soils.  As suggested by the literature review (Chapter 2), the specific effects of 

surface residue and SOC are anticipated to be significant controls on SWC, comparable to soil 

texture and bulk density depending on plant growth stage and soil wetness conditions.   

  This thesis is divided into stand-alone chapters that develop the rationale for including 

SOC in SWC estimation (Chapter 2), discuss the effect of surface residue on SWC variability at 

field scale (Chapter 3), determine the influence of SOC on SWC variability during 

SMAPVEX12 (Chapter 4), determine the contribution of SOC to the PALS remotely sensed 

SWC from SMAPVEX12 (Chapter 5) and validate the SOC/SWC relationship from Chapter 4 

on 2008 field sites (Chapter 6).  The contribution of each chapter to answering the thesis 

questions and hypothesis are drawn together in a communal discussion and conclusion that 

unites the chapters into a comprehensive analysis (Chapter 7).  Details on geostatistical 

parameters of SMAPVEX12 are provided in an Appendix. 
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1.2  Chapter 2:  Soil organic matter in association with soil water content in Canadian cropping 

systems 

While pedotransfer functions (PTF’s) are applicable to the soil type and geomorphology from 

which they are developed, remote sensing enables analysis that requires more universal 

relationships at large spatial scales (McBratney et al., 2002).  In order to add another variable to 

a large scale field trial, the relationship between SOC and SWC has to be justified in light of 

current and historic literature and observations.  This was best presented as a detailed literature 

review on SOM which covers a rationale for investigating SOC as a benefit to soil and 

agricultural sustainability through the effects on SWC infiltration and retention.  In fact, some 

studies found SOC to be a significant factor in SWC variability regardless of soil texture and 

wetness (Hudson, 1994).  The review includes a brief overview of current remote sensing 

methods that may enable SOC to be measured on a larger scale than is currently viable through 

soil sampling.   

 

1.3 Chapter 3:   Impact of soil surface characteristics on soil water content variability in 

agricultural fields   

The relative effects of surface characteristics (residue cover and roughness) on measured SWC 

were evaluated during the spring of 2008 in Manitoba during the RADARSAT-2 field validation.  

SWC was sampled by resistance probes at 16 points on 44 fields over 3 soil textural groups on 5 

sampling dates with minimal plant growth.  Surface residue was also defined as a percentage of 

field cover from photos, as well as by a dual sample at each sampling point where SWC was 

measured on areas with presence (1-100%) or absence (0%) residue cover.  The availability of 

surface residue, surface roughness and soil texture data allowed statistical analysis of these 
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influences on SWC at field scale from which to formulate statistical relationships that will apply 

to scaling and modelling of remotely sensed SWC in dry soils. 

 

1.4 Chapter 4:   Importance of soil organic carbon on surface soil water content variability 

among agricultural fields 

Organic carbon measurement from the soil cores during SMAPVEX12 SWC ground sampling 

enabled assessment of the significance of SOC on SWC variability with division by soil texture 

and wetness conditions.  Three major wetting events developed a wide range of soil wetness 

conditions over the growing season of major grain crops, thus allowing analysis of soil factors by 

rainfall and vegetation stage.  The relationship of SOC was therefore assessed for significant 

correlation and regression to SWC over all 50 fields in comparison to soil texture and bulk 

density which are more often applied as major factors in soil surface hydrology.  The inter-

correlation of the variables was taken into account by partial least squares multiple regression to 

distinguish independent responses of SWC to the soil parameters.   

 

1.5 Chapter 5:  Soil organic carbon as a factor in passive microwave retrievals of soil water 

content over grain fields. 

The SOC, soil texture and bulk density measurements discussed in Chapter 4, were applied to the 

explanation of  SWC variability from passive remote sensing values recorded by the aircraft 

overpass during SMAPVEX12.  The error in PALS SWC compared to the ground sampled SWC 

was regressed against the soil variables to detect the major factors not accounted for in the soil 

dielectric model that interprets the aerial radiometer emissivity.  SOC has not previously been 
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included in large scale remote sensing interpretation, but in the prairie soils with high SOC 

levels, it was important to test if SOC was a significant factor that could improve the 

interpretation of remotely sensed SWC and that may also aid in applying statistical variability to 

the remotely sensed measurement points.   

  

1.6 Chapter 6:  Forward and inverse modelling of soil water content with soil organic carbon in 

Canadian Prairie soils 

A major concern with pedotransfer functions derived from single locations is their applicability 

to other soils, climates and agricultural systems (McBratney et al., 2002).  The relationship 

between SOC and SWC for specific wetness ranges developed during SMAPVEX12 (Chapter 4) 

was applied to the data from the spring, 2008 SWC sampling for the RADARSAT-2 SWC 

validation (Chapter 3) in the same vicinity of Manitoba as SMAPVEX12 (Chapter 4).  The 2008 

data were collected in very dry soil conditions, therefore the regression equations between SWC 

and SOC derived in the driest SMAPVEX12 sampling dates were applied to the SOC obtained 

from mapping the 2012 SOC and 2008 SWC respectively.  This analysis would validate the 

ability of the regression equations developed in chapter 4 to predict SOC and time averaged 

SWC within the relevant SWC range.  The ability of SOC to predict SWC in dry conditions, 

where SWC variability is most problematic (Choi et al. 2007; Teuling et al., 2007) would be a 

significant benefit to agriculture and hydrological modelling.      
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1.7 Chapter 7:   Discussion, Conclusions and future research 

The results from each of the chapters were merged into a synthesis that links the thesis questions 

and hypothesis to the individual study results.  The discussion demonstrates how the relationship 

between SOC and SWC was developed from ground sampling and aerial remote sensing data.  

Further, the relationship between SOC and SWC was validated on separate ground sampling data 

in very dry soil conditions.  The applicability of SOC to remote sensing was also tested with 

passive microwave data obtained from aircraft over the SMAPVEX12 sites.  The many ways that 

SOC could be included in modelling and algorithm development for future remote sensing 

applications are outlined. 



 8 

CHAPTER TWO 

 

SOIL ORGANIC MATTER IN ASSOCIATION WITH SOIL WATER CONTENT IN CROPPING 

SYSTEMS 

Abstract 

Climate change is increasing the extremes of moisture and temperature that already challenge the 

moisture regime of soil in relation to crop yields.  The relationship of soil organic matter (SOM) 

to soil water content (SWC) has been established in many field studies and through mega-

analysis, but is herein reviewed with regard to crop yield stability.  The absence of tillage is often 

associated with reduced total yield compared to tillage systems, but the advantages of more 

stable water retention through pore development in the surface 10 cm of soil substantiates 

increased potential for water infiltration and thus yield over the longer term with no-till (NT) 

systems. The soil surface where most change occurs with tillage and management is most 

important in the feedback between SOM and SWC.   An evaluation of soil surface properties 

may be optimal in agricultural areas with fertile soils, such as the Canadian Prairie in contrast to 

many studies on soils with low SOM.  This review of literature develops the rationale for more 

stable yields associated with higher SOM levels in connection with improved water relations 

where tillage and crop rotations are optimized.  Recent developments in remote sensing 

technology are explored to monitor SOM that may allow comparisons over time and distance 

that have not previously been possible.  Thus, in the future it may be possible to evaluate 

agricultural management over multiple soil textural classes, rainfall distributions and cropping 

systems to improve crop yield and our perceptual and conceptual models of the plant-soil-

climate continuum.   
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Graphical Abstract  Illustration of the primary factors in the relationship between SOM and 

SWC and their linkage to sustainability of plant yield. 

 

2.1 Introduction 

Sustaining productivity is at the forefront in agriculture today in an era of competing land use for 

fuel and biomaterial as well as for food, amidst the growing initiative for environmental 

conservation.  Globally, 38% of all agricultural land has undergone soil degradation (Reeves, 

1997) which is associated with reduced crop yield potential.   Long term cultivation has been 

frequently associated with decreasing soil organic matter (SOM), which is composed of 

approximately 58% soil organic carbon (SOC).  McArthur et al. (2001) found that the SOC 

content of a North American prairie soil (Orthic Chernozem) decreased from a mean of 47 g C 

kg-1, to a new equilibrium of 23 g C kg-1 following an average of 56 years of cultivation across 

12 sites.  Soils that accrue organic matter over 500 years can lose 2/3 of SOM in 100 years 
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following conversion to agriculture (Meyer-Aurich et al., 2006).  Decreases in SOM are 

associated with decreasing productivity in tillage systems in the longer term (Kern and Johnson, 

1993; VandenBygaart et al., 2003).   

SOM is considered the most important indicator of soil quality for measures of 

sustainability in long term field studies (Reeves 1997).  SOM has been widely associated with 

quality and quantity of crop yields, but a distinct role of SOM in crop yield and its relationship to 

environmental factors is not adequately developed (Cassman, 1999).  Soil quality and its 

sustainability are currently being investigated for their potential to not only limit soil 

degradation, but to improve productivity as well in association with genetic improvements 

(Reeves, 1997).  SOM determines the ability of soil to increase water holding capacity, improve 

drainage and increase plant soil nutrient availability (Reynolds et al., 2014).  Some studies point 

to improved soil water infiltration and retention of plant available water as the major benefits of 

SOM that results in increased plant yield (Gregory et al., 2005; Gan et al., 2012).  Limits to the 

extremes of change in available water storage may further improve the stability of yield between 

seasons which is also a concern with extremes of climate change (Gaudin et al., 2015). 

 Climate change is increasing the need to address soil sustainability.  Extremes of climate 

predicted for Canada include rising summer lows and variability of precipitation (Soloman et al., 

2007).  Water availability is usually the primary issue in yield across the Canadian west (Raddatz 

et al., 1994).  A 25 year assessment of precipitation and rotation found wheat yields on the 

Canadian prairies were directly proportional to rainfall (Yong et al., 2013).  In dryland systems, 

too much rain reduces water and fertilizer use efficiency, whereas too little water stored in soil is 

the primary limiting factor in yield (Yong et al., 2013).  An increase in annual temperature is 

generally regarded as favourable for agriculture with a longer growing season (Smith et al., 
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2013), however model predictions for agriculture suggest reduced agricultural yield from high 

temperature associated with increased water demand resulting in water stress in Eastern North 

America (Hayhoe et al., 2007; Yong et al., 2013).  The trend over the past 50 years has been 

warmer and wetter in general throughout Canada, particularly in the south and west (Zhang et al., 

2000).  The effect of climate change on yield will depend on the extent of weather extremes, and 

the response of the soil surface (Motha and Baier, 2005) and crops (Larney and Lindwall, 1995).  

Smith et al. (2013) modelled crop production from long term experimental sites across 

Canada with the Denitrification-Decomposition (DNDC) model for years 2040 to 2070 and 

predicted increases in spring wheat (Triticum aestivum)  and corn (Zea mays) yields of 37% and 

60% respectively.  The increases were attributed to warmer weather despite water deficits, 

however, disease, soil changes and weed competition were not taken into account in their model.  

The current trend to higher and/or more variable rainfall in Ontario is more an issue of drainage 

and water surplus rather than deficit (Smith et al., 2013).  There is little question about warming, 

but the response of SWC and plant yield varies with geographic location and between models 

and is not well developed in the climate change literature (Motha and Baier, 2005). 

The yield variability is not expected to change dramatically with wheat or corn, however 

soybeans (Glycine max) are very sensitive to changes in mean temperature, SWC and 

atmospheric CO2 resulting in a 50% increase in yield variability predicted in Canada for the 

modelled time period of 2040 to 2060 (Motha and Baier, 2005).  Analysis of many long and 

short-term field studies suggest that SOM may improve yield stability from connections with 

water availability that is the single most important factor in grain yield on the prairies (Campbell 

et al., 1997; Hatfield et al., 2011).  The role of SOM in moderating SWC and yield variability is 

herein explored.  In particular, the high SOM ranges of the Canadian Prairie may be particularly 
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useful in developing the significance of SOM on yield.  West and Post (2002) estimated that 

Canada could increase soil carbon reserves by 50 – 75 g C m-2 y-1 on fertile cropland.  Thus, 

Canadian studies with their dependence on a carbon storage system in soil are the focus of this 

review where maintaining SOM is most important to agriculture and the range of SOC is from 15 

to 60 g C kg-1.  In contrast, studies from southern Europe and China that have been under 

cultivation for over 1000 years, often have very low levels of SOM (< 15 g C kg-1); see for 

example Montanaro et al. (2012), and Hu et al. (2012a).  Some data from areas in the north 

central USA which have similar soils, weather, crops and practices are also included herein for 

comparisons. 

Current advances in technology are leading us beyond in situ core samples that require 

laboratory determination of SOM (Wang et al., 2011) to non-destructive methods that do not 

require physical labour to investigate soil and crop questions on broader scales which extend 

across soil textural groups and watersheds.  For field scale analysis, there is potential to obtain 

SOM measurements from soil spectra (Ladoni et al., 2010; Serbin et al., 2009) using 13C NMR 

(Nuclear Magnetic Resonance) imaging (Schnitzer, 2001) and from soil reflectance from 

imagery from space (Nocita et al., 2011).  SOM measurement by spectrometers has been 

substantiated in the lab and field and is currently being tested experimentally from space (Ladoni 

et al., 2010).  Remote sensing from space-born platforms is under development to interpret the 

reflectance of SWC by combining both active radar reflectance and brightness temperature 

(McNairn et al., 2015).  The possibility of extracting SOM from the SWC relationship across soil 

texture and cropping systems will be explored in this review as well.  

The high SOM agricultural soils of Canada may reveal processes and soil variable 

relationships not otherwise visible.  There is thus a need to improve understanding of the soil 
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processes in the Canadian climate in order to address the stability of crop yield.  The objective of 

this review is to establish how SOM affects SWC in the surface layer (6 cm) of soil as a factor in 

maintaining yield stability in association with crop rotations in the Canadian temperate climate.  

The many studies cited will be related to the biological, chemical and physical changes in the 

surface layer of soil which may be uniquely important to soil hydrologic function and crop yield.   

 

2.2 Soil organic matter in yield  

Yield potential is obtained when a cultivar is grown with minimal added stress from the 

environment and management (Cassman, 1999).  Greater yield stability of recent advances in 

plant genetics is coming from improved resistance to fungal and bacterial disease, insect vectors, 

and reduced nitrogen application (Cassman, 1999).  SOM has also been related to plant quality 

(Adyanthaya et al., 2009) through soil factors such as water availability and uptake (Marulanda 

et al., 2003; Pimental et al., 2005) and greater soil mineralization potential (Six et al., 2002).  

Greater biomass and seed production in association with SOM have been observed in organic 

agriculture (Dai et al., 2014; Mader et al., 2000; Teasdale et al., 2007) and in no-till (NT) 

systems (Gregory et al., 2005). 

Studies with reduced tillage point frequently to an increase in SWC (Franzluebbers, 

2002; Larney and Lindwall, 1995; Mahboubi et al., 1993).  The change in SWC is not yet 

differentiated between reduced plant growth with NT through limited transpiration (Larney and  

Lindwall, 1995) or the increased infiltration and water holding capacity of a more porous surface 

(Franzluebbers, 2002).  Reynolds et al. (2014) found that improvements in plant available water 

capacity among crop treatments on tile drained clay loam soils in southwestern Ontario were 

associated with soils where existing levels of SOC were above a threshold level where increases 
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in SOC were most likely after 48 years.  Substantial levels of SOC may therefore be necessary to 

link changes in plant yield from SOM. 

 

2.3 Soil organic matter in soil water content  

Soil textural classification has been considered the primary control on SWC in hydrological 

models (Rawls et al., 2003; Tuller and Or, 2004).  Pedotransfer functions frequently determined 

SWC from soil texture and bulk density (BD) (Pollacco, 2008; Zacharias and Wessolek, 2007) or 

mean particle diameter and BD (Campbell and Shiozawa, 1992) but SOM was not considered to 

significantly affect SWC at that time.  Hudson (1994) reviewed evidence from many published 

studies in the United States of America illustrating that SOC was related to the moisture holding 

capacity of soil, irrespective of soil texture or vegetation.  Hudson (1994) found increases in soil 

available water content to be positively correlated with SOM when differences in BD and soil 

texture were accounted for.  The increase in SWC resulting from increased SOM was associated 

with a greater increase in field capacity (FC) compared to wilting point (WP) (Hudson, 1994);  

FC = 22.5 + (3.2 x SOM)  

WP = 16.2 + (0.4 x SOM) 

Rawls et al. (2003) improved the prediction of SWC by including SOC in analysis of the 

USDA National Soil Data Base over a range of soil textural classes and SWC.  SOC improved 

the prediction of SWC in the multiple regression equations compared to particle size and 

taxonomy group alone, with the greatest improvements in dry conditions and sandy soil (Rawls 

et al., 2003).  Within uniform topography and climate, such as a watershed, soil texture and 

significant SOM levels become most important in explaining the range of variability in SWC at 

distances up to 100m where soil heterogeneity is represented (Kim and Stricker, 1996). The 
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effect of SOM over the water content range has not been adequately understood.  SWC may be 

closely related to SOM in wet conditions as suggested by Rawls et al. (2003) or more closely 

related to soil texture in dry conditions (Oldak et al., 2002a; Ryu and Famiglietti, 2005). 

Agricultural studies have often reported differences in SWC associated with the level of 

SOM.  However, there was no direct linkage between climate and soil carbon sequestration in a 

global analysis of conservation tillage (West and Post, 2002).   The interaction between tillage 

practices and SOM increases has been related to changes in SWC.  Franzluebbers (2002) 

explored the relationship of SOM to water infiltration with a lab experiment measuring the 

stability of aggregates in 12 cm soil cores in south-east USA and found twice the water 

infiltration rate in NT vs conventional tillage (CT) and the rate increased with the level of SOC.  

Initial SOC was considered instrumental in aggregate formation and pore development that 

resulted in the correlation of SOC to the water infiltration rate in soil cores of sandy loam soils 

after 25 years of continuous grain cropping (Franzluebbers, 2002).   

 

2.4 SOM linkage to soil porosity 

Porosity is a factor commonly relating soil water movement to soil structural changes 

(Pollacco et al., 2008).  Porosity is the inverse of BD and technically refers to the volume of 

pores that can be filled with either water or air (Brady, 1990).  The soil pore sizes are divided by 

broad categories into micropores (< 0.03 mm) and macropores (> 0.08 mm) with mesopores 

representing an intermediate size (Brady, 1990).  The soil pores that relate most to soil moisture 

variability are macropores which influence infiltration and drainage and micropores which retain 

matrix water (Hawley et al., 1983).   The spaces within aggregates (micropores) are filled with 
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water held tightly by O-H bonds in organic matter complexes or to clay particles and released 

slowly due to mineralization by microbiota or plant root secretions (von Lutzow et al., 2006).   

Within field scale, the porosity and water holding capacity of the soil also determine the 

upper and lower limits of water availability to plants, the division between infiltration and runoff 

and the rate of hydraulic conductivity of soils (da Silva et al., 1994; Hudson, 1994).  Variability 

from microscale processes (< 10 cm) can represent hydraulic conductivity (Kim and Stricker, 

1996) and particle and pore size distribution (Hawley et al., 1983).  The contribution of small 

scale SWC variability (< 100m) to variability at greater distances scales (eg. 1 km and 10 km)  

and the range of influence of specific soil factors is not yet developed.   

Pollacco (2008) maintained that porosity is the soil physical variable that represents SOM 

variability and adding SOM as an additional variable would not improve the explanation of 

variability in SWC.  Zacharias and Wessolek (2007) tested the theory by omitting SOM from the 

van Genuchten equation (van Genuchten, 1980) and obtained a similar water characteristic curve 

by estimating SWC from texture and BD alone.  However SWC was not well represented in the 

dry SWC range without SOM (Zacharias and Wessolek, 2007). 

SOC is positively correlated to the inverse of BD (Porosity), although SOC has the 

greater variability of the two indices (Franzluebbers, 2010).  Several studies reported exponential 

decline in BD with SOM increases over a large range of SOM (Figure 2.1) (Franzleubbers, 2002; 

Rawls et al., 2003).  Shaykewich and Zwarich (1968) noted that SOM was more closely 

correlated to BD than to clay in analysis of 112 soils from the Canadian prairie.  SOM and clay 

likewise were associated with available SWC (gravimetric) by their increase in both the 

permanent wilting point and field capacity (Shaykewich and Zwarich, 1968).  Bulk density is 

expected to be higher with NT, but there was no difference in BD between NT and CT 4 weeks 
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after tillage in each of 9 years of wheat growth  (Pikul and Aase, 1995).  Chen et al. (1998) 

analysed 60 studies on a global scale with a model validated with Quebec (Canada) soils.  Chen 

et al. (1998) found clay and SOM both correlated to BD; however, they found increasing clay 

content was the strongest factor in decreasing BD when measured over the 0 - 30 cm depth, 

while increasing SOM was a significant factor in decreasing BD in the surface 0 - 20 cm depth of 

NT.  The interaction of clay with SOM and BD has not been discussed in literature.   

 

 

 
 

Figure 2.1  Bulk density regressed on soil organic carbon from many field sites. 

 

Source:  Franzluebbers, 2002.  Reprinted from Soil & Tillage Research, 66, Water infiltration 

and soil structure related to organic matter and its stratification with depth, pages 197-205, 2002 

with permission from Elsevier.   

 

 

  An interesting biomodal distribution of SWC variability has been observed in large scale 

field studies and in long-term field experiments (Gebremichael et al., 2009; Reynolds et al., 

2014; Ryu and Famiglietti, 2005).  The link to understanding bimodality of SWC may relate to 

the functions of pore size; pore size also follows a bimodal distribution (Klute, 1973) from the 

separation of larger pore sizes linked to preferential flow for drainage and smaller pores 

associated with water retention in drying conditions.  The dual pore sizes and their opposing 
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trends may explain the bimodality observed in soil moisture distribution at the field scale (Ryu 

and Famiglietti, 2005), at the subgrid scale where soil aggregate factors are influential (10m – 

100m) (Gebremichael et al., 2009) and over long-term field trials (Reynolds, 2014).   

Aggregate size is a factor affecting soil water retention within the daily time scale and at 

the smallest spatial distribution (Taylor et al., 2009).  The linkage between macroaggregates and 

SOM has been suggested for many years (Tisdall and Oades, 1982; Elliott, 1986) in connection 

with the theory of aggregate hierarchy.  This theory is based on the composition of SOM 

resulting from interactions between minerals and microaggregates and the physical protection of 

aggregates within complexes limiting accessibility of water and microbes and thus 

decomposition (Six et al., 2004a; Stockman et al., 2013; Tisdall and Oades, 1982; Von Lutzow et 

al., 2006).  A review of lab and field data supported the theory of aggregate stability alluded to in 

the conceptual model of Monnier, 1965 (Abiven et al., 2009).  Abiven et al. (2009) confirmed 

that aggregate stability was associated with SOC input and the quality of the material in resisting 

decomposition was inversely related to the time of decomposition and the input of stable SOC. 

Soil aggregation has a major effect on SWC through the maintenance of pore size, 

especially in the surface layer (Shaver et al., 2003).  A rapid response of soil aggregate size to 

wetting and drying results in an exponential change in pore diameter (Aluko and Koolen, 2001) 

that is especially noticeable on sand (Six et al., 2004a).  SOM is considered the major factor 

affecting aggregate stability (Bronick and Lal, 2005; Kay, 1998; Six et al., 2004a).  The effects 

of wetting and drying on soil aggregate formation, and thus SOC, has been reported to both 

increase and reduce the stability of aggregates in literature (Six et al., 2004a).  Franzluebbers and 

Arshad (1996) measured macroaggregates, mean weight diameter of aggregates (MWD), water 

stability of aggregates (WSA) and SOM to a 20 cm depth in 4 soils from loam to clay in a 
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NT/CT comparison in the northern prairies.  SOM varied more from WSA than with tillage.  

Macroaggregates, MWD and SOM were greater under NT in the surface 5 cm of soil and 

increased with clay content in CT (Franzluebbers and Arshad, 1996).   

The yield stability of crops is not yet linked to the stability of aggregates in soil, possibly 

because the time lag for soil processes to change with tillage is not yet recognized.  Although CT 

gave higher yields in the first 10 years of tillage trials, during the last 7 years, NT had 

consistently higher yields of corn along with increasing SOM in Kentucky (Ismail et al., 1994).  

A major effect of tillage on SWC may be the relationship of soil disturbance and increased air 

and water on aggregate size and stability.  In temperate soils of Eastern Canada, increases in 

SOM with NT were associated with increased macroaggregates (Messiga et al., 2011).  The 

difference in macropores with tillage was visible from the CT scans of soil between native 

prairie, restored soils and cropland soils where a distinct size and shape of pores (elongated) was 

associated with improved water conductivity (Undawatta et al., 2008).  The greater continuity of 

macropores was attributed with greater recharge in NT compared to CT in a study of 7 sites of 

Prairie wheat fields in Saskatchewan over 4 years (Grevers et al., 1986).  Analysis of water 

storage by gravimetric analysis and neutron thermalization found the continuity of pores resulted 

in recharge to a greater depth;  in NT water storage was below 30 cm, while the recharge in CT 

was in the top 30 cm contributing to greater loss of water to evaporation prior to seeding 

(Grevers et al., 1986).   
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2.5  Tillage and cropping systems 

2.5.1 Tillage 

The influence of tillage on the relationships between SOM, SWC and yield ranges widely.  In 

general, there is an inverse relationship between tillage and SOC as tillage increases 

mineralization of soil.  It is well documented in agriculture that water holding capacity and 

hydraulic conductivity increase in the long term with NT (Chang and Lindwall, 1989; Dao, 1993; 

Mahboubi et al., 1993).  Water infiltration has been found to increase in association with long-

term NT in Alberta with fallow-wheat rotation (Chang and Lindwall, 1989) with winter wheat 

over multiple field seasons in Oklahoma (Dao, 1993) and with corn-soybean rotation in Ohio 

(Mahboubi et al., 1993).  Changes in SWC with agricultural management have been recorded in 

short and long-term studies and with a range of soil texture.  The increases in infiltration were 

attributed to greater porosity and higher water holding capacity associated with increased SOC 

(Dao, 1993; Franzluebbers, 2002; Mahboubi et al., 1993) and greater hydraulic conductivity 

(Mahboubi et al., 1993).  Studies are not definitive, as frequently, tillage effects are not separated 

from SOM other than as surface residue (Dao, 1993; Franzluebbers, 2002).   

