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ABSTRACT 

 Anoxic soil pores govern carbon retention and the release of potent greenhouse gases like 

N2O and CH4 in agricultural soils. Soil pore-size distribution (PSD) and pore continuity have been 

known to qualitatively impact oxygen diffusion, a key driver of potential soil anoxia. In this study, 

this effect was quantified. Soil moisture affected the relationship between PSD and oxygen 

diffusion and the contribution of pore sizes to potential anoxic volume (POV). Pores ≤ 1 micron 

contributed significantly to POV in the field, sustaining potentially anoxic conditions for at least 

48 hours, while pores > 3 microns had negligible impact. Additionally, the dependence of oxygen 

diffusivity (OD) on soil structure was quantifiably characterized at different moisture contents. 

Results showed that van Genuchten’s parameters n1 and n2, representing soil PSD for a dual 

porosity system, successfully classified OD for low moisture contents. Results from this research 

can aid in promoting sustainable agricultural practices. 
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CHAPTER 1 

INTRODUCTION 

 Climate-smart agricultural practices are crucial for enhancing the sustainability of 

agricultural systems. Intensive agricultural practices, such as the use of high-yielding crop 

varieties, fertilization, irrigation, manuring, and pesticides, have significant local, regional, and 

global environmental consequences, altering biotic interactions and resource availability in 

ecosystems (Matson et al., 1997). Long-term studies on organic matter loss have shown a decline 

in soil organic carbon (SOC) in recently converted agricultural soils (Paul et al., 1996; Wittwer et 

al., 2021). Fertilized agriculture is a significant source of greenhouse gases, including carbon 

dioxide (CO2), nitrous oxide (N2O), and methane (CH4), which play a critical role in regulating 

tropospheric ozone (Agathokleous et al., 2020; Matson et al., 1997). However, these consequences 

are intricately linked to the interaction between agricultural systems and soil ecological factors 

(Matson et al., 1997). Therefore, it is essential to understand the impact of intensive agriculture on 

the soil ecosystem and develop strategies that leverage this interaction to mitigate the adverse 

effects of management practices and ensure agricultural sustainability. 

 Soil management practices influence the interactions between the physical, chemical, and 

biological components of soils. Agricultural practices that involve heavy machinery can impact 

soil structure by increasing bulk density, causing soil compaction, and reducing aggregate size and 

stability (Pulido Moncada et al., 2017). Li et al. (2021) demonstrated the long-term effects of 

cultivation practices on soil physical and hydraulic properties within the 0-100 cm soil profile. 

Changes in soil structure can affect air-filled porosity, pore architecture, and indices of pore 
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continuity (such as oxygen diffusivity and tortuosity), which in turn influence soil nutrient 

dynamics and microbial communities (Ball, 2013; Henault et al., 2012; Sergey & Pete, 2012; 

Smith, 2017). For instance, water-saturated pores can limit microbial respiration, affecting the 

exchange of essential plant nutrients between the soil ecosystem and the atmosphere (Keiluweit et 

al., 2018; Rohe et al., 2021). Conversely, higher pore connectivity and lower pore tortuosity can 

enhance the oxidation of soil nutrients and microbial activity by improving oxygen transport within 

soil pores. Understanding this intricate relationship between soil components is crucial for 

addressing the impacts of intensive agricultural practices. 

 Soil anoxia is a complex soil condition resulting from the interplay of physical, chemical, 

and biological phenomena (Haghighi et al., 2010; Selassie et al., 2015; Wei et al., 2006). Anoxic 

pores are defined as pores devoid of or with limited oxygen concentration, and they form due to 

high microbial respiration or complete saturation, affecting the redox properties of soil nutrients 

such as carbon (C), nitrogen (N), iron, and aluminum (Keiluweit et al., 2018; Rohe et al., 2021). 

Soil organic carbon stocks and applied nitrogenous fertilizers are particularly vulnerable to soil 

anoxia, as it impacts carbon mineralization and denitrification in the soil (Keiluweit et al., 2017; 

Ortega-Ramírez et al., 2023). The release of carbon (as CO2) and nitrogen (as N2O) significantly 

affect soil fertility, crop productivity, weather patterns, and the climate. Therefore, understanding 

the drivers and spatial distribution of anoxic pores is crucial for optimizing fertilizer application 

and enhancing carbon retention in the soil. 

 Several factors influence the occurrence and persistence of soil anoxia, including oxygen 

diffusivity, soil moisture, organic carbon, and microbial hotspots (Lacroix et al., 2021; Schlüter et 

al., 2019). While the occurrence of anoxia is dependent on microbial respiration or saturation, the 

maintenance of this condition is attributed to physical properties, particularly soil structure. 
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Structural characteristics impact the critical drivers of anoxia and determine their overall 

realization. The architecture, connectivity, and tortuosity of pores affect the transport of molecular 

oxygen, which is crucial for the microbial degradation of soil organic matter (SOM) (Rohe et al., 

2021). When soil moisture exceeds a certain threshold, it can degrade structural attributes, 

impeding oxygen diffusion in microbial hotspots. Additionally, the soil microbiome is intricately 

linked to soil structure and can create and sustain anoxic conditions, especially when organic 

carbon is not limited. Therefore, incorporating soil structural descriptors could provide a better 

estimation of anoxic soil volume at various scales. 

 Soil hydraulic properties are influenced by changes in soil physical properties and can serve 

as descriptors of structural quality (Cook et al., 1992; Horel et al., 2015; Jirků et al., 2013; Kutílek, 

2004; Li et al., 2021; Minasny & McBratney, 2007). Hydraulic properties, such as moisture 

retention and hydraulic conductivity, explain the water-holding and conducting capacity of soils. 

Kutílek (2004) demonstrated changes in parameters (α and β) of the hydraulic conductivity 

function due to the destruction of soil structure. Jirků et al. (2013) revealed a positive correlation 

between the slope of the retention curve at the inflection point and aggregate stability. Many 

studies have predicted soil water retention properties from the pore-size distribution, which is 

influenced by soil structure (Beckett & Augarde, 2013; Chang et al., 2019; Minasny & McBratney, 

2007). Zeleke and Si (2005) showed spatial dependence between hydraulic properties and soil 

physical properties. Zhang et al. (2022) used fitted single and dual porosity hydraulic parameters 

to explain the pore-size distribution and the arrangement of macro- and micropores in soil 

structures. Therefore, studying the relationship between soil hydraulic parameters and the drivers 

of soil anoxia could help improve the estimation of anoxic soil volume at different scales. 
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 Multiple models have been used to simulate soil anoxia, each with certain limitations. For 

instance, the classic 'aggregate model,' which estimates anoxic pore volume based on the balance 

between oxygen diffusion (supply) into an aggregate and microbial oxygen consumption 

(demand), has failed to consider the heterogeneity of soil structural units and microbial activity 

across aggregates (Keiluweit et al., 2018). Furthermore, the prediction of anoxic microsites using 

this model is limited to mm- or cm-sized aggregates. Keiluweit et al. (2018) quantified the extent 

of anoxic microsites in soils at the sub-mm scale, even at moderate moisture levels, which 

accounted for 14-85% of the total pore volume. They used a planar optode imaging system to 

monitor oxygen dynamics during the incubation of various soils with natural and artificial 

gradients in texture and organic matter availability. However, this method is not applicable for 

estimating field-scale soil anoxic volume, which is essential for optimizing fertilizer use and 

modeling terrestrial soil carbon and nitrogen dynamics. 

 Most soil carbon models designed to simulate mineralization have failed to consider the 

potential effect of anoxic volume. Traditional soil carbon models, such as DayCent and RothC, 

have overlooked the importance of anoxic volume in mineralizing soil residues. In well-aerated 

soils, mineralization is considered to be an entirely aerobic process (Gottschalk et al., 2012). 

Mechanistic models developed to precisely predict mineralization rates have incorporated oxygen 

availability as a factor regulating this process rather than specifically isolating its effect. Some 

mechanistic models have directly coupled mineralization rates to bulk oxygen concentrations 

(Davidson et al., 2012). They assumed upland soils to be fully oxygenated, excluding oxygen from 

their computation, and disregarded the possible effects of anoxic spaces in structurally 

heterogeneous soils. However, the performance of these carbon models could be enhanced by 
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incorporating soil physical properties and hydraulic parameters that influence the drivers of soil 

anoxia or are directly related to it. 

 This project aims to characterize and quantify the control exerted by the soil's physical 

structure and wetting dynamics on oxygen diffusivity and estimate the spatio-temporal distribution 

of potential anoxic volume at the field scale. The second chapter of the thesis discusses fitting 

retention models to the soil moisture release curve and characterizing the estimates of oxygen 

diffusivity at different moisture contents based on fitted soil hydraulic parameters. To enhance the 

transferability of oxygen diffusivity, the lab-estimated oxygen diffusivity at different soil moisture 

levels was compared with in situ field conditions. An oxygen transport model was also applied to 

understand the effect of soil structure on oxygen concentration in the soil profile. The third chapter 

aims to quantify the spatio-temporal distribution of potential anoxic volume at the field scale. A 

relationship between soil moisture and pore diameter was derived using the soil moisture release 

curve developed in Chapter 2. The soil pore size thresholds determined by Lacroix et al. (2021) 

were estimated from the relationship between soil moisture and pore diameter and were used to 

approximate the field-scale distribution of potential anoxic volume at 24 and 48 hours after rainfall. 

This work provides valuable information about the effect of soil structure on oxygen diffusivity at 

different soil moisture levels and allows for the estimation of potential soil anoxia based on soil 

moisture in distinct pores that are more likely to become anoxic at the field scale. These findings 

have implications for fertilizer optimization and estimating N2O emissions from agricultural fields. 
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CHAPTER 2 

ASSESSING THE IMPACT OF WATER RETENTION PARAMETERS ON OXYGEN 

DIFFUSIVITY IN AGRICULTURAL SOILS1 

  

                                                 
1 Yadav, H and Gaur, N. To be Submitted to [Water Resources Research] 
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ABSTRACT 

 Soil physical and hydraulic attributes are highly variable in agricultural soils and can 

significantly influence oxygen diffusion and concentration in soil pores. Although there are models 

that estimate oxygen diffusion in soils, the effect of soil structure together with resulting moisture 

dynamics on oxygen diffusion is yet unaccounted. Since oxygen transport is linked to 

biogeochemical processes, addressing the heterogeneity of soil hydro-physical properties on 

oxygen diffusion can substantially improve biogeochemical models. In this work, we propose a 

method to characterize moisture-dependent oxygen diffusivity in structured field soils using soil 

hydraulic parameters to quantify the impact of soil structure and wetting dynamics on oxygen 

diffusivity. We estimated soil hydraulic parameters by fitting retention models to soil moisture 

release curves and linked them with oxygen diffusivity estimates. We used a widely known 

partitioning algorithm, known as k-medoid, to characterize oxygen diffusivity at different moisture 

values based on water retention parameters for a near-surface soil. The different moisture contents 

considered were residual moisture, threshold moisture (≤ 1 micron filled with water), moisture at 

field capacity, and saturation. Oxygen concentration in the soil profile at 5 cm depth was quantified 

using a steady-state oxygen transport model. Results showed five statistically significant clusters 

based on soil hydraulic parameters: n1 and n2, which are related to the pore size distribution of 

soils. The clusters differed for oxygen diffusivity at residual and threshold moisture values. The 

oxygen concentrations measured in pores at 5 cm depth differed among clusters for residual soil 

moisture but were similar for diffusivity at threshold moisture. The uncertainties associated with 

lab-estimated oxygen diffusivity for undisturbed soils were addressed by comparing them with in 

situ field measurements. The oxygen diffusivity at residual and threshold moisture values were 

similar, while oxygen diffusivity at field capacity and saturation differed between lab and in situ 
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field conditions. It is concluded that the influence of soil moisture on oxygen diffusivity is moisture 

specific, affecting at residual and threshold moisture values, and the diffusivity of oxygen in soils 

can be compared based on fitted hydraulic parameters: n1 and n2. This relationship can be leveraged 

to develop diffusion models that accurately predict oxygen diffusion in natural soils and improve 

biogeochemical models. 
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1 INTRODUCTION 

 Agricultural practices profoundly influence the diffusion of gases in the soil atmosphere, 

impacting soil quality, agricultural sustainability, and environmental well-being (Kibret et al., 

2023; Lai et al., 1976; Neira et al., 2015; Sergey & Pete, 2012). Increasing agricultural needs drive 

growers to opt for intensive land use and management practices, such as monoculture, tillage, weed 

controls, and fertilization, that have detrimental impacts on our ecosystem (Gregory et al., 2002; 

Noelia & Eguren, 2022; Peng et al., 2022). These practices affect the spatial heterogeneity of soil 

texture and structure, influencing soil physical and hydrologic attributes such as total porosity, air-

filled porosity, water retention, tortuosity, and connectivity of the pore system (Horel et al., 2015; 

Neira et al., 2015). The modification of these physical properties impacts gaseous diffusion, which, 

in turn, affects the redox properties of essential nutrients and microbial distribution in the soil 

(Ball, 2013; Smith, 2017). The cumulative effect of these modifications can change an ecosystem's 

greenhouse gas (GHG) emission dynamics. Therefore, an in-depth study of the effect of soil's 

hydro-physical properties on gas diffusion is necessary for the efficient and sustainable use of 

resources, such as soil and water, and for shaping future decision-making in agricultural and 

environmental sectors (Horel et al., 2015).  