  Azooz and Arshad (1996) found 15 years of NT resulted in increased ponded infiltration 

rates under SWC from dry to field capacity.  The increase was related to increased micropores in 

NT, resulting in greater infiltration rates, hydraulic conductivity and water storage capacity in silt 

loam soils in Yukon, Canada (Azooz and Arshad, 1996).  At field scale, Dao (1993), found 

greater infiltration in NT than CT over the season following similar initial SWC.  Spring SWC 

was greater with NT and increased grain yield compared to CT (Dao, 1993).  The increase in 

stored water with NT was attributed to higher infiltration, greater porosity and higher water 

retention capacity from increased SOC (Dao, 1993).  In contrast, Pikul et al. (1990) did not find 
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increased infiltration with NT compared to CT to 12 cm depth after 5 years of tillage comparison 

in a fallow/wheat rotation where there was a significant slope on silt loam soil with low SOM 

content in Oregon, USA.  Prieksat et al. (1994) described the ponded infiltration rate in Iowa soil 

cores as constant with NT, in contrast to an increasing rate over the growing season with CT.  

The infiltration rate in CT was greater than NT only at the beginning of the season with inter-row 

measures and at the end of the season in the plant root zone.  A higher and constant infiltration 

rate in established NT as also discussed in Chang and Lindwall (1989), may contribute to slower 

but sustained plant growth and result in less variable yields.  While increased SWC has been 

frequently associated with increased porosity in NT, the linkage to SOC and crop yield is not 

well established.   

Mapa et al. (1986) found water retention and unsaturated hydraulic conductivity 

decreased with tillage from decreased macropore continuity, although tillage actually increased 

the number of macropores in the short-term.  The effect of tillage on SOM may vary with the soil 

type and the ability of the soil to re-establish porosity and microbial activity.  Tillage effects are 

immediate and rapid, but diminish quickly as soil returns to its previous state (Strudley et al., 

2008).  In southern Alberta on clay loam soils, there were no significant tillage effects on 

hydraulic and BD indices to a 9 cm depth, 4 weeks after tillage (Chang and Lindwall, 1989).  

However, a strong difference was noted in surface dynamics, where a steady infiltration rate was 

observed with NT, which was sensitive to any level of disturbance.  Reduced conductivity 

associated with tillage was observed from structural breakdown by rainfall, resulting in surface 

sealing and reduced infiltration (Dao, 1993; Chang and Lindwall, 1989).  Although a smoother 

surface from NT may promote greater runoff on slopes, surface sealing decreased soil water 

absorption in CT field studies, while increased surface porosity from microbial activity increased 
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water infiltration with NT (Dao, 1993).  This has been documented by Azooz and Arshad (1996) 

as well.  In NT, the surface soil also becomes much more important where the effects of tillage 

on soil parameters are not well developed in current literature.   

 

2.5.2 Cropping Systems 

Cropping system diversification holds the promise of producing the same or greater yield volume 

and profit at lower cost of inputs (fertilizer, chemicals, energy) by capitalizing on the biological 

interactions in the soils that are primarily associated with SOM (Davis et al., 2012).  In the long 

term Morrow plots on silt loam prairie soils in the USA Midwest, continuous corn yield 

responded to improvements in crop genetics and management and more so with crop rotations  

over more than 100 years (Odell et al., 1984; Reeves, 1997).  There is no consensus on the effect 

of cropping systems on SOM and crop yield.  Complex crop rotations including legumes 

increased net profit (yield) over 20 years in Elora, Ontario, although no change in SOC was 

noted between simple and complex rotations (Meyer-Aurich et al., 2006).  In a global analysis of 

276 paired NT/CT treatments from 67 long-term agricultural experiments, West and Post (2002) 

found the largest increases in SOM resulted from including a perennial grass and/or wheat in the 

rotation with corn cropping systems in NT. 

VandenBygaart et al. (2003) found increased SOC storage with crops of lentil and red 

clover added to wheat rotation or rye substituted for wheat in a compendium of 62 Canadian 

studies including various soil textural classes.  Including a legume along with low fertilizer rates 

with corn improved the correlation of SOC to nitrogen (VandenBygaart et al., 2003).  A similar 

test of corn in rotation vs monoculture after 35 years on clay loam soils in Southern Ontario, 

found a greater effect of legume in rotation on yield than fertilizer and attributed the effect to 
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increased aromatic carbon in the soil below the plow layer such as originating from corn roots 

(Gregorich et al., 2001).  Schnitzer et al. (2006) associated a greater proportion of aromatic 

carbon with tilled soil while aliphatic carbon was greatest with NT using 13C NMR spectrometry.  

McArthur et al. (2001) also found higher aromaticity in CT, while NT was associated with 

aliphatic carbon from residue that was more resistant to degradation.   

The addition of a perennial or legume has also been reported to be beneficial to yield in 

many studies.  Alfalfa has a deep root (Weaver, 1926) which is known to break up soil 

compaction and draw nutrients and water up to 10 m (Weaver, 1926).  In prairie soils, alfalfa 

roots increased total porosity, macroporosity, hydraulic conductivity and connectivity of 

macropores (Undawatta et al., 2008).  Alfalfa also maintains a high degree of mycorrhizal 

symbioses, which can influence the subsequent crop by over wintering the arbuscular mycorrhiza 

spores that promote higher SWC and SOM through hyphal networks (Parniske, 2008).  Alfalfa in 

a corn rotation resulted in the highest yield on silt loam soils of southwestern Ontario (Drury et 

al., 2014).  After 20 years of till/NT trials on the same site, the strongest effect on SOM was 

from alfalfa, although due to variability, the effect of tillage on SOM was not significant (Meyer-

Aurich et al., 2006).  Studies in Eastern Canada demonstrated that alfalfa in rotation with corn 

increases water stability of aggregates (WSA) more than changes in SOC directly in comparison 

to continuous corn (Angers et al., 1992; Angers and Carter, 1996), similar to the effect of grass 

species on stability of prairie soils (Angers and Carter, 1996; Chantigny et al., 1995; Tisdall and 

Oades, 1982).   

Factors other than nutrients have been associated with changes in yield with tillage 

practices.  Larney and Lindwall (1995) reported greater water conservation from fallow or cover 

crops on winter wheat yields in sandy clay loam soils of Southern Alberta.  In a 2 year rotation, 
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with shallow tillage, the loss of water to transpiration was the major factor in field management 

(Larney and Lindwall, 1995).  Although yields generally decreased with NT in corn/soybean 

rotations over 20 years in Southern Ontario, in dry years, wheat and red clover significantly 

improved yield stability of soybean (Gaudin et al., in 2015).  Gaudin et al. (2015) found that red 

clover or alfalfa in rotation reduced the odds of low yield and also the seasonal yield lag 

frequently associated with corn and soybean in NT on a silt loam soil.  The authors attributed the 

results to improved macropore development in the surface of soil with 1 – 2.5 % SOC (Gaudin et 

al., 2015).  Drury et al. (1999) found red clover winter cover increased straw decomposition, thus 

improving spring planting time for corn in Ontario on clay soils.  The corn-soybean rotation was 

initially introduced in Nebraska to alleviate lower yields with NT in continuous corn on poorly 

drained soils (Kladivko et al., 1986) and to reduce stress of pests and phosphorous use efficiency 

(Wilhelm and Wortman, 2004).   

There are many contradicting results between locations, soils and cropping systems  

although some trends are emerging from long and short-term trials.  Changes in SOM from  

cropping system were not separated from effects of significant changes in rainfall in the  

Canadian prairies (Campbell et al., 1991; Campbell et al., 1995).  The soil, rainfall and crop  

differences may be reflected in the results of Van Eerd et al. (2014), who found no difference in 

SOM after 11+ years on clay loam soils in a tillage x crop rotation study in southwestern  

Ontario, whereas in other areas in Ontario, or in drier areas such as the prairies, changes in SOM 

with tillage and/or rotation are documented (Campbell et al., 1995; Gregorich et al., 2001; 

VandenBygaart et al., 2003).  At low SOM (2.5%) no effect of crop rotation on SOM or 

infiltration was noted (Chang and Lindwall, 1992).  Soil management results on yield, SWC and 
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change in SOC may be significantly different between low and high SOM soils and with rainfall 

regime. 

 

2.6 Change in SOM levels 

Methods to increase SOM in soil have been actively researched since the Kyoto protocol called 

for agricultural practices to address atmospheric CO2 reduction (Stockmann et al., 2013).  The 

large decline in SOM in prairie soils with cultivation (Kern and Johnson, 1993) suggested that 

there remains potential to also increase SOM.  Franzluebbers (2010) estimated that SOM could 

increase across the USA by 0.45 Mg ha-1 yr-1.  From a global analysis of tillage studies, Six et al. 

(2004b) estimated SOC could increase at a rate of 0.22 Mg ha-1 yr-1 in humid climates, but only 

0.10 Mg ha-1 yr-1 in dry areas.  

  The results of many agricultural studies within a temperate climate, with significant 

SOM, suggest different soil processes occur with rainfall between east/central (more humid) 

parts of Canada and Mid-western Canada, where soils are traditionally dry in summer.  

VandenBygaart et al. (2003) summarized the results of 62 paired studies in Canada with 

conversion of native land to cropland, or with conversion from full cultivation to less disruptive 

methods.  Options to increase SOC with NT resulted in increases in SOC in the west, but 

declines in SOC persisted in Eastern Canada.  The differences were attributed to multiple factors 

that show the range of difficulty in comparing between study sites.  Possible explanations for the 

differences included a) the greater mean annual rainfall in eastern Canada could increase 

mineralization of carbon input, b) the soil texture may include higher sand and thus lower SWC 

and SOC levels in the west,  c) clay may not respond to tillage as sand or loam soils, d) tillage 

depth was 15 cm in the west vs 30 cm in the east, e)  crop types differ with more corn in the east 
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and wheat in the west and f) cropping systems and rotations vary as well (VandenBygaart et al., 

2003).   

Angers et al., (1997) also concluded that in more humid climates of eastern Canada, 

tillage effects were not evident in the top 60 cm of soil.  However, on several sites with residue 

returned, NT had the highest SOC but lower yields on clay soils.  In the surface 10 cm, there was 

a significant increase in SOC with NT over all locations and cropping systems (Angers et al., 

1997).  These results support previous studies that indicate SOC increased under NT 

management with residue returned in continuous corn cropping in Minnesota (Clapp et al., 2000) 

and after 10 years following tillage of bluegrass soils in Kentucky (Blevins et al., 1983).  In 

tillage trials longer than 10 years, in Elora, Woodsley, and Urbana on silt loam to clay loam 

soils, greater SOC was sequestered in NT than with the moldboard plough (16%, 48% and 26% 

respectively) in the surface 5 cm, but not to 10 cm with continuous corn cropping (Yang et al., 

2008b).  From compilation of long term studies of SOC in Ontario, generally there is greater 

SOC with NT than CT (Congreves et al., 2014).   

Continuous winter wheat has been found to increase SOC compared to wheat–fallow in 

the Canadian Prairies where SOC increased with a gradient of reduced tillage in silt loam soils 

and sandy soils after 11 years in Saskatchewan (Campbell et al., 1996).   In long-term analysis of 

Lethbridge soil, continuous wheat resulted in higher SOC than hay in rotation in dry conditions 

(Bremer et al., 1994).  A more recent study examining the change in SOC in Southern Ontario on 

clay soils also found winter wheat in rotation with corn and or soybean improved SOC in the 

absence of significant rotation x tillage interaction (van Eerd et al., 2014).  

 Increases in SOM in surface soils with NT may be influenced by the difference in root 

biomass of agricultural crops.  While corn has a branched root, oats, wheat, barley and grass 
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have a more fibrous surface root system (Pietola, 2005; Weaver, 1926).  A lack of influence of 

residue removal on SOC with wheat suggested wheat roots contribute more SOC than their 

above ground residue (Campbell et al., 1991) on clay soils after 20 years of NT in Southeast 

Saskatchewan (Indian Head) in ample rainfall conditions (Lemke et al., 2010).   

Most studies show significant increases in SOC at the soil surface which decline with 

depth of soil (Kay and VandenBygaart, 2002; Yang et al., 2008a, b).  Some studies suggested NT 

simply reduced stratification of SOC within the soil (Kay and VandenBygaart, 2002; Yang et al., 

2008a) and there is no change in total SOC to depth after tillage. VandenBygaart and Kay (2004) 

however found a significant increase in SOC remained after mixing the soil layers in Ontario 

fields.  These results in Ontario are similar to a global analysis by West and Post (2002) of 276 

paired CT/NT treatments from 67 long term agricultural experiments.  No-till increased SOC 

with 85% of the change in the top 7 cm (West and Post, 2002).  Kern and Johnson (1993) 

similarly found no difference in SOC below 15 cm depth in analysis of USA cropland.  Likewise 

in Canadian prairie soils in Saskatchewan, SOC increases were noted from 28 to 35 Mg/ha in the 

top 15 cm over 15 years, despite including drought years in the analysis (Campbell et al., 1995).   

The increase in SOM in the soil surface may be the important point that relates to 

increased water infiltration, water holding capacity and plant resistance to insects and diseases, 

thus promoting plant yield.  Surface soils may also be more comparable across climates, soils, 

crops and years to facilitate analysis.  SOM has a unique function in the surface 6 cm that goes 

beyond the effect of SOM storage and mineralization potential for CO2 (Reynolds et al., 2014).  

This same depth of soil is the limit of SWC detection by current remote sensing technology 

(Njoku and Entekhabi, 1996) and thus it would be beneficial to know the SWC and SOM 

statistical characteristics over time and distance. 
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Climate change literature frequently states that potential for increase in SOC exists in low 

carbon soils (Solomon et al., 2007).  SOC builds up slowly from low initial SOC in an 

exponential curve, beginning with 5.6% in 200 years, with increasing rates as the level of SOM 

in soil increases (Meyer-Aurich et al., 2006).  SOC also builds faster in clay than sand where 

there is potential for increased retention compared to mineralization of SOM (Meyer-Aurich et 

al., 2006).  In clay soils, there is increased capacity for gains in SOC due to a positive binding of 

SOC to clay resulting in stabilization and protection of SOC (Campbell et al., 1996).  The 

increased potential for increase in SOM with significant initial SOC on clay loam soils resulted 

in improved plant available water in southwestern Ontario fields (Reynolds et al., 2014). The 

contrasting results of Congreves et al. (2014), who concluded that the greatest loss in SOM 

occurred with clay or silt loam suggests soils with high organic matter (and clay) may also be 

most vulnerable to losses of SOC (VandenBygaart et al., 2003).  Soil aggregates are limited in 

size (Gale et al., 2000) as larger aggregates also become more easily decomposed (Tisdall, 1991) 

during drying and wetting cycles (Six et al., 2004a).  Greater water holding capacity and 

microbial activity from increased aggregate size may also promote mineralization of carbon (Six 

et al., 2002).   

In a field trial where residue was tilled into the soil in Iowa, no increase in SOC was 

found, despite increasing carbon input (Brown et al., 2014).  However, several studies suggest 

surface residue is essential for increases in SOM (Clapp et al., 2000; Manns et al., 2009).  SOM 

can thus be affected by changes in carbon inputs and placement that affect the decomposition 

rate of the substrate.  Readily decomposable substrate had a high, but short–term (weeks) effect 

on aggregates, while compost was effective only after several months but was retained 

indefinitely (Abiven et al., 2009) (Figure 2.2).  The difference in retention time of different 
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substrates suggests different processes and microbial activity exist in the soil as well.  In general, 

the impact of organic addition on aggregate stability was greater at lower SOC and with higher 

clay, but results were variable and were not comparable between crops, soils and climates 

(Abiven et al., 2009).   

Hargreaves et al. (2008) also found compost from various sources increased soil porosity 

and water holding capacity resulting in yield increases of up to 20%.  Yang et al. (2014) 

determined that the more recalcitrant the compost material, the longer the effect on SOM.  Too 

rapid decomposition of crop residue limited heavy fraction incorporation into organic-mineral 

complexes (Yoo and Wander, 2006) which may also explain the benefits of slower 

decomposition in increasing SOC found by Abiven et al. (2009).  Generally, SOC increases were 

correlated with water stability of aggregates and were greater with NT, in larger aggregate size 

classes and within the surface 5 cm (Yoo and Wander, 2006). 

SWC in the SMAPVEX12 study was highly correlated with SOC and with decreasing 

sand and increasing clay as well (Manns and Berg, 2014) (Table 4.1, Chapter 4).  The Manitoba 

results support the analysis of Six et al. (2002) in a review of SOC saturation limits, that native 

soil carbon is a balance of carbon inputs and losses and may not necessarily have an upper limit.  

 This hypothesis is supported by the meta analysis of 51 comparative NT/CT studies that showed 

a steady increase in SOC with NT over time (Manley et al., 2005).  Therefore, studies need to be 

interpreted in reference to rainfall, SWC range, texture and initial level of SOC.  Due to the 

variability of SOC within fields, and the annual variability of precipitation, the existence of SOC 

changes must be continually measured to see the longer term patterns.  However, the effect of 

cropping systems, drainage and surface residue may be indirect drivers of these changes as well, 

but are more difficult to differentiate.   
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Figure 2.2  Timeline for decomposition for various substrates depending on their time to 

decompose from weeks to years, divided into 3 zones.  

Source:  Abiven et al., 2009,   Reprinted from Soil Biology & Biochemistry, vol 41, The effects 

of organic inputs over time on soil aggregate stability - A literature analysis, pages 1 – 12, 2009 

with permission from Elsevier.    

 

 

2.7 Residue from crops 

Agricultural management that alters soil disturbance and residue amount and placement can 

affect aggregate size and SWC directly.  Retention of residue on the soil surface has been 

associated with increased SWC and crop yield in NT (Bruce et al., 1991; Unger 1978) although 

residue in tilled soil can contribute to greater drying.  Roth et al. (1988) found that a fully 

covered surface resulted in 100% infiltration compared to 20% infiltration on bare soil in tropical 

conditions in Brazil.  The increase in SWC due to surface residue has been attributed to 



 31 

reduction in evaporation and increased infiltration (Döring et al., 2005) similar to the effect 

attributed to NT (Gaudin et al., 2015).  The primary effect of residue is on the increase in water 

use efficiency by the plant when the increased available water is utilized by plant transpiration 

rather than soil evaporation (Entz and Fowler, 1989).  Verhulst et al., (2011) attributed NT, 

where at least partial residue was retained, with increased water use efficiency resulting in a 

more resilient agronomic system.   

Soil without residue or with residue incorporated suffered from increased surface sealing, 

which lowered infiltration in a semi-arid clay loam site (Unger, 1992).  Surface sealing results 

from raindrop impact and lowers the infiltration rate through decreasing macropore flow (Ela et 

al., 1992).  Crop residue was considered instrumental to soil improvements through maintenance 

of pore space (Shaver et al., 2003) which may relate more to SWC than to SOC.  Mulching 

affected SWC to such an extent, that the water characteristic curve no longer fit the stated soil 

series (Tejedor et al., 2002).  Ruan et al. (2001) illustrated that 50% coverage was sufficient to 

maintain infiltration when infiltration was modelled on various soils and with varying rainfall 

intensities.   

Surface residue management is often used to manage SOC levels within the crop rotation.  

Surface residue also develops the O horizon and contributes to the aerobic decomposition and 

development of stable carbon with fungi (Hu et al., 1995).  The amount of residue needed to 

retain SOM is different from the amount of residue needed to maintain SWC.  A small amount 

(22%) of wheat residue removed each year did not significantly change SOC over 14 Canadian 

mid-west field sties with/without tillage, where nitrogen and tillage were of greater importance in 

dry soils with low SOC conditions (Lemke et al., 2010).  However, the effects of changing small 

amounts of carbon input can have disproportionate effects on soil aggregate stability and 
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infiltration (Powlson et al., 2011) that are currently unknown.  The potential of soil to maintain 

SOC and SWC may be reflected in the surface 5 cm and research is needed to assess the role of 

SWC in the soil surface in relation to stability of yield in agriculture.   

 

2.8 Evaluating SOM  

Non-destructive methods of soil analysis have greatly improved the spatial range and time 

distribution of SWC and SOM measurements.  Developing SOM and other soil variables from 

wavelength of their reflectance, poses large scale opportunities for future data.  Near infrared 

(NIR) and mid infrared (MIR) wavelengths have been discussed in Janik et al. (2007) and 

reviewed by Ladoni et al. (2010).  The soil spectra can be differentiated by wavelength into 

components responsive to electrical energy and adsorption of light.  The principle of the 

reflectance differentiation is based on the different absorption of light by vibration due to 

bending of chemical bonds in the soil (Cecillon et al., 2009).  The spectral reflectance of the soil 

surface can be differentiated at the visible (400 – 700 nm) wavelength, NIR (700 – 1200 nm) 

wavelength, and short wave infrared (SWIR) (1200 – 2500 nm) wavelength bands (Serbin et al., 

2009).   

The elements of soil were distinguished at specific wavelength intervals (Janik et al., 

2007).  Mid infrared can detect the bonds common in organic matter:  O=H, C=N, N=H, C=O 

(Morgan et al., 2009).  Soil reflectance is generally in the 1100 – 2500 nm range with 3 peaks at 

1400, 1900 and 2200 nm (Chang and Laird, 2002).  Specific bands of SOC occur around 410, 

570, 660, 520, 540 and 550 nm.  Humic acid has peaks at 2310, and 2350, while water peaks at 

1400 and 1900 nm.  The water absorption band (at 1930 nm) was also a function of SOC (Chang 

and Laird, 2002) suggesting potential to determine either SOC or SWC from the other indices.   



 33 

The interpretation of remotely sensed SOM was improved by estimating a normalized 

soil moisture index (Nocita et al., 2011) which adjusted the spectra into agreement with 

measured SOM in Luxembourg.  This adjustment in their model accounted for the decrease in 

reflectance of SOM with increasing SWC (Nocita et al., 2011).  Developments in remote sensing 

would enable analysis of tillage effects on SOM at large scales, across soil texture and climatic 

regions (Serbin et al., 2009).  Surface residue, plant crops, soil texture and SOM could be 

compared across large areas at different stages of plant growth.  This would greatly expand 

understanding of soil processes and their relation to plant growth and yield prediction.   

The determination of SWC from space is dependent upon the difference in the dielectric 

constant between soil (3-5) and water (80) (Njoku and Entekhabi, 1996).  The dielectric constant 

is a response of the dipole movement within water molecules generating electrical activity 

(Fernández-Gálvez, 2007).  In addition to water in soil pores, which is the major component of 

the dielectric constant interpreted in soil dielectric models, soil carbon and clay are also charged 

particles in soil (Bortoluzzi et al., 2006; Navar Khele et al., 2008; Schulten and Schnitzer, 1997) 

and are not specifically differentiated in remote sensing algorithms (Mladenova et al., 2014).  

While a carbon atom has low polarity, carbon in soil is part of soil organic matter complexes, 

which can become quite large.  Soil organic matter usually carries a net negative charge, similar 

to clay from greater atomic partial charges on O (-0.463) than H (+ 0.316) (Schulten and 

Schnitzer, 1997).  Also similar to clay, the cation exchange capacity (CEC) of SOM which is a 

measure of the electrical activity in soil, was comparable to that of clay although associated with 

surface function rather than incremental, as for clay content in soil (Bortoluzzi et al., 2006). 
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Figure 2.3 Geometrically optimized 3-D structure of the improved model of soil organic matter 

with 3% water content.  Oxygen (red dots), Carbon (light blue), Hydrogen (white (end of grey 

lines)), Nitrogen (dark blue), Sulfur (yellow).    

Source:  Schulten and Schnitzer, 1997. Reprinted from Soil Science, 162, Chemical model 

structures for soil organic matter and soils, pages 115-130, 1997, with permission from Wolters 

Kluwer Health, Inc.    

 

The polarity estimated from a variety of soils and sediments by 13C NMR and computer 

modelling was significantly higher with soils containing SOM than sediment alone (Kile et al., 

1999).   Schulten and Schnitzer, (1997) developed a computer model of SOM from 13C NMR,  

pyroloysis-gas chromatography/mass spectrometry and computer biochemical models at the  

nanochemistry level.  Figure 2.3 illustrates the molecular structure of SOM with surface area of 

51.27 nm2, volume of 14.39 nm3 and polarizability of 0.72 nm3.  Slight movements within larger 

molecules (London forces) contribute to van der Waals forces, even though they are transiently 

polarized (Schulten and Schnitzer, 1997).  Weak intermolecular interaction may be a potential 

source of the dynamic nature of SOM to adapt to changing environmental conditions even 

though H bonding of humic substance to mineral sites is secondary in volume to metal- 
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cation-bridges associated with SOM persistence in soil (Schaumann and Theile-Bruhn, 2011).  

The spaces between the organo-mineral complexes were orders of magnitude larger than the pore 

spaces, resulting in permanent charges on organo-mineral complexes (Schulten and Schnitzer, 

1997). 

Only lab radiometers have detected differences in the dielectric constant with a gradient 

of SOM.  Navar Khele et al., 2008 measured an incremental change in permittivity with 

increased organic and inorganic additions to clay soil in a laboratory study.  Similarly, with high 

rates of SOM in varied soil samples, Liu et al., (2013) reported a significant decrease in 

dielectric constant in coaxial tubes measured with Theta resistance probes.  In agricultural fields, 

SOM levels may be below the detection level of current methods (1.5% for NMR in Kile et al., 

1999) and confounded by changes in level of SWC and soil texture which are all correlated.    

SOM is currently considered in hydrology only to improve the interpretation of SWC    

after division into soil texture.  However, our recent analysis in agricultural soil suggests that 

SOC is able to predict similar variability in SWC as sand when averaged over multiple fields and 

sampling times (Manns and Berg, 2014 (Chapter 4)).  The connection of SOM to SWC can also 

be interpreted from the inverse; given similar SWC conditions in the soil as for the derivation of 

the regression equation, SOC can be predicted from SWC (Chapter 6).  If computed over the 

long-term, taking into account both wetting and drying events, an average SWC could thus 

predict SOC as well.  This relationship is under development, but speaks to the feedback 

processes between SOM and SWC, that may relate to the high correlation of soil physical 

variables observed in SMAPVEX12 (Chapter 4), where higher levels of SOM were evident in 

clay soils associated with greater SWC and thus potential for SOM increases.   
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The development of models is beneficial to compare among fields, to extrapolate into the 

future and to understand the factors contributing to SOM change.  Models have previously been 

developed from long-term rotation plots.  However, the prospect of greatly increased global soil 

data and data bases would advance the accuracy and flexibility of current models.  A perceptual 

model for incorporating geographical information systems and long-term experiments with 

models is detailed in Paustian et al. (1995).  Remote imagery and data could be incorporated into 

GIS along with climate and soils data to create variables designed for model simulations 

(Paustian et al., 1995).  Models could subsequently compare plant yield for example, taking into 

account weather, soils and management variables (Paustian et al., 1995).   

Most studies are conducted within an experimental farm with a limited range of soil 

texture and contrasting results may stem from differences among soils and climates that have not 

been comparable previously.  Remote sensing of soil from space opens new possibilities for 

obtaining SOM, SWC and crop data on annual and decadal time scales and at geographical 

scales from field to watershed to continent.  Soil data bases in Europe (DIGISOIL 

www.brgm.fr), in Canada (CONSUL (Soil Landscapes of Canada, 

http://sis.agr.gc.ca/cansis/nsdb/slc/index.html), and the USA (USDA Soils Data Base, 

www.websoilsurvey.nrcs.usda.gov, Kern, 1995; Rawls et al., 2003) are being developed.  The 

availability of vast data sets spanning soil texture and climate will facilitate extensive model 

development to allow much greater analysis and prediction into the future to address long-term 

sustainability of soils, crops and atmospheric conditions.   

 

 

 

http://www.brgm.fr/
http://sis.agr.gc.ca/cansis/nsdb/slc/index.html
http://www.websoilsurvey.nrcs.usda.gov/
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2.9 Conclusion 

 SOM presents a sustainable way to maximize current yield potential and to develop new 

efficiencies in soil water and plant growth in the future.  With the potential to obtain both SOM 

and SWC measurements by remote sensing through ground and space platforms, the interactions 

and equilibrium states that have thus far eluded researchers are now within reach.  Research can 

now transcend across soil textures, watersheds and climatic zones to present a larger geographic 

perspective of soil.   

Several important points not previously developed have come to light in this review.  The 

surface 6 cm of soil, is a major influence on the division between infiltration and surface runoff, 

yet the surface is not studied independent of the soil to depth in hydrology.  The depth of the 

aerobic zone may be instrumental in increasing water and nutrient use efficiency that has not yet 

been tested.  The response of plant yield to increasing complex crop rotations, suggests that 

complexity in the soil as well may improve many elements of agriculture in addition to yield.  

Maximizing nutrient and water use may promote more stable soil structure and improve 

resilience in the prospect of increased climate variability.  Examining complex crop rotations 

may lead us to further understand the soil system and promote best management practices for 

maximum balance of SOM, SWC, soil structure and yield.  It is in the extremes of weather or 

soil conditions that SOM becomes the greatest asset. 
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CHAPTER THREE 

 

IMPACT OF SOIL SURFACE CHARACTERISTICS ON SOIL WATER CONTENT VARIABILITY 

IN AGRICULTURAL FIELDS   

Publication citation:     

 

Manns, H.R., Berg, A.A., Bullock, P.R., McNairn, H., 2014. Impact of soil surface 

characteristics on soil water content variability in agricultural fields.  Hydrological 

Processes 28:  4340-4351.  DOI:  10.1002/hyp.10216. 

 

Abstract 

  

The accuracy of soil water content (SWC) interpretation from satellites and its application in 

hydrological modelling is dependent on our understanding of the effects of field scale surface 

soil properties on SWC variability.  Soil texture, surface roughness and surface residue were 

evaluated for their influence on SWC variability with data obtained from satellite ground 

verification sampling near Carman, Manitoba within a 250 km2 area.  Over the course of 5 

selected dates from April 23 to May 18, 2008, SWC and other physical variables were obtained 

in 38 agricultural fields covering 3 distinct soil textural classifications.  Within each field, at each 

of 16 sampling locations, 4 individual SWC measurements were taken, including sampling 

points with and without the influence of crop residue left on the soil surface.  A principal 

components analysis and multiple linear regression both identified soil texture as the primary 

physical process controlling variability in SWC and coefficient of variation (CV) among fields 

during the campaign.  Residue cover was also a significant factor representing a 2nd PC that 

explained 37% of variability in average SWC and contributed to 31% of variability in CV.  

While soil texture predominated in SWC and CV on most sampling dates, residue cover was of 

equal significance as texture in dry soils.  This study identified specific effects of tillage and 

residue management contributing to field scale SWC variability that could improvement 

interpretation of remotely sensed SWC and subsequent scaling efforts over agricultural regions. 



 39 

3.1 Introduction 

The complexity of soil water content (SWC) variability has been studied recently in light of the 

importance of its statistical interpretation for modeling in the fields of climate change, 

hydrology, meteorology and greenhouse gas emissions (Koster et al., 2009).  The variability of 

SWC is an important component for upscaling soil moisture information from sparse network 

locations to the scale of passive microwave remote sensing (10’s km) (Crow et al., 2012).  A 

further challenge is related to downscaling coarse resolution remotely sensed SWC estimates to 

regions representative of individual farm fields at a scale that is more applicable to agriculture.  

To improve SWC scaling estimates, further work is necessary to understand the various controls 

on SWC variability at the field scale.  Considerable effort around these themes is associated with 

the anticipated Soil Moisture Active Passive (SMAP) mission that will provide global SWC 

information for numerous applications including seasonal weather prediction, drought detection, 

flood prediction and agricultural productivity (Entekhabi et al., 2010).   

The variability of SWC is a primary issue when allocating point measurements from 

remote sensing to spatial distributions and in moving between landscape scales in hydrological 

modelling (Choi and Jacobs, 2011; Crow and Wood, 2002).  SWC at any point, expresses the 

underlying hydrological processes that vary with scale (Kim and Stricker, 1996; Famiglietti et 

al., 2008; Oldak et al., 2002b; Zhao et al., 2010), soil texture (Biswas and Si, 2009;  Katterer et 

al., 2006; Nasta et al., 2009), soil depth (Adams et al., 2013a; Choi and Jacobs, 2007; De Lannoy 

et al., 2006) and time (Jacobs et al., 2004; Jawson and Niemann, 2007; Zhao et al., 2010).   

Numerous studies have previously examined the role of land surface parameters (soil 

texture, topography, vegetation type) on SWC variability at the scale of passive microwave 

sensors (36 – 100 km) (Cosh et al., 2004; Famiglietti et al., 1999, 2008; Jawson and Nieman, 
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2007).  For example, SWC variability was characterized with over 36,000 field measurements 

for remote sensing verification during four intensive soil moisture sampling campaigns in 

Oklahoma and Iowa, USA (Famiglietti et al., 2008).  Soils were sampled in multiple years at 

various scales and in a range of soil textures.  SWC variability was attributed to heterogeneity of 

soil texture, vegetation cover and evapotranspiration at the 800 m scale, while the variability of 

precipitation was also a consideration at the 50 km scale (Famiglietti et al., 1999, 2008).  At the 

small scale of fields, soil texture and drainage were major influences on SWC variability in many 

studies (Pan and Peters-Lidard, 2008).  In major SWC field sampling campaigns for validation of 

remote sensing of SWC from satellite the heterogeneity of soil texture has been cited as a major 

factor influencing SWC variation at field and satellite footprint scale (Cosh et al., 2004; Jawson 

and Niemann, 2007; Kim and Stricker, 1996).  However, few field scale studies have focused on 

the impact of land management practices such as tillage and residue deposition on SWC 

variability.   

Small scale (< 1m) surface roughness may also have impacts on SWC variability 

patterns.  Surface roughness refers to the varying height of the soil surface compared to a level 

reference point.  Common measures often include the mean square of the height (cm) differences 

(RMS) and correlation length (CL) and both are computed from observations of the soil profile.   

The roughness parameters are a composite measure of factors associated with multiple scales 

from aggregate size to tillage and topography (Verhoest et al., 2008).  These measures of soil 

surface roughness are important parameters for estimating SWC, particularly using Synthetic 

Aperture Radar (SAR) sensors (Adams et al., 2013b; Gherboudj et al., 2011; Hong, 2010; 

Verhoest et al., 2008).   
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The trend toward no-till agriculture, where the soil is minimally disturbed with planting, 

is prevalent in large scale practices on the Canadian Prairie.  In 2006, no-till extended to 46% of 

cropland area in Canada (Eilers et al., 2010).  The conversion to no-till continues to increase, 

with the 2011 Canada Census of Agriculture (Snapshot of Canadian Agriculture, Statistics 

Canada, 2011,  www.statcan.gc.ca, accessed Aug 15, 2013) reporting a 23% increase in seeded 

land area with no-till between 2006 and 2011.  With large scale adoption of no-till practices 

globally, surface residue is increasing on agricultural soils (Shaver et al., 2002) and is generally 

associated with higher SWC from increased water infiltration (Franzluebbers, 2002) and reduced 

evaporation (Döring et al., 2005; van Donk et al., 2010).   

The strong effect of surface residue on SWC (Verhulst et al., 2011) may also be a factor 

in moderating its field scale variability.  However, surface residue has not yet been considered a 

factor in the variability of SWC in multiple field sampling campaigns for remote sensing of 

SWC where primarily texture and vegetation have been addressed to-date (Cosh et al., 2004; 

Jawson and Niemann, 2007; Ryu and Famiglietti, 2006).  Crop residue alters absorption and 

reflection of radiation as well as the SWC, aeration and porosity (Pacheco and McNairn, 2010).  

At present, the variability of SWC resulting from surface residue is included in the effects of soil 

texture, porosity and surface roughness (tillage) on SWC estimates from satellite sensors without 

being considered an independent factor.  However, the ability to assess residue coverage from 

space (e.g. Pacheco and McNairn, 2010) may enable researchers to distinguish the effects of 

residue from roughness over large spatial scales (Adams et al., 2013c; McNairn et al., 2001).  

Therefore, further understanding the effect of surface residue on SWC variability and the 

interaction with tillage could thus contribute to the interpretation of SWC from space.    
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The separate influence of residue cover on SWC variability at multiple scales has not 

previously been included in hydrological modelling for remote sensing applications.  To improve 

accuracy in remotely sensed SWC, models need to include the dominant soil and meteorological 

processes that can be attributed to specific water regimes (Vereecken et al., 2008).  Soil controls 

may explain some of the underestimation of fine-scale sub-grid variability (Crow and Wood, 

2002) where the relationship of micro-scale structure to water holding capacity becomes 

important.  The purpose of this analysis is to evaluate the role of soil surface characteristics that 

are altered by various agricultural land management practices on SWC variability at the scale of 

agricultural fields. 

 

3.2 Methods 

3.2.1 Study site 

The original experiment data were collected to compare the actual measured SWC to 

RADARSAT-2 satellite estimates as detailed in McNairn et al. (2010).  Within the sampled area, 

fields varied in soil texture and agricultural management that influenced residue coverage and 

surface roughness.  At the same time, variability associated with large scale topographic relief 

and vegetation was reduced due to the absence of significant topographical change and plant 

growth allowing the relative influence of soil and management factors affecting SWC variance at 

field scale to be more distinct within the range of rainfall conditions.   

The SWC sampling was conducted in the rural municipalities of Grey and Dufferin, near 

Carman, Manitoba (49.5°N; 97.18°W) in fields that characterized current cropping systems and 

soil textural classifications (Figure 3.1).  Only 38 of a possible 46 fields were included in the 

final data analysis as some fields were not sampled due to reasons of tillage activity, accessibility 
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or time constraints on sampling days (Table 3.1).  The analysis included 16 locations, 30 m apart 

in each field (Figure 3.1) that were revisited on 5 sampling days at various SWC conditions.   

Most fields were approximately 0.5 km2, within a total sampling area of 250 km2. 

 

 

Figure 3.1  The study area in Southern Manitoba, Canada with the field sites shown as black 

circles on a map of the area with soil texture groupings (Soil Landscapes of Canada Version 3.2, 

Government of Canada, 2011b) and National Road Network version 2.0 (Government of 

Canada, 2007).  The sampling grid used within each field is also presented.   
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The sampling sites covered an area intersected by three soil classifications (Figure 3.1).  

Sandy soils of the Willowcrest series, derived from the order Chernozem and great group Orthic 

Black in the Canada-Manitoba Soil Survey (Michalyna et al., 1988) were found primarily in the 

north-west area around Elm Creek.  The Osborne (clay) series are described as poorly drained 

Regosol Humic Gleysols (Michalyna et al., 1988) and were found in the eastern sampling sites in 

the Red River Plain.  Between the extremes of sand and clay, loam soils were found primarily 

under several similar soil series (eg.Graysville) that were primarily characterized as imperfectly 

drained gleyed black (Michalyna et al., 1988) near Carman in the southern portion of the study 

area (Figure 3.1).  

The ground SWC sampling was conducted on selected dates from April 23 to May 18, 

2008.  Crop growth varied from recently planted on April 23, to seedling stage (5-10 cm) at May 

18.  The majority of fields contained residue of grain crops of wheat (Triticum aestivum), canola 

(Brassica napus) or corn (Zea mays).  The seeded crops were growing on the ridges that were 

spaced at a distance of approximately 20 to 30 cm except for corn where spacing can be up to 75 

cm.  Rainfall data was downloaded from Environment Canada (2011) for Carman, MB for the 

months of April and May, 2008 (Figure 3.2).  The rainfall data were measured approximately 20 

km from the furthest studied field site. 

 

3.2.2 Soil sampling 

SWC (m3 m-3) was measured at 0 - 6 cm depth with portable impedance probes (Theta moisture 

sensor) (Delta-T, Cambridge, England) as detailed in Famiglietti et al. (1999) and Adams et al. 

(2013a).  The measurement error of the Theta probes across varied fields has been found to be 

0.05 m3 m-3 (Cosh et al., 2005).  The crops were seeded on small ridges, approximately 3 cm 
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higher than the area midway between the crop rows.  As the soil may be more porous and dry 

faster on the ridge, samples were taken at multiple locations; on the top and side of the ridges 

and at the bottom (midway between ridges).  There was also a significant amount of dried  

surface residue from the previous crop on the bottom sampling area, thus two measurements 

were taken; where residue was present and absent on the surface. 

 

 

Figure 3.2  Daily rainfall (mm) (dark columns) and soil water content (m3 m-3) (box and whisker 

plots) sampling for all 38 fields during the 50 day period.  The box and whisker plots detail the 

dispersion of the field soil water content.  The upper and lower limits of the box represent the 

25th and 75th percentiles.  The center line in the box represents the median.  The whiskers extend 

to the limits of the interquartile range, beyond which a data point is considered an outlier.  No 

outliers were found.  The data are relatively well balanced, suggesting a normal distribution with 

no significant skewness in the data. 

 

Although dependent on row spacing, these measurements were all taken within 

approximately 40 cm of each other.  All of the fields were sampled within an 8 hour period (9:00 

AM – 5:00 PM) to minimize temporal variation, however, some evaporation may have occurred 

over this period.  Due to the long time since rainfall (>20 days), evaporation was estimated to be 

minimal during stage 3 drying (< 0.5 mm/day) in the spring of the year from data by Lascano 
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and van Bavel (1986).  Each of the 16 locations of the 4 point x 4 point sampling grid in each 

field were 30 m apart (Figure 3.1) and located with a pre-programmed Global Positioning 

System (GPS) unit.  The mean of the 4 sampling positions was determined using the following 

weighting to reflect differences in measurement due to sample location on the furrow and the 

presence or absence of residue cover.  This value was termed the spatial mean.   

 

Spatial mean SWC = [(SWC (top) x ⅓) + (SWC (side) x ⅓)  

+ (midrow {bare soil} SWC x ⅓ x {1 – residue fraction})  

+ (midrow {residue cover} SWC x ⅓ x residue fraction)]  

 

3.2.3 Soil texture, surface roughness and residue cover 

Soil samples were not included in this study at the SWC measurement time.  The soils for each 

field were classified by soil series from soil survey (Michalyna et al., 1988) and the percentages 

of sand and clay were obtained from the Cansis National Soil Survey, detailed soil survey for 

Manitoba (Government of Canada, 2011a) (Table 3.1).  Soil textural grouping was confirmed 

with actual measurement from some of the same fields in June, 2012.  Textural analysis 

conducted in 2012 (Rowlandson et al., 2013) confirmed the accuracy of the soil maps over the 

region.  Sandy soils were classified as 2-3% soil organic carbon (SOC) and loam and clay soils 

as 3-4% SOC in the 1997 survey of organic carbon of Manitoba soils 

(http://sis.agr.gc.ca/cansis/publications/mb).  The SOC ranges were verified with core sample 

analysis conducted on some of the same fields as part of SMAPVEX12 and discussed further in 

Manns and Berg (2014) (Chapter 4). 
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Surface roughness was measured on each field with a 1 meter needle profiler that was 

photographed to measure height of the surface parallel to the look direction of the satellite (78 ͦ 

azimuth with respect to true north) (McNairn et al., 2010, 2012).  The measurements were 

transformed to express surface roughness as root mean square (RMS) of differences between 

points of height (cm) and a reference surface and correlation length (CL) at five sites per field 

replicated twice at each site (McNairn et al., 2010).  The RMS height was calculated as in 

Verhoest et al. (2008) for a surface with N sample points of height zi:    

RMS = √
1

𝑁
[(∑ 𝑧𝑖

2𝑁
𝑖=1 ) − 𝑁𝑧𝑚

2 ]     where   zm = 
1

𝑁
∑ 𝑧𝑖

𝑁
𝑖=1 .  

For further detail on the surface roughness measurement method, see Adams et al. (2013c).   

 

Table 3.1  Summary of field sites, arranged by site number indicating soil series, general soil 

textural classification (loamy fine sand (S), sandy loam (L) clay (C)), residue cover area fraction 

and surface roughness as root mean square (RMS) of height (cm) and correlation length (CL) 

(m) and their variability expressed as standard deviation (std).  Only sites sampled on 4 or 5 of 

the sampling dates are included in this analysis (n = 38).  

  

 

Site Soil  Texture 
Sand Clay 

Residue 
Cover   Surface roughness 

number series class % % Fraction RMS height (cm) Std CL (m) Std 

1 OBO C 6.8 56.9 0.39 0.82 0.26 8.50 5.28 

2 OBO C 8.0 56.0 0.37 0.94 0.35 16.60 12.33 

3 RIV C 8.0 56.0 0.49 1.45 0.30 10.50 8.43 

8 RIV C 12.2 60.2 0.54 1.22 0.31 9.10 6.31 

9 WWC S 88.0 6.0 0.12 1.96 0.58 13.10 19.91 

10 RBK L 79.0 10.0 0.23 1.79 0.36 5.10 4.87 

11 EEK L 87.0 7.0 0.13 1.74 0.55 18.90 21.03 

12 WWC7 S 87.1 6.6 0.43 1.56 0.59 11.60 5.04 

13 WWC S 87.1 6.6 0.24 2.30 0.55 7.90 6.30 

14 WWC S 85.0 8.0 0.43 1.26 0.34 13.70 12.90 

15 WWC S 88.0 6.0 0.23 1.44 0.58 11.10 7.80 

16 WWC S 88.0 6.0 0.50 1.63 0.53 7.00 5.53 

17 SCY7 C 12.2 60.2 0.45 2.00 0.39 14.90 18.80 

18 OBOd C 4.0 59.0 0.12 0.75 0.11 6.80 6.73 
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19 SCY5 C 11.0 59.0 0.31 0.98 0.19 18.10 16.60 

20 OBO C 4.0 59.0 0.42 1.52 0.31 13.60 14.27 

21 OBO C 4.0 59.0 0.36 1.18 0.30 29.60 37.39 

22 OBO C 4.0 59.0 0.32 1.17 0.36 23.20 26.65 

23 RGD L 52.0 24.0 0.13 1.23 0.42 7.70 2.86 

24 SCY5 C 11.0 59.0 0.16 1.30 0.27 10.50 2.52 

25 EEK L 87.0 7.0 0.36 2.23 0.97 8.20 4.80 

26 KOT S 84.0 9.0 0.06 1.66 0.22 9.70 5.03 

27 SCY5 C 11.0 59.0 0.38 1.44 0.20 4.80 3.13 

28 LLT L 66.0 19.0 0.37 2.26 0.12 5.00 0.50 

29 KOT S 83.4 8.7 0.34 2.45 0.29 6.00 0.94 

33 KOT S 82.0 8.0 0.39 1.91 0.46 8.10 6.49 

34 GYV L 6.0 39.0 0.31 2.05 0.51 14.88 12.54 

35 GYV L 6.0 39.0 0.68 0.93 0.20 7.10 4.45 

36 GYV7 L 6.0 39.0 0.70 1.28 0.21 8.00 2.62 

37 BYV L 6.0 39.0 0.24 1.72 0.26 3.60 1.98 

38 EBG L 27.0 37.0 0.30 1.11 0.28 3.90 1.88 

39 JOD C 17.0 43.0 0.11 1.35 0.26 15.60 27.38 

40 RGD L 52.0 24.0 0.06 1.17 0.23 19.80 21.75 

42 GYV L 6.0 39.0 0.21 1.27 0.17 8.60 1.98 

43 GYV L 6.0 39.0 0.33 1.63 0.32 7.20 3.33 

44 GYV L 14.8 37.6 0.44 1.70 0.25 8.60 4.71 

45 GYV L 6.0 39.0 0.37 1.71 0.13 19.30 24.28 

46 GYV L 6.0 39.0 0.20 1.91 0.46 11.88 16.75 

Soil series names and abreviations: 

Edenburg (EBK), Elm Creek (EEK), Graysville (GYV), Jordan (JOD), Kronstal, (KOT), Lelant (LLT), 

Osborne (OBO), Rosebank (RBK), Red River (RIV), Scanturbury (SCY), Willow crest (WWC) 

 

 Surface residue was estimated from 5 overhead photographs taken in a cross arrangement 

over 90 m2 for each field (Pacheco and McNairn, 2010).  The selection of specific homogeneous 

areas within a 90 m2 area was found to greatly reduce the variability of residue compared to the 

larger field area which can be heterogeneous.  A quadrate measuring 1 m x 0.75 m was placed at 

each of the 5 locations (one in each corner, and one in the centre) for photographing the soil 

surface.  From the photographs, a percentage residue cover was estimated by the gridline 

intersect method as detailed in Pacheco and McNairn (2010).  Each photo was overlain with a 10 
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cm grid where the number of grid intersection points where residue occurred was computed as a 

percentage of the total number of grid intersections.    

 

3.2.4 Statistical analysis 

Statistical moments of SWC mean and CV were computed both within and among the 38 fields 

and 5 sampling dates and for each sampling position with SAS 9.2 (SAS Institute Inc., Cary, 

NC).  The PROC Univariate function provided mean, standard deviation, skewness, kurtosis, CV 

and normality statistics.  Normality was confirmed with the Shapiro-Wilks (W) statistic.  No 

significant skewness or kurtosis was evident in the data which can be visualized as well in the 

box and whisker plots which detail the data dispersion between quartiles (Figure 3.2) and thus, 

they are not mentioned further.  The standard deviation was plotted in comparison to the mean 

SWC at each sampling date.  The intra-field (within field) CV for each of the 38 fields (referred 

to simply as CV) was calculated from each field standard deviation divided by the corresponding 

field mean SWC.   

The means and CV of SWC at field scale were computed from the spatial mean at each 

sampling location a) within each field, b) for each sampling date and c) by soil textural 

classification.  Differences in means among soil textural classification, sampling position and 

sampling dates were evaluated with 1-way ANOVA and post-hoc Tukey test.  The differences 

among mean SWC and CV with sampling positions were tested using 2-way ANOVA to provide 

an interaction term, with factors of soil texture and sampling date.  Sampling at multiple dates 

was considered a repeated measure, where the replicates over time were not totally independent 

(Zar, 1999).  The repeated measures test assumes correlation of SWC among sampling dates in 
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addition to equality of variances (Zar, 1999).  Both these assumptions were met in soil textural 

classifications and field spatial mean SWC by sampling position.    

Principal components analysis (PCA) was used to distinguish the unique sources of 

variability in the SWC and CV using varimax rotation.  Our PCA analysis is based on correlation 

of data that uses the standardized covariance of each variable to allow comparison across units 

and different size scales among variables (SAS Users Guide).  The process was performed in 

SAS v 9.2 (using PROC Factor, Method-PRIN).  The significant principal components were then 

tested for correlation to each soil variable and SWC at each sampling date using the Pearson 

moment correlation method.  

The dominant factors influencing SWC and CV at each sampling date were also 

identified with multiple linear regression.  The soil variables were dependent factors and mean 

field SWC or CV at each sampling date were the independent factors.  The regression was 

performed with PROC REG in SAS with partial least squares regression (Type II sum of 

squares).  The partial least squares regression expresses the unique variability from each soil 

factor beyond the variability all factors have in common (Steele et al., 1997).   Where soil 

variables are highly correlated such as sand and clay, the least squares regression (Type I sum of 

squares) can result in inflated coefficients and inaccurate regressions (Aguiness and Gottfredson, 

2010) as found in a subsequent analysis (Manns and Berg, 2014 (Chapter 4)). 

 

3.3 Results and Discussion 

3.3.1 Within field mean SWC variability   

The weather over the sampling period provided an opportunity for characterization of dry-end 

SWC variability.  The initial SWC measurement on April 23 followed several weeks of drying 
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after snowmelt in early April.  Rainfall added to the variability of SWC with a light rain (1.2 

mm) following the April 23 sampling, a heavy rain (>15.8 mm) on May 12 and 6.8 mm of rain 

on May 18 (Figure 3.2).  The standard deviation increased with mean field SWC at all sampling 

times (data not shown), supporting the use of the CV as a less biased indicator of variability that 

is standardized for mean SWC.  Variability in SWC from standard deviation has been observed 

to decrease at the extremes of moisture due to the limits in physical structural change  

(Famiglietti et al., 1999) and similar results have been reported by Choi et al. (2007) and Teuling 

et al. (2007) in dry-end moisture.   

The SWC and CV differed between sampling dates.  The field spatial mean SWC over all 

sites was significantly reduced on May 10 (p < 0.001), compared to all other sampling dates and 

lower on April 23 and 30 compared to May 17 and 18 (p < 0.001) from post-hoc Tukey test 

analysis of the 1-way ANOVA of sampling date (Table 3.2).  SWC was significantly different 

among textural classes with increasing wetness between the sand and loam groups (p < 0.005) 

and between loam and clay groups (p < 0.004) as compared with Tukey post hoc analysis 

following the 1-way ANOVA.  The differences in SWC means among soil textural groups were 

observed during all sampling times (as shown on Table 3.2) except April 23, where there was no 

difference in SWC field means between loam and clay soils.   