 The applied management practices, for instance, tillage, can alter essential soil properties 

such as structures, pore size distribution, microbial diversity, and their habitats which influences 

soil hydraulic conductivity K(h), water-conductivity porosity, and shape fitting parameters (α and 

n) of van Genuchten-Mualem model (Ball, 2013; Horel et al., 2015; Schwen et al., 2011; West et 

al., 2023). Cook et al. (1992) pointed out that soil tillage can reduce aggregate stability (both dry 

and wet) by decreasing organic carbon contents and affect water infiltration by sealing aggregate 

surfaces with clay particles. Additionally, these alterations in soil properties manifest differently 
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for each suite of management practices, increasing the demand for robust research (Cook et al., 

1992; Horel et al., 2015; Jirků et al., 2013; Li et al., 2021; Stolze et al., 2022). However, estimating 

soil physical and hydraulic parameters can help to address the changes in soil properties due to 

management practices in diffusion models and improve their prediction. 

 Soil physical and hydraulic parameters manifest the changes in physico-chemical and 

biological properties of soil due to management practices (Ball, 2013; Smith, 2017). They are 

unique to a specific soil structure and texture and could vary based on anthropogenic and climatic 

factors. The soil structure has substantial control over water retention capacity and pore continuity 

indices (relative diffusivity, air permeability, and air-filled porosity), influencing soil microbial 

density and efflux of GHGs (Ball, 2013). Castellano et al. (2010) demonstrated the relevance of 

air-filled porosity on gaseous efflux by detecting a consistent relationship between N2O emission 

and matric potential. Matric potential largely determines unsaturated water flow in a soil system 

and is attributed to the force of capillary attraction between soil particles and water molecules in 

soils (Mullins et al., 2000). In addition, the significance of structural attributes such as intra-

aggregate pores on the size of anoxic zones and the inter-aggregate macropores on the exchange 

of O2 at the boundaries of the aggregates and GHGs with the atmosphere has been mentioned in 

the synthesis work of Ball (2013). Likewise, soil texture influences the distribution of microbial 

hotspots inside the soil (Ball, 2013; Schlüter et al., 2019). These microbial habitats are vulnerable 

to changes in pore spaces due to disturbances and control diffusion of gases in soil aggregates—

depending on soil water content and pore continuity. Therefore, the diffusion potential of gases in 

the soil is related to its structural attributes, which are associated with soil physical and hydraulic 

parameters.  
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 Knowledge of gaseous diffusion in agricultural soils is essential not only to understand the 

aeration potential of differently managed soils but also to simulate the soil habitat that could 

eventually be used for modeling biogeochemical cycles. Gas concentration, mainly oxygen (O2), 

is considered vital in the soil as it changes the redox potential of nutrients and microbial activity, 

which are related to GHG emissions (Turkeltaub et al., 2023). The commonly used parameter for 

explaining gaseous diffusion, including O2, in the soil is the gas diffusion coefficient (Dp), which 

depends upon the texture, structures, pore-size distribution, and architecture of the soil pores 

(Neira et al., 2015). The gas diffusion coefficient determines the aeration potential of soil and is 

the ratio of gas flux per unit concentration gradient of gas. It also helps to realize the metabolizing 

properties of soil microorganisms by emulating soil habitat, which directly impacts soil structures, 

pore-size distribution, organic carbon decomposition, and the redox potential of nutrients (Neira 

et al., 2015; Ye et al., 2022). Therefore, the influence of changes in soil physical and hydraulic 

properties on the gas diffusion coefficient (Dp) is crucial to understand for guiding farmers toward 

climate-smart farming and predicting the extent of GHG emissions from land management 

practices. 

 Several models have been developed to simulate gaseous diffusion, mainly oxygen, for the 

sustainable management of soils. It is generally challenging to compute oxygen diffusion with 

data-driven models due to the highly heterogeneous nature of the soil system in terms of physico-

chemical and biological properties. These models often fail to consider essential soil attributes, 

like aggregation and structures and the fraction of macropores, that restrict their coupling with 

biogeochemical models (Sergey & Pete, 2012). However, since the majority of oxygen transport 

occurs through diffusion, a simple Fick's first law is generally used to explain the movement of O2 
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molecules under steady-state conditions, which is stated as (Neira et al., 2015; Sergey & Pete, 

2012):  

𝑞𝑥 =  −𝐷𝑝 (
𝛿𝐶

𝛿𝑥
) 

Where qx is the diffusive flux of O2 (mass per unit area per unit time) in x directions in soil (g m-2 

s-1), Dp is the effective diffusion coefficient (m2 s-1), C is the O2 concentration (g m-3), and x is the 

distance along the line of the flow (m). The effective diffusion coefficient (Dp) is an essential 

parameter for estimating oxygen diffusion, which is generally measured as relative diffusivity 

(Dp/Do), where Do refers to diffusion in a gaseous medium.  

 Numerous models have been developed to predict Dp with certain limitations. For instance, 

Sergey and Pete (2012) have categorized these Dp models into mainly three categories based on 

the level of complexity. The first group of models (Campbell, 1985; Millington, 1959; Moldrup et 

al., 2004; Troeh et al., 1982) link  Dp with air-filled porosity, while the second group of Dp models 

(Millington & Quirk, 1960; Millington & Quirk, 1961) depends on air-filled porosity and total soil 

porosity. The usability of these models is limited because they need parameterization for a 

particular soil texture type. Also, the linkage between parameters used in the model is still to be 

validated for various soils.  The third group of models incorporates Campbell water retention 

parameter b (Campbell, 1974) and air-filled porosity at a fixed value of soil water potential in 

addition to air-filled porosity and the total porosity (Moldrup et al., 1996; Moldrup et al., 2000). 

The model proposed by Moldrup et al. (1996) is vital for estimating the Dp of undisturbed soil 

cores and modeling GHG emissions from soils. Although this model has tried to address soil 

heterogeneity by incorporating the water retention parameter b, an in-depth investigation of the 

effects of these parameters on oxygen diffusivity is missing in the literature. 
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 The objective of this research is to characterize and quantify the control exerted by the 

soil's physical structure and wetting dynamics on oxygen diffusivity. The approach consisted 

examining the relationship between soil hydraulic parameters—linked to soil moisture release 

curve—and oxygen diffusivity at different moisture conditions for soils with variable soil physical 

properties. The moisture states considered were residual, threshold, field capacity, and saturation. 

While residual moisture is mostly a fitting parameter in the water retention curve, it can signify 

the absence of capillary water in a soil system, while threshold moisture represents water content 

needed to saturate pores equal to or less than 1 micron. Threshold moisture has significance in 

determining soil anoxia as shown by Lacroix et al. (2021). Field capacity refers to the optimal 

water content at -0.1 bar, and saturation describes the complete filling of capillary pores with water. 

To achieve our objective, we developed high-resolution, complete soil moisture release curves 

using undisturbed soil cores and tested the fit of two retention models: van Genuchten and Dual 

porosity models, to describe the release curves and estimate water retention parameters. These 

models have been widely applied to simulate the relationship between soil moisture and matric 

potential (Li et al., 2021; Schwen et al., 2011; Zhang et al., 2022). Based on the water retention 

parameters, soil cores were clustered, and O2 diffusivity at residual, threshold, field capacity, and 

saturation were compared between clusters to study the effect of hydro-physical attributes of soils 

on oxygen diffusivity. Using field-based water retention parameters, the oxygen diffusivity 

estimates at different moisture values were quantified for the field and compared with lab-based 

O2 diffusivity estimates to enhance the applicability of this work. Furthermore, the oxygen 

concentration approximated using a steady-state oxygen transport model was compared between 

the lab and the field conditions.  
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2 MATERIALS AND METHODS 

2.1 SITE DESCRIPTION 

 The study was conducted at the University of Georgia's Iron Horse Farm (IHF), which lies 

in the Blue Ridge and Piedmont region in Oconee County, Georgia (GA), USA. Soils in this region 

are very deep, well-drained, moderately permeable, and eroded, formed on the ridges and the sides 

of the Piedmont uplands (California Soil Resource Lab and USDA Natural Resources 

Conservation Service). They are classified within USDA taxonomy as Cecil (Fine, Kaolinitic, 

thermic Typic Kanhapludults) with sandy loam texture (Soil Survey Staff Natural Resources 

Conservation Service United States Department of Agriculture, 2017) and have 2 to 10 percent 

slopes. The average annual temperature in this region is 19.6 oC, and annual precipitation is 1354.1 

mm yr-1 (University of GA Environmental Monitoring Network, 1957–2016).   

 The plantation of crops at IHF began in 2018— which was initially covered with forests. 

Studies were conducted afterward to seek the best possible combination of herbicides and cover 

Figure 2.1. Schematic representation of the study area. The rectangular boxes indicate plots, and 

the green circles represent points from where soil cores were collected —not drawn to scale. The 

picture on the right shows a soil core mounted on a HYPROP instrument in the lab. 
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crops for corn production. In 2022, the field site (0.06 ha) was divided into four blocks, each with 

6 experimental plots (0.0021 ha) as displayed in Figure 2.1 (left), and was planted with corn. The 

treatment combinations include a rye cover crop or no cover crop (both no-till) and a range of 

herbicide application rates (High, Low, No). These treatment combinations were randomly 

distributed in experimental plots, with all six combinations in each block. There were 24 

experimental plots in total, and fertilizers (NPK) and irrigation amounts were applied in equal 

amounts in these plots during maize growth.  

2.2 SOIL CORE COLLECTION 

 A total of 24 undisturbed soil cores of 0.08 m diameter and 0.063 m length were collected 

from the field, one from each experimental plot in August 2022. Stainless steel cores were pushed 

horizontally into the Ap horizon using a rubber mallet to collect cores from the top horizon of the 

soil. Soil cores were capped with plastic caps and brought to Environmental Soil Physics lab at 

University of Georgia. In the lab, soil cores were kept in a refrigerator to avoid moisture loss.  

2.3. LAB MEASUREMENTS 

2.3.1 THE HYPROP MEASUREMENT 

 We developed a complete soil moisture release curve to evaluate the relationship between 

volumetric water content (VWC) and the matric potential (h) for each soil core. The HYPROP 

evaporation method was used for the wet range (0 to -0.1 MPa) and the WP4C psychrometer 

method for the dry range (-0.1 to -300 MPa) of a soil moisture release curve (Meter Group, Inc., 

Pullman, WA, USA).  

 The HYPROP setup includes matric potential measurements at two depths within a 6.3 cm 

long saturated soil core using tensiometer shafts (2.5 cm and 5 cm long). Soil cores were prepared 

by saturating them in a plastic trough from the bottom for 24 hours. After saturation, a small rotary 
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auger was used to drill circular holes vertically through the core to insert tensiometers. The 

tensiometers were aligned in the holes such that the middle of the tensiometers cups was located 

at 1.25 cm and 3.75 cm for the bottom of the core. The upper side of the core was opened to the 

atmosphere so that soil moisture could evaporate. The difference in the soil mass over time was 

measured by automated weighing of the core and was used to calculate VWC. The medial matric 

potential was calculated based on the average value of the two tensions. More information about 

the standard HYPROP system and the evaporation methodology is provided by Pertassek et al. 

(2015) and METER (2015). Our experimental protocol limited hydraulic measurements using the 

HYPROP setup down to a pressure head of about – 100 kPa as the tensiometers experience bubble 

formation and subsequent expansion beyond this point (Lipovetsky et al., 2020). We used a WP4C 

dewpoint potentiometer to measure matric potential in the dry range. 

2.3.2 WP4C MEASUREMENT 

 The WP4C psychrometer measurements were conducted for three subsamples prepared 

from each soil core. Once the soil cores were done with HYPROP measurements, the soil was 

transferred to Ziploc bags, which were crushed to disintegrate larger soil aggregates. We took three 

subsamples: one without moisture manipulation and two after moisture manipulation with a 

dripper to a water content slightly above the initial condition. Meanwhile, the remaining samples 

were kept aside for estimating particle size and organic carbon. The subsamples were placed in 

stainless steel cups such that the soil completely covered the bottom of the cup. Each WP4C 

measurement was preceded by equilibrating the cup and the sample temperature on a cold surface 

as recommended by METER (Meter Group, Inc., Pullman, WA, USA). Following WP4C 

measurements, the samples were dried in an oven at 105 oC to estimate the samples' dry weight as 

the change in dry weight of soil is minimum beyond this temperature (Gardner, 1965). 
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2.3.3 PARTICLE SIZE DISTRIBUTION 

 An LS13 320 Laser diffraction particle size analyzer (LPSA) (Beckman Coulter Inc., 

Miami, FL) was used to estimate the sand, silt, and clay percentage in each soil core. This 

instrument measures the diameter of particles between 2000 to 0.04 μm by implementing a 

polarization intensity differential scattering (PIDS) technique, which improves the measurements 

in the clay-sized region (Arriaga et al., 2006; Stevenson et al., 2023). For measurement, air-dried 

soil samples were ground with a wooden rolling pin and sieved through a 2 mm sieve. Before the 

texture estimation, samples were pretreated with 30% H2O2 to remove organic matter.  Two 

subsamples were prepared for each sample in 15 ml centrifuge tubes for the pretreatment. Once 

the pretreatments were completed, the tubes were centrifuged for 10 min at 4000 rpm in 

Tachometer. After centrifugation, about 5 ml of (NaPO3)6 was added to tubes to facilitate 

dispersion, and the tubes were shaken overnight at 120 oscillations per minute. The prepared 

samples were transferred to 13 ml test tubes for LPSA operations. Finally, we calculated the % 

sand, silt, and clay according to the United States Department of Agriculture (USDA) soil texture 

classification standard.  

2.3.4 ORGANIC CARBON ESTIMATION 

 The loss-on-ignition (LOI) method was used to estimate the LOI carbon percentage in each 

soil core. The samples were ground with a wooden rolling pin and sieved through a 2 mm sieve. 

About 1 gm of the sample was then placed in a completely dry crucible and dried in an oven for 

24 hours for moisture correction. The treated samples were weighed in a weighing balance for pre-

ignition weight and, finally, heated at 550 oC for 8 hours in a Thermolyne muffle furnace (model 

F6010, Thermo Fisher Scientific Inc., Asheville, NC, USA). Upon completion, the crucibles were 

transferred to a desiccator to restrict moisture absorption. After 30 min, the post-ignition weights 
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were recorded, and the LOI carbon (%) was estimated by taking the difference between pre-and 

post-ignition weights and dividing the result by the pre-ignition weight. Hendricks et al. (2019) 

revealed a strong linear relationship (R2  = 0.90) between SOC concentration and LOI carbon in 

southern piedmont pastures where SOC was 0.47 times LOI; however, this conversion factor could 

differ based on crop type and biomass coverage, topography, weather patterns, and management 

practices (Subedi et al., 2022). 

2.4 IN SITU FIELD MEASUREMENTS 

 Soil moisture (ECH20 10 HS and 5 TE, Decagon Devices, Inc., Pullman, WA, USA) and 

water potential (TEROS 21, Meter Group, Inc., Pullman, WA, USA) sensors were installed at 10 

cm depth in ten plots to measure in situ variation in VWC at different matric potential. Soil 

moisture sensors measured VWC (factory calibrated accuracy: ± 2% VWC) every minute during 

the span of maize growth (April to September) while matric potential data (ψ) were recorded 

[factory calibrated accuracy: ± (10% of reading + 2 kPa)] every 60 min from mid-August to mid-

September. The moisture sensors were connected to two different data loggers that were ZL6 

(Meter Group, Inc., Pullman, WA, USA) and Em50 data logger (Decagon Devices, Inc., Pullman, 

WA, USA), based on availability. In situ soil moisture release curves were developed using 

measured moisture and matric potential data. Retention models were fitted to compute and 

compare hydraulic parameters of the lab and in situ hydraulic parameters, as described in the 

following sub-sections. 

2.5 ANALYTICAL MODELS 

2.5.1 HYDRAULIC RETENTION MODELS 

 Two retention models, van Genuchten (Van Genuchten, 1980) and Dual porosity (Durner, 

1994), were fitted to the data pairs of VWC (θ) versus matric potential (h) to predict the complete 
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soil moisture release curve, θ(h) in MATLAB (R2022a, The MathWorks, Inc.). The van 

Genuchten model (Van Genuchten, 1980) is the most popular model commonly used to explain 

the single-porosity system, which estimates θ(h) based on the following general equation, 

 

 
𝜃(ℎ)  −   𝜃𝑟

𝜃𝑠  −   𝜃𝑟
=  

1

[1 + |𝛼ℎ|𝑛]𝑚 
 

 

where θ(h) is the volumetric water content (m3 m-3), θs and θr are the saturated and residual values 

of the soil water content, α and n are dimensionless curve shape parameters, and m = 1-1/n. 

However, its applicability is limited to homogeneous soils with unimodal pore-size distribution 

(Durner, 1994; Fatichi et al., 2020). We fitted the Dual porosity model (Durner, 1992, 1994), 

constructed by a linear supposition of two van Genuchten models, to account for distinct but 

interacting structural (inter-aggregate) and micro (intra-aggregate) pores. This model describes the 

role of soil structure in the hydraulic properties and is generally expressed as follows: 

 

 
𝜃(ℎ)  −   𝜃𝑟

𝜃𝑠  −  𝜃𝑟
=  

𝑤1

[1 + |𝛼1ℎ|𝑛1]𝑚1 
+  

1 −  𝑤1

[1 + |𝛼2ℎ|𝑛2]𝑚2 
 

 

where αi and ni (i = 1, 2) are the same as in the van Genuchten model for the structural and micro 

pore regions, respectively, while wi (i = 1, 2) are weighing factors for these distinct pore regions. 

2.5.2 GAS DIFFUSIVITY MODEL 

 The relative oxygen diffusion coefficients (Dp/Do) at different air-filled porosity were 

estimated using a soil-type dependent model suggested by Moldrup et al. (1996). This model 

calculates Dp/Do for undisturbed soils based on the soil moisture release curve with higher accuracy 

(Sergey & Pete, 2012). The release-curve-dependent gas diffusivity model is stated as follows:  
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𝐷𝑃

𝐷𝑂
= (2𝜀3

100 + 0.04𝜀100)(
𝜀

𝜀100
)2+3/𝑏 

 

where b is the Campbell (1974) soil water retention parameter (equal to the slope of the SMRC 

curve in a log-log coordinate system), DP is the gas diffusivity coefficient in soil (cm3 soil air cm-

1 soil h-1), DO is the gas diffusivity coefficient in the air (cm2 h-1), ε100 is the air-filled porosity at ψ 

= -100 cm (estimated from SMRC), and ε is the air-filled porosity. The air-filled porosity was 

plotted against their relative oxygen diffusion coefficient for studying oxygen transport in soil 

pores at different soil moisture contents. This relationship was used to estimate the relative oxygen 

diffusion coefficients at residual moisture, threshold moisture, field capacity, and saturation. The 

O2 diffusivity at threshold moisture reflects the diffusivity coefficient when pores less than or equal 

to 1 μm are saturated with water (Lacroix et al., 2021). 

2.4.3 OXYGEN TRANSPORT MODEL 

 The modified steady-state transport model proposed by Kanwar (1986) was used to analyze 

the movement of oxygen in undisturbed soil cores at different depths, which is expressed as: 

 

𝑐(𝑥, 𝑡) =  𝑐𝑜 −  𝛼𝑡 +  𝛼[(𝑡 +  
𝑥2

2𝐷
) 𝑒𝑟𝑓𝑐 (

𝑥

2√𝐷𝑡
) − 𝑥 (

𝑡

𝜋𝐷
)

2

𝑒𝑥𝑝 (−
𝑥2

4𝐷𝑡
)] 

 

where c is the oxygen concentration in the soil air (cm3 cm-3) at depth x in cm and time t in hr, co 

is the oxygen concentration in the atmosphere (cm3 cm-3), α is the rate of oxygen consumption by 

biological and chemical processes within the soil mass (cm3 cm-3 hr-1), D is the oxygen diffusion 

coefficient in the soil (cm2 hr-1), and erfc is the complementary error function. This model assumes 
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that the oxygen concentration remains constant throughout the soil core at the beginning of the 

measurement and is equal to the atmospheric oxygen concentration [c (x, t) = co]. Further, the 

model assumes that the change in oxygen concentration with depth remains constant and is equal 

to zero (δc/ δx = 0 as x→∞, t > 0). For simplicity, we assumed α to be constant and equal to 

0.002125 cm3 cm-3 hr-1 for all the simulations because the overall effect of change in α on oxygen 

transport is almost insignificant for a short period of 24 to 48 hours (Kanwar et al., 1989). The 

relationship between relative oxygen concentration (c/co) and soil depth (x) was plotted for 

different oxygen diffusion coefficients (estimated using the above-stated diffusivity model) to 

describe the effects of diffusion coefficients, altered due to management practices, on oxygen 

concentration in the soil. This relationship was leveraged to estimate relative oxygen 

concentrations at 5 cm soil depth at 12, 24, 36, and 48 hours after the initial equilibrium condition. 

2.6 STATISTICAL ANALYSIS 

 The hydraulic parameters from the release curves were estimated by fitting retention 

models using a global optimization algorithm developed in MATLAB (R2022a, The MathWorks, 

Inc.) We did 2000 iterations per model per sample by fixing the lower and upper bound of the 

parameters. The lower bounds for the shape parameters (α, n, and m) were set as suggested by van 

Genuchten (1980) and Durner (1994), while the upper bounds were determined based on literature 

review and initial model fitting. The hydraulic parameters estimated by van Genuchten for clay 

loam were used as the initial value of the parameters because most of the samples had clay loam 

texture. The performance of the retention models was evaluated based on root mean square error 

(RMSE) and akaike information criterion (AIC). The smaller the values of these parameters, the 

better the model. The codes for fitting oxygen diffusivity and transport models were also generated 

in MATLAB.  
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 In order to classify oxygen diffusivity behavior as controlled by soil structural parameters, 

we did k-medoid clustering for partitioning hydraulic parameters into the possible number of 

clusters and assessed differences in oxygen diffusivity between clusters. This method minimizes 

the sum of pairwise dissimilarities between points such that the points in a cluster are highly similar 

to those in another cluster. To find the optimum number of clusters for the data, we applied the 

medoid silhouette method, which computes the average silhouette width for the selected number 

of clusters. Higher silhouette width indicates that the points are well-matched to their cluster and 

poorly matched to others. In order to check the collinearity between variables, the variance 

inflation factor (VIF) was estimated, and the threshold value equal to 10 was used for the 

determination—higher values indicate collinearity. Before comparing the clusters, the distribution 

of the variables was analyzed, and the non-normally distributed variables were transformed using 

the box-cox transformation method. Analysis of variance (ANOVA) test was performed to 

compare clusters for the normally distributed variables, while the Kruskal-Wallis rank sum test 

was used for non-normally distributed variables. The post hoc tests, such as Tukey's test (for 

normal data) and Dunn's test (for non-normal data), were applied to find the clusters that differ. 

The p values were corrected for multiple comparisons, and the adjusted p values ≤ 0.05 were 

considered significant. The figures and graphs for explanations and comparisons were developed 

in MATLAB and R (R core Team, Version 2023.03.0).  
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3 RESULTS 

3.1 FITTED HYDRAULIC PARAMETERS 

 The retention models, namely van Genuchten and Dual porosity, were fitted to the soil 

moisture release curves developed for the 24 soil cores (Appendix A1). An example of a soil 

moisture release curve is displayed in Figure 2.2 (for sample 5), and fitted values are listed for all 

samples in Table 2.1. The dual porosity model performed relatively well compared to van 

Genuchten's model for all the cores, which were compared based on RMSE and AIC values. 

 The van Genuchten model could not simulate soil moisture near saturation (as depicted in 

Figure 2.2). This indicates that the soil cores had bimodal pore-size distribution consisting of 

Figure 2.2. Soil moisture release curve developed in the lab for a soil core (Sample 5). The blue 

dots represent volumetric water content (%) at different matric potentials (m). The solid red line 

reflects the fitted dual porosity model (Durner, 1994), while the dotted red line is the fitted single 

porosity model (van Genuchten, 1980). The remaining SMCC curves (N = 23) are shown in 

Appendix A1.  
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micropores and macropores enmeshed to form a heterogeneous matrix. Table 2.1 shows the fitted 

hydraulic parameters to moisture release curves using the dual porosity model. 

Table 2.1. Fitted hydraulic parameter values of Dual porosity model for all soil samples (N = 24) 

Sample θr (%) θs (%) α 1 (m-1) n1 α 2 (m-1) n2 w1 RMSE (%) 

1 10.00 54.00 2.91 1.29 0.03 5.00 0.85 0.46 

2 0.56 59.32 0.31 1.63 10.00 1.12 0.14 0.29 

3 0.00 49.85 2.48 1.23 0.05 1.50 0.76 0.42 

4 2.92 52.86 0.09 5.00 3.59 1.31 0.31 0.35 

5 0.00 58.33 7.08 1.22 0.09 2.71 0.75 0.69 

6 3.91 59.31 0.10 5.00 7.26 1.30 0.24 0.25 

7 8.22 54.92 8.52 1.83 0.60 1.38 0.45 0.53 

8 0.00 53.38 7.24 1.87 0.41 1.35 0.34 0.28 

9 7.01 54.28 5.85 1.43 0.12 5.00 0.68 0.62 

10 0.00 43.91 0.11 4.58 5.11 1.15 0.29 0.37 

11 9.91 50.30 10.00 1.41 0.11 2.97 0.62 0.27 

12 10.00 43.98 5.69 1.32 0.12 5.00 0.77 0.22 

13 0.00 44.63 2.87 1.21 3.67 5.00 0.81 0.78 

14 10.00 45.86 0.14 5.00 7.79 1.46 0.15 0.39 

15 0.00 52.36 0.03 5.00 10.00 1.23 0.20 0.29 

16 2.85 58.79 0.08 5.00 10.00 1.19 0.35 0.30 

17 8.35 45.86 9.97 1.47 0.09 3.03 0.70 0.38 

18 10.00 47.21 10.00 1.28 0.13 5.00 0.84 0.42 

19 4.88 45.06 1.99 3.62 6.75 1.37 0.13 0.50 

20 0.00 44.67 5.33 1.83 0.08 1.62 0.49 0.51 

21 0.08 35.80 5.31 1.66 0.23 1.28 0.48 0.46 

22 0.00 36.57 3.34 1.24 0.01 4.59 0.75 0.66 

23 9.67 43.97 7.42 1.29 0.13 5.00 0.89 0.39 

24 2.42 28.15 0.20 2.90 6.23 1.39 0.34 0.31 
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3.2 CLUSTERING APPROACH 

 We did k-medoid clustering to characterize soil samples with similar soil structures and 

identify specific soil hydraulic parameters as represented by their water retention curves that 

classify the variation in O2 diffusivity in soils. Clustering was done with the possible combinations 

of hydraulic parameters, and the estimates of oxygen diffusion coefficient at different moisture 

contents, such as residual moisture (maximum diffusivity), threshold moisture, field capacity, and 

saturation (minimum diffusivity), were evaluated among the clusters. The oxygen diffusivities at 

different soil moisture were computed from a curve demonstrating the variation in relative 

diffusion coefficient as a function of air-filled porosity developed using a gas diffusivity model 

formulated by Moldrup et al. (1996) (Figure 2.3). These diffusivity estimates were computed for 

each soil core to examine their relationship with soil hydraulic parameters. 