The SWC CV was significantly increased in sand soils compared to loam  (p = 0.01) and 

from loam to clay (p = 0.01) by 1-way ANOVA with post-hoc Tukey test when comparing SWC 

variability by soil textural classification over all sampling dates with date as a repeated measure 

(Table 3.2).  However, the significant change in CV was only seen among samples taken on May 

10 and May 18 where the variability in sand soils was significantly increased compared to loam 

and clay.  On the other sampling dates, there was no significant difference in CV among soil 
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textural classifications.  Within fields the SWC CV was highest on May 10 (p < 0.05) on sandy 

soils in the driest conditions (Table 3.2).  Only the May 10 sampling resulted in a log linear 

increase in CV with decreasing SWC (Figure 3.3).  On all other sampling times representative of 

drying moisture conditions, there was no significant trend in the CV:mean relationship, contrary 

to the negative exponential curve demonstrated over multiple fields, wetness and crops in 

Famiglietti et al. (2008).  The trend in CV may also reflect the lower variability in SMAPVEX12 

fields compared to those in Famiglietti et al. (2008).  The dryness of soils and textural 

classification were both significant factors in SWC variability in the absence of interaction in our 

analysis, thus the dryness of soils as indicated by change in sampling date, was a significant 

influence on all soils, in addition to soil texture.   

 

Table 3.2  SWC spatial field means and within field CV (m3 m-3) by soil textural classification 

(Sand (n = 9), Loam (n = 16), Clay (n = 13)) and average for all fields and sampling dates. 

Significant effects (p < 0.05) of soil and date by 1-way ANOVA between field mean SWC and 

CV from Tukey post hoc test are indicated by a change in letters.  There is no change in soil 

textural group within sampling date or over all sampling dates between the same small letters (a≠ 

b≠ c).   Significant differences between sampling dates (no textural division) are indicated by a 

change in capital letters (A≠ B≠ C). 

 

 

  Apr-23   Apr-30   May-10   May-17   May-18   All dates 

Field mean soil water content (m3 m-3)         

Clay 0.147 a 0.176 a 0.131 a 0.194 a 0.200 a 0.170 a 

Loam 0.140 a 0.142 b 0.096 b 0.160 b 0.154 b 0.140 b 

Sand 0.106 b 0.094 c 0.043 c 0.105 c 0.082 c 0.086 c 

All fields 0.130 B 0.137 B 0.090 C 0.153 A 0.147 A   

             

Within field coefficient of variation         

Clay 0.318 a 0.268 a 0.426 a 0.227 a 0.228 a 0.293 a 

Loam  0.320 a 0.314 a 0.523 ab 0.250 a 0.248 a 0.331 b 

Sand 0.332 a 0.301 a 0.643 b 0.231 a 0.343 b 0.370 c 

All fields 0.325 B 0.299 B 0.524 A 0.241 C 0.268 BC     
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Principal components analysis identified individual factors of variability in SWC and CV.  

The SWC of the 5 sampling dates could have been accommodated by a single PC representing 

84% of the variability.  However, including a 2nd PC dominated by surface residue increased the 

explanation of variability in SWC by an additional 11%.  After varimax rotation of the two 

principal components to achieve optimal orthogonality, the 1st PC accounted for 57% of the 

SWC variability (Table 3.3).  Soil texture, dominated by clay along with surface roughness 

characterized PC1, judging from their significant correlation.  Residue cover was the primary 

variable correlated to the 2nd PC that accounted for 37% of variation in SWC and was associated 

uniquely with April 23 SWC (Table 3.3).   

The SWC CV was separated into two major components representing equal proportions 

of 64% of the variability in CV (Table 3.3).  PCcv1 represented SWC on April 28, April 30 and 

May 17 and was correlated to roughness RMS height and variability in correlation length.   

 

 

 

Figure 3.3  SWC CV in relation to log 10 transformed field spatial mean SWC (m3 m-3) by 

sampling date.  Only the May 10 regression (in very dry conditions) is statistically significant (R2 

= 0.60, p < 0.001, n = 38). 
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Table 3.3  Principal components analysis of field mean SWC and CV for all 38 fields.  

Significant principal components are shown with the % variation explained by each factor and 

the standardized coefficients for each sampling date.  The Pearson correlation coefficient of each 

component to the soil variables and SWC at specific dates may be negative or positive.  Their 

significance is shown at p = 0.05 (*), 0.01 (**) and 0.001 (***) or not significant (.).   

 

    Soil water content    Coefficient of Variation   

    PCwc1   PCwc2   PCcv1   PCcv2   

Variance explained (%) 0.57  0.37  0.33  0.31  

Sampling date  Standardized regression coefficients    

Apr-23  -0.462  -0.934  0.440  0.278  

Apr-30  -0.024  -0.409  0.497  -0.032  

May-10  0.286  -0.008  0.044  -0.455  

May-17  0.521  0.322  0.398  -0.109  

May-18  0.472  0.251  -0.166  -0.613  

          

Soil Factors  Correlation (r) to principal components    

Sand (%) -0.506 ** 0.093 . 0.226 . -0.515 ** 

Clay (%) 0.612 *** -0.010 . -0.202 . 0.474 ** 

Residue cover fraction -0.047 . -0.439 ** -0.238 . 0.344 * 

Roughness RMS h(cm) -0.394 * 0.127 . 0.331 * -0.267 . 

 Std -0.372 * 0.060 . 0.036 . -0.511 ** 

 CV -0.170 . -0.084 . -0.150 . -0.389 * 

Roughness CL length 0.252 . 0.201 . -0.279 . -0.236 . 

 Std 0.202 . 0.183 . -0.324 * -0.207 . 

 CV 0.031 . 0.038  -0.365 * -0.159 . 

Soil water content (m3 m-3)         

by sampling date Apr-23 0.275 . -0.886 *** 0.801 *** 0.015 . 

 Apr-30 0.663 *** -0.089 . 0.688 *** -0.367 * 

 May-10 0.823 *** 0.006 . 0.285 . -0.795 *** 

 May-17 0.888 *** 0.197 . 0.539 *** -0.344 * 

  May-18 0.876 *** 0.160 . 0.007 . -0.824 *** 

 

 

Increased surface roughness may relate to the tillage row structures that increased dryness and 

variability in CV in our sampling position analysis (Figure 3.4, 3.5).  In remote sensing  

interpretation of SWC at larger scales (> 50 km), the surface roughness is a dominant source of 

variability in SWC that needs to be accounted for in interpretation of the backscatter measured 

by SAR satellites (Gherboudj et al., 2011; Merzouki et al., 2011; Verhoest et al., 2008).  
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The variability in PCcv2 was focussed on May 10 and May 18, where there was greater 

within field variability in CV in sand soils than during other sampling dates (Table 3.2) and was 

correlated to soil texture, residue cover and variability in roughness (Table 3.3).  These soil 

variables are all factors that influence the rate of drying in sandy soils.  Increased variability with 

the stage of dryness is in agreement with field and watershed studies on SWC variability (Joshi 

and Mohanty, 2010).  For example, during SMEX02 (Soil Moisture Experiment, 2002) on dry 

days, soil texture was the primary soil factor in the empirical orthogonal function analysis, while  

multiple parameters were represented with increased wetness (Joshi and Mohanty, 2010). 

 

Table 3.4:  The multiple linear regression of field spatial mean SWC from soil physical variables 

is shown by sampling date.  The R2 value for each regression is provided, along with the 

significance (p value).  For soil variables which made a contribution to the regression, the type II 

sum of squares are shown, along with the p value.  Surface roughness correlation length was not 

a significant factor at any date.  The type II sum of squares, distinguishes the unique contribution 

of each variable apart from the variance common to all soil variables thus avoiding the 

interaction of correlated variables.  The significance of each soil variable to the regression is 

indicated by p = 0.05 (*), 0.01 (**) and 0.001 (***) or not significant (ns).   

 

 

  Apr-23   Apr-30   May-10   May-17   May-18   

Regression R2 adjusted 0.57 *** 0.65 *** 0.53 *** 0.37 *** 0.56 *** 

           

Sum of Squares Error 0.017  0.025  0.029  0.051  0.050  

Intercept 0.112  0.125  0.072  0.111  0.084  

           

Residue cover fraction 0.009 *** 0.008 ** ns  ns  ns  

Sand % 0.003 * 0.013 *** ns  ns  ns  

Clay% ns  ns  0.018 *** 0.032 *** 0.068 *** 

Roughness RMS std (cm) 0.003 * 0.005 * 0.002  ns  ns  

Roughness RMS CV 0.003 * 0.006 * ns   ns   ns   
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3.3.2 Soil texture in SWC variability 

Multiple linear regression determined the significant factors in SWC and CV variability at each 

sampling date (Table 3.4).  On April 23 and 30, %sand and residue were equally important in the 

regression of SWC along with surface roughness RMS variability, while on May 10, 17 and 18, 

clay predominated at all times.  This regression is in agreement with results from larger scale 

rangeland analysis where in drying trends, sand was initially the primary factor in SWC 

variability and clay became more important as drying time extended (Kim and Barros, 2002).  

Sand is directly associated with hydraulic conductivity (Hu et al., 2012a) and thus represents soil 

permeability where water drainage is a factor (Kim and Barros, 2002) while clay increases in 

significance with water retention in drying conditions (Jawson and Niemann, 2007; Kim and 

Barros, 2002).  In our study as well, clay was primarily associated with PC1 of SWC and PCcv2 

that represented driest sampling times.  The results may reflect a significant proportion of clay 

soils in our analysis that is considered influential in the wilting point of soils (Kim and Barros, 

2002) and thus in dry conditions.  The multiple regression of the CV supported the PCA analysis 

of CV, but results are not included here as the amount of variability explained at each sampling 

date was very low.  

  

3.3.3 Tillage effect from microtopography on SWC variability 

The four sampling positions at each of the 16 sample locations in each field created a range of 

SWC within the microtopography of the furrow.  At each sampling location the soil texture and 

rainfall would not be assumed to vary within the field, while the SWC would differ due to the 

sampling position within the furrow.  The effect of sampling position on soil texture and 

sampling date was tested with 2-way ANOVA with factors of soil texture and sampling dates 
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with sampling date a repeated measure (Figure 3.4).  The mid-row sampling position at the 

bottom of the furrow (with or without residue) had higher SWC than the top and side of the ridge 

measurements at all times (p < 0.001) (Figure 3.4) and this effect of sample position was most 

pronounced in finer textured soils.  The increased variability in SWC could be attributed to 

higher porosity and drainage on the ridge (Famiglietti et al., 1999) compared to the mid-row 

sampling position.   

Famiglietti et al. (1999) also reported that the microtopography of row tilling in winter  

wheat fields played a significant role in SWC variation within the SGP97 (Southern Great Plains 

experiment, 1997) study fields in Oklahoma at all times, but no statistical measure could be 

applied in their data.  Our results of the effect of sampling position on SWC and CV from 38 

fields support the conclusions of a field study in California, USA where the effect of tillage on 

soil drying explained greater variability in SWC than soil properties, such as texture and soil 

organic carbon on tillage of native soils, including 3 soil textural groups (Lee et al., 2006).  

Tillage can reduce SWC that increases variability (CV) in SWC as well (Famiglietti et al., 1999).  

 

3.3.4 Surface residue in SWC variability   

Surface residue cover associated with no-till agriculture has been acknowledged to increase 

SWC following rainfall (Döring et al., 2005; Franzluebbers, 2002; Unger, 1978; Verhulst et al., 

2011).  The CV of SWC declined from sand and loam to clay in the top (p = 0.001 and p = 

0.002) and side (p < 0.001 and p = 0.001) sampling positions (Figure 3.5).  Without residue 

cover, the CV was increased with sand texture compared to clay and loam (p = 0.006 and p = 

0.007) in the bottom of the furrow.  No difference in CV was observed between soil textures 
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Figure 3.4  Means and standard error bars of field mean SWC (m3 m-3) averaged over all 5 

sampling days in each of the 4 sampling positions (top of ridge, side of ridge, mid-row (bottom 

of furrow) without/with surface residue) with fields categorized by soil textural classification.  

Data included 38 fields x 5 sampling dates (n = 183 as 7 fields had missing data).  Differences in 

SWC between each soil textural class are significant (p < 0.001) as indicated by difference in 

small letters (a≠b≠c).  Significant differences between sampling positions at p < 0.05 are 

identified by a change in capital letters (A≠ B≠ C) and apply within all three soil textural classes; 

sand (n = 9), loam (n = 16), clay (n = 13). 

 

 

 
 

 

Figure 3.5  Coefficient of Variation (CV) of field mean SWC and standard error bars in 4 

sampling positions (top of ridge, side of ridge, mid-row (bottom of furrow) without and with 

surface residue) with fields categorized by soil textural classification.  Significant differences 

between sampling positions at p < 0.05 are indicated by a difference in capital letters (A≠B≠C), 

and differences between soil textural classification are indicated by difference in small letters 

(a≠b≠c).  n = 13 (clay), 16 (loam), 9 (sand).  
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under surface residue (Figure 3.5).  An analysis of field mean SWC under the residue position by 

2-way ANOVA with factors of soil and sampling date confirmed the field CV differed by dates 

representing SWC range (p < 0.001), but not soil texture.   

Reduced SWC variability in association with residue suggests a time stable situation 

where there is relatively small variability in SWC over the scale of the field and over time as 

described by Hu et al. (2010).  Time stability has previously been associated with moderate 

moisture in soil drying trends (Cosh et al., 2004) and with wetting/drying conditions in loam soil, 

rolling topography and soil drying (Choi and Jacobs, 2011; Joshi et al., 2011).  Conditions where 

the variability in SWC at field scale is reduced is optimum for sampling for remote sensing field 

experiments, as there would be reduced estimation error of the average field SWC.  With the 

ability to measure residue coverage from space currently under development (Pacheco and 

McNairn, 2010), improved interpretation of SWC under residue would expand the application of 

current remotely sensed SWC (Adams et al., 2013c; McNairn et al., 2012). 

 

3.3.5 Agricultural management in remote sensing of SWC 

Agricultural management can influence field SWC through effects of tillage and surface residue 

on rates of wetting and drying.  Reduced tillage which results in less soil disturbance and 

increased residue cover could thus alter the SWC variability in drying.   Therefore, conservation 

tillage (where at least 30% of residue is left behind) (Daraghmeh et al.,  2007),  ridge till, where 

only a small percentage of the soil is tilled (Azooz and Arshad, 1996) and no-till can actively 

increase the soil water regime through maintenance of larger pores (Fuentes et al., 2004).  The 

reduction in tillage and retention of residue can thus both reduce the variability in SWC in the 



 60 

soil surface (Unger, 1978) from increased porosity in the longer term (Franzluebbers, 2002) in 

high organic matter soils.  

Residue cover played a significant role in reducing variability in SWC over all fields, 

with varying soil texture and crops, especially in very dry conditions.  While soil texture is the 

dominant control on SWC in most soils (Kim and Barros, 2002), where residue is left on the 

surface, as in no-till systems, quantification of surface controls on SWC should include the effect 

of residue cover.  Without accounting for surface residue effects on SWC, land management 

effects such as tillage that vary with cropping systems could also be included in the soil texture 

effect of drying in hydrology models.   

 

3.4 Conclusions 

This analysis compared the effects of surface characteristics of bare soil to SWC variability from 

a Canadian temperate ecosystem in a trend dominated by drying conditions.  Although soil 

texture was the predominant factor in SWC variability by PCA and multiple regression to soil 

physical variables, residue cover also represented a significant factor in water content 

modulation during soil drying and reduced variability of SWC (CV) during dry conditions.  

Although the SWC CV increased in sand soil texture, especially in very dry conditions, under the 

residue sampling position the variability in SWC normally observed between soil texture classes 

was significantly reduced.  While land cover is considered influential on scales applicable to 

watershed and regions, surface residue cover was distinctly a factor at field scale in explaining 

SWC variability in dry-end SWC.  Our characterization of field scale variability over the 3 major 

soil groups, without topographical interactions, presents the effects of soil surface characteristics 
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that would be influential for spatial scaling of SWC data to improve fine-scale hydrologic 

modelling or downscaling from regional scale SWC estimates. 
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CHAPTER FOUR 

 

IMPORTANCE OF SOIL ORGANIC CARBON ON SURFACE SOIL WATER CONTENT 

VARIABILITY AMONG AGRICULTURAL FIELDS  

Publication citation:   

Manns, H.R. and A.A. Berg, 2014.  Importance of soil organic carbon on surface soil 

 water content variability among agricultural fields.  Journal of Hydrology 516: 297-303.  

DOI:  10.1016/j.hydrol.2013.11.018. 

 

 

Abstract 

Improvements to the downscaling estimates of soil water content (SWC) from passive 

microwave retrievals require detailed knowledge of field scale influences on SWC variability.  

The Soil Moisture Active Passive Validation Experiment (SMAPVEX12) field campaign 

provided SWC and physical properties from 50 cropland fields to assess the influence of soil 

organic carbon (SOC) on SWC variability in a range of SOC, SWC and soil textural class over a 

6 week period.  Field average SWC over the duration of the experiment was optimally predicted 

by combination of soil texture and SOC when averaged over all soil wetness conditions, 

although either %sand or SOC separately also expressed 82% of variance in SWC over all fields 

covering three soil textural groups.  SOC explained greater variance in SWC than texture in dry  

conditions while texture predominated in moist conditions.  The high correlation between SOC 

and SWC suggests SOC may contribute to the initiatives to downscale SWC estimates from  

satellite to field scale where SWC data are sparse or inaccurate. 
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4.1 Introduction 

Interest in the spatial variability in surface soil water content (SWC) is currently spurred by the 

development of satellite detection of SWC over the surface of the earth.  The Soil Moisture  

Active Passive (SMAP) mission that launched in January 2015 will provide frequent global  

coverage of SWC (Entekhabi et al., 2010) at relatively coarse resolution (9 km in the combined 

active and passive retrieval).  This intensive SWC data will enable advances in weather and 

climate prediction, agricultural management and research on our understanding of hydrological           

processes and land-surface interactions (Entekhabi et al., 2010).   

There are numerous efforts to further downscale these products from the generally coarse 

resolution of SMAP products (9 x 9 km) to field scale (~0.5 km2) based on the characterization 

of vegetation, soil, land surface and rainfall that influence the variability of SWC at field scale.  

This application requires knowledge of the numerous spatial and temporal controls that affect 

SWC variability at field scale including soil physical properties (texture, bulk density), tillage 

(roughness) and cropping systems (vegetation).  While the complexity of soil characteristics     

relating to texture, organic matter and porosity has been recognized (Crow et al., 2012), to-date, 

watershed scale studies to validate remote sensing SWC measurement frequently represent soil 

factors by soil textural class alone (Choi and Jacobs, 2011; Cosh et al., 2004; Famiglietti et al., 

2008; Joshi and Mohanty, 2010; Joshi et al., 2011; Ryu and Famiglietti, 2006).   

Soil textural classification has been considered the dominant factor affecting the rate of 

soil water absorption and drainage in hydrological models (Saxton et al., 1986) as represented in 

the moisture characteristic curve (Tuller and Or, 2004).  Soil bulk density (BD) and soil organic 

carbon (SOC) or organic matter, are considered at times to improve SWC estimation (Rawls et 
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al., 1982, 2003; Saxton and Rawls, 2006).  Soil bulk density refers to the ratio of volume to mass 

of soils and is commonly calculated as  

𝑆𝑜𝑖𝑙 𝑏𝑢𝑙𝑘 𝑑𝑒𝑛𝑠𝑖𝑡𝑦 =  
𝑚𝑎𝑠𝑠 𝑜𝑓 𝑠𝑜𝑖𝑙 (𝑔)

𝑣𝑜𝑙𝑢𝑚𝑒 𝑜𝑓 𝑠𝑜𝑖𝑙 (𝑐𝑚3)
                                      (1) 

 

Porosity refers to the volume of pores that can be filled with either water or air in relation 

to the total volume of soil and computed as (Brady, 1990); 

      𝑃𝑜𝑟𝑜𝑠𝑖𝑡𝑦 =  1 − (
𝑠𝑜𝑖𝑙 𝑏𝑢𝑙𝑘 𝑑𝑒𝑛𝑠𝑖𝑡𝑦

𝑝𝑎𝑟𝑡𝑖𝑐𝑙𝑒 𝑏𝑢𝑙𝑘 𝑑𝑒𝑛𝑠𝑖𝑡𝑦
)                              (2) 

Particle density is commonly equated to 2.65 g cm-3.  Porosity is the soil variable frequently  

applied in hydrological models to accommodate change in the rate of water movement through 

soils and thus represents SOC, BD and water infiltration capacity (Pollacco et al., 2008; 

Zacharias and Wessolek, 2007).  Several studies have included BD as a measure of soil organic 

matter (Pollacco et al., 2008), however, analysis of SOC and BD data have often been absent 

from multiple field SWC sampling experiments at remote sensing footprint scale (e.g. ~40 km).   

Organic matter [approximated by 1.72 x SOC] is considered a state variable in soil 

affecting aggregate size and the aeration and water retention in surface soil (Franzluebbers, 

2002).  The increase in field capacity from SOC can be attributed to greater macroaggregates and 

increased porosity for rain infiltration in no-till studies (Franzluebbers, 2002; Shaver et al., 

2002).  In recent years, the effect of soil organic matter has been studied in the field 

(Franzluebbers, 2002), through meta data analysis (Hudson, 1994; Rawls et al., 2003) and in 

models (Pollacco et al., 2008; Saxton and Rawls, 2006) as a factor that can also affect soil 

wetting and drying rates.  From a compilation of data from the USDA agricultural soil data base 

over multiple years, soil textural classes and ranges of SWC, Rawls et al. (2003) found that 

including SOC increased the predictive capacity of SWC by 10% over soil textural class alone.  
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This relationship has been explained from the greater effect of organic matter on increasing the 

field capacity compared to the wilting point of soil (water holding capacity) (Hudson, 1994).   

Soil BD and SOC are also highly correlated in soil (Blanco-Canqui et al., 2006, 2007; 

Franzluebbers, 2002).  SOC presents a single variable that changes slowly over time compared to 

SWC.  SOC has been measured to change by 1% within a single growing season under optimal 

conditions (Manns et al., 2007, 2009), however, in large scale field trials significant differences 

are difficult to detect over multiple seasons and crops (VandenBygaart et al., 2003).  SOC  

requires less sampling time and effort than BD and there are a variety of methods to estimate 

SOC without physical samples.  SOC has the potential benefit of being detected by several  

different methods of multi-spectral remote sensing (Chen et al., 2000; Ladoni et al., 2010; 

Morgan et al., 2009; Serbin et al., 2009).  

The SMAPVEX12 field sampling campaign was held near Elm Creek Manitoba from 

June 6 to July 17, 2012.  In preparation for the SMAP launch, the existing SWC algorithms could 

be validated using remotely derived and ground sampled SWC data, soil and plant sample 

analysis and surface roughness.  This analysis focused on the relationship of SWC of ground 

sample measurements to the soil physical properties of SOC, BD and soil texture in the top 5 cm 

of soil at the field scale.  The objective was to understand the amount of variability of SWC that 

can be explained through observations of SOC, as compared to BD and soil texture, over a large 

number of agricultural fields. 
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4.2 Methods 

4.2.1 SMAPVEX12 field site 

Surface SWC was measured in 50 cropland fields around Elm creek, Manitoba (98° 0’ 23”W, 

49° 40’48”N) from June 6 to July 17, 2012 for the pre-launch validation experiment of the types 

of sensors that will be used on the SMAP satellite.  The study site included a mix of the common 

field crops and a range of soil texture from sand to clay (Figure 4.1).  The topography is 

relatively level with elevation changing less than 30 m over the study area, characteristic of the 

Red River valley.  The sandy soils to the west were elevated by a moraine dividing them from 

the heavy clay soils to the east which accounts for most of the elevation change.  Loam soils 

predominated in the south of the study area nearest to Carman. The soils are of the order 

Chernozem, characteristic of the Canadian prairie, with high organic matter (2 – 5%), water 

holding capacity and fertility (Michalyna et al., 1988).  Further detail is available from the 1988 

survey of the area (Michalyna et al., 1988) or as current digital information in the Soil 

Landscapes of Canada, (Government of Canada, 2011b).   

The climate of the region is Continental with long, cold winters and short hot summers 

with average total rainfall of 398 mm per year.  The weather conditions were well suited for the 

SWC study; the study commenced after a week of dry weather, followed by periods of 

substantial wetting and drying (Figure 4.2).  At the beginning of the experiment winter wheat 

was well established, but most seeded crops were at the early emergence/growth stage (< 20 cm).  

Dominant crops included canola (Brassica napus), corn (Zea mays), soybean (Glycine max) and 

wheat (Triticum aestivum).  At the end of the sampling time, winter wheat was ready for harvest, 

corn was at tassel stage and soybean and canola were at pod filling stage.   
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Figure 4.1:  Location of SMAP field sites in southern Manitoba, Canada in relation to soil 

texture.  Data from Soil Landscapes of Canada Version 3.2, (Government of Canada, 2011b) and 

National Road Network Version 2.0 (Government of Canada, 2007). 
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Figure 4.2  Rainfall (mm) (dark bars) from May 25 to July 20 and soil water content (m3 m-3) 

averaged over 50 fields at each sampling time during the SMAPVEX12 field campaign from 

June 7 to July 17, 2012.   

 

4.2.2 Volumetric moisture 

In each agricultural field, SWC was sampled with Stevens Hydraprobes (Stevens Water 

Monitoring Systems Inc., Portland) in the top 5 cm of soil on 16 sampling dates from June 6 to 

July 17, 2013 (approximately every second day) (Figure 4.2).   Field averages are the mean of 

the 16 sampling points in each field.  The hydraprobes detected SWC to an RMSE of less than 

0.04 m3 m-3 over all soils and fields (Rowlandson et al., 2013).  Samples were taken at 16 sample 

points located in 2 transects with 75 m distance between sample points and 200 m between 

transects.  At each sample point, measurements were taken 3times; 1st between the plants along 

the row, 2nd ¼ way between rows and 3rd at midrow.  This analysis focused on the 3rd measure, 

midway between the rows that would be most representative of the general soil conditions.  

Particularly in the early growing season (before June 20), the effect of plant roots or shade on 
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SWC midway between the rows would be minimal, allowing for a more accurate determination 

of the relationship of soil physical parameters to SWC.  In order to compare SWC by wetness 

range in addition to the average over the 16 days, a few dates most representative of the range of 

SWC were averaged.  ‘Wet’ SWC occurred June 12, 15 and 17  following large rain events, ‘dry’ 

conditions represent the lowest average SWC over all fields that occurred on June 29, July 3 and 

July 10 and ‘drying’ conditions represented the centre of an extended drying time (June 23, 25, 

27) (Figure 4.2).  

 

 4.2.3 Core sample analysis 

A soil core, 4.7 cm diameter by 4.6 cm deep, was taken at a single sampling point on each of the 

16 SWC sampling days.  The sampling point rotated consecutively from sampling point 1 to 16 

over the sampling time and was taken at the mid-row location.  The soil was dried inside the 

metal core ring for 24-48 hrs at 105° C to calculate gravimetric SWC (Nelson and Sommers, 

1982) from the difference between initial total mass and mass after drying.  From the dried soil 

cores, BD (g cm-3) was calculated as equation (1) and soil volumetric water content (SWC) (m3 

m-3) was calculated as follows (Gardner, 1986);   

   SWC = Gravimetric SWC x BD    (3)     

The field average BD based on 16 sample points was preferred for the computation of SWC at 

each point to alleviate site specific variability in BD measurement (Rowlandson et al, 2013).  