 For most of the combinations, the mean values of oxygen diffusivity at residual moisture, 

threshold moisture, field capacity, and saturation were similar among clusters (p > 0.05). However, 

(a) (b) 

Figure 2.3. Relative oxygen diffusivity as a function of air-filled porosity. Figures (a) and (b) 

represent the variation in oxygen diffusivity for two different soil cores. The oxygen diffusivities 

at different soil moistures for a soil core were estimated from the curve, and estimates of 24 soil 

cores were compiled and presented in the form of box plots. 
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the mean values of O2 diffusivity at residual and threshold moisture were significantly different (p 

< 0.05) among clusters when partitioned using hydraulic parameters: n1 and n2. These hydraulic 

parameters are related to the slope of the moisture release curves and influence the width of the 

pore size distribution. Five clusters were formed with different sample sizes (Figure 2.4); cluster 

1 had 7 samples, while clusters 2 and 3 had 6 samples each. Also, clusters 4 and 5 had 3 and 2 

samples, respectively. The number of clusters was determined based on the average silhouette 

value, which was higher (0.42) for five clusters. We used clusters formed based on n1 and n2 

parameters for further analysis to utilize the most parsimonious model. 

 Figure 2.5 shows the distribution of the O2 diffusivity at residual moisture, threshold 

moisture, field capacity, and saturation in five clusters. Statistical results showed a significant 

Figure 2.4. K-medoid clustering approach using n1 and n2 hydraulic parameters. Different 

shapes indicate clusters formed by minimizing a sum of pairwise dissimilarities between 

samples for n1 and n2 parameters. 
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difference (p < 0.05) in the mean values of O2 diffusivity at residual and threshold moisture among 

clusters (Figures 2.5a, 2.5b). We found that cluster 5 had higher mean values of O2 diffusivity at 

residual (confidence interval (CI): 0.012 to 0.332) and threshold (CI: 0.011 to 0.232) moisture than 

cluster 1. In contrast, the mean values of clusters were similar (p > 0.05) between cluster pairs for 

O2 diffusivity at field capacity and saturation (Figures 2.5c, 2.5d). 

 

 

Figure 2.5. Distribution of O2 diffusivity at (a) residual moisture, (b) threshold moisture, (c) field 

capacity (FC), and (d) saturation in five clusters. The centerline of the box plots indicates the 

median, the upper and lower represent the 25th and 75th quantiles, and the red dot reflects a 

cluster's arithmetic mean O2 diffusivity/diffusion coefficient. The p value (p < 0.05) represents 

a significant cluster difference. For multiple comparisons, we used adjusted p values. 
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3.2.1 COMPARISON OF SOIL HYDRAULIC PARAMETERS 

 The soil hydraulic parameters represent important physical and hydraulic attributes such 

as pore-size distribution, soil structure, and water retention capacity that regulate the diffusion and 

transport of oxygen in soils. The differences in hydraulic parameters among clusters can provide 

substantial information about the soil's hydro-physical properties and the magnitude of O2 

diffusivity and O2 concentration in soil layers. We evaluated the distribution of hydraulic 

parameters of clusters and found significant differences (p < 0.05) in mean values of shape fitting 

parameters: n1, n2 α1, α2, w1, and w2 among clusters (Figure 2.6a, 2.6b, and Figure 2.7c-f). 

However, the mean values of residual water content (θr) and saturated water content (θs) were 

similar among clusters (Figure 2.7a, 2.7b). 

Figure 2.6.  Distribution of soil hydraulic parameters n1 and n2 in five clusters. The p value < 

0.05 indicates a significant difference among clusters. The centerline of the box plots indicates 

the median, the upper and lower represent the 25th and 75th quantiles, and the red dot reflects the 

arithmetic mean n1 and n2 parameters of a cluster. The related p values were corrected for 

multiple comparisons according to Benjamini and Hochberg (1995).  
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 The results showed that cluster 1 had lower n1, α2, and w2 mean values and higher n2, α1, 

and w1 mean values than cluster 3 (Figures 2.6a, 2.6b, and 2.7c-f). Also, cluster 1 had higher mean 

values of n2 and w1 and lower mean w2 than cluster 2. In addition, the mean of w1 was higher, but 

the mean of w2 was lower in cluster 1 compared to cluster 5 (Figure 2.7e, 2.7f). Moreover, clusters 

2 and 4 had a significantly higher mean value of α1 than cluster 3 (Figure 2.7c). The mean values 

of n1 and α2 were significantly lower in cluster 4 compared to cluster 3 (Figures 2.6a, 2.7d). 

3.2.2 COMPARISON OF SOIL PHYSICAL ATTRIBUTES 

 The clusters were evaluated for the differences in porosity, clay, sand, bulk density, and 

loss-on-ignition (LOI) carbon using the analysis of variance (ANOVA) method. The comparison 

Figure 2.7. Distribution of soil hydraulic parameters such as (a) residual water content θr, (b) 

saturated water content θs, and shape fitting parameters [(c) α1, (d) α2, (e) w1, and (f) w2] in five 

clusters. The centerline of the box plots indicates the median, the upper and lower represent the 

25th and 75th quantiles, and the red dot reflects the arithmetic mean of a parameter for a cluster. 

The p value (p < 0.05) indicates a significant cluster difference. The related p values were 

corrected for multiple comparisons according to Benjamini and Hochberg (1995). 
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revealed no statistically significant differences (p > 0.05) among clusters for these soil physical 

attributes (Figure 2.8). However, the mean values of these attributes were slightly different 

between clusters despite the statistical similarity. Meanwhile, LOI carbon was positively correlated 

with sand (0.62) and porosity (0.78) and negatively correlated with bulk density (0.78). We also 

observed a negative correlation (1.0) between bulk density and porosity. Lastly, we observed a 

negative correlation between sand and bulk density (0.47) and a positive correlation between sand 

and porosity (0.47).  

Figure 2.8. Distribution of soil physical features: (a) porosity (%), (b) clay (%), (c) sand (%), (d) 

bulk density (g/cm^3), and (e) loss-on-ignition (LOI) carbon in five clusters. The centerline of the 

box plots indicates the median, the upper and lower represent the 25th and 75th quantiles, and the 

red dot reflects the arithmetic mean of physical features for a cluster. The mean comparison using 

ANOVA resulted in insignificant differences (P > 0.05) among clusters for all these attributes. 
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3.2.3 COMPARISON OF RELATIVE OXYGEN CONCENTRATION BETWEEN CLUSTERS 

 We estimated oxygen concentration relative to atmospheric O2 concentration at 5 cm soil 

depth for oxygen diffusivity at residual and threshold moisture using the O2 transport model 

proposed by Kanwar (1986). The initial concentration of O2 was assumed to be equal to the 

atmospheric concentration, and the change in O2 concentration with depth was assumed to be 

constant and equal to zero. The O2 concentrations were computed at 12, 24, 36, and 48 hours after 

the initial concentration equal to atmospheric (Figure 2.9). The estimated relative oxygen 

concentrations of 24 soil cores were compiled based on clusters for O2 diffusivity at residual and 

threshold moisture and depicted in boxplots (Figure 2.10). 

 The results showed significant differences (P < 0.05) in the mean values of O2 

concentrations for O2 diffusivity at residual moisture among clusters for all time points (Figure 

2.10a-d). Nonetheless, the mean values of O2 concentrations for diffusivity at threshold moisture 

Figure 2.9. Modeled variation in soil oxygen concentration relative to atmospheric with soil 

depth for oxygen diffusivity at (a) residual moisture and (b) threshold moisture. The line gradient 

represents the change in oxygen concentrations for a particular time after equilibrium (equal to 

atmospheric concentration) at different depths. The relative oxygen concentration in the soil 

profile at 5 cm depth was computed from these curves and used for comparison between clusters. 

(a) (b) 
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were similar among clusters (P > 0.05) (Appendix A2a-d). Additionally, a post hoc test revealed a 

higher mean value of relative O2 concentration estimated for diffusivity at residual moisture in 

cluster 5 than in cluster 1 at 12 hours after equilibrium (Figure 2.10a). Although the statistical test 

did not find the differences in O2 concentration between clusters 1 and 5 at 24, 36, and 48 hours, 

both clusters followed the same pattern as 12 hours at these time points. 

3.3 UNCERTAINTIES ASSOCIATED WITH THE LAB-MEASURED SOIL HYDRAULIC 

PARAMETERS FOR OXYGEN DIFFUSION 

 The in situ field soil moisture release curves were developed and fitted to retention models. 

We observed better performance of the dual porosity model for all the release curves (Figure 

Figure 2.10. Distribution of relative O2 concentration in clusters estimated for O2 diffusivity at 

residual moisture at (a) 12 hours, (b) 24 hours, (c) 36 hours, and (d) 48 hours after equilibrium 

concentration with atmosphere. The centerline of the box plots indicates the median, the upper 

and lower represent the 25th and 75th quantiles, and the red dot reflects the arithmetic mean of 

relative O2 concentration for clusters. The relative oxygen concentrations differed significantly 

(p < 0.05) among clusters at all time points. Dunn test was performed for multiple comparisons 

by correcting the p value using Benjamini and Hochberg (1995). 
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2.11b). The fitted hydraulic parameters of release curves were recorded and compared with lab-

fitted hydraulic parameters.  

 The results showed a significant difference (p < 0.05) in the mean value of saturated water 

content between lab (45.36%) and in situ field (21.58%) conditions (Figure 2.12b). However, all 

other hydraulic parameters were statistically similar between lab and in situ field conditions 

(Figure 2.12a, 2.12c, and 2.12d and Appendix A4). 

Figure 2.11. Soil moisture release curves developed using (a) a soil core in the lab and (b) in situ 

field-based measurements. The solid light red line reflects the fitted dual porosity model (Durner, 

1994), while the dotted light red line is the fitted single porosity model (van Genuchten, 1980). 

For ten sites, the field-based moisture release curves were developed, which are shown in 

Appendix A3. 

(a) (b) 
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 Figure 2.13 shows the variation in oxygen diffusivity at different air-filled porosity and the 

change in oxygen concentration with soil depth for a soil core and in situ field condition. The 

estimates of oxygen diffusivity at residual moisture, threshold moisture, field capacity, and 

saturation were compared between the lab and the field. The mean values of O2 diffusivity at 

residual and threshold moisture were similar between lab and field conditions, indicating that lab-

based measurements may suffice for determining oxygen transport in the field under these 

conditions. In contrast, the O2 diffusivity at field capacity and saturation differed between lab and 

in situ field conditions (Appendix A5 a-d). Moreover, the mean computed O2 concentrations at 5 

Figure 2.12. Distribution of soil hydraulic parameters such as (a) residual water content θr, (b) 

saturated water content θs, (c) n1, and (d) n2 between lab and in situ field conditions. The 

normally distributed data were compared using Student's t-test, while non-normal data were 

compared using the Mann-Whitley-Wilcoxon test. The centerline of the box plots indicates the 

median, the upper and lower represent the 25th and 75th quantiles, and the red dot reflects the 

arithmetic mean of hydraulic parameters for clusters. The p value (p < 0.05) indicates a 

significant difference in the mean estimates between the lab and the field. 



40 

 

 

cm soil depth, at 12, 24, 36, and 48 hours after uniform O2 distribution (equal to atmospheric 

concentration), were similar between lab and in situ field conditions (Appendix A6 a-g) for 

diffusivity at residual and threshold moisture.  

(a) (b) 

(c) 

Figure 2.13. (a) Variation in relative oxygen diffusivity as a function of air-filled porosity in the 

lab soil core (light red) and the field (blue); changes in relative O2 concentrations with soil depths 

in the lab and the field computed for O2 diffusivity at (b) residual moisture (c) threshold moisture. 

The changes in oxygen concentrations were estimated at 12, 24, 36, and 48 hours after 

equilibrium, represented by different line gradients. ROC stands for relative oxygen 

concentration. All these estimates were compiled for the lab and the field and presented in the 

form of boxplots. 
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4 DISCUSSION 

 The interaction between soil attributes, namely physical, chemical, and biological, 

influence the uptake and transport of gases within soil pores that impact pore-scale biogeochemical 

processes (Brussaard et al., 1997; Hayes, 2017; Horel et al., 2015; Jones & Bradford, 2001; 

Schwen et al., 2011). As agricultural management practices affect the interaction between soil 

attributes, parameters that manifest the effect of management practices in soils are essential for 

developing a conceptual framework related to the dynamics of gases in soils and differentiating 

soils based on their potential to become oxygenated. This study is focused on applying diffusivity 

(Moldrup et al., 1996) and retention models (Durner, 1994; Van Genuchten, 1980) for 

characterizing oxygen diffusion coefficients of soils based on hydraulic parameters and study the 

effect of soil structure on oxygen diffusivity at key moisture states. The moisture values considered 

were residual, threshold, field capacity, and saturation. Understanding the oxygen diffusivity of 

soils with changes in soil structure and moisture has implications for modeling greenhouse gas 

emissions and improving soil management practices.  

Variation in pore architecture 

 By fitting retention models, we found that the bi-modal pore size distribution was a better 

representation of all our undisturbed soil cores (Appendix A1). The bi-model pore size might be 

due to the presence of above-ground biomass, which influences the formation of biopores (Bodner 

et al., 2014; Wendel et al., 2022). These biopores are formed due to the penetration of plant roots, 

soil faunal activity, and physical disturbance and have pore sizes usually different from the normal 

pores (Wendel et al., 2022). Moreover, the bi-modal pore size distribution could have been due to 

unusually wide macropores formed due to the cracking of aggregates (Ball, 2013). These bigger 

pores can hold a comparatively high amount of water at less negative matric potential, resulting in 
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poor performance of the single porosity (van Genuchten) model as they cannot simulate water 

content in large pores. Using X-ray microtomography, the presence of bi-modal pore-size 

distribution can be verified (Pires et al., 2020). This result is in accordance with Haws et al. 

findings, where they documented better performance of the dual porosity model while simulating 

solute flows from the subsurface of agricultural soils using retention models (2005). The dual-

domain model better predicted solute flow at less negative matric potential. 

Variation in oxygen diffusivity with soil moisture 

 Soil moisture plays a pivotal role in influencing oxygen diffusion in soil pores, primarily 

by decreasing air-phase pore connectivity and increasing the path length traveled by O2 molecules 

(pore tortuosity) (CURRIE, 1984; Neira et al., 2015; Sergey & Pete, 2012). Given the inherent 

spatial and temporal variability of soil moisture in the field, understanding the dynamics of oxygen 

necessitates consideration of key moisture states: residual moisture, threshold moisture, field 

capacity, and saturation. By examining these dominant moisture states, we can gain valuable 

insights into the intricate behavior of oxygen in the field. Soil hydraulic parameters describing 

pore-size distribution (n1 and n2) clustered oxygen diffusivity at residual and threshold moisture, 

whereas these parameters did not influence oxygen diffusivity at field capacity and saturation. This 

result revealed that oxygen diffusivity at residual and threshold moisture are affected by soil 

structural features, while oxygen diffusivity at field capacity and saturation are not influenced. 

This discrepancy may be due to the higher connectivity of the water phase at field capacity and 

saturation, reducing air-filled porosity and the impact of pore-size distribution—which are 

influenced by soil structure (Bakhshian et al., 2021; Berg et al., 2013).  

 The within-cluster differences for O2 diffusivity at residual and threshold moisture were 

found between clusters 1 and 5; cluster 5 had higher diffusivities when the soil was completely dry 
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and soil pores less than or equal to 1 micron were filled with water. The relatively higher mean 

value of O2 diffusivity at residual and threshold moisture in the soil that falls in cluster 5 might be 

due to uniform pore-size distribution (PSD) and greater pore continuity as indicated by the 

presence of higher mean value of clay and lower value of weighting parameter w1 (Jiao et al., 

2021; Zhang et al., 2022). Higher clay content favors soil aggregation and the formation of uniform 

inter- and intra-aggregate pores, which are highly connected (Nimmo, 2004). On the other hand, a 

lower value of w1 indicates the dominance of the micro-and mesopores domain, resulting in 

uniform pore-size distribution (Zhang et al., 2022). The abundance of uniform pores and high pore 

connectivity can also be explained by the ratio of α parameters (α1/α2). A higher ratio of α1/α2 

indicates a soil matrix with a large number of macropores embedded in micro-and mesopores, as 

was observed for cluster 1 (Fatichi et al., 2020; Zhang et al., 2022). Cluster 5 had a lower α1/α2 

ratio, reflecting the minimum influence of macropores on pore-size distribution and supporting the 

presence of uniform soil pores. Homogeneous and well-connected soil pores drain simultaneously, 

leading to greater air-filled porosity and higher O2 diffusivities at residual and threshold moisture. 

On the contrary, water can remain in smaller pores in a heterogenous PSD—having a huge 

difference in micropores and macropores, due to strong tension and hysteretic effect, during a 

drying cycle, thereby decreasing air-filled porosity and O2 diffusivity. 

Variation in n parameters within clusters 

 The n parameter of the retention models represents the range of pore-size distribution of 

soils; a higher n value generally indicates sandy soils with narrow pore-size distribution, while a 

lower value denotes a wide range of pore-size distribution (Zhang et al., 2022). The results showed 

significant differences among clusters for both n1 and n2 parameters. This finding implies that there 

are significant structural differences among clusters. A post hoc analysis revealed statistically 
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insignificant differences between clusters 1 and 5 for n parameters; however, the mean value of n1 

was relatively higher in cluster 5 than in cluster 1, while n2 varied exactly the opposite. This 

anomaly in the post hoc statistical test might have resulted due to too many ties in the ranks, which 

renders non-parametric tests inappropriate to encounter the difference. The higher n1 parameter of 

cluster 5 typically signifies a narrow pore-size distribution with greater sand percentage, as n1 

represents structural macropores. But we observed a comparatively greater percentage of clay in 

cluster 5 with a wide range of pore size distribution. Our observation was supported by the lower 

estimate of w and the ratio of α parameters (α1/α2), which signify broad pore-size distribution. The 

discrepancy in the observation and the notion related to n1 might have been due to two reasons. 

One is the higher uncertainty in the estimation of n1 which was also noted by Zhang et al. (2022), 

where they found unclear correlations between the ratio of n parameters (n1/ n2) and weighting 

parameter w. Another reason relates to macropores inside soil aggregates formed by clay particles 

(Nimmo, 2004). However, the average estimate of n1 and n2 aligned with the notion related to the 

n parameter, which was higher in cluster 1 compared to cluster 5, with a greater sand percentage.  

Variation in oxygen concentration 

 The O2 transport in soil pores depends on the oxygen diffusion coefficient (Kanwar, 1986; 

Kanwar et al., 1989; Moldrup et al., 2000; Sergey & Pete, 2012). Variations in pore geometry and 

connectivity influence oxygen uptake by altering oxygen diffusivity. Well-connected pores lead 

to higher diffusivity, replenishing the consumed oxygen by microbes and maintaining optimum 

O2 concentration in soil pores. The applied oxygen transport model in this study revealed that there 

are likely differences in oxygen concentration at 5 cm soil depth among clusters for maximum 

diffusivity. The results indicate higher oxygen concentration in cluster 5 soils than in cluster 1 soils 

after 12 hours of equilibrium concentration. We did not find significant differences at 24, 36, and 
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48 hours after equilibrium, but the mean values were comparatively higher in cluster 5 than in 

cluster 1. One of the plausible explanations of the observed results is the presence of uniform pore 

geometry, indicated by higher clay content and a lower ratio of α1 and α2 parameters. However, 

the mean oxygen concentrations were similar among clusters for diffusivity at threshold moisture. 

This may have resulted due to the significant contribution of smaller pores (< 1 μm) to the total 

pore volume of soils in clusters 1 and 5. When these smaller pores became saturated, the highly 

disconnected bigger pores (> 1 μm) could not contribute substantially to the soil’s oxygen 

concentration. Wendel et al. (2022) have also noted the significant effect of smaller pores on the 

oxygen concentration in soil. We would also like to note that these inferences are based on a model 

under one set of boundary conditions, and results may not be transferred to other conditions 

without adequate validation.  

Variation between lab and in situ field-based estimations 

 The uncertainty associated with estimated hydraulic parameters needs to be examined by 

comparing them with field-based hydraulic parameters to ensure accuracy and enhance the 

applicability of our work. The comparison of the lab and in situ hydraulic parameters indicated 

statistically insignificant differences in the mean values of n1 and n2 parameters. This result 

provides insights into the simulation of undisturbed soil cores that can represent field 

heterogeneity. Similarly, other hydraulic parameters except saturated water content (θs) were 

statistically similar between lab and in situ conditions. The fitted saturated water content (θs) was 

lower in the field than in the lab. This may have resulted due to differences in the wetting process 

of soils in the lab and field conditions. Since water moves from the surface into soil pores in the 

field, air initially present in pores gets compressed and precludes soil pores from complete 

saturation (Nimmo & Likens, 2009; van Dam et al., 1996). In addition, the saturation of field soils 
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depends on the intensity of rainfall and topography (Wang et al., 2022; Xue & Gavin, 2008). 

However, the air inside soil pores gets released during saturation under controlled conditions in 

the lab as a result of capillarity, resulting in higher water content. 

 The statistical similarity between the lab and the field for O2 diffusivity at residual and 

threshold moisture may have resulted from an accurate prediction of air-conducting pores during 

complete dry conditions and when smaller pores (≤ 1 μm) were filled with water. However, we 

observed higher O2 diffusivity at field capacity and saturation in the field than in the lab. This 

discrepancy could be due to the differences in water content at saturation and the fraction of 

structural pores between in situ and lab conditions. Field soils had lower fitted saturated water 

content (θs) than the lab soils, indicating the presence of air-filled pores at saturation. Lower 

saturation could be due to the presence of non-capillary or macropores that drain quickly—

removing water through downward or lateral flow—and can substantially increase oxygen 

diffusivity at field capacity and saturation. The lower oxygen diffusivity in the lab may have 

resulted from destroying air-conducting macropores during sampling using a soil core (Suzanne et 

al., 2008). Consequently, the result suggests that estimating oxygen diffusivity at saturation and 

field capacity based on lab-computed parameters should be guided with proper considerations.  

Limitations 

 Some limitations need to be considered when utilizing the interpretation outlined in this 

study. While both diffusion and convection influence the movement of oxygen in soil pores, this 

research primarily focused on diffusion due to its predominant contribution to oxygen dynamics 

(Frederick et al., 1982; Neira et al., 2015; Sergey & Pete, 2012; Suzanne et al., 2008). It is essential 

to recognize that soils exhibit significant diversity in terms of microbial species and populations, 

which impact the demand and supply of oxygen into soil pores in a multifaceted manner. 
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Consequently, the variations in oxygen diffusivity resulting from structural differences and soil 

moisture levels do not encompass the entirety of the situation. Additionally, it should be noted that 

some of the fitted hydraulic parameters approached the upper limits of the dual porosity model's 

range, but this only represents a small fraction of the total fitted values. Therefore, care should be 

taken when interpreting the fitted hydraulic parameters and oxygen diffusivity. 

5 CONCLUSIONS 

 This study investigated the potential of classifying oxygen diffusivity in agricultural soils 

at different moisture contents based on soil structure as studied using soil hydraulic parameters 

from the water retention curve. We found that soils clustered into similar soil structure groups 

using hydraulic parameters n1 and n2 categorized oxygen diffusivity for low moisture contents, 

specifically, moisture required to saturate soil pores < 1 micron and residual saturation. The effect 

of structural differences on oxygen diffusivity was moisture specific, and no impacts were 

observed for higher moisture contents. Soils with uniform pore-size distribution, depicted by a 

greater percentage of clay and a lower proportion of structural pores, had higher oxygen diffusivity 

at residual and threshold moisture. Comparison between lab- and field-based estimations revealed 

that the oxygen diffusivity quantified at residual and threshold moisture in the lab can simulate the 

field condition. These findings have implications for modeling oxygen diffusivity of undisturbed 

soils and improving biogeochemical models. Accurate estimation and interpretation of 

biogeochemical cycles of croplands will aid in sustainable soil management practices while 

enhancing crop productivity.  
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Appendix A1. van Genuchten and Dual porosity models fitted to lab measured volumetric water 

content (VWC) and matric potential for 24 soil cores. The blue dots are the measured VWC at 

different matric potentials. The dotted yellow line indicates van Genuchten model while the solid 

yellow line indicates dual porosity model. The performance of models was compared based on Root 

mean square error (RMSE) and Akaike information criterion (AIC). Lower values of these estimates 

indicate better model. The number in brackets () reflects soil core number. 