Oven dried cores from all fields on 4 sampling dates (June 7, 17, July 3, 17) were reserved for 

analysis of SOC.  Particle size analysis was performed on soil cores from several other sampling 

dates at the University of Manitoba by the pipette method following Sheldrick and Wang (1993).  
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 Prior to SOC analysis, the soil core samples were further ground to pass a 2 mm sieve, 

followed by grinding of a 25 g subsample in a mortar and pestle to 0.5 mm.  The subsamples 

were re-dried at 105º C for 24 h to eliminate the possibility that moisture from the air during 

sample processing was included in the loss of mass during carbon analysis.  A 3 g subsample of 

the finely ground soil was weighed into a ceramic crucible for measurement by loss on ignition 

in a muffle oven.  The samples were heated to 375° C for 16 hours and reweighed to determine 

loss of mass (Ball, 1964).  Oxidation of inorganic carbon can occur at higher temperatures, 

therefore 375° C temperature was selected as it has been recommended to prevent loss of 

inorganic carbon in the mass loss during the heating process (Ball, 1964; Wang et al., 2011).  

SOC was computed following Broadbent (1965):  

     𝑆𝑂𝐶 % (𝑔) =
[

𝑚𝑎𝑠𝑠 𝑙𝑜𝑠𝑠 𝑎𝑓𝑡𝑒𝑟 𝑖𝑔𝑛𝑖𝑡𝑖𝑜𝑛 (𝑔)

𝑑𝑟𝑦 𝑚𝑎𝑠𝑠 𝑏𝑒𝑓𝑜𝑟𝑒 𝑖𝑔𝑛𝑖𝑡𝑖𝑜𝑛
]

1.8
 100%                       (4) 

Values for SOC were averaged over the 4 sampling dates to obtain a field average.  The field 

averages obtained by (4) were not significantly different by paired t-test from a random selection 

of 20 samples tested for SOC on a LECO analytic analyser by the University of Guelph 

Agriculture and Food laboratory.   

 

4.2.4 Statistical analysis 

Normality of SWC and soil physical parameters was assessed with the Shapiro-Wilk statistic and 

examination of the plot of residuals of the regression equations that should be evenly distributed 

over the water content range and between positive and negative deviations.  An arcsine 

transformation was applied to %sand and %clay to reduce the skewness that arises from the 

upper and lower boundary limits of a percentage distribution (Zar, 1999).  Correlation was 

assessed between soil physical parameters and SWC at all individual sampling times and for the 
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average of the 16 sampling dates with the Pearson correlation coefficient.  Multiple linear 

regression was applied to assess the relationship of SWC variability across fields to the soil 

physical properties including SOC.    

All soil variables are inherently correlated and no single predetermined solution to  

decompose the interaction of soil variables has been proven in literature (Edwards, 1985).  

Multiple regression was performed for all combinations of soil variables (dependent) to average 

SWC (independent) using normal least squares regression (Type I sum of squares) (Edwards, 

1985).  Partial least squares regression (Type II sum of squares) was also computed to determine 

coefficients using standard deviation (Jaccard et al., 1990).  Standardization removes differences 

in units by expressing all differences in standard deviation (Jaccard et al., 1990) for the 

determination of coefficients.  Residual regression was also applied to the soil variables.  This 

method of sequential least squares regression subtracts the residual of the variable representing 

the lesser variability from the regression to more dominant variables (Graham, 2003).  The 

resulting regression equation no longer includes correlated variables, while expressing the same 

sources of variability (Dormann et al., 2012).   

Diagnostic commands for variance inflation (VIF) and condition index were included in 

each regression equation to determine if collinearity was a significant factor in the regression 

coefficients (SAS Institute Inc., 2008).  If the variables are correlated, the linear regression 

coefficients may be variable from inflated standard error due to inclusion of the same error more 

than once.  A VIF greater than 5 is considered to result in unreliable coefficients in a regression  

(Aguinis and Gottfredson, 2010).  The multiple regression equations were compared with Akaike 

Information Criterion (AIC) following McBratney et al. (2002) and Akaike (1973): 
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   𝐴𝐼𝐶 = [𝑁 ∗ 𝐿𝑛 (
𝑆𝑆𝐸

𝑁
)] + (2 ∗ 𝑝)    (5) 

where N is the number of fields, p is the number of variables in the equation and SSE is the 

residual sum of squares from the regression model.  The AIC value compares the relative sum of 

squares error while taking into consideration the number of parameters included in the model.  

The model with the minimum AIC value is considered the most efficient model according to the 

criterion (Akaike, 1973).  

All combinations of dependent variables were compared by multiple regression to SWC 

for their values of R2, p, AIC and VIF over the 50 fields, for all sampling dates and for selected 

wet, drying and dry periods.  Any regression models with variables that did not add significantly 

to the regression and/or VIF > 5.0 (Aguinis and Gottfredson, 2010) were not preferred over other 

models expressing the same variability.   An F-test was used to test for significant differences in 

the R2 values between wet, drying and dry periods for each model.  

 

4.3 Results/discussion 

4.3.1 Multiple regression predictors of soil water content 

Over the 50 fields on 16 sampling dates, covering a range of wetting and drying conditions, the 4 

major soil parameters (%sand, %clay, SOC and BD) were highly inter-correlated (p < 0.001) and 

were all significantly correlated to average field SWC (Table 4.1).  The average SWC from all 

sampling dates was regressed on SOC and formed a significant linear regression over the 50 

fields;   

 (SWC = (0.0062 x SOC) + 0.062, R2 = 0.82, n = 50, p < 0.001) (Figure 3a) 

The optimum model to predict field average SWC over all individual ranges of wetness was 

arcsine transformed %sand combined with the residual of SOC from %sand (ASrOC) with R2 of 
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0.88, 0.82 and 0.66 and AIC of -328.5, -310.2 and -317.6 in wet, drying and dry conditions 

respectively (Table 4.2).  The minimum AIC value was the highest negative number within our 

data and thus ASrOC was the best model considering the mean square error, the number of 

parameters and VIF of all combinations of the 4 variables (sand, clay, SOC, BD).  A single 

variable model has a VIF of 1 (no VIF) while a VIF > 10 signifies serious variance inflation due 

to correlation as observed in the ‘sand  clay’ models implying the regression coefficients may not 

be reliable (Aguinis and Gottfredson, 2010).  Where models have the same AIC, the model with 

the lesser number of variables is shown.  The arcsine transformation was applied to improve the    

linear model fit and was only beneficial over the untransformed model in the ASrOC model. 

 

Table 4.1  Pearson correlation coefficients between soil physical variables and average soil 

water content (SWC) over all sampling times and fields.  All values are significant at p < 0.001. 

  Average SWC %Sand %Clay SOC SBD 

Average SWC (m3 m-3) 1.00     

Sand (%) -0.90 1.00    

Clay (%) 0.84 -0.96 1.00   

Organic carbon (g kg-1) 0.91 -0.92 0.88 1.00  

Soil bulk density -0.82 0.86 -0.85 -0.87 1.00 

 

 

The amount of variance explained by each model regression was significantly different 

between wet/dry periods (Table 4.2 and 4.3) by calculation of an F statistic (49.4) which was 

greater than F for the corresponding degrees of freedom at p = 0.001 of 2.06.  The decrease in 

model accuracy in very dry conditions may relate to increased variability with soil drying  

observed from many field studies over a wide range of soil and rainfall conditions (Famiglietti et 

al., 2008).  An increase in the amount of variability in SWC explained with increased wetness by  
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Table 4.2:  Summary of optimum model combinations with 2 or 3 variables of Sand, Clay, SOC 

and SBD from linear regression to SWC in Wet, Drying and Dry soil wetness conditions.  The 

sum of squares (SS) and R2 are shown for each model, along with the AIC value and VIF.  The 

partial least squares regression coefficients are given along with the significance of the 

individual variables in the regression at p = 0.05(*), 0.01(**) and 0.001(***) or not significant 

(ns).  The models are sorted within wetness group by AIC, with the optimum model in bold 

script.  A high VIF that disqualifies a model is also in bold script. 

 

Model   Model     Partial least squares regression coefficients   

predictors R2 SS AIC VIF Sand   Clay   OC   BD   

          Wet             

ASrOC 0.883 0.514 -328.5 1.0 0.509 ***   0.005 ns   

Sand OC 0.874 0.509 -324.6 6.5 0.039 ***   0.008 *   

Sand Clay OC 0.872 0.509 -322.7 20.0 0.015 ** 0.000 ns 0.008 *   

Sand BD 0.865 0.503 -321.0 4.2 0.092 ***     0.003 ns 

Sand Clay 0.860 0.501 -319.5 14.5 0.041 *** 0.000 ns     

             

         Drying             

ASrOC 0.823 0.455 -310.2 1.0 0.448 ***   0.008 ns   

Sand OC 0.851 0.451 -308.1 6.5 0.026 ***   0.011 *   

Sand Clay OC 0.826 0.453 -307.0 20.0 0.016 ** 0.002 ns 0.011 *   

Sand Clay 0.797 0.442 -303.5 14.5 0.047 *** 0.002 ns     

Sand BD 0.794 0.440 -302.6 4.2 0.098 ***     0.000 ns 

             

          Dry             

AsrOC 0.66 0.142 -317.6 1.2 0.140 ***   0.010 *   

Sand OC 0.65 0.140 -315.9 4.0 0.002 ns   0.011 *   

Sand Clay OC 0.65 0.141 -315.1 19.8 0.004 ns 0.002 ns 0.011 *   

Sand BD 0.61 0.131 -310.6 4.1 0.017 **     0.003 ns 

Sand clay 0.60 0.131 -310.1 14.1 0.019 ** 0.002 ns          

 

soil characteristics was also observed in SGP97 where 67% of SWC variability was explained in 

wet days and 55% in dry days (Joshi and Mohanty, 2010).  

The three variable equations had high R2 and AIC in each wetness category although they 

were not considered in model selection due to the high VIF (> 10) as well.  ‘Sand Clay SOC’ had 

the highest AIC of all the 3 variable combinations and is shown to demonstrate the partial least 

squares values that isolate the amount of variability of SWC explained by each individual 
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variable in addition to the common variance (Steele et al., 1997) (Table 4.2).  Both %sand and 

SOC contribute significant individual variability to the regression model ‘Sand Clay SOC’ in wet 

and drying conditions (Table 4.2).  However, in very dry conditions, only SOC contributed to 

significant unique variability (p = 0.01).  Although the regression model of ‘Sand SOC’ was not 

the best selection for determination of SWC due to a VIF of 6.5, the partial least squares analysis 

details the change in dominant variable from %sand to SOC.  In dry conditions, %sand explained 

1.4% (ns) and SOC 7.8% (p = 0.03) of unique variation in SWC explained by the model  

regression.  The reverse was observed in wet conditions, with 7.7% (p < 0.001) of additional  

variance explained by %sand and 1.61% (p = 0.03) attributed to SOC. 

   

Table 4.3:  Comparison of single variable models (Sand, Clay, SOC, BD) in Wet, Drying and 

Dry wetness categories.  Models are sorted by AIC within wetness category.  The model R2 and 

Sum of squares (SS) is also shown.  All model regressions are significant at p < 0.001. 

 

Single models R2 
Model 

SS AIC 

     Wet    

Sand 0.86 0.50 -321.3 

SOC 0.81 0.47 -304.6 

Clay 0.79 0.46 -300.5 

Bd 0.71 0.41 -283.9 

    

    Drying    

Sand 0.80 0.44 -304.6 

SOC 0.77 0.43 -298.1 

Clay 0.71 0.39 -287.2 

Bd 0.62 0.34 -272.3 

    

    Dry    

SOC 0.64 0.14 -316.4 

Sand 0.60 0.13 -311.0 

Clay 0.52 0.10 -309.1 

BD 0.53 0.11 -303.0 
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4.3.2 Single predictors; %sand vs SOC  

Percentage sand alone represented more variability in SWC than most two factor models (except 

for sand and SOC combinations) without any VIF concerns in wet and drying conditions.  Sand 

also explained the most variability in SWC in other multifield studies considering drainage over 

larger areas (Kim and Barros, 2002; Kim and Stricker, 1996) and longer time spans (Jawson and 

Nieman, 2007).  Jawson and Niemann (2007) found the most significant empirical orthogonal 

function that represented a unique factor of variability in SWC, was from sand in ample moisture 

conditions in pasturelands of the Southern Great Plains (SGP97) analysis.  The significance of 

sand was suggested to relate to the dominant effect of sand on drainage and thus the rate of 

drying of soil (Jawson and Niemann, 2007).     

However, in dry conditions, SOC was a superior model to %sand, second only to 

‘ASrOC’.  Although %sand and SOC together expressed the maximum variance in SWC when 

separated by wetness regime (Table 4.2), 82% of the variance in SWC could be determined by 

SOC or %sand alone when the average SWC over time was considered (Figure 4.3a, b).  The 

close similarity between %sand and SOC in predicting SWC suggests that soil texture, SOC and 

SWC are all representing similar variability generated by the soil physical structure.  This soil 

characteristic variability has been observed in small scale geostatistical analysis (< 100m) (Kim 

and Stricker, 1996), but has not been documented in multiple field SWC sampling campaigns.  

The change in the controlling variable on SWC from %sand to SOC with drying is consistent 

with previous research on SOC influence in the water characteristic curve.  De Jong et al. (1983) 

noted that the inflection point in matrix suction where SWC begins to decline was affected by 

both texture and organic matter at ~ 0.17 m3 m-3 for sandy loam soils with 4% SOC.   
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4.3.3 Sand vs clay in SWC variability 

In the single model comparison (Table 3), %clay and BD explained the least variability at all 

sampling times.  Clay was expected to represent more variability in dry conditions from the 

physical property of clay on increasing water retention (Brady, 1990; Takagi and Lin, 2012).  

Clay has been observed as a significant variable in SWC in addition to sand in very dry 

conditions (Kim and Barros, 2002) and at the local scale (Jawson and Nieman, 2007).  However, 

our fields are also high in SOC, especially with clay soil texture.  A possible explanation for the 

low relationship of %clay to SWC is the interaction with SOC.  High SOC is associated with 

increased porosity and thus can actually increase the rate of soil drying in clay soils (Hudson, 

1994).  The ‘sand clay’ model is included in the multiple model predictions for comparison.   

Although the AIC is higher than for other models, the high VIF disqualifies its use as a model.  

Clay and sand are representing the same variability in soil (thus the high VIF), but sand 

represents a greater contribution to SWC (p < 0.001) at all times, while clay is not significant.  

The relationship can be visualized in the regression of %sand and %clay to SWC, where sand 

has the higher R2 value (Figure 4.3 b, c).   

  

4.3.4 Soil organic carbon versus bulk density as a predictor of soil porosity 

Soil BD did not represent the same amount of variability in SWC as SOC in our study results as 

would be expected from the frequent application of BD in favour of SOC in current literature 

(Pollacco et al., 2008; Zacharias and Wessolek, 2007).  Soil BD contributed least to the 

interpretation of field average SWC at all sampling times (Table 4.3).  In our regression analysis, 

BD did not add significantly to the regression of SWC from %sand and SOC in any wetness 

conditions.  SOC and texture affect BD by directly influencing the size, shape and amount of soil  
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Figure 4.3  Average soil water content (SWC) (m3 m-3) from all sampling times, predicted from 

a) SOC, b) % sand and c) % clay.  The regression equation and R2 are provided on each graph.  

All the regressions are significant at p <0.001.   n = 50 

WC = 0.0062 OC + 0.0616
R² = 0.822
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pores (Franzluebbers, 2010).  A low level of BD (0.84 g cm-3) in a native North American prairie 

was characterized by a specific size and shape (cylindrical) of pores that maintained a balance of 

air and water in soil (Undawatta et al., 2008).  Soil BD was highly correlated to SOC in a review 

of agricultural studies across the southeast USA as well (Franzluebbers, 2010) and in field soil 

cores in northeastern USA (Blanco-Canqui et al., 2006).  Our results are in agreement with the 

observation by Zacharias and Wessolek (2007) that SWC derived from %sand and BD alone, 

without SOC, would not be the best model in the extremes of dryness.  Our estimation of SWC  

from %sand and BD in very dry conditions was 61% (R2 = 0.61) compared to %sand alone (R2 = 

0.60) and SOC alone (R2 = 0.64). 

 

4.3.5 Soil organic carbon as a sole predictor of soil water content 

Our results suggest a distinct linear relationship exists between SOC and SWC in cultivated 

fields at multiple field sites when evaluated over all levels of soil wetness and soil textural 

classes.  SOC alone could be a realistic indicator of surface soil structure that influences the 

transmission of soil water over all 3 soil textural classes and in all wetness conditions that is 

persistent over time.  While a relationship between SOC and SWC has been documented at 

measurement time in field studies (Hudson, 1994), SOC has not been investigated previously as 

an independent variable affecting inter-field SWC variability when integrated over time in multi-

field SWC sampling campaigns.   

The lack of significance of %clay and BD may seem inconsistent with current models.   

One explanation for the lack of influence of BD may be the variability measured over the 16 

sample points within fields.  Another possible explanation for the significance of SOC in SWC is 

the high levels of SOC for agriculture on our field sites, where otherwise at levels of SOC < 2%, 
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%clay and BD would be more influential in SWC.  The analysis of particle size distribution 

based on a single soil sample for each field may not have optimally represented the soil textural 

classes, however, the accuracy of the results was confirmed with the most recent soil map of the 

area (Rowlandson et al., 2013). 

Our data are in agreement with observations from many individual studies and database 

measures across the US Midwest that indicate significant improvements in estimating SWC by 

including SOC along with soil texture (Hudson, 1994; Rawls et al., 2003).  Our results have the 

benefit of common time, weather and uniform methods over multiple crop types that may not 

apply to all metadata studies.  The metadata studies of Rawls et al., (2003) in the US and our  

Canadian data from SMAPVEX12 support evidence from field studies (Franzluebbers, 2002) 

and forest studies (Wang et al., 2002) of a significant effect of SOC on water holding capacity of 

soils.   

The strong correlation between SWC and SOC could improve the predictive ability of 

SWC models.  SOC could act as a surrogate for SWC to assist in establishing initial soil water 

conditions, for interpolation between  missing data points (Goovaerts, 1998) and to estimate 

SWC in areas where measurement is not possible (Champagne et al., 2012).  The general rule for 

deriving pedotransfer functions (PTF) in the soil is to select the variable which is easiest to 

obtain and from which the other soil characteristics can be derived (McBratney et al., 2002).  

Cost is a significant factor in choosing PTF’s for predictive ability (Rawls et al., 1982).  Soil 

texture and SOC are thus preferred variables as particle size distribution and SOC are the least 

expensive and the most stable of soil indices, making them preferable to more expensive and 

variable indices such as hydraulic conductivity (Rawls et al., 1982).  SOC presents a unique 

variable to support SWC variability estimation that is generally applicable to all soil textural 
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classifications, includes the extremes of the SWC range and may be obtainable through direct 

remote sensing (Chen et al., 2000; Serbin et al., 2009; Stevens et al., 2008).   

 

4.4 Conclusion 

Few studies on agricultural cropland soils with comparatively high organic matter content, have 

presented highly replicated measurements on both SWC and SOC to assess their relationship in a 

range of soil texture and rainfall with minimal vegetation and topographical effects.  Soil texture 

and SOC combined to optimally represent SWC over the range of wetness, however as a single 

determinant of SWC, soil texture represented only slightly less variability in average and wet 

conditions.  Similarly, SOC was the superior sole predictor of SWC in very dry soils with almost 

the same amount of variance explained by the linear regression and AIC values.  Our study 

suggests that SOC was an important predictor of soil moisture variability during SMAPVEX12 

and could be used to capture a greater proportion of variability than is commonly associated with 

parameters such as BD.  The linear relationship between SOC and SWC over all fields may also 

assist with accuracy in downscaling single point measurements from space.  Further research into 

approaches for estimating SOC, such as remote sensing techniques, could support and 

complement the interpretation of SWC spatial variability from passive microwave sensors at 

coarse scales.  
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CHAPTER FIVE 

 

SOIL ORGANIC CARBON AS A FACTOR IN PASSIVE MICROWAVE RETRIEVALS OF SOIL 

WATER CONTENT OVER GRAIN FIELDS 

 

Abstract  

Remote sensing has the potential to deliver global soil water content (SWC) on vast scales with 

frequent revisit times for progress in the fields of climate, weather forecasting, agriculture and 

hydrology.  Although surface roughness, vegetation and soil texture have been established as 

sources of variability in passive microwave interpretation, soil organic carbon (SOC) has not 

previously been considered as a factor that affects SWC interpretation during field sampling 

campaigns.  SOC was included along with soil texture and bulk density during the Soil Moisture 

Active Passive Validation Experiment in 2012 (SMAPVEX12), the Soil Moisture Active Passive 

(SMAP) satellite algorithm development field sampling campaign held June 6 to July 19 in 

Southern Manitoba, Canada.  Aerial measurements from the PALS (Passive Active L-band 

System) instrument were recorded over 50 agricultural fields from aircraft while SWC was 

measured simultaneously on the ground with resistance probes on 16 sampling dates at 16 

locations in each field.  Additionally, fields were sampled for surface roughness, vegetation 

growth and water content, soil and vegetation temperature and soil physical characteristics.  A 

soil core was collected on each field, each sampling time, to assess bulk density, soil particle size 

and SOC.  SOC accounted for more variability in the anomalies between PALS SWC and ground 

sampled SWC than sand, clay or bulk density, although all soil variables explained significant 

variability in SWC.  With analysis by partial least squares multiple regression over all 11 

sampling dates and 39 fields, only SOC contributed significantly to the regression of SWC 
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beyond the variance all soil variables had in common.  The significance of SOC in the SWC 

anomalies was highest in very wet and very dry conditions and in loam soil over all sampling 

dates, while bulk density was more significant in sand soils.  This analysis suggests SOC is a 

simple variable that incorporates multiple aspects of soil hydrology and may improve the 

algorithms to interpret remotely sensed SWC in various landscapes.   

 

5.1 Introduction 

Passive microwave remote sensing at relatively long wavelengths (C or L band) can be used to 

translate the electrical activity of the soil surface into an estimate of soil water content (SWC) 

(de Jeu et al., 2014; Njoku and Entekhabi, 1996; Piles et al., 2010).  The brightness temperature 

response to microwave frequencies is a product of the temperature of the earth’s surface and the 

emissivity of the surface media measured by a radiometer (Jackson et al., 1996; Owe et al., 

2001).  The brightness temperature retrieval measured at the radiometer is adjusted for electrical 

activity attributed to radiation in the atmosphere followed by sequential adjustments for surface 

temperature, roughness and vegetation to obtain a dielectric constant attributable to the soil 

properties (Mladenova et al., 2014; Njoku and Entekhabi, 1996).  Models are then applied to 

interpret the remaining signal, taking into account the range of SWC and soil properties 

(Mladenova et al., 2014).  The interpretation of the dielectric constant is affected by everything 

that influences the dielectric of the soil-air interface (Dobson et al., 1985) which could include 

volume of SWC, bulk density (BD), specific surface area of soil particles, cation exchange 

capacity and salinity (Dobson et al., 1985; Owe et al., 2001).  Currently, most models apply soil 

texture maps, land use maps and elevation to obtain these data over large scales (Kerr et al., 

2012). 
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Several models have been formulated to estimate SWC from the dielectric constant   

attributed to soil (Wang and Schmugge, 1980; Dobson et al., 1985).  The Wang and Schmugge 

(1980) model applies an adjustable transition point based on wilting point to divide the influence 

of bound and free water resulting from differences in soil texture (Wang and Schmugge, 1980).  

The Dobson et al. (1985) model relies on two algorithms; a dielectric mixing model based on 

SWC, soil texture and BD, followed by a model to take into account the relative fraction of free 

vs bound water and change in conductivity with distance from surfaces (Dobson et al., 1985).  

Mironov et al. (2009) suggested that the Dobson et al. (1985) model experienced reduced 

accuracy with different soils not included in the regression equations.  Therefore, the model was 

further refined by Mironov et al. (2004, 2009) to contain a complex refractive index to 

proportion bound versus free water and included a method for deriving the Debye relaxation 

parameters.  The new generalized refractive mixing dielectric model (GRMDM) could now 

predict the complex dielectric constant over an extended frequency range (Mironov et al., 2004) 

and from clay alone (Mironov et al., 2009).   

Soil organic matter (SOM) (~1.72 soil organic carbon (SOC)) is not typically included in 

current remote sensing modelling applications.  Several studies have queried whether SOC in 

soil is a factor in the emissivity attributed to the dielectric constant; for example, O’Neill and 

Jackson (1990) tested soils with added compost, but found no significant difference in the loam 

soils with up to 6% SOC by weight.  However, Navar Khele et al. (2008) tested incremental rates 

of organic (compost) and inorganic (CaCO3) carbon added to soils in the lab and found a 60% 

increase in dielectric constant with organic amendments, a 10% increase with inorganic carbon 

and a 3-4 x increase in the dielectric loss, as measured with an X-band Microwave Transmission 

line waveguide.  Liu et al. (2013) studied 12 soils with a range in SOM from 0.03 to 18.0% with 
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the coaxial probe method in glass tubes.  A significant difference in the dielectric constant was 

observed between 4 and 18% SOM on clay soils at 6 GHz.  The higher SOM level reduced the 

dielectric constant in the SWC range of 0.1 and 0.40 m3 m-3, which modified the curve of the 

dielectric constant over the SWC range to a concave shape.  The imaginary or dielectric loss was 

also reduced, although to a lesser degree (Liu et al., 2013).  These recent results suggest that on a 

landscape scale where large changes in SOC do occur in the surface soil, the soil dielectric 

constant is indeed reduced by SOC (Liu et al., 2013; Nocita et al., 2011).  However, SOC has not 

been studied as an independent or contributing parameter (Liu et al., 2013) beyond communal 

soil properties.   