Appendix A2. Distribution of relative O2 concentration in clusters for diffusivity at threshold 

moisture at (a) 12 hours, (b) 24 hours, (c) 36 hours, and (d) 48 hours after equilibrium 

concentration with atmosphere. The centerline of the box plots indicates the median, the upper 

and lower represent the 25th and 75th quantiles, and the red dot reflects the arithmetic mean of 

relative O2 concentration for clusters. The relative oxygen concentrations were statistically 

insignificant (p > 0.05) among clusters at all time points. Dunn test by correcting p value for 

multiple comparisons using Benjamini and Hochberg (1995). 
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(7) (8) 

(9) (10) 

Appendix A3. van Genuchten and Dual porosity models fitted to in situ derived volumetric water 

content (VWC) and matric potential for 10 points. The blue dots are the measured VWC at different 

matric potentials. The dotted yellow line indicates van Genuchten model while the solid yellow line 

indicates dual porosity model. The performance of models was compared based on Root mean square 

error (RMSE) and Akaike information criterion (AIC). Lower values of these estimates indicate 

better model. The number in brackets () reflects measurement points. 
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Appendix A4. Distribution of soil hydraulic parameters such as (a) α1, (b) α2, (c) w1, and (d) w2 

between lab and in situ field conditions. The normally distributed data were compared using 

Student's t-test, while non-normal data were compared using the Mann-Whitley-Wilcoxon test. 

The centerline of the box plots indicates the median, the upper and lower represent the 25th and 

75th quantiles, and the red dot reflects the arithmetic mean of hydraulic parameters for clusters. 

The mean estimates of these hydraulic parameters were statistically insignificant (p > 0.05) 

between the lab and the field 
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Appendix A5. Distribution of O2 diffusivity at (a) residual moisture, (b) threshold moisture, (c) 

field capacity (FC), and (d) saturation between in situ and lab conditions. The centerline of the 

box plots indicates the median, the upper and lower represent the 25th and 75th quantiles, and the 

red dot reflects the arithmetic mean O2 diffusivity/diffusion coefficients. The p value (p < 0.05) 

represents a significant cluster difference. 
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Appendix A6. Distribution of relative O2 concentration in clusters estimated for O2 diffusivity at 

residual moisture at (a) 12 hours, (b) 24 hours, (c) 36 hours, and (d) 48 hours and diffusivity at 

threshold moisture at (e) 12 hours (f) 24 hours (g) 36 hours, and (h) 48 hours after equilibrium 

concentration with atmosphere. The centerline of the box plots indicates the median, the upper 

and lower represent the 25th and 75th quantiles, and the red dot reflects the arithmetic mean of 

relative O2 concentration for clusters. The relative oxygen concentrations were statistically 

insignificant and different (p > 0.05) in situ and lab conditions. 
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CHAPTER 3 

PHYSICAL CONTROLS OF SOIL ANOXIA IN AGRICULTURAL FIELDS AND 

IMPLICATIONS FOR NITROUS OXIDE EMISSION2 

                                                 
2 Yadav, H and Gaur, N. To be Submitted to [Water Resources Research] 
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ABSTRACT 

 Anoxic pores in the near-surface influence land-atmosphere interactions by affecting 

ecosystem fluxes and the persistence of soil carbon stocks. Specifically, in agricultural systems, 

they can trigger the conversion of applied fertilizers into potent greenhouse gases (GHGs) like 

nitrous oxide (N2O) and methane (CH4). Therefore, quantifying the volume of anoxic microsites 

at the field scale is essential for predicting soil carbon and nitrogen dynamics. However, the 

potential for soil pores to become anoxic depends on soil pore distribution and their wetting 

dynamics. Since soil structure and pore size distribution are highly variable in the space-time 

domain, especially for agricultural soils exposed to several land-management practices, it has been 

impractical to estimate soil anoxia at the field scale. This study aimed to estimate the potential 

anoxic volume at the field scale by characterizing and quantifying pores having a higher potential 

for becoming anoxic. We collected 24 soil cores from cropland planted with corn and developed 

high-resolution and complete soil moisture release curves. The relation between cumulative soil 

moisture as a function of pore diameter was deduced from a release curve and used for estimating 

lower (1 μm) and upper (3 μm) thresholds. These thresholds were applied to estimate field-scale 

potential anoxic volume at 24 and 48 hours after rainfall. The peak N2O emission time along with 

the temporal variation in soil moisture during 6 months period were used to validate the thresholds. 

The field-scale estimations were done by interpolating point measurements using inverse distance 

weighted (IDW) and co-kriging. Random forest regression was performed to predict thresholds 

based on sand, clay, loss-on-ignition carbon, and porosity. The result showed that almost all tiny 

pores (< 1 μm) distributed in the field remained saturated and potentially anoxic, while large pores 

were partially filled and oxic at 24 and 48 hours after rainfall. The thresholds captured the N2O 

peaks; most of these peaks were observed when soil moisture was above the upper threshold. 
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Moreover, the best predictors of the lower and upper thresholds were clay and sand, respectively. 

This field-scale estimation suggests that the spatial distribution of the potential anoxic volume 

depends on the density of small pores (≤ 1 μm), which can stay saturated for at least 48 hours. This 

spatio-temporal estimation approach provides insights into macroscale ecological processes, 

including soil nutrient dynamics and organic carbon stabilization. This estimation can support 

optimizing fertilizer application and curtain GHGs production from agricultural fields, eventually 

enhancing ecosystem sustainability.  
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1 INTRODUCTION 

 Agricultural soils play a crucial role in regulating the sustainability of our global 

ecosystem. They act as a major sink and a source of potent greenhouse gases (GHGs) such as 

nitrous oxide (N2O), methane (CH4), and carbon dioxide (CO2) (Henault et al., 2012; Keiluweit et 

al., 2018; Smith, 2017). A substantial amount of carbon (C) stored in cultivated soils is vulnerable 

to land use and management practices (Keiluweit et al., 2018; Lacroix et al., 2022). Around 60% 

of the total N2O emission has been from agricultural soils since the industrial age (Smith, 2017; 

Xing et al., 2023). However, the release of C and N in the form of GHGs depends on the 

heterogeneous distribution of saturated soil pores having a higher proclivity to become anoxic 

(Lacroix et al., 2021; Mathieu et al., 2006; Schlüter et al., 2019). The variation in physical 

attributes, such as pore architecture and pore continuity, and soil hydraulic properties in 

combination with soil organic C governs the generation and persistence of anoxic conditions, 

affecting the biogeochemistry of soils. Saturated pores that are anoxic can enhance the production 

of N2O by reducing nitrate (NO-
3) and support carbon storage since oxygen is needed to remove 

soil C efficiently in the form of CO2 into the atmosphere (Keiluweit et al., 2017; Rohe et al., 2021; 

Schlüter et al., 2019). Quantifying the distribution of O2-deficit saturated pores in agricultural soils 

could support developing strategies for decreasing N2O and CH4 emissions and increasing the 

residence time of soil C in agricultural soils (Boye et al., 2017; Lin et al., 2021). Since the emission 

of GHGs affects soil management practices such as tillage, fertilizer application, and irrigation, 

proper knowledge of the distribution of anoxia could help in developing climate-smart agricultural 

practices that can substantially enhance the longevity of agricultural systems (Henault et al., 2012). 

 The generation of soil anoxia is governed by multiple factors, such as soil hydro-physical 

attributes that drive oxygen transport in the soil, the spatial distribution of microbial hotspots and 
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substrate availability that drive oxygen consumption, and temperature and soil pH that determine 

the rate of oxygen consumption (Ambus & Christensen, 1994; Schlüter et al., 2019; Smith, 2017). 

Various studies have demonstrated the impact of soil physical properties, such as soil texture and 

structure, on anoxic volume (Keiluweit et al., 2018; Lacroix et al., 2022; Rohe et al., 2021). 

Keiluweit et al. (2018) found a negative correlation between clay content and oxygen 

concentration, indicating the existence of anoxic pores in clay-rich microstructures. Lacroix et al. 

(2022) illustrated the presence of transient anoxic pores in coarse-textured soils due to enhanced 

microbial respiration and, thus, oxygen demand. On the other hand, Ball (2013) demonstrated that 

soil structure influences anoxia by controlling inter-aggregate pore space, which substantially 

affects soil water content and pore continuity. Pore continuity and water content regulate the 

diffusion of oxygen and water-extractable organic matter toward and away from the microbial 

hotspots (Rohe et al., 2021). As a result, many researchers have found a strong correlation between 

soil moisture and nitrous oxide peaks (Ball, 2013; Schlüter et al., 2019; Smith, 2017; Yanai et al., 

2003). Anthony et al. (2023) observed significantly greater N2O fluxes during irrigation and 

rainfall events from an alfalfa field, which was periodically flood-irrigated during the growing 

season. Although ample evidence relates soil moisture to anoxic volume, specific soil moisture 

conditions and physical descriptors of soil moisture status that create anoxia at a larger scale have 

not been identified. 

 Variation in soil physical properties, such as soil texture and structure, often obscures the 

correlation between soil moisture estimates and related anoxic volume of croplands at a larger 

scale. Although the soil texture remains constant at a short-temporal scale, soil structure can vary 

substantially due to above-ground biomass, soil organic C, microbial activity, and management 

practices, such as tillage and fertilization strategies (Eden et al., 2012; Iqbal et al., 2005; Kheir et 
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al., 2010; Or et al., 2007). Agricultural practices affect the distribution and mineralization of soil 

organic C, affecting soil aggregate size and pore-size distribution (Eden et al., 2012; Lipiec et al., 

2006; Nath & Rattan, 2017). In addition, the combination of soil particles could greatly vary the 

size of soil aggregates and intra-aggregate pore sizes (Neira et al., 2015). These changes in soil 

structural attributes can increase field-scale heterogeneity of soil physical parameters, such as 

water-filled porosity, total porosity, water retention, and preferential flow paths. Changes in these 

soil physical parameters substantially influence the spatial and temporal scale variabilities of water 

content in soil pores, affecting the chemical and biological properties of soils. Peterson et al. (2019) 

attributed field-scale soil moisture heterogeneity to changes in topography and soil physical factors 

and demonstrated higher soil moisture variability for wet and dry conditions than intermediate 

wetness. Or et al. (2007) found the dependency of microbial respiration on microbial habitats and 

diffusion pathways in unsaturated porous media, which is attributed to soil structure. Therefore, it 

is essential to quantify the effect of structural variability on soil moisture of agricultural soils for 

modeling processes, particularly soil anoxia affected by soil moisture.  

 Various biogeochemical models have been developed to estimate N2O and CO2 emissions 

from agricultural soils, but these models do not adequately incorporate the descriptors of soil 

anoxic volume. Some of these models, such as traditional Day Cent and Roth C, assumed the soil 

system to be completely oxic (Gottschalk et al., 2012), while others do not precisely delineate the 

effect of oxygen availability in aerobic soils (Davidson et al., 2012; Moyano et al., 2013). Recently 

developed biogeochemical models, however, have considered anoxic volume using an 

approximation of aggregate model but still do not address the heterogeneity of soil structures by 

considering a constant microbial response (Keiluweit et al., 2018). More pronounced estimations 

of anoxic volume considering soil heterogeneity and observed patterns of pore-scale oxygen 
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concentration are limited to aggregate and core scales (Keiluweit et al., 2018; Lacroix et al., 2021). 

Although small-scale estimation accurately estimates anoxia, the results are not directly 

transferable in the field owing to soil's physical, chemical, and biological heterogeneity. Such field 

scale estimates are required to develop and evaluate mitigation strategies related to GHG emissions 

and carbon restoration.  

 This study estimated the spatial and temporal distribution of potential anoxic volume at the 

field scale by integrating lab and in situ field measurements. Moisture contents corresponding to 

two soil pore sizes: lower (1 micron) and upper (3 microns), that serve as anoxic volume thresholds 

in soil were estimated from lab-developed soil moisture release curves for undisturbed soil cores 

(N = 24) and interpolated using Inverse Distance Weighted (IDW) method to develop field-scale 

lower and upper threshold moisture maps. These threshold maps represent the spatial distribution 

of soil moisture in the field required to saturated soil pores smaller than or equal to 1 micron (μm) 

and 3 microns (μm), respectively. Thresholds were determined based on the Lacroix et al. findings, 

who reported that saturated pores having diameters less or equal to 1 μm and greater than 3 μm 

have a higher potential to become anoxic (Lacroix et al., 2021). The threshold maps were deducted 

from bulk soil moisture maps, developed by co-kriging soil moisture with an auxiliary variable: 

soil electrical conductivity, to estimate potential anoxic volume distribution of smaller (≤ 1 μm) 

and larger pores (> 3 μm) at the field scale. Soil moisture maps were developed to represent soil 

moisture status at 24 and 48 hours after rainfall, and the spatio-temporal variation in field scale 

anoxia was estimated by comparing these maps with the threshold maps. The computed thresholds 

were validated for the field based on in situ weekly measurements of nitrous oxide gas using 

manual gas chambers. The ability of thresholds to capture nitrous oxide peaks simultaneously with 

soil moisture peaks was evaluated over 6 months. Additionally, in order to enhance the 
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transferability of this study, a model was developed to predict lower and upper thresholds based 

on clay, sand, loss-on-ignition carbon, and porosity. 

2 MATERIALS AND METHODS 

2.1 SITE DESCRIPTION 

 The field-scale estimation of potential anoxic volume was conducted at the University of 

Georgia's Iron Horse Farm (IHF), located in the blue ridge and Piedmont region in Oconee County, 

Georgia (GA), USA. The IHF soil is characterized as very deep, well-drained, moderately 

permeable, and eroded, formed on the ridges and the sides of the Piedmont uplands (California 

Soil Resource Lab and USDA Natural Resources Conservation Service). According to USDA 

taxonomy, the soil is classified as Cecil (Fine, Kaolinitic, thermic Typic Kanhapludults) with 

sandy loam texture (Soil Survey Staff Natural Resources Conservation Service United States 

Department of Agriculture (USDA), 2017), having 2 to 10 percent (%) slopes. The average annual 

temperature and precipitation are 19.6 oC and 1354.1 mm yr-1, respectively (University of GA 

Environmental Monitoring Network, 1957–2016).  



75 

 

 

 Field and lab measurements were conducted simultaneously with another field experiment, 

which aimed at finding the best combination of herbicides and cover crops for corn production. 

For the field research, the site (Figure 3.1) was divided into 24 plots (0.06 ha each), and treatment 

combinations of cover crops (rye or conventional) and different levels of herbicides (High, Low, 

No) were applied randomly. Manual gas chambers were installed in each plot to measure 

greenhouse gases, such as N2O, CH4, and CO2, once per week in the morning over 6 months period. 

Soil management practices, such as fertilizers (NPK) and irrigation, were similar among the plots. 

Figure 3.1. Map of the study area. The red dot inside the black circle on the Georgia map reflects 

the location of the study site. The green rectangular boxes on the study site indicate plots, and the 

green circles represent points from where soil samples were collected. 
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2.2 SOIL CORE COLLECTION 

 Undisturbed soil cores, having a diameter of 8 cm and a height of 6.3 cm, were collected 

from the site to develop complete, high-resolution soil moisture release curves in August 2022. In 

total, 24 soil cores were collected, one from each experimental plot, from the top horizon close to 

installed manual gas chambers using stainless steel cores and rubber mallets. The soil cores were 

capped with plastic caps and brought to Environmental Soil Physics Lab at the University of 

Georgia. The cores were placed in a refrigerator in the lab to avoid moisture loss. 

2.3 LAB MEASUREMENTS 

 The high-resolution, complete soil moisture release curves were developed to analyze the 

relationship between volumetric water content (VWC) and the matric potential (ψ) for each soil 

core. Two instruments, HYPROP (Meter Group, Inc., Pullman, WA, USA) and WP4C (Meter 

Group, Inc., Pullman, WA, USA), were used for developing soil moisture release curves. The 

detailed descriptions of these instruments are illustrated in Chapter 2. 

 After developing moisture release curves, soil cores were used to estimate particle size 

distribution (sand, silt, and clay) and loss-on-ignition carbon. The procedures for the estimation 

are presented in Chapter 2. 

2.4 ESTIMATION OF THRESHOLDS 

 Soil moisture and matric potential, measured using HYPROP and WP4C, were combined 

to develop a complete soil moisture release curve, representing moisture fluctuation at wide ranges 

of matric potential. Two retention models, namely van Genuchten (Van Genuchten, 1980) and 

Dual porosity (Durner, 1994), were fitted, and the best model, evaluated based on root mean square 

error (RMSE) and akaike information criterion (AIC), was used to simulate soil moisture behavior 

at different pressure suction for a specific soil core. A curve representing volumetric water content 
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(VWC) as a function of a pore diameter was developed from the fitted soil moisture release curve 

for estimating lower and upper thresholds (Appendix B3). For this, the matric potential was 

converted to pore diameter using the Laplace equation, which is expressed as follows: 

                          ℎ =  
2𝜎𝑐𝑜𝑠𝛽

𝜌𝑟𝑔
                                                                    [1]                                                                                                                                 

where r is the radius of the pore (m), σ is the surface tension (kg s-1), h is the matric potential (cm), 

ρ is the density of water (kg m-3), g is the acceleration due to gravity (ms-2) and β is the contact 

angle between soil particle and water. This equation assumes that the density and surface tension 

of the liquid phase is constant and is only valid for steady-state conditions. Assuming for water at 

25 0C, σ = 7.5 ˟ 10-2 kg s-2, ρ = 998.2 kg m-3, and β = 0o (Chang et al., 2019; Mohammadi & 

Vanclooster, 2011), pore diameter was estimated corresponding to specific matric potential. The 

sensitivity of upper and lower thresholds to changes in contact angle was explored by comparing 

thresholds estimated at 0o and 40o contact angles. The lower and upper thresholds represent water 

required to saturate pores with diameters less or equal to 1 μm and 3 μm, respectively. These 

thresholds were determined to quantify soil moisture in small (≤ 1 μm) and large (> 3 μm) pores 

after rainfall. They were determined based on Lacroix et al. (2021), who demonstrated that 

saturated soil pores less or equal to 1 μm and greater than 3 μm have a higher potential to become 

anoxic (2021). They found that larger pores inhabit a relatively high microbial population that 

increases oxygen demand and makes soil pores periodically anoxic; however, smaller pores 

become oxygen-limited for longer due to constraints in oxygen supply due to poor pore 

connectivity and high tortuosity. The thresholds were validated based on the ability to capture N2O 

peaks. To check the saturation of large pores, we used θs parameter fitted to the soil moisture 
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release curve (Chapter 2), representing soil moisture needed for complete saturation of capillary 

pores. 

2.5 IN SITU FIELD MEASUREMENTS 

 Soil moisture readings were taken at three points around manual gas chambers (N = 24) 

using an HH2 Moisture Meter connected to ML3 Theta Probe (Delta-T Devices Ltd, Cambridge, 

UK) simultaneously after measuring the electrical conductivity (EC) of the field. The EC 

measurements were taken by dragging Ground Conductivity Meter (EM38-MK2, Geonics Ltd, 

Ontario, Canada) throughout the field at 24 and 48 hours after rainfall to estimate their temporal 

variation at the field scale. Two such rainfall dry-downs were measured. One end of the instrument 

(transmitter coil) injects current into the soil, while the other (receiver coil) measures the induced 

secondary magnetic field. Using EC measurement as an auxiliary variable, soil moisture was then 

interpolated by co-kriging to develop bulk soil moisture maps, representing field scale moisture 

status at 24 and 48 hours after rainfall (Molin & Faulin, 2013). Additionally, soil moisture sensors 

(ECH20 10 HS and 5 TE, Decagon Devices, Inc., Pullman, WA, USA) were installed at 10 cm 

depth in ten plots near manual gas chambers to measure in situ variation in VWC (accuracy: ± 2% 

VWC) every minute during 6 months period (April to September). The moisture sensors were 

connected to two different data loggers that were ZL6 (Meter Group, Inc., Pullman, WA, USA) 

and Em50 data logger (Decagon Devices, Inc., Pullman, WA, USA), based on availability. 

Moreover, the information regarding nitrous oxide peak emissions was obtained from a concurrent 

study done by Saikawa et al. (2022), who measured nitrous oxides emission weekly during a 6-

month period using manual gas chambers and Picarro G2508 analyzer (Picarro, Inc., CA 95054, 

USA).  
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2.6 GEOSPATIAL INTERPOLATION AND STATISTICAL ANALYSIS 

 Geostatistical analysis, including inverse distance weighted (IDW) and ordinary co-

kriging, were performed to develop field-scale thresholds and bulk soil moisture maps using 

ArcGIS Pro (version 3.0.0, Esri, Redlands, CA, USA). A field-scale saturation map using θs was 

developed to examine the saturation of large pores. The field-scale texture (sand and clay), bulk 

density, porosity, and loss-on-ignition C maps were also developed using the IDW method. IDW 

and ordinary co-kriging are commonly used spatial techniques for interpolating variables scattered 

in space (Belkhiri et al., 2020; Chen & Liu, 2012). The former creates spatial weights matrices for 

interpolation by assigning greater weights to points closest to the prediction location. This method 

assumes that each measured point has a local influence that diminishes with the distance of interest. 

The latter method uses spatially correlated secondary variables to the variable of interest for 

interpolation. Co-kriging assumes that the primary and secondary variables have a linear 

relationship and share a common spatial structure. 

 The R software (R Foundation for Statistical Computing, Vienna, Austria) was used for 

statistical analysis. Considering high collinearity among explanatory variables: clay, sand, loss-

on-ignition carbon, and porosity, a random forest model was run with 1000 iterations, and the 

mean variable importance plot was made to identify variables contributing more to the dependent 

variables. The model performance was gauged based on root mean squared error (RMSE). Figures 

were produced using the ggplot2 package (Wickham et al., 2016).  
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3 RESULTS AND DISCUSSION 

3.1 SPATIO-TEMPORAL DISTRIBUTION OF POTENTIAL ANOXIC VOLUME 

 Potential anoxic volume distribution was determined by estimating the volume of saturated 

soil pores less than or equal to 1 μm and greater than 3 μm. The saturated pore sizes were quantified 

by deducting the threshold maps: upper (3 μm) and lower (1 μm) thresholds from each bulk soil 

moisture map developed at 24 and 48 hours after rainfall. The saturation map, developed using 

fitted θs parameter to the soil moisture release curve, was used for inspecting the saturation of large 

pores (> 3 μm). 

 Figure 3.2 reflects the soil moisture required to saturate soil pores less than or equal to 1 

μm (lower threshold) and 3 μm (upper threshold) of the field. The changes in liquid-soil contact 

angle have an insignificant influence on moisture thresholds as the thresholds were similar when 

compared between 0o and 40o (Appendix B1). The volumetric distribution of soil moisture depends 

on the pore-size distribution and structural heterogeneity, influenced by soil texture and organic 

matter content (Eden et al., 2012). Lower and upper threshold maps revealed that relatively higher 

soil moisture is needed to saturate soil pores distributed in the northwest region (Figure 3.2a, b). 

This anomaly suggests a high density of connected smaller (≤ 1 μm) and medium-sized pores (1 – 

3 μm) in the northwest compared to other regions. The high concentration of small and medium-

sized pores is attributed to a greater percentage of small-sized particles (clay and silt) and loss-on-

ignition C, facilitating aggregation and uniform pore-size distribution (Chang et al., 2019; Kutílek, 

2004) (Appendix B2 a, e). However, the sand content was also higher in the northwest region, 

contributing to the formation of large pores (> 3 μm) (Appendix B2 b). The presence of large 

structural pores embedded in the soil matrix containing small and medium-sized pores in this 

region is evident from the study conducted in Chapter 2. They found a higher α1/α2 ratio of soil 



81 

 

 

cores collected from the northwest field region, indicating large pores enmeshed in the soil matrix 

(Zhang et al., 2022). Moreover, the higher density of small and medium-sized pores was also 

reflected in field-scale porosity and bulk density maps (Appendix B2 d); porosity was higher while 

bulk density was lower in the northwest region. 

 The volumetric distribution of soil moisture at 24 and 48 hours after rainfall is illustrated 

in Figure 3.3. Gaur and Mohanty (2013) demonstrated that spatial soil moisture distribution is 

mainly dominated by soil properties as opposed to topography and vegetation variability at the 

field scale. In our study, soil moisture was comparatively higher in the east and west regions of 

the field at 24 hours, although porosity was lower on the east side of the field (Figure 3.3a). After 

48 hours, moisture substantially declined on the east side of the field while moisture on the west 

side remained primarily unchanged (Figure 3.3b). This anomaly in the drainage pattern could be 

attributed to the dominance of soil structural features and pore-size distribution. The east side of 

the field had comparatively higher clay than sand but lower loss-on-ignition C (Appendix B2 a, 

e). The lower soil C is related to poor structural features and thus narrow pore-size distribution, as 

RMSE = 4.65% RMSE = 5.63% 

Figure 3.2. Spatial distribution of volumetric water content (VWC) (%) in pores (a) ≤ 1 μm (b) ≤ 

3 μm. The root mean square value (RMSE) indicates the difference between predicted and 

measured water contents. 
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soil C enhances soil structural attributes (Eden et al., 2012). Moreover, the fitted weighting 

parameter, w, of soil moisture release curves, developed for soil samples collected from the east 

region of the field, showed a significant contribution of macropores to the total soil moisture in 

this region (Chapter 2). As macropores have a higher tendency to get drained, soil moisture could 

have declined relatively faster in this region. However, despite higher sand content in the west 

region of the field, the relatively constant soil moisture may have been due to comparatively higher 

silt and loss-on-ignition C, contributing to the soil moisture retention capacity. Previous studies 

have accounted for the role of pore architecture and their physico-chemical composition in 

moisture retention in soil (Crawford et al., 1995; Young et al., 2008). The influence of texture and 

organic carbon on pore-size distribution has been documented by several studies (Beckett & 

Augarde, 2013; de Lima et al., 2022; Mtambanengwe et al., 2004; Nimmo, 2004). These studies 

revealed that organic carbon could substantially contribute to the formation of structured pores in 

soils with higher clay or silt fraction.  

RMSE = 3.69% RMSE = 3.85% 

Figure 3.3. Spatial distribution of volumetric water content (VWC) (%) at (a) 24 hours and (b) 48 

hours after rainfall. The root mean square value (RMSE) indicates the difference between 

predicted and measured water contents. 
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 Figure 3.4 illustrates the spatial distribution of potential oxic and anoxic volume in the field 

at 24 and 48 hours after rainfall. Most of the small pores (≤ 1 μm) were potentially anoxic at 24 

hours after rainfall except for a small portion (indicated by dark blue) in the northwest region 

(Figure 3.4a). The dark blue region in the northwest needed a greater amount of threshold moisture 

(average: 26.4% VWC) for saturation than was supplied by the rainfall that raised the VWC to 

only 24.9%. But the large pores (> 3 μm) were unsaturated throughout the field because the 

moisture contributed by the rainfall was inadequate to saturate them completely. In addition to the 

soil moisture contributed by the rainfall, the large pores of the field needed 10.9 to 30.4% VWC 

on average for saturation at 24 and 48 hours after rainfall (Figure 3.5a, b). 