SOM is composed of organo-mineral complexes cemented by oxides (e.g. Fe) (Imhoff et 

al., 2002) and microbes (von Lutzow et al., 2006) over time and has been associated with 

increased aggregation in soils (Six et al., 2004a) and thus surface area (Dobson et al.,1985; 

O’Neill and Jackson, 1990).  The ability of SOM to increase the inflection point in the soil 

characteristic curve (de Jong et al., 1983), field capacity and wilting point of water (Hudson et 

al., 1994; Rawls et al., 2003), is associated with water in complex with and protected within 

aggregates (Six et al., 2004a).  Native prairie soil is characterized with improved soil pore 

structure (Undawatta et al., 2008) which could relate to the properties of SOM resulting in 

improved water holding capacity regardless of soil texture (Hudson, 1994).  SOM is able to 

constantly improve the water holding capacity of soil by rendering surfaces hydrophobic 

(Bachmann et al., 2008; Chenu et al., 2000) and thus protect aggregates from mineralization (Six 

et al., 2004a; Tarawally et al., 2004).  In Manns and Berg (2014) (Chapter 4) soil texture, BD, 

SOC and SWC were all significantly correlated over all soil textural classes, with the most 
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significant relationship between SWC and SOC over the fields examined during the 

SMAPVEX12 field sampling campaign. 

 Knowledge of the structure and composition of SOM and the effects of SOM on soil 

hydraulic properties suggests that changes in wilting point, transition point and field capacity 

found to improve remote sensing interpretation of SWC, could reflect the effect of SOM in the 

model equations.  Schmugge (1980) computed a percentage of field capacity rather than using 

absolute SWC to reduce variance in SWC estimation from remote sensing between soil texture 

groups and in essence, could also have accounted for SOM in the value of field capacity which 

improved the model fit.  The transition point where water switches from free to bound status, is 

also similar to the inflection point in the soil water characteristic curve, where water switches 

from pore water (free) to matrix water (bound to aggregates), which was shown to increase with 

SOM (de Jong et al., 1983).  The Land parameter retrieval model (LPRM) associated the 

dielectric constant with additional soil information, such as porosity and wilting point, which 

would take into account differences in surface to volume ratio with different soils and related 

water bonding (de Jeu et al., 2014).  The observation that the Fresnel laws work best in dry sand 

(Kerr et al., 2012) may apply to the absence of SOM in the soil when SOM is also not considered 

effectively in the model equations.  

The SMAPVEX12 field sampling campaign provided an opportunity to collect data for 

soil moisture algorithm development, providing an extensive data set of observed soil moisture 

conditions with coincident remotely sensed observations using the Passive Active L-band Sensor 

(PALS) instrument (McNairn et al., 2015).  The Manitoba fields presented optimum conditions 

for SWC observation with absence of significant elevation changes and a range of soil texture, 

plant crop and growth stage and SWC (Figure 5.2).  The Manitoba fields were relatively high in 
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clay and SOC (Manns and Berg, 2014), which may not have been encountered in previous 

sampling campaigns or testing.  This analysis examines the ground sampling SWC and soil 

variables from SMAPVEX12 as reported in Manns and Berg (2014) (Chapter 4) along with 

retrievals of SWC from the PALS flights.  The objective of this study was to test if SOC 

explained additional variability not currently accounted for in the transformation of PALS 

dielectric constant into SWC using the GRMDM model (Mironov et al., 2004).  Currently, soil 

texture is considered the major factor influencing the variability of space born measurements 

(Njoku and Jackson, 1996) and is the specific input into the Dobson et al. (1985) model.  An 

additional development in the GRMDM model is the use of clay alone to represent the effect of 

soil texture on SWC (Mironov et al., 2009).  However, SOC may explain additional variability to 

improve the calibration of remotely sensed SWC. 

 

5.2 Methods 

5.2.1  SMAPVEX12 field site  

The Soil Moisture Active Passive (SMAP) satellite that launched in January, 2015, will measure 

soil moisture and freeze/thaw globally on frequent intervals (Entekhabi et al., 2010).  A 

prelaunch algorithm development field sampling campaign was held from June 6 to July 19, 

2012 in an area of southeast Manitoba surrounding Elm Creek (98° 0’23”W, 49°40’48” N) 

(Figure 5.1) (McNairn et al., 2015).  The 250 km2 area comprised a range of field crops, forest 

vegetation and soil texture.  Fields to the east of the study site were characteristic of the Red 

River valley with heavy clay soils and level topography, while the western portion of the 250 

km2 area included sand and loam soils above the Pembina escarpment which were slightly 

elevated (30 m) compared to the clay soils.  The area was selected for the range of field crops 
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and covered a range of plant growth stages over the sampling period.  Winter wheat (Triticum 

aestivum) was at midgrowth stage while corn (Zea mays), soybean (Glycine max) and spring 

wheat were in emergence and seedling stage in early June at the onset of the study.  By the end 

of the sampling period in mid-July, wheat and oats (Avena sativa) were ready for harvest, Canola 

(Brassica napus) and soybean were at pod set and corn was at full height (3 m) and tasseled.  

 

  

 

 

Figure 5.1 Geographic view of the PALS soil water content for July 13, 2012, as an example of 

the area and distribution of PALS values (Shades of blue).  The SMAPVEX12 field sites are the 

gold squares.  PALS flight lines over the SMAP study area are shown. The yellow lines are at 

2750 m altitude and orange lines are 1200m altitude.  The yellow flight lines are interpreted for 

SWC as in the SWC example displayed over the field sites.   

Source:   (Pals flight lines from SMAPVEX12 Database report: 

https://smapvex12.espaceweb.usherbrooke.ca)   

 

 

https://smapvex12.espaceweb.usherbrooke.ca/
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Figure 5.2  Rainfall (Blue) and average daily soil water content over all fields during the 

sampling period.  The SWC was averaged by sampling time:  June 15, 22 (Black), June 25-29 

(Red), July 3 – 10 (Gold), July 12-17 (Green).   

Source:  Adapted from Manns and Berg (2014) (Chapter 4) 

While 55 agricultural fields in total were sampled in the SMAPVEX12 campaign, only 

39 are included in this analysis.  Some fields fell outside the PALS recording area (Figure 5.1), 

or had insufficient data collected from the ground studies.  The study commenced following 

drying weather with several week-long wetting and drying periods over the duration of the 

sampling time (Figure 5.2).  In this analysis, 11 sampling dates are included where both the 

PALS SWC and ground sampling data had adequate overlapping data.  To increase the sample 

sizes and highlight the changes in soil variables with SWC, rainfall and vegetation growth, 

adjacent sampling dates with similar SWC conditions were grouped (Figure 5.2):  Group 1: June 

15 and 22, group 2: June 25, 27, 29, group 3: July 3, 5, 10, group 4:  July 13, 14, 17.  These 

groups also corresponded to 1: high SWC, 2: declining SWC, 3:  low SWC, 4:  moderate SWC 

respectively, thus highlighting interpretation of major factors affecting SWC at different times 

during the sampling campaign.   
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5.2.2 Soil sampling 

SWC was sampled on the ground by Stevens Hydra Probes (Stevens Water Monitoring Systems 

Inc., Portland) on 17 sampling dates (Rowlandson et al., 2013).  On each field, SWC readings 

were recorded at 16 locations and collected over two transects with 75 m spacing on each of 39 

fields.  In this analysis, the three sampling points within the furrow at each sample location were 

averaged at each of the 16 locations, which were then further averaged by field. 

Soil cores were also taken on each field, each sampling day with a soil core 4.7 cm 

diameter x 4.6 cm depth as detailed in Rowlandson et al. (2013).  The soil cores were oven dried 

in the core ring at 105° C for 24+ h for determination of gravimetric SWC and BD used in the 

calculation of volumetric SWC (Rowlandson et al., 2013).  The dried soil cores were also 

retained after drying for determination of particle size by pipette method (Sheldrick and Wang, 

1993) and SOC.  Oven dried samples from 4 sampling dates were further ground to pass a 0.5 

mm sieve and heated at 375° C for 16 h for determination of SOC following Ball (1964) and 

Wang et al. (2011) as detailed in Manns and Berg (2014). 

 

5.2.3  PALS soil water content 

The Passive Active L-Band System (PALS) instrument is an airborne simulator of the instrument 

onboard the SMAP satellite that measures microwave backscatter and brightness temperature at 

L-band frequency (Wilson et al., 2001, Colliander et al., 2012, 2015).  During the ground 

sampling, the PALS instrument, mounted on a Twin-Otter aircraft, recorded measurements at 

low altitude (1200 m in N-S direction) and high altitude (2750 m in NE-SW direction) along  

predetermined flight lines (Figure 5.1) (Colliander et al., 2015).  The high-altitude parallel flight 

lines used in this study have spatial resolution of 1.4 km (McNairn et al., 2015).  
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The Single Channel Algorithm (Mladenova et al., 2012) was applied to these data for 

interpretation of the soil dielectric constant from the passive microwave radiometer reflectance 

measurements.  While the Wang and Schmugge (1980) model is traditionally used to translate 

the soil dielectric into SWC (Jackson, 1993; Jackson and Schmugge, 1991) in this instance, the 

GRMDM model (Mironov et al., 2004) was applied to translate the soil dielectric constant into 

SWC.  In order to compare the PALS SWC to measured SWC and soil variables, the PALS 

SWC values were first transferred into GIS (ArcMap 10.1) where they could be spatially mapped 

at 1.4 km resolution (e.g. Figure 5.1).  The PALS SWC values that applied to each 

SMAPVEX12 field site sampling location were then extracted from the PALS SWC maps.  The 

extracted PALS SWC values on each of 16 sampling points were then averaged to form a field 

average for each field site to be comparable to the averaged measured SWC for each field.   

  

5.2.4 Statistical analysis 

Data were analyzed with multiple regression using SAS proc REG (SAS 9.2, SAS Institute Inc., 

Cary, NC).  The PALS SWC data were regressed against measured SWC for the 39 fields to 

determine the amount of variability explained by the PALS SWC data.  The anomalies 

(differences) between PALS SWC and measured SWC were computed as PALS SWC minus 

ground SWC for all sampling times and fields and averaged by sampling time group.  Since there 

is a significant trend in SWC variability with increasing SWC in this data (Manns and Berg, 

2014) as is frequently found with multi-field soil water content sampling (Famiglietti et al., 

2008), the relative anomalies were computed as well for subsequent analysis following equation 

(1).   

Relative anomaly = (PALS SWC – ground SWC) / PALS SWC                    (1) 



 92 

The soil variables (SOC, sand percentage, clay percentage and BD) were regressed 

individually to the absolute and relative SWC anomalies to compare the total variability 

expressed by each variable alone.  Soil data are inherently correlated, as the texture and porosity 

influence the amount of water held in the soil (Edwards, 1985).  The amount of variability 

explained by each variable beyond the common variance was provided by the partial least 

squares analysis (PLS) (Type II Sum of squares in SAS proc REG) along with the associated 

statistical significance (p) values.  The p values assisted comparison of PLS between soil textural 

groups with various sample sizes.  The PLS analysis also avoids variance inflation due to 

multicollinearity of soil data (Aguinis and Gottfredson, 2010) as discussed in Chapter 4.  The 

PLS analysis was repeated for the 4 sampling date groupings and for the average of all 11 

sampling dates over the 39 fields and for the fields divided by soil textural class 

(Sand/Loam/Clay). 

 

5.3 Results and Discussion 

5.3.1 PALS soil water content  

The calibration of a soil dielectric model to field sampled SWC may result in a more accurate 

retrieval than by employing general algorithms (de Jeu et al., 2014; Njoku and Entekhabi, 1996).  

Therefore, it is beneficial to test the general model prior to adjustment for specific soil 

parameters.  Over SMAPVEX12, the PALS SWC averaged over all dates and fields explained 

42% of the variability in measured SWC with a root mean square error (RMSE) of 0.04 m3 m-3 

(Figure 5.3).  The retrieval overestimated the field sampled SWC in dry conditions, and 

underestimated the ground sampled SWC in wet conditions.   
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Figure 5.3  Linear regression of PALS estimated SWC to measured SWC.  The regression 

equation, R2 and RMSE are shown, along with the 1:1 line of measured. 

 

The anomalies between PALS SWC and measured SWC are a basis for detecting what 

factors are most influential for explaining the controls on the variance of PALS SWC as a 

function of soil wetness.  When the SWC absolute anomalies (Figure 5.4a) and relative 

anomalies (Figure 5.4b) were regressed on SOC, the trend is visibly non-linear.  The absolute 

SWC anomalies optimally fitted a sine function (0.06*(SIN(0.11*(SOC - 2))) - 0.015) with R2 = 

0.47 (p < 0.001), RMSE = 0.042 over all sampling dates and fields (Table 5.1).  Nonlinearities in 

SWC have been recognized at the extremes of moisture (Choi et al., 2007; Famiglietti et al., 

1999, 2008).  In remote sensing, the rate of change of bound vs free water is reduced at the 

extremes of wet and dry soil.  In very dry soil, the increased binding of water in dryness restricts 

dipolar movement resulting in a nonlinear relationship (Fernández‐Gálvez, 2008; Wang and 

Schmugge, 1980).  In very wet conditions the dielectric constant has been observed as 

curvilinear to relative saturation as well (Scudiero et al., 2012).  Liu et al. (2013) also found the 

PALS  = 0.4453 x SWC + 0.1037
R² = 0.41
p < 0.001

RMSE = 0.041
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dielectric constant to increase curvilinear to SWC and decrease with increased SOC in a 

laboratory study.  

 

 

 

Figure 5.4  Regression of a) absolute and b) relative anomalies between PALS SWC and 

measured SWC to SOC showing the fitted sine curve, as a function of SOC.  The anomalies are 

averages of 2-3 sampling dates at 4 different times. 
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Table 5.1:  Linear regression of PALS SWC anomalies and relative anomalies on each 

individual soil variable over all fields (n = 39) for the average of all sampling dates, and by 

sampling group.  The R2 and RMSE are shown for comparison.  P values are significant at < 

0.05 (.), 0.05*, 0.01**, and 0.001***. 

 

  

 

Table 5.2:  Pearson correlation coefficients between soil variables and ground sampled soil 

water content from SMAPVEX12 over all fields, sample locations, and 3 sample points, and 

averaged over all sampling dates.  n = 39, and all r values are significant at p < 0.001. 

 

  SWC SOC Sand Clay BD 

SWC 1     

SOC 0.92 1.00    

Sand -0.90 -0.90 1.00   

Clay 0.86 0.86 -0.97 1.00  

BD -0.84 -0.90 0.87 -0.87 1.00 

 

 

SOC BD Clay Sand

n R2 p RMSE R2 p RMSE R2 p RMSE R2 p RMSE

All dates 39 0.47 *** 0.042 0.41 *** 0.044 0.42 *** 0.044 0.37 *** 0.045

Jun15-22 39 0.47 *** 0.069 0.47 *** 0.070 0.47 *** 0.070 0.42 *** 0.072

Jun25-29 39 0.49 *** 0.048 0.37 *** 0.054 0.46 *** 0.049 0.43 *** 0.051

July3-10 39 0.41 *** 0.049 0.36 *** 0.050 0.34 *** 0.051 0.33 *** 0.052

July13-17 39 0.20 ** 0.042 0.14 * 0.043 0.11 * 0.044 0.09 * 0.045

All dates 39 0.33 *** 0.288 0.24 *** 0.307 0.22 ** 0.311 0.21 ** 0.314

Jun15-22 39 0.58 *** 0.189 0.52 *** 0.203 0.51 *** 0.204 0.50 *** 2.067

Jun25-29 39 0.21 ** 0.529 0.13 * 0.553 0.13 * 0.553 0.12 * 0.556

July3-10 39 0.40 *** 0.277 0.32 *** 0.294 0.28 *** 0.303 0.27 *** 0.305

July13-17 39 0.16 ** 0.317 0.10 * 0.328 0.09 * 0.330 0.07 . 0.334

SWC anomalies

Relative SWC anomalies
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5.3.2 Regression of SWC to soil variables  

Linear regression was performed between the absolute anomalies of remotely sensed SWC and 

observed SWC for each soil variable.  Of the 4 variables, SOC explained more variance in the 

SWC anomalies (47%) compared to BD (41%), clay (42%) and sand (37%) in the average of all 

fields over all sampling times, although all variables represented similar variability and were 

significant at p < 0.001 (Table 5.1).  The relative anomalies expressed the difference between 

PALS and measured SWC without the influence of a SWC trend which was significant during 

the dry sampling times (Chapter 4).  The relative SWC anomalies (Equation 1) between PALS 

and measured SWC explained lesser variability than the absolute anomalies, but in a similar 

order, ranging from 33% of variability explained by SOC to 21% by sand, with all variables 

statistically significant (p < 0.01) (Table 5.1).   

However, the variability explained by each soil variable cannot be considered unique, as 

there is high correlation among the variables (Table 5.2).  The multiple regression using PLS 

separated the additional unique variance of each variable after accounting for the 

multicollinearity of the soil variables.  The PLS analysis also increased the significance of the 

regression equations compared to the single variable analysis and thus gave a better comparison 

between sampling times particularly when sample size was reduced with soil texture grouping. 

In analysis of SWC anomalies by PLS, SOC was the major significant variable at all 

sampling times (Table 5.3).  Sand and clay improved the regression equations in all but very dry 

conditions in the analysis of the absolute anomalies.  Where the significance of the regressions 

was reduced in the relative anomalies, SOC alone was the optimal regression equation (Table 

5.4).   This implies that more of the variability in SWC not accounted for in the PALS general 

algorithm may be captured by SOC than by any other single variable.  SOC was correlated 
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higher to SWC (r = 0.92, p < 0.001) than the other soil variables, when averaged over all fields 

and sampling times (Table 5.2) similar to the correlation of the mid-row samples analysed in 

Manns and Berg (2014) (Chapter 4). 

 

5.3.3 Soil texture 

To further understand the relationship of SOC to the differences observed between the PALS 

retrieved and field observed SWC, the relative anomalies were subdivided by major soil type and 

within soil type over the 4 sampling time periods (Table 5.4).  The highest R2 values were 

observed in sand soils with the multiple regression of SWC relative anomalies dominated by BD 

at all sampling times.  SOC was most influential in loam soils, but the result is inconclusive as 

regressions were below significance levels (of note, subdivision of the data resulted in small 

sample sizes).  Clay and sand percentage were the dominant factors in regressions on clay soils 

over all sampling dates, but SOC explained the most variability in SWC anomalies during the 

wettest sampling period.  In other remote sensing studies, the most accurate remote sensing  

 

Table 5.3  Multiple linear regression of PALS anomalies using partial least squares regression to 

the soil variables over all sampling dates and within sampling groups.  n = 39 fields.   The total 

regression R2, significance value, and RMSE are shown, along with the partial sum of squares 

attributed to each variable and significance.  P values are significant at < 0.05 (.), 0.05 *, 0.01**, 

0.001***.  Bulk density was not a factor in this analysis, and is not displayed.   

 

        Sand   Clay   SOC   

  R2 p RMSE SS2 p SS2 p SS2 P 

All Dates 0.50 < 0.001 0.040 0.005 . 0.007 * 0.013 ** 

Jun 15-22 0.50 < 0.002 0.067 0.008 . 0.017 . 0.021 * 

Jun 25-29 0.50 < 0.003 0.047 0.003 . 0.006 . 0.012 * 

July  3-10 0.41 < 0.004 0.049     0.064 *** 

July 13-17 0.24 0.006 0.041 0.006 . 0.004 . 0.012 ** 
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Table 5.4  Multiple linear regression of the PALS relative anomalies using partial least squares 

regression to the soil variables.  The total regression R2, significance value, and RMSE are 

shown, along with the partial sum of squares attributed to each variable and significance.  P 

values are significant at < 0.05 (.), 0.05 *, 0.01**, 0.001***.  Regressions are shown for all 

fields (n = 39), for all dates, and by sampling group.  Regressions are further divided into soil 

textural class for all dates, and for each sampling group.    

 

          Sand   Clay   SOC   BD   

  n R2 p RMSE SS2 p SS2 p SS2 p SS2 p 

All fields 39 0.33 0.000 0.288     1.661 ***   

Jun15-22 39 0.58 0.000 0.189     1.923 ***   

Jun25-29 39 0.21 0.022 0.526     3.016 **   

July3-10 39 0.40 0.000 0.277     2.001 ***   

July13-17 39 0.19 0.015 0.310 0.325 . 0.185 . 0.611 *   

             

By soil Texture            

    All dates             

Clay 20 0.10 . 0.251 0.171 . 0.247 .     

Loam 11 0.14 . 0.386 0.310 .   0.537 .   

Sand 8 0.69 0.023 0.094   0.014 .   0.114 * 

    Clay             

Jun15-22 20 0.20 0.029 0.172     0.167 *   

Jun25-29 20 0.00 .          

July3-10 20 0.09 . 0.278 0.145 . 0.255 .     

July13-17 20 0.22 0.048 0.297 0.378 . 0.590 *     

    Loam             

Jun15-22 11 0.23 . 0.242       0.234 . 

Jun25-29 11 0.15 . 0.568 0.884 .   1.086 .   

July3-10 11 0.14 . 0.342 0.167 .   0.425 .   

July13-17 11 0.20 . 0.330 0.429 . 0.243 . 0.571 .   

    Sand             

Jun15-22 8 0.34 . 0.080       0.029 . 

Jun25-29 8 0.79 0.025 0.145 0.214 * 0.201 *   0.604 ** 

July3-10 8 0.40 . 0.129   0.094 .     

July13-17 8 0.57 0.019 0.156       0.2486 * 

 

applications have been reported in sand soils (de Jeu et al., 2014; Kerr et al., 2012; Njoku and 

Entekhabi, 1996).  This may infer that in drier and sandier soils, the interaction of clay and SOC 

with SWC is minimal, reducing interference with the interpretation of the dielectric constant. 
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Mironov et al. (2009) reported improvement to the Dobson model by basing the soil 

physical factors on clay % alone.  Our data show the effect of clay individually is greater than 

sand but secondary to SOC or BD.  This may reflect the calibration of the Mironov et al. (2009)  

model to clay.  Analysis of the relative anomalies on clay soils in this analysis demonstrated that 

the effect of clay was significant in dry conditions, but was superseded by SOC in wet soils.  In 

this analysis, SOC may be exhibiting a similar effect as clay on the dielectric constant.  The 

electrical conductivity in clay is related to the surface charge density in association with the 

cation exchange capacity (Dobson et al., 1985).  Both SOC and clay have similar electrical 

conductivity in soils associated with their cation exchange capacities (Bortoluzzi et al., 2006).  In 

soils with high (> 3%) SOC, both SOC and clay may have unique and/or interactive effects on 

the dielectric constant of soil that have not been identified.  It is possible, that SWC bonding 

within SOM molecules, as shown by Schulten and Schnitzer (1997), could increase the binding 

of SWC as demonstrated in Liu et al. (2013) compared to an effect of clay on SWC alone. 

 

5.3.4  Bulk density 

Bulk density was also a significant factor in the relative SWC anomaly regression by PLS in 

drying and dry conditions in sand and loam soils (Table 5.4).  Although a very general 

application of BD on porosity may have been included in Mironov et al. (2009) model as 

detailed in the Dobson et al. (1985) model from which it is derived, a significant effect of BD 

suggests a trend in BD exists that is not incorporated into the current model calibrated with clay.  

Bulk density is normally assumed to increase with clay content and decrease with sand.  

However, SOC is highly correlated with clay, yet increasing SOC decreases the BD.  On clay 

soils, SOC reduces water retention in very wet conditions through decreased BD, thus increasing 
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drainage compared to the effect of clay alone (Chen et al., 1998).  In the SMAPVEX12 ground 

sampling analysis, BD decreased with increasing clay, which can be attributed to the covariance 

of clay with SOM at the same time (Figure 5.5).  This trend may not be included in the Mironov 

et al. (2009) model and thus appears as unaccounted for variability in the relative SWC 

anomalies. 

 

5.3.5 Soil organic carbon in remote sensing 

When the relative SWC anomalies were grouped by sampling time, SOC explained more 

variability than any other single variable.  While all soil variables share a common variability 

due to the multicollinearity of soils (Edwards, 1985), SOC also has unique variability in regards  

 

 

Figure 5.5  Linear regression of soil organic carbon (g kg-1) and bulk density (g cm-3) on clay %.  

n = 39.  Regression equations, R2 value and p are shown. 

 

to the bonding of water (Liu et al., 2013) and electrical conductivity in soil (Bortoluzzi et al., 

2006).  The impact of SOM has previously been tested by O’Neill and Jackson (1990), but no 

SOC = 0.4382 x Clay + 15.052
R² = 0.74
p < 0.001

BD = -0.0049 x  Clay + 1.2449
R² = 0.76
p < 0.001
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significant change in interpretation of remotely sensed dielectric constant was noticed in loam 

soils with added compost forming up to 6% SOC, representative of agricultural soils.   

The type of compost may have affected the study results of O’Neill and Jackson (1990), 

as soils which have been composed of ‘stable’ organic matter, also include bonding by clay 

minerals and Fe and Mn bonds in particular (Imhoff et al., 2001).  Fresh compost in the absence 

of soil transformations and microbial bonding may not have the same ability to bond soil water 

and thus affect the dielectric constant.  A certain amount of water is bound within and to the 

aggregate surfaces (Six et al., 2004a), and thus significant levels of SOM could have an effect on 

the dielectric constant similar to clay (Liu et al., 2013).  Indeed, at high levels of SOC, the SWC 

derived from the GRMDM model is underestimated (Figure 5.3), consistent with reduced free 

water, although the water may simply be more bound.  As Schmugge (1980) pointed out, 

although normalizing the remote sensing data for soil texture brought the estimated SWC into 

line with actual SWC, the correlation of field capacity to SWC remained unchanged.  This 

suggested that SWC was affected by another factor other than texture (Schmugge, 1980). 

Soil texture is primarily used to represent soil factors affecting the dielectric constant 

(Dobson et al., 1985; Njoku and Entekhabi, 1996; Owe et al., 2001; Wang and Schmugge, 1980).  

In soils with low SOC the effect of texture could include minimal effects of SOM which are not 

detectable beyond variability of soil (O’Neil and Jackson, 1990).  However, in soil with high 

SOC, such as the clay soils of the SMAPVEX12 site in Manitoba, our study results suggest SOC 

can significantly affect the SWC and also the dielectric constant by influencing the binding (and 

thus electrical activity) of water (Liu et al., 2013).  Understanding SOC in SWC may explain 

why the Dobson model is superior in higher SWC (where BD in the model takes SOM into 

account), and the Wang and Schmugge (1980) model is superior in dry soil (low SOM) 



 102 

conditions (Mladenova et al., 2014) where the Dobson model does not capture soil differences 

well (Dobson et al., 1985).    

Models frequently employ land cover and soil data bases for interpretation of soil factors 

(Njoku and Entekhabi, 1996; Kerr et al., 2012).  Our data suggests that SOC may be an 

additional factor beyond soil texture that is likely of equal or greater importance than BD for 

determination of SWC range.  In contrast to studies that seek to decouple the contribution of 

each soil parameter (Piles et al., 2010), this study has shown the interconnectivity of the soil 

variables and how each one contributes unique variation depending on the wetness regime and 

soil texture.  The high correlation of soil variables to SWC suggests soil texture is not necessarily 

an essential measure to interpret the soil dielectric constant from space as suggested originally by 

Schmugge (1980) and more recently by de Jeu et al. (2014). 

In large scale remote sensing, it has been suggested that if ancillary data is unavailable or 

unreliable, a justifiable method is to make no soil calibration and instead allow the end user to 

adjust the SWC with known site specific data (de Jeu et al., 2014; Njoku and Entekhabi, 1996).  

Specifically with determining satellite retrieval algorithms, comparing the dielectric constants 

directly could reduce uncertainties resulting from maps and mixing models (de Jeu et al., 2014).  

In-situ data could be directly related to the dielectric constant to explore the significant factors in 

SWC (Colliander et al., 2012).   Direct input of soil characteristics to the dielectric constant 

without prior soil parameter adjustment may be beneficial to determine the significance of SOC.  

SOC has potential in the field of remote sensing to improve the interpretation of the soil 

dielectric constant over soil texture alone and to reduce the data requirements for SWC modeling 

at field scale. 
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5.4 Conclusion 

SOC explained more variability in the absolute and relative anomalies between the PALS SWC 

and measured SWC than soil texture or BD.  SOC alone explained 47% of the variability over all 

sampling dates, with the greatest effect in loam soils and explained much greater variability in 

SWC than texture or BD with drying and dry soils.  In wet conditions, all soil variables 

explained similar variability (from 40 to 50%).  The ability of SOC to explain the variability in 

the relative SWC anomalies could result from the greater surface area for the binding of water 

molecules that reduces the dielectric constant of soil, or the independent electrical conductivity 

of SOC, neither of which have been taken into consideration in remote sensing reflectance 

interpretation.  SOC is thus a factor in soil that has not been detectable at low SOC levels, but in 

the high clay and high carbon soils of the Canadian Prairie, appears to be an important factor that 

could improve the interpretation of the dielectric constant recorded in space over broad scales. 
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CHAPTER SIX 

 

FORWARD AND INVERSE MODELLING BETWEEN SOIL ORGANIC CARBON AND SOIL 

WATER CONTENT IN CANADIAN PRAIRIE SOILS  

Canadian Water Resources Journal, under review, awarded the Bill Stolte student paper award at 

the CWRA annual meeting, 2014.  

 

 

Abstract  

Remote sensing can potentially provide high resolution soil water content (SWC) with vast and 

frequent global coverage.  The SWC from the soil reflectance is interpreted from the soil 

conditions in the surface 5 cm, which is also the depth where maximum soil organic carbon 

(SOC) commonly occurs.  The relationship between SOC and SWC is not distinct from the 

influence of soil texture on SWC in current hydrological models.  The Soil Moisture Active 

Passive Validation Experiment 2012 (SMAPVEX12) field sampling campaign in southern 

Manitoba provided both SWC and SOC data over 3 soil textural classes and a range of soil 

wetness conditions.  The dataset was used to assess the relationship between SWC and SOC in 

cropland fields for environmental modelling.  In this study, the multiple regression relationships 

established between SWC and SOC during SMAPVEX12 over specific water content ranges 

when averaged over 50 fields were applied to the SWC sampled in 2008 on fields in the same 

vicinity as SMAPVEX12 to estimate SOC.  The forward modelling to predict SOC from 2008 

measured SWC using the ‘dry’ regression equation resulted in an estimate of SOC for 2008 that 

was closely related to that observed in 2012 with a root mean square error (RMSE) of 7.2 g kg-1 

(0.7%) SOC.  Similarly, using 2012 measured SOC patterns on the 2008 field sites, field mean 

SWC of the 5 sampling dates for 2008 was predicted using inverse modelling from the ‘dry’ 

sampling time with an RMSE of 0.033 m3 m-3 (3.23%).  The application of SOC as a predictive 
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variable for field mean SWC when integrated over time could be valuable as a covariate and 

boundary range in geostatistical downscaling from satellite SWC measurements in locations 

where soil characteristics, such as SOC are the major influence on SWC variability.  Likewise, 

persistent patterns in SWC could have an additional application in estimating SOC for ecosystem 

analysis.  

 

6.1 Introduction 

Remote sensing of soil water content (SWC) will promote a new dimension in our understanding 

of factors affecting variability of SWC and in the surface soil layer (< 5 cm) in particular, in 

order to improve our interpretation of the surface reflectance measured from space.  Our existing 

knowledge and modelling of soil derives from the use of soil texture to differentiate the soil 

water characteristic curve and hydrological function (Hudson, 1994; Tuller and Or, 2004).  Soil 

texture may remain the dominant factor on SWC over large spatial and temporal scales and to 

depth, where drainage has the major discernible impact (Cosh et al., 2004; Jawson and Niemann, 

2007; Kim and Stricker, 1996).  However, hydrological models have recently characterized the 

effect of soil organic carbon (SOC) within field scales and incorporated findings illustrating 

consequent changes in infiltration, division of run-off, field capacity, saturated hydraulic 

conductivity and the rate of soil drying from increasing SOC demonstrated by Hudson (1994).  

SOC is now considered in relation to soil porosity in some models, as has been discussed by 

several authors (Pollacco, 2008; Rawls et al., 2003).   

The relationship between SOC and SWC has been developed primarily in agriculture in 

regards to the effect of SWC on crop growth and yield (Gan et al., 2012; Gregory et al., 2005; 

Reynolds et al., 2014).  Studies have revealed that SOC is associated with the plant available 
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water in long-term trials in Ontario (Reynolds et al., 2014) and in Minnesota (Gregory et al., 

2005).  To cite a few of many studies on agricultural soils, SOC has been related to increases in 

aggregate size (Franzluebbers, 2002; Manns et al., 2007; Tisdall and Oades, 1982), porosity 

(Shaver et al., 2002), infiltration (Franzluebbers, 2002) and water retention (Gregory et al., 2005) 

and to decreases in bulk density (Blanco-Canqui and Lal, 2007).  The influence of SOC on SWC 

has been especially noticeable in dry conditions (Imaz et al., 2010) from the direct effect of SOC 

on water retention at wilting point (Rawls et al., 2003) although the results in literature vary 

greatly with soils and location.  Where SOC is high, plants are able to maintain water uptake and 

thus transpire for longer duration, thereby increasing their carbon input into soil and growth 

processes in water stressed conditions (Entz and Fowler, 1989).   

The effort to derive SWC from satellite imagery and remote sensing on a global scale has 

stimulated interest in examining the factors affecting SWC variability.  In preparation for the 

launch of the Soil Moisture Active Passive satellite in 2015 (Entekhabi et al., 2010), a SWC  

ground sampling campaign near Carman, Manitoba in 2012 presented an opportunity to test the 

relationship between SOC and average SWC over multiple fields (Manns and Berg, 2014; 

McNairn et al., 2015).  As part of the Manns and Berg (2014) study (Chapter 4), the relationship 

between the SOC and inter-field SWC variability was established over 6 weeks with variation in 

wetting and drying, and during selected wetting, drying and dry conditions.  Although soil 

texture explained greater variability in SWC in wet and moist soil conditions, during very dry 

sampling times, SOC explained greater variability for estimating the inter-field SWC patterns 

than sand or any other soil characteristics (64% of variation explained) (Manns and Berg, 2014).  

The amount of variability in SWC expressed by SOC established in the Manns and Berg 

(2014) study (Chapter 4) implies SOC may be beneficial in the downscaling of SWC from 
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satellite, or conversely, to map SOC from SWC distribution obtained from remote sensing.  

However, the extent and confidence with which these variables can be applied over various 

landscapes and rainfall conditions is not yet tested.  Therefore the purpose of this paper is to 

develop forward and inverse modelling of SOC and time averaged SWC to test if the 

relationships developed over SMAPVEX12 fields in a wide range of soil texture, SOC and 

wetness can be applied to other fields and rainfall conditions and over different time periods. 

 

Figure 6.1  Map of southern Manitoba showing 2008 and 2012 (SMAPVEX12) field sites.  The 

soil textural divisions are shown as well.   
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Multiple fields in the same vicinity as SMAPVEX12 (Figure 6.1) had been previously 

sampled for SWC in spring 2008 (Manns et al., 2014; McNairn et al., 2012) (Chapter 3).  The 

2008 SWC sampling followed 3 weeks without rain, resulting in SWC measured in very dry soil, 

providing an opportunity to validate the relationship between SOC and SWC from very dry soil 

sampling times during SMAPVEX12.  The ability to improve SWC estimation in dry conditions 

would be advantageous, as there is also the greatest difficulty in predicting SWC due to non-

linearity and increased variability of SWC (CV) in dry soils (Choi et al., 2007; Famiglietti et al., 

2008; Teuling et al., 2007).   

 

6.2 Methods 

6.2.1 Study site and SMAPVEX12  

Agricultural fields around Elm Creek, Manitoba (98° 0’ 23”W, 49° 40’ 48”N) were selected for 

the pre-launch evaluation of the algorithms to be used for the retrieval of soil moisture by SMAP 

(McNairn et al., 2015) (Chapter 4).  As part of the evaluation, the aerial measurements of SWC 

obtained with the PALS (Passive Active L-band Sensor) instrument were compared to the 

ground sampling SWC by Stevens Hydra Probes (Stevens Water monitoring Systems Inc., 

Portland) as detailed by Rowlandson et al. (2013) and McNairn et al. (2015).  Probe samples 

measured volumetric SWC to 5 cm depth which is slightly less than the 5.7 cm length of the 

probe and also the approximate limit of SWC detection from remote sensing (Adams et al., 

2013a).  The sampling design comprised 8 sample points at 75 m intervals in two transects, 200 

m apart, for a total of 16 sample locations in 55 fields.  At each location probe samples were 

taken 3 times; between the plants in the row, ¼ way between rows and ½ way between the crop 

rows.  For this analysis, an estimate of the field average SWC was obtained by averaging the 3rd 

sampling location between the rows to match the SWC of the core samples for all 16 sample 
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locations in each field on each sampling date.  The soils were sampled on 16 days between June 

7 to July 19, 2014, covering a range of growth periods for various agricultural crops; primarily 

wheat (Triticum aestivum), canola (Brassica napus) and soy beans (Glycine max).  Pasture fields 

were omitted from this study due to high variability in SWC, thus reducing the analysis to 50 

cropland fields.   

 

6.2.2 SMAPVEX12 soil laboratory procedures 

 

A single soil core, 4.7 cm diameter x 4.6 cm deep, was taken from each field on each SWC 

sampling day to evaluate bulk density, soil particle size and SOC.  Soil cores were dried at 105° 

C for determination of gravimetric and volumetric water content and bulk density.  Several of the 

dried soil cores were also retained for estimation of particle size (Sheldrick and Wang, 1993) and 

SOC.  The dried samples from four randomly selected dates were further ground to < 0.5 mm for 

evaluation of SOC by loss of mass on ignition at 375° C in a muffle oven (Wang et al., 2011).  

The four SOC figures for each field were averaged into a field mean SOC that was applicable to 

all sampling times. While SOC has been reported in g kg-1 and SWC in m3 m-3 throughout this 

thesis, in this chapter, SOC is reported in % gravimetric (g) and SWC in % volumetric (v/v) to 

match the common unit for the semivariance (%2) in geostatistical analysis. 

 

6.2.3 2008 soil sampling study 

  

In the same area of Manitoba as SMAPVEX12, soils were also sampled for SWC on 46 fields on 

5 sampling dates in spring, 2008 (Figure 6.1) for a soil moisture campaign centered on the 

relationships between RADARSAT-2 active microwave backscatter and measured SWC 

(McNairn et al., 2010; McNairn et al., 2012) (Chapter 3).  The soils and spatial variability in 
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SWC during the campaign were previously detailed in Manns et al. (2014) (Chapter 3).  Soil 

moisture readings were recorded with Theta impedance probes (Delta-T, Cambridge, England) to 

6 cm depth on Apr 23, 30 and May 10, 17 and 18 with 30 m spacing in a 4x4 grid in each field.  

Measurements were taken between the plants in the row and laterally on the side of the planting 

ridge and midway between the rows at each sample location.  Also, a SWC reading was taken 

both under residue and on bare soil at the mid-row location as detailed by Manns et al. (2014).  

For this analysis, a field average SWC was calculated for each field and each sampling date that 

included all measurements in relation to the applicable distance within the furrow (see details in 

Manns et al., 2014 (Chapter 3)). 

 

Table 6.1  Geostatistical parameters of the SOC and SWC during wet, drying and dry sampling 

times, and their covariance models.   

  SOC   Soil water content (%)   SOC x SWC cross variogram 

        Wet  Drying    Dry   Wet Drying Dry 

Nugget (%2) 0.19  18.30 14.60    8.39  1.04 1.28 0.70 

Sill (%2) 1.81  143.07 142.48  53.51  13.86  12.64 8.13 

Range (m) 4600   6073  6120 4907  5000   5000 5000 

 

No soil core samples were taken in 2008 that would enable SOC measurement, however, 

SOC was determined for each field from the 2012 SOC measurements as outlined on Figure 6.2.  

The 2012 measured SOC was mapped over the 250 km2 domain sampled in 2008 with the 

kriging method in ArcGIS 10.1 using the following geostatistical properties; nugget – 0.19 %2, 

sill – 1.81 % and range – 4600 m.  These parameters were obtained with a Gaussian model which 

provided the best fit in experimental semivariograms (Table 6.1, Appendix D).    From the 

resulting SOC map (Figure 6.2), the SOC values were then extracted for the 2008 field sites.  

The interpolation of the SOC values was further validated using the “Leave-one-out” method 
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(Asa et al., 2012).  For each of 10 random trials, 5 fields were omitted and the resulting SOC 

values applied to the 2008 field sites were tested with regression to the estimated SOC 

determined from SWC.  The RMSE from each trial were not significantly different by t-test 

among trials, or to the RMSE from the SOC estimated from SWC (Table 6.2). 

 

  

Figure 6.2  Flow chart of methods for forward modelling of  SOC from SWC and inverse 

modelling of SWC from SOC.   

 

6.2.4 Modelling SOC and SWC 

As discussed previously, the purpose of this analysis was to develop forward and inverse 

modelling of SOC and SWC and to establish how well the inter-field SWC variability and its 

relationship to SOC could be used to predict inter-field SWC variability observed at different 

time (wetness) periods.  Following Manns and Berg (2014), regression relationships were 

established between SOC and SWC over the dry sampling dates of June 29, July 3 and July 10, 

2012 (15.9 ± 6.0 % v/v, mean and standard deviation) of the SMAPVEX12 campaign.  During 
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SMAPVEX12, inter-field SWC variability could be best predicted using an exponential formula 

(Equation 1) and SOC could be optimally predicted by a logarithmic formula (Equation 2).   

SWC (% v/v) = 6.5853 [𝑒𝑥𝑝(0.254(𝑆𝑂𝐶%))]    (R2 = 0.63)   (1) 

SOC (% g) = [2.4862(𝐿𝑁(𝑆𝑊𝐶%))] − 3.5156  (R2 = 0.63) (2) 

 

6.2.5 Statistical Analysis 

 

SWC exhibited normal distribution in both 2008 and 2012 data sets as confirmed by the 

Shapiro-Wilk (W) statistic from the PROC univariate function in SAS 9.2 (SAS Institute Inc., 

Cary, NC).  The mean measured SWC over each field in 2008 was compared to the estimated 

2008 SWC obtained by applying the 2012 regression equation for SWC from SMAPVEX12 dry 

days (Equation 1) to the interpolated geographical distribution of SOC derived from the 2012 

SOC on 2008 field sites (Figure 6.3).  Likewise, the interpolated SOC values for each field in 

2008 were compared to the estimated SOC obtained from Equation 2 and the field mean of 

measured SWC in 2008.  The accuracy of the regressions was reported as the amount of variance 

explained (R2) in the regression and the root mean square error (RMSE), which is the sum of 

error between the measured and estimated values.  The measured values were plotted against the 

predicted values for both SOC and SWC.    

Geostatistical parameters of the SMAPVEX12 study sites were computed with R© (2008) 

statistical software version 2.14 to establish the significance of autocorrelation between SOC and 

field averaged SWC and acquire spatial statistics that were input for the Kriging function for 

interpolation of the SOC data points across the sampled area (Table 6.1). 
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Table 6.2:  Summary of validation of interpolation of SOC from 2012 measurements to 2008 

field sites by “leave-1-out” trials, omitting 5 fields each time, for 10 trials.  The details are 

presented in Appendix A.  Statistics are summarized here in comparison to SOC mapped for all 

fields, and estimated from SWC equations.   

 

  SOC   RMSE R2 

  Mean (%) Std (%)     

SOC estimated from SWC 2.87 0.91   

SOC from all fields 3.01 1.09 0.71 0.39 

SOC interpolation trials 2.99 0.05 0.72 0.36 

 

 

Figure 6.3:  Interpolation of soil organic carbon over the 2008 field area using the Geostatistical 

parameters in Table 6.1 for kriging in ArcGis 10.1.  The 2008 field sites are shown.  
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Table 6.3  SWC means and standard deviation and coefficient of variation at all 5 sampling 

times during the 2008 study.  The fit of the estimated SWC from SOC to the measured SWC on 

each sampling date is evaluated with R2, p and RMSE.  The number of fields (n) varies with 

sampling date.  p values are significant at p< 0.05. 

Sampling time Soil water content    Regression fit   

  n mean (% ) Std (% ) CV R2 p RMSE 

23-Apr 35 13.4 3.6 0.27 0.08 0.055 3.8 

30-Apr 38 14.3 4.7 0.33 0.23 0.001 3.6 

10-May 34   9.5 4.5 0.47 0.40 0.000 3.3 

17-May 38 15.9 4.7 0.30 0.32 0.000 3.4 

18-May 38 15.3 5.7 0.37 0.49 0.000 2.9 

        

All dates 39 13.9 4.4 0.32 0.36 0.000 3.3 

 

 

6.3 Results/Discussion 

The mean SWC over all fields was less than 16.0 % v/v on each sampling date (Table 6.3) during 

the 2008 sampling campaign after three weeks without significant rainfall.  SOC was predicted 

for the 2008 field sites, based on the measured SWC and the regression equation (Equation 2) for 

SOC derived from SMAPVEX12 dry sites.  The resulting SOC compared to the SOC mapped 

from 2012 measurements with an R2 of 0.366, p <0.001, n = 38 and RMSE of 0.7% (Figure 6.4).  

Similarly, the inverse equation from SMAPVEX12 (Equation 1) predicted average SWC in 2008 

from the mapped SOC of the 2008 sites to R2 of 0.39, p < 0.001 and RMSE of 3.23%  (Figure 

6.5).   

In both figures 6.4 and figure 6.5, the estimated values appear visually balanced between 

over and under predictions across the range of SWC and SOC, suggesting the regression 

equations were accurate in the trend and range of values.  The ability to predict the mean of the  
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Figure 6.4  Comparison of estimated to measured soil water content (% v/v), for all field sites (n 

= 38) in relation to the 1:1 line. 

 

Figure 6.5   Comparison of estimated to measured soil organic carbon (% g) in reference to the 

1:1 line for the 38 fields in 2008.   

data distribution may be valuable for remote sensing if the variability of SWC is previously 

established, thus allowing a range of values to be predicted that would cover variability due to  

soil texture within the wetness range.  The prediction of SOC from SWC (figure 6.5) appeared to 

be less accurate than the inverse, as the SOC from mapping may not reflect changes in field scale 
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SOC that would have varied with cropping systems between 2008 and 2012.  The fit of the 

estimated to measured SWC from an average of all 5 sampling dates was affected by the 

variability of individual sampling dates.  On May 10, 17 and 18, the regression R2 was most 

significant (p < 0.001) and the RMSE was lowest (< 3.4) (Table 6.3) despite higher variability in 

the SWC data.  Although variability was least on April 23 the data appeared clustered after 3 

weeks of drying, without significant trend in high and low SWC values.  The regression fit was 

best on May 18 where several days of drying following a light rain resulted in higher variability 

and thus a larger range of values.  

Evidence from large scale studies across the US agricultural areas has established SOC as 

a significant variable in SWC determination (Hudson, 1994; Rawls et al., 2003).  Rawls et al. 

(2003) demonstrated that the soil water characteristic curve was adjusted for the increase in SWC 

due to increased water holding capacity in all soil textural groups.  Frequently, hydrological 

models have included the influence of SOC through an adjustment to the porosity function 

(Rawls et al. 203; Pollacco, 2008).  Bulk density (the inverse of porosity) is highly correlated to 

SOC (Blanco-Canqui and Lal, 2007; Franzluebbers, 2002).  There is biological evidence that 

SOC increases aggregate size (Six et al., 2004a), and thus pore space as well as influencing the 

specific size range, shape and continuity of pores associated with increased water infiltration and 

retention (Dao, 1993; Undawatta et al., 2008).  However, the results from the SMAPVEX12 

analysis suggest that SOC is not only highly correlated to bulk density, but was a superior 

predictor of SWC compared to bulk density when considered over all soil textural classes and 

weather conditions in the Prairie agricultural soils (Manns and Berg, 2014).   

The multicollinearity of soil variables (Edwards, 1985) has not yet been clearly 

understood.  The high correlation between SWC, sand, clay, bulk density and SOC in a range of 
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wetness conditions in the SMAPVEX12 analysis suggests that soil processes are highly inter-

connected when samples were taken within a 250 km2 area, covering a range in soil textures 

from sandy loam to heavy clay with similar crops (Manns and Berg, 2014) (Chapter 4).  The 

ability to estimate SWC within specific wetness ranges from SOC to an accuracy of less than the 

natural variability in soil (Table 6.3) suggests there is a significant persistent relationship 

between SOC and SWC over time that warrants further investigation.  The existence of a co-

regionalized semivariance model between SOC and time averaged SWC in geostatistical analysis 

(Table 6.1, Figure 6.6) suggests that the relationship between SOC and SWC is inherent in the 

structure of soils.  The range (distance over which soils are not significantly different) of SOC 

(~4.6 km) was less than SWC (~ 6 km) in moist conditions (Table 6.1), but similar to SWC in 

dry soils, although both variables were represented by a common Gaussian model at 5 km with 

nugget of 1.2%2 and sill of 12.4%2 in moderate moisture (Figure 6.5).  

  

  

Figure 6.6  Coregionalized model of the cross variogram between SOC (OC) and SWC (WC) in 

dry conditions.  Semivariance on the y axis (%2) and distance (m) on the x axis.   
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SOC was predictable from SWC within a wetness range and SWC was also able to 

predict SOC within the variability of the soil in this analysis.  After a rain event, the soil 

establishes an equilibrium within 12 – 24 hours which is the point where field capacity of soil is 

measured (Cassel and Nielsen, 1986).  In productive agricultural fields, with actively growing 

crops, field capacity would seldom be exceeded.  It is established that SOC has a significant 

effect on field capacity (Hudson, 1994; Rawls et al., 2003), a relationship that enables SWC to 

also predict SOC given a lag time following rainfall.  The correlation of SWC to SOC was also 

strongest in relatively wet conditions following rainfall, consistent with a strong connection of 

SOC to field capacity and lower coefficient of variation observed in wet soils in many field 

sampling campaigns (Famiglietti et al., 2008).  A regression validation of SOC and SWC in wet 

conditions would develop this point further.   

Although there are many points in time and space where variability in SOC and SWC 

would not change simultaneously, when averaged over a time span including both wetting and 

drying, or when averaged over multiple soil textural classes, there was a strong correlation that 

resulted in a predictability of ~82% in Manns and Berg (2014).  With an analysis integrated over 

time or distance, the correlation allows a significant regression to be predicted between SOC and 

surface SWC in both the forward and inverse directions.  The prediction of SOC from SWC 

assumes feedback between SOC, soil texture and rainfall over seasons and years, which can be 

understood through the soil biological processes in soil (Six et al., 2004a; Undawatta et al., 

2008).  However, remote sensing is primarily interested in the net effect of SOC in predicting 

SWC at specific time since rainfall, which can be defined in a short-time span following 

equilibration of the SWC to gravity. 
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The regression fit of measured to estimated SWC varied with sampling date and was 

highest on May 18 (Table 6.3), where recent wetting promoted a range of values to assess the 

relationship.  From the principal components analysis on these soils published in Manns et al. 

(2014) (Chapter 3), clay was most influential on May 18 SWC variability, representing the 1st 

principal component.  This would relate to the effect of clay on soil water retention in extended 

dryness conditions, as found by Kim and Barros (2002).  When SOC was included in the analysis 

of the SMAPVEX12 sites, SOC was the superior sole variable (greater than clay, sand or bulk 

density) in determination of SWC in dry conditions where CV was also greatest (Manns and 

Berg, 2014).  The reason for the increased influence of SOC in dry conditions is not yet 

understood, but could relate to the nonlinearity of SWC at the extremes of the SWC range 

(Beven and Germann, 1982; Famiglietti et al., 2008).   

The mapped SOC was not significantly different from the 1997 SOC in the soil survey of 

Manitoba (Government of Canada, 2011a) although the soil survey data was highly categorical 

in clay soils (Appendix B).  The lack of significant change in SOC over 15 years suggests that  

SOC changes very slowly in the surface of Prairie soils.  Soils tend to remain in an equilibrium 

determined from the balance of inputs and mineralization reflecting vegetation, climate and soil 

texture over the long term (Six et al., 2002).  An equilibrium in Prairie agricultural soils after 

years of tillage would substantiate the high correlation between soil texture, SOC and SWC 

observed in Manns and Berg (2014) (Chapter 4).   

In most existing hydrological applications, the relationship of SOC to SWC is thought to 

be incremental, with SOC adding an additional element to the basic relationship derived from 

soil texture as demonstrated in Rawls et al. (2003).  This paper suggests SOC and time averaged 

SWC represent similar variability in soil.  Thus, SOC could serve as a potential control on SWC 
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variability useful for downscaling from coarse resolution remote sensing data, such as from 

passive microwave estimates of the soil moisture state which are provided over very coarse 

scales (e.g. the SMAP radiometer will provide an estimate over a 36 x 36 km2 area).  SOC could 

also provide a covariate for interpolation of SWC in kriging to spatially distribute variability 

using geospatial statistics (Nielson and Wendroth, 2003).   

The potential to estimate SOC from SWC when integrated over specific spatial ranges 

and wetness conditions presents a new method in ecosystem analysis and agriculture to measure 

the changes in SOC.  Recent developments in remote sensing using synthetic aperture radar 

(SAR) over agricultural fields suggest satellite microwave can provide frequent SWC data 

applicable to field scale with sufficient accuracy (< 8% v/v error) (Adams et al., 2013b; McNairn 

et al., 2012).  The relationship of SOC to SWC has not previously been envisioned to exist other 

than as incremental to soil texture, however direct regression of the two variables could provide a 

potential source of information to improve both SOC and SWC estimations at field scale in 

agriculture and in the larger scope of ecosystems. 

 

6.5 Conclusions 

The regression relationship between SWC and SOC obtained from the SMAPVEX12 field 

sampling campaign were successfully applied to fields sampled in 2008 in the same geographical 

area to estimate both SOC and SWC.  The RMSE for estimations of both SOC and SWC were 

within the variability of the data.  These measurement data were also obtained from soils 

following lengthy drying, where the variability and benefit for SWC determination are greatest.  

There is still some investigation required to comprehend the mechanics and potential of this 

relationship and the distance and time scales to which they can be applied.  From our analysis in 
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relatively homogeneous agricultural fields, SOC is representing a common element in soil that 

can be used to assess other hydrologic processes.  The regression equations could be beneficial 

for mapping and interpolation of SWC, for covariate application in geostatistical analysis and for 

establishing practical limits in scaling of remotely sensed SWC.  The possibility of estimating 

SOC from time averaged SWC for ecosystem analysis also presents new dimensions for global 

ecosystem modelling.   
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CHAPTER SEVEN 

 

DISCUSSION, CONCLUSION AND FUTURE RESEARCH  

7.1 Overview 

The interpretation of field scale variability is an important component in translating 

remotely sensed SWC from a single value into SWC estimates on the scale of agricultural fields.  

In order to downscale SWC from remote sensing scale (10 km’s) into farm fields, the variability 

attributed to various soil parameters must be understood.  This thesis has demonstrated that 

agricultural management practices can have significant impact on SWC variability.  This chapter 

will summarize the results presented in each chapter in perspective with current literature and the 

objectives of our study; to determine the field scale controls on SWC variability that could affect 

remote sensing interpretation of SWC.   

 

7.2 Land Management in SWC variability 

Multi-field SWC sampling campaigns on agricultural fields over the last few decades have 

advanced our understanding of the soil factors affecting SWC and the distance to which they 

apply (Cosh et al., 2004; Famiglietti et al., 2008; Jawson and Niemann, 2007; Kim and Stricker, 

1996).  The standard deviation of SWC has been observed to increase with increasing SWC in 

many studies although when multiple studies from a wide range of SWC were assessed, 

variability appeared to peak around 30 m3 m-3, with decreasing standard deviation at the extremes 

of SWC (Pan and Peters-Lidard, 2008).  However, on Southern Manitoba fields, standard 

deviation increased with SWC in both 2008 and 2012 studies in a wide range of moisture 

conditions.  No trend in the coefficient of variation (CV) was found in the majority of the SWC 

range, except for a log-linear increase with decreasing SWC in very dry conditions (SWC < 10% 
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v/v) in 2008 data (Chapter 3).  The variability in our SWC was less than previously observed in 

field sampling campaigns, which may account for the lack of agreement with Famiglietti et al. 

(2008), where the CV declined exponentially with increasing SWC from very dry conditions 

over the total SWC range (Famiglietti et al., 2008). 

When evaluating SWC variability, samples are typically taken between and within the 

plant rows.  SWC variability from samples taken between crop rows were less than ‘in-row’ 

which is attributable to the higher SWC between the rows. The difference in SWC with sampling 

location was observed in both 2008 (Chapter 3) and 2012 (Chapter 4).  Famiglietti et al. (1999) 

and Strudley et al., (2008) also observed increased variability within the crop row as well, and 

attributed the difference to lower BD and increased drying associated with plant root activity.    

Soil texture and drainage have been the major sources of SWC variability in most field 

sampling campaigns (Cosh et al., 2004; Jawson and Niemann, 2007), however, surface residue 

and soil details have seldom been included in large scale field studies. Surface residue 

significantly affects SWC (Verhulst et al., 2011) and has been used strategically in agricultural 

fields to increase SOC (Campbell et al., 2007; Lemke et al., 2010) and to maintain soil water 

infiltration (Ruan et al. 2001; Shaver et al., 2003; Unger, 1992).  In the 2008 analysis of 

Manitoba soils (Chapter 3), surface residue reduced the variability (CV) of SWC to the extent 

that the differences in variability from soil texture (otherwise increased from clay to loam to 

sand) were no longer visible.   

Time stability is an important concept in interpreting SWC from remote sensing.  A point 

which has consistently low variability in SWC is considered time stable (Hu et al., 2010, 2012b), 

and has the added advantage of linear extrapolation between scales (Choi and Jacobs, 2011; 

Cosh et al., 2004; Joshi et al., 2011).  Therefore the reduced variability in SWC associated with 
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surface residue, similar to no-till, may be used to interpret time stability at field scale.  SOC may 

indirectly be the factor of change in SWC variability with surface residue and no-till, but has not 

yet been studied as a factor in the rate of change in SWC and in time stability. 

 

7.3 Soil Organic Carbon in SWC variability 

Although SWC is considered as the central component of soil around which all other factors 

revolve (Legates et al., 2011; Seneviratne et al., 2010), similarly, SOC is a common factor 

among agriculture, hydrology, meteorology and ecosystems.  SOC is a major factor in the 

physical structure and aggregation of soil which results in the pore size and shape that are 

attributed with the amount of water held in soil, and the division between run-off and infiltration 

on the soil surface (Franzluebbers, 2002; Grevers et al., 1986; Hudson, 1994) (Chapter 2).  Thus, 

current initiative in agriculture is focused on optimizing SOC in view of increased SWC to 

reduce the gap between current realized yield and yield potential of current varieties (Reeves, 

1997).   

 Current models in soil physics apply SOC as an independent variable in soil that adds 

additional variability, thus improving the estimation of SWC (Saxton et al., 1986; Rawls et al., 

2003).  From analysis over multiple studies across central USA, Hudson (1994) found SWC 

indeed influenced and improved the prediction of SWC.  The major impact of SOC was to 

increase the field capacity and wilting point of soil; the plant available water status improved 

because the field capacity increased much more than the wilting point (Hudson, 1994).  

However, all indices suggest that the effect of SOC on soil aggregate stability and pore size is 

important for retaining water in the surface of agricultural soil (Franzluebbers and Arshad, 1996; 
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Messiga et al., 2011) which reduces runoff and soil erosion (Gantzer et al., 1991) and benefits 

plant growth and yield (Gaudin et al., 2015) (Chapter 2). 

In this study, the high correlation between soil texture, SWC, SOC and BD was 

significant over all soil textural classes and soil wetness conditions in SMAPVEX12 (Chapter 4, 

Chapter 5).  The correlation of SOC to SWC was highest in wetness, where the regression was 

highly linear and variability was reduced.  In dry sampling times during SMAPVEX12, SOC 

explained more variability in SWC than soil texture (sand or clay) (Chapter 4).  This is the first 

report that shows in a single analysis within a full range of soil texture and with varied crops and 

wetness ranges, that SOC can be used to express similar variability as SWC and that the 

relationship does not change with soil texture grouping when considered as an average over time.  

Other studies have noted a linear relationship between SOC and SWC within a soil texture class 

applicable to the study site or across studies in different soils, climates and sampling times 

(Hudson, 1994).  The ability of remote sensing to extend the range of sampling to include 

multiple fields and landscapes simultaneously will contribute to our understanding of SWC for 

ecosystem and soil management.   

Although the correlation of SOC to SWC observed in SMAPVEX12 results (Chapter 4) 

was highest in wet conditions, which may be associated with SWC at field capacity as suggested 

by Hudson (1994), SOC was the optimum variable found in multiple regression analyses in dry 

soils.  This may arise from the slight nonlinearity in SWC at the extreme of dryness (Choi et al., 

2007; Teuling et al., 2007) as also seen in the PALS SWC anomaly regression to SOC (Chapter 

5).  The lower regression fit in dry soils may also derive from the increased variability in the 

data, where all regressions explained 60% of SWC in dry conditions compared to 80% of 

variability with high SWC (Chapter 4). 
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7.4 Application of SOC 

 The initiative to generate global SWC from remote sensing also requires pedotransfer functions 

that are robust across soil landscapes and climates (McBratney et al., 2002).  The ability of SOC 

to predict SWC without grouping by soil texture (Chapter 6) may suggest an improved variable 

for remote sensing retrieval of SWC that is continuous, in addition to explaining a greater 

amount of variability in SWC.  The relationships between SWC and SOC derived from 

SMAPVEX12 (Chapter 4) were applied to SWC data collected with soil impedance probes 

during a previous field campaign in 2008 on fields in the same vicinity as SMAPVEX12 

(Chapter 3).  

SOC for the 2008 analysis was estimated from the measured SWC in 2008 by applying 

the SMAPVEX12 regression equation for determining SOC from SWC in dry conditions.  The 

SMAPVEX12 equation determined SOC to RMSE of 0.07% compared to the SOC obtained by 

mapping the SOC from the 2012 field sites onto the 2008 field sites.  The 2012 values were not 

significantly different (t-test) from the 1997 survey of SOC on Soil Landscapes of Canada 

(Government of Canada, 2011a) (Appendix 2).  This suggests that SOC changes little over the 

longer term in these soils, in agreement with the significant linear regression of SWC to SOC 

across soil textures in the previous analysis.  Regardless of soil texture, SOC predicted SWC 

with reasonable accuracy, reinforcing the concept of a common variability in soil that may be 

driven by SOC with continuous feedback from SWC and soil texture.  The extent to which SOC 

and SWC are related and can be applied in hydrological modelling remains to be investigated. 

The geostatistical analysis of SMAPVEX12 also reiterated the interaction of SWC and 

SOC in terms of the distance over which soil properties were correlated.  Over the range of 5 km, 
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there was a common semivariance that fit a Gaussian model, with a nugget of unexplained 

variance less than 1.2 %2.  The existence of this model means that soil homogeneity extends over 

a 5 km distance and that SOC and SWC are related in soil to the extent of representing almost 

the same variability.  Thus, soil variables are highly multicollinear, with all variables expressing 

much the same variability; some indices are superior in specific soils, plant growth conditions 

and/or SWC range.  Bulk density is commonly used to represent porosity in models to account 

for the variability from SOC.  When SOC is relatively low, a close estimate to SWC can be 

obtained from soil texture and BD (Pollacco, 2008) and even soil texture alone (Saxton et al., 

1986).  However, with high SOC, such as the cropland fields of Southern Manitoba, SOC was a 

superior predictor to BD at all wetness conditions and even surpassed soil texture in dry times 

(Chapter 4).   

SOC was tested to see if it could reduce the RMSE between the passive micro- wave 

emissivity recorded from the PALS instrument at 2900 m aerial height and the measured SWC 

from ground sampling (Chapter 5).  The dielectric constant in soil is affected by all factors that 

affect the dielectric of the soil-air interface, including the magnitude of SWC, BD (Dobson et al., 

1985), specific surface area of soil particles, cation exchange capacity (Bortoluzzi et al., 2006) 

and salinity (Dobson et al., 1985; Owe et al., 2001).  Anomalies were computed between the 

measured SWC and the SWC produced by the GRMDM model as adapted by Mironov et al. 

(2009) after adjusting the brightness temperature for atmospheric, surface roughness and 

vegetation effects (Mladenova et al., 2014; Njoku and Entekhabi, 1996).  The SWC anomalies 

could be considered SWC estimations that are un-calibrated for the specific soil conditions after 

taking into account soil texture from global maps (Kerr et al., 2012).   
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Normally, soil texture is the predominant variable for soil calibration (Dobson et al., 

2985; Njoku and Entekhabi, 1996; Owe et al., 2001; Wang and Schmugge, 2008).  Some models 

rely on soil texture alone and thus these models have proven most successful in very dry sandy 

soils, where there is low SWC variability and low SOC (Kerr et al., 2012).  Organic matter in 

soil also has a negative charge, similar to clay (Bortoluzzi et al., 2006; Schulten and Schnitzer, 

1997).  However, where clay holds water via ionic bonding in the lattice of minerals (Brady, 

1990) SOM holds water within the aggregate matrix, protected via the size and bonding of the 

organo-mineral complexes (Hawley et al., 1983; Six et al., 2004a; von Lutzow et al., 2006) and 

the hydrophobic tendency of SOM (Bachmann et al., 2008; Chenu et al., 2000; Dekker et al., 

2001).  Thus, the model by Mironov et al. (2009) that is based on the Dobson et al. (1985) model 

where bound water is differentiated from free water, would take into account both clay and SOM 

effects on SWC.  Both clay and SOM could decrease the soil surface reflectance from space, as 

there is a greater degree of water bonding, leaving less ‘free’ water to vibrate (Dobson et al., 

1985; Jackson 1988).  However, while the effect of clay is taken into account in the provided 

passive remotely sensed data, the increased binding of water by SOM may explain the significant 

regression of SOC to the PALS anomalies to measured SWC.  SOM has not been differentiated 

from soil textural factors in current models that interpret the dielectric reflectance from the soil 

surface. 

Our results suggest that SOC should be included in the analysis of parameters for 

adjusting remotely sensed SWC estimates.  SOC may also provide a basis for calibration to 

measured SWC from soil moisture monitoring networks, as a fitted sine function of SOC 

explained the optimum variability in the anomalies between PALS and measured SWC.  The 

adjustment with SOC was most significant in dry conditions, where the variability (CV) is 
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greatest in comparison to the SWC (Choi et al., 2007; Teuling et al., 2007) as demonstrated in 

Chapter 3.  The significance of SOC may also be greatest in sand as an element for water 

retention, where SOC holds water, similar to the benefit of clay lattice, explaining the significant 

relationship of SOC to SWC in dry conditions (Chapter 4, 6). 

 

7.5 Future research 

We have suggested that agricultural management can significantly contribute to explaining the 

variability of SWC in ground sampled data and in association with remote sensing.  The 

relationship between SOC and SWC remains to be tested and validated over multiple field sites, 

soils and water content ranges.  A next step to improving current modelling of SWC would be to 

incorporate SOC into soil hydrology models directly, rather than as an adjustment to porosity, 

although porosity can be a valid approach.  SOC has an advantage over BD in that it is easier to 

obtain and is potentially available from space via spectra, or from forward modelling of SWC 

when considering time since rainfall.  The current approach of three water content ranges 

demonstrated in this thesis is not optimum and perhaps an improved relationship dependent on 

the actual SWC can be created such as suggested by de Jeu et al. (2014) for remote sensing 

algorithms.   

It is not clear if the effect of SOC on SWC in remote sensing is through soil aggregation 

and water retention influences on SWC, or if the dielectric constant of SOC is also a factor not 

currently distinguished from the soil water dielectric constant in interpretation of the remotely 

sensed passive microwave data.  The dielectric constant of SOC remains to be studied.  It would 

appear advantageous to include SOC directly in remote sensing algorithm development, in 

combination with the other soil variables.  SOC maps are available at the scale of remote sensing 
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footprints from soil survey.  SOC could also be derived as a function of SWC for a given SWC 

range or potentially SOC could be obtained directly from remote sensing as well in the future.  

The GRMDM model could also incorporate SOC directly, rather than relying on soil texture 

class.  The fact that SOC is a continuous variable is advantageous over categorical measures.   

SOC is a variable that has not been considered independently in soil hydrology in the 

past, but evidence presented here suggests there are a multitude of possibilities for SOC to be 

incorporated into current surface SWC estimation.  The high correlation of SWC and SOC across 

all soil texture and SWC ranges below saturation, suggests SOC would be an excellent covariate 

for interpolating SWC data or control on data quality.  The reciprocal relationship between SWC 

and SOC would be advantageous in predicting both SOC and SWC that are both essential inputs 

into ecosystem and environmental models on global scales.   
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APPENDIX A 

 

Table A.1:  Validation of the interpolation of 2012 soil organic carbon (% mass).  Using the 

“leave-one-out” method, five random fields were removed from the data for interpolation 10 

times, and the resulting 2008 SOC values were regressed against the SOC estimated using the 

SWC equation (2).  The mean, standard deviation and CV of all fields in each trial are presented, 

along with comparison to all fields, and the SOC presented on the map (Figure 2).  The RMSE 

and R2 of each regression is shown (n = 37, p < 0.001 for all trials).  There was no significant 

difference (t-test) among of the interpolation trials, or between SOC of any trial, all fields and the  

estimated SOC (p < 0.05).  

 

 

 

 

 

 

 

 

 

 

Interpolation trials 

1 2 3 4 5 6 7 8 9 10

SOC mean (%) 2.99 2.95 2.94 3.05 3.05 2.97 3.05 3.00 2.93 2.98

SOC std (%) 1.14 1.07 1.16 1.10 1.16 1.08 1.05 1.10 1.17 1.09

SOC CV 0.38 0.36 0.39 0.36 0.38 0.36 0.34 0.37 0.40 0.37

RMSE (%) 0.70 0.74 0.73 0.71 0.71 0.71 0.73 0.73 0.73 0.75

R2 0.40 0.33 0.36 0.39 0.39 0.38 0.36 0.36 0.34 0.32
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APPENDIX B 

 

Figure B.2  Comparison of SOC values for 2008 field sites, determined from a)  (SOCmap) SOC mapping of 2012 SOC values b) 

(SOCest) regression equation to estimate SOC from measured 2008 SWC and c)  (SOCss) from soil Cansis National Soil Survey, 

detailed soil survey for Manitoba (Government of Canada, 2011a).  The fields are displayed in order of clay percentage demonstrating 

a categorical presentation of soil survey data.  The 2008 mapped SOC values (a) were not significantly different (p > 0.05) from the 

1997 soil survey data (c) by t-test. 
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APPENDIX C 

C.1  Data means and standard deviation from SMAPVEX12 (Chapter 4). 

 Table C.1  Means and Std of soil water content (m3 m-3) and soil variables over 50 

fields on 16 sampling dates from the ground probe sampling.  Only pasture fields are 

omitted.  Data is from the 3rd sample point in the furrow.  Data is also shown for all 

fields, and by soil texture class. 

 

         

 All fields n = 50  Clay n = 23  Loam n = 15  Sand n = 12 

  Mean std   mean std   mean std   Mean std 

SWC (m3 m-3) 
Jun-07 0.220 0.082  0.284 0.058  0.204 0.046  0.119 0.028 

Jun-12 0.353 0.105  0.434 0.053  0.345 0.062  0.206 0.034 

Jun-15 0.296 0.107  0.375 0.066  0.270 0.083  0.156 0.018 

Jun-17 0.360 0.118  0.453 0.074  0.328 0.079  0.217 0.028 

Jun-22 0.323 0.125  0.427 0.074  0.278 0.080  0.179 0.027 

Jun-23 0.311 0.124  0.406 0.087  0.293 0.091  0.166 0.029 

Jun-25 0.269 0.108  0.351 0.070  0.241 0.076  0.134 0.025 

Jun-27 0.243 0.094  0.305 0.072  0.226 0.070  0.126 0.027 

Jun-29 0.177 0.076  0.259 0.056  0.161 0.040  0.105 0.023 

Jul-03 0.155 0.062  0.208 0.044  0.139 0.045  0.098 0.038 

Jul-05 0.239 0.067  0.278 0.057  0.240 0.041  0.162 0.037 

Jul-08 0.229 0.077  0.260 0.062  0.242 0.075  0.155 0.057 

Jul-10 0.185 0.069  0.225 0.058  0.181 0.061  0.112 0.031 

Jul-13 0.209 0.097  0.264 0.088  0.189 0.098  0.130 0.032 

Jul-14 0.188 0.080  0.235 0.060  0.186 0.081  0.104 0.026 

Jul-17 0.276 0.094  0.328 0.073  0.280 0.085  0.166 0.027 

   All dates            

SWC mean 0.258 0.087  0.325 0.049  0.241 0.065  0.150 0.026 

SWC std 0.070 0.027  0.089 0.023  0.066 0.016  0.041 0.009 

SWC CV 0.276 0.062  0.275 0.055  0.280 0.070  0.276 0.069 

Sand (%) 41.747 36.221  9.745 9.937  50.547 26.451  89.417 3.641 

Clay (%) 37.880 24.400  61.468 8.082  27.780 12.327  7.258 2.231 

SOC (g kg-1) 31.769 12.725  41.818 6.169  29.511 9.439  15.331 4.349 

Bulk density 1.060 0.134   0.947 0.069   1.123 0.096   1.199 0.069 
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C.2    PALS passive microwave analysis data.  (Chapter 5) 

 

 

Table C.2  Means and Std of soil water content (m3 m-3) from PALS passive microwave 

analysis (Chapter 5).  Data is shown by soil texture class as well as means for all fields.  

 

a.   Means of soil water content (m3 m-3) from ground sampling using the average of 

the 3 sample points at each sampling location and averaged over all 50 fields, and 

divided by soil texture.  Only the sampling dates that correspond with the PALS 

sampling date analysis are shown (11 of 16 dates). 

 

b.   Means of soil water content (m3 m-3) from ground sampling using the average of 

the 3 sample points at each sampling location and averaged over 36 fields that 

correspond to the PALS analysis.  Only the sampling dates that correspond with the 

PALS sampling date analysis are shown (11 of 16 sampling dates). 

 

 

 

c. Means of soil water content (m3 m-3) from the PALS data.  Data is also shown for 

all 36 fields and by soil texture class over the 11 sampling dates where sufficient 

data was present in both ground sampling, and from the PALS instrument. 
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      Soil water content (m3 m-3) means                 

 No. of    Sampling date      Average Std 

  fields 15-Jun 22-Jun 25-Jun 27-Jun 29-Jun 03-Jul 05-Jul 10-Jul 13-Jul 14-Jul 17-Jul     

Ground sampling              

All fields average 3 
pts 50 0.270 0.300 0.238 0.215 0.149 0.127 0.210 0.161 0.184 0.164 0.247 0.213 0.059 

Clay 23 0.343 0.403 0.317 0.274 0.228 0.176 0.244 0.197 0.235 0.206 0.295 0.274 0.078 

Loam 15 0.244 0.253 0.208 0.194 0.132 0.113 0.210 0.158 0.164 0.164 0.249 0.195 0.050 

Sand 12 0.143 0.165 0.112 0.110 0.083 0.078 0.143 0.094 0.114 0.088 0.150 0.121 0.033 

               

Ground sampling              

PALS fields 39 0.276 0.313 0.249 0.222 0.163 0.137 0.217 0.170 0.182 0.161 0.245 0.216 0.061 

clay 20 0.351 0.406 0.322 0.280 0.237 0.184 0.247 0.198 0.227 0.199 0.288 0.273 0.079 

loam  11 0.240 0.240 0.207 0.189 0.145 0.122 0.215 0.168 0.153 0.155 0.244 0.188 0.048 

sand 8 0.139 0.162 0.106 0.108 0.090 0.077 0.144 0.095 0.106 0.081 0.146 0.115 0.032 

               

PALS data               

All fields 39 0.267 0.365 0.185 0.112 0.131 0.132 0.260 0.159 0.167 0.135 0.249 0.199 0.085 

Clay 20 0.297 0.380 0.213 0.125 0.145 0.148 0.259 0.166 0.184 0.150 0.280 0.216 0.088 

loam 11 0.268 0.394 0.174 0.113 0.123 0.122 0.273 0.163 0.164 0.131 0.237 0.199 0.093 

Sand 8 0.192 0.295 0.132 0.092 0.108 0.106 0.243 0.135 0.119 0.093 0.187 0.155 0.069 
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APPENDIX D 

      

Manns, H.R., Berg, A.A., von Bertoldi, P., 2013 December.  Soil organic carbon covariance with 

soil water content;  A geostatistical analysis in cropland fields.  AGU Fall Meeting      

Abstracts (vol 1, p.0309). 

 

 

I would like the acknowledge the assistance of Peter von Bertoldi with the geostatistical 

interpretation and presentation. 
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APPENDIX E 

 

SOIL ORGANIC CARBON IN SOIL WATER CONTENT VARIABILITY;             

DETECTION AND APPLICATION IN AGRICULTURAL FIELDS 

 

Report of Hida Manns’ contribution to each chapter 

Chapter 2: 

I, Hida Manns was funded to establish a literature base for a funding proposal led by Dr. Ralph 

Martin on the specified topic.  The literature search and organization were of my own direction.  I 

have benefited from review by Ralph Martin, John Lauzon and Aaron Berg.  The work stands as a 

publishable work while providing the biological and physical relationship of soil organic carbon to 

soil water content for the thesis.  It has been edited somewhat for the thesis compared to the 

original compilation of literature.     

 

Chapter 3: 

I, Hida Manns participated in collecting the data for chapter 3 on the fields of Manitoba prior to 

my current study.  The data sampling for led by Heather McNairn and organized by Paul Bullock 

who supervised the data collection.  In response to my interest in the data, Paul Bullock provided a 

copy of the data, and I completed the data analysis and writing under the direction of Aaron Berg 

who suggested the desired comparison and statistics and edited the paper.  The chapter has also 

benefited from peer review publication as well as by the co-authors. 

 

Chapter 4: 

I, Hida Manns, participated in the planning of the SMAPVEX12 study through teleconference 

calls, and spent 3 weeks on the ground sampling crews in Manitoba.  I initiated the idea of adding 

soil carbon sampling to the study, with support from Aaron Berg in arranging to retain the sample 

cores.  I transported the sample cores back to Guelph, and supervised the soil carbon processing.  I 

analysed the data and wrote the paper on my own, including searching for appropriate statistics as 

suggested by Aaron Berg.  The paper has benefited from peer review for publication as well as 

editing by Aaron Berg. 

 

Chapter 5: 

The data was derived from discussion initiated by Aaron Berg with Andreas Colliander at JPL 

(NASA).  Andreas prepared the data from the remote sensing measurements taken during 

SMAPVEX12.  I, Hida Manns, transferred the data into GIS format with the aid of Adam 

Bonnycastle, Department of Geography technician, which is included in the acknowledgements.  

The analysis and writing was completed with assistance from Aaron Berg and Andreas Colliander 

in regard to the composition of the provided data.  The paper has benefited from review by the 

coauthors and journal review and in under revision for journal publication.   
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Chapter 6:   

This paper emanated from the interpretation of the results in Chapter 4, and was developed as a 

conference presentation which became a peer reviewed publication from the initiative of Hida 

Manns.  The paper pulls together both 2008 and 2012 soil moisture field sampling campaigns 

(Chapter 3 and 4) and develops the relationship between soil organic carbon and water content 

within time scale limitations.  Hida Manns was assisted in the development of the geostatistical 

analysis by Pieter von Bertoldi and this is recognized in the acknowledgements.  The paper is 

currently under review for publication, and criticisms have been useful to strengthen the paper.   

 

 

 

 

 