 The distribution of potentially anoxic pores contributed by saturated small pores remained 

almost constant within 24 hours (Figure 3.4c). The persistence of anoxic conditions in small pores 

can be explained by the strong capillary forces (adhesion and cohesion) in small pores that enable 

them to hold water against the forces of gravity (Gardner, 1979; Tuller et al., 2004). Moreover, 

this effect could be due to the redistribution of water from large to small pores (Figure 3.4d) as a 

result of Haines instability, which forces the non-wetting phase (air) into larger pores, thus 
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displacing the water from the large pores. This phenomenon is a dominant pore-scale water 

displacement event during drainage conditions (Bakhshian et al., 2021).  

 The result indicated that although large pores have a higher potential to become anoxic 

(Lacroix et al., 2021) due to the high oxygen demand created by microbial activity, these large 

pores barely get saturated in the field. And even if large pores get saturated due to intensive rainfall, 

they drain quickly compared to small pores, rendering soil oxic. But the tiny pores become 

Figure 3.4. Spatio-temporal variation of potential anoxic volume at 24 hours in pores (a) less or 

equal to 1 μm and (b) greater than 3 μm; at 48 hours in pores (c) less than or equal to 1 μm and 

(d) greater than 3 μm after rainfall. 
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saturated after rainfall and can stay potentially anoxic by limiting oxygen diffusion through them 

for at least 48 hours in the field, contributing more to potential anoxic volume. Therefore, small 

pores play a crucial role in making soil conducive for the emission of nitrous oxides and soil 

organic carbon preservation in the field condition for at least 48 hours after rainfall under field 

conditions. 

3.2 VALIDATION OF THRESHOLDS 

 The lower and upper thresholds, estimated using θ(r) curve, represent the volumetric 

distribution of small (1μm) and large (3 μm) pores in the field. The θ(r) curve depicts the variation 

in soil moisture as a function of pore sizes. These lower and upper thresholds were computed in 

terms of volumetric water contents corresponding to volumetric pore size distribution. All the 

pores less or equal to 1 μm and 3 μm were assumed to be saturated at moisture equal to lower and 

upper thresholds, respectively. In the field, the lower and upper thresholds were mainly in the 

range of 10 - 20% of the total soil moisture (Figure 3.6a-j). The upper thresholds were higher than 

Figure 3.5. Spatial distribution of soil moisture deficit at (a) 24 hours (b) 48 hours after rainfall 

for complete saturation of large pores (> 3 microns). 
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20% soil moisture at two measurement points, indicating a higher percentage of small and 

medium-sized pores (Figure 3.6c, d).  

 Soil moisture greater than lower and upper thresholds mostly coincided with nitrous oxide 

(N2O) peaks (Figure 3.6a-j) except for two points where N2O peaks were observed when bigger 

pores were empty (Figures 3.6c, d). However, the lower thresholds captured the N2O peaks at these 

two points. The observed anomaly was possibly due to the higher contribution of small and 

medium-sized pores to soil moisture, which is evident from the fact that soil moisture barely 

touched the upper threshold. The significant contribution of micropores to the total soil moisture 

at these two locations, as indicated by the lower weighting parameter, w1, is also evident in Chapter 

2. The weighting parameter, w1, of the soil moisture release curve was lower at these points, 

reflecting the substantial role of micropores in soil moisture retention at different matric potentials. 

Additionally, the single N2O peak per site might have been due to the lower sampling frequency 

of manual chambers (Smith, 2017). Consequently, it can be inferred that soil moisture greater than 

the upper threshold makes soil pores highly conducive for nitrous oxide emission. However, some 

peaks can be observed even at moisture slightly greater than or equal to the lower threshold. 

 Several studies have documented nitrous oxide pulses after rainfall and applying fertilizers 

(Anthony et al., 2023; Butterbach-Bahl et al., 2013; Smith, 2017); however, they do not relate N2O 

pulses to the actual soil moisture corresponding to specific pore sizes. This study provides insights 

into the soil moisture distribution in soil pores that contribute to nitrous oxide emission. 
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3.3 EXPLANATORY VARIABLES FOR THRESHOLDS 

 The upper and lower thresholds were determined based on the θ(r) curve derived from a 

soil moisture release curve. This threshold estimation method generally takes longer (more than a 

week). However, identifying explanatory variables that are highly correlated with thresholds could 

offer opportunities to estimate them directly for a field. A random forest model was implemented 

using explanatory variables such as sand (%), clay (%), porosity (%), and loss-on-ignition C to 

predict lower and upper thresholds. Around 1000 iterations were done to find the mean 

performance of the model using explanatory variables. The model explained 79% variation in the 

dependent variables: upper (R2 = 0.79) and lower (R2 = 0.79) thresholds. The RMSE of the model 

for upper and lower thresholds was found to be 1.46% and 1.16%, respectively. For the lower 

threshold, clay and porosity were the best predictors, while sand and porosity were the best 

predictors in the case of the upper threshold (Figure 3.7a, b). Clay content increased small-sized 

pores, contributing to lower thresholds, while sand content enhanced bigger pores in soils, 

increasing upper thresholds. Studies have presented similar findings where small pores were 

related to higher clay-sized particles (de Lima et al., 2022; Nimmo, 2004; Zaffar & Lu, 2015). 

Figure 3.6. In situ soil moisture variation and nitrous oxide (N2O) peak emission at 10 points (a-

j) in the field. The yellow and black lines represent lower and upper thresholds, indicating the 

volumetric distribution of pores equal to 1 μm and 3 μm in terms of soil moisture. The dotted red 

line reflects peak N2O emission in the field at respective points. The light blue line represents 

precipitation that occurred in the field. The gaps between soil moisture and precipitation were 

subsidized by irrigation. 
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4 CONCLUSIONS 

 Soil anoxia is a crucial soil phenomenon influencing soil C and nitrogen dynamics. 

However, quantifying soil anoxia is difficult due to the highly variable soil ecosystem in terms of 

physical, chemical, and biological properties. Soil physical conditions, specifically soil structure 

and moisture, can prime the system to become anoxic. This study endeavored to estimate the 

spatial distribution and temporal change in potential anoxic volume by characterizing and 

estimating pores based on their potential to become anoxic. The spatial distribution of potential 

anoxia was compared between 24 and 48 hours after rainfall to quantify the temporal variation in 

anoxia. At the field scale, smaller pores (≤ 1 μm) have a higher contribution to potential anoxic 

volume than larger pores (> 3 μm) because of their higher density and strong water retention 

capacity. While larger pores barely remain saturated in the field, lowering their contribution to the 

spatial distribution of potential anoxic volume, peaks of N2O emission in the field were primarily 

observed when these larger pores became saturated. Consequently, the volumetric distribution of 

Figure 3.7. Variable importance plot developed using random forest model. The Y-axis 

represents explanatory variables and X-axis reflects their respective ranks/importance for the 

prediction of (a) lower threshold (b) upper threshold. 

(a) (b) 
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pore sizes determines the contribution of respective pore sizes to the potential anoxic volume. In 

addition, the upper and lower thresholds, used for estimating the potential anoxic volume, can be 

predicted based on the soil's physical attributes, including sand, clay, porosity, and chemical 

properties such as organic carbon. 

 This spatio-temporal estimation of soil anoxia provides insights into the contribution of 

specific soil moisture and their descriptors to potential anoxic volume in an agricultural field. This 

information can be used to regulate and monitors soil and crop management practices such as 

fertilization, irrigation, and tillage, enhancing the sustainability of agricultural production. The 

distribution of potential anoxic zones could explain the dynamics of various soil nutrients such as 

Fe and Al. Incorporating potential anoxic volume estimation in N and C turnover models would 

support in accurate prediction of N2O, CO2, and CH4 fluxes from agricultural soils. Consequently, 

this will offer opportunities to curtain GHGs and increase the residence time of carbon in the soil, 

eventually enhancing environmental sustainability.  
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APPENDIX 3.1 

 

Appendix B1. Effect of changes in liquid-solid contact angle from 0 to 40 degree (o) on the 

relationship of volumetric water content (VWC) (%) and pore diameter (m). The boxplots depict 

the distribution of (a) upper threshold (b) lower threshold at contact angle 0o and 40o. The 

centerline of the box plots indicates the median, the upper and lower represent the 25th and 75th 

quantiles, and the red dot reflects the arithmetic mean of thresholds. The p value (p < 0.05) 

represents a significant cluster difference. 
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RMSE = 1.4% 

RMSE = 0.15% RMSE = 5.5% 

RMSE = 3.4% RMSE = 3.9% (a) 

(c) 

(b) 

(d) 

(e) 

Appendix B2. Spatial distribution of (a) clay (%) (b) sand (%) (c) bulk density (gm cm^3) (d) 

porosity (%) (e) loss-on-ignition carbon (%) in the field. The root mean square value (RMSE) 

indicates the difference between predicted and measured water contents. 
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(19) (20) 

(21) (22) 

(23) (24) 

Appendix B3. Volumetric water content in surface soil as a function of pore diameter for 24 soil 

cores. The dotted black line represents upper thresholds (3 microns) while the dotted green line 

indicates lower threshold (1 micron).  
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CHAPTER 4 

CONCLUSION 

 Soil physical properties, interconnected with chemical and biological attributes, are heavily 

impacted by land management practices. Variations in physical properties, especially soil 

structure, significantly affect nutrient redox processes, microbial community diversity, 

distribution, and activity within the soil ecosystem. These alterations are reflected in soil hydraulic 

properties, which dictate the division of rainfall into surface runoff and infiltration and impact the 

wetting behavior of soil profiles. The arrangement of air and water phases within the soil system 

plays a crucial role in determining oxygen diffusivity and the formation and longevity of anoxic 

soil pores. 

 The impact of soil structure on oxygen diffusivity was assessed at different moisture 

conditions—residual, threshold, field capacity, and saturation. The residual moisture represents 

dry soil condition, while threshold moisture reflects soil condition when pores less than or equal 

to 1 micron are only saturated. Soil structure impacted oxygen diffusion at residual and threshold 

moisture in the soil ecosystem. When soil moisture increased beyond the threshold, the water phase 

became extensively connected by trapping air, which decreased air phase connectivity and 

obliterated the effect of soil structure on O2 diffusivity. We found that oxygen diffusivity at residual 

and threshold moisture was relatively higher in soil structures with uniform pore size distribution 

(PSD) and highly connected pores than with non-uniform PSD and disconnected pores. The 

transferability of oxygen diffusivity estimates based on lab-derived soil hydraulic parameters was 

also assessed for field conditions. It was found that O2 diffusivity estimated at field capacity and 
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saturation from lab measurements for simulating in situ O2 transport was not directly transferable 

but was transferable for the residual and threshold soil moisture. It was also found that the oxygen 

diffusivity/ diffusion coefficient determines the oxygen concentration in the soil profile at different 

depths at residual moisture. However, oxygen diffusivity does not influence oxygen concentration 

when soil pores representing a greater fraction of pore volume are filled with water (i.e., threshold 

moisture). 

 Soil moisture distribution governs the potential of distinct soil pores to become anoxic, 

influencing the release of nitrous oxide and methane gases from the soil ecosystem. The intensity 

of rainfall and irrigation controls moisture in soil pores, while the duration of the saturation state 

depends on soil structural attributes, such as pore connectivity, pore-size distribution, and the 

architecture of the pore. The macropores (> 3 μm) distributed throughout the field quickly drain 

water compared to micropores in the soil matrix. Soil matrix retains water for an extended period 

due to strong adhesive and cohesive forces between water and soil pore, rendering highly potent 

anoxic pores (≤ 1 μm) to remain O2 deficit for at least 48 hours. Although macropores have a 

relatively higher proclivity to become anoxic after saturation, they barely get saturated in the field 

due to insufficient rainfall and the inability to retain water. 

 The results from this study are based upon several assumptions, and consequently, any 

inferences based on these results have limitations that must be considered during applications. The 

hydraulic parameters fitted to the dual porosity model represent water flow through capillary pores 

under equilibrium conditions; they do not account for macropore water flow prevalent in non-

capillary pores under non-equilibrium conditions. Moreover, the influence of changes in contact 

angle on pore throat diameter is not accounted while estimating pore diameter based on matric 

potential. The water meniscus is assumed to be flat, with a contact angle equal to zero. Lastly, 
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oxygen concentration decline is assumed to be primarily influenced by soil physical properties and 

oxygen diffusivity, which is not the case in actual conditions where oxygen concentration is also 

impacted by microbial activity, organic C concentration, soil redox potential, and temperature.   

 Considering the limitations above, the findings of this study offer valuable insights into 

oxygen diffusion as well as the temporal and spatial distribution of anoxic soil volume in 

agricultural soils. These insights can be used to develop a parsimonious oxygen diffusion model 

by utilizing shape-fitting parameters n1 and n2, which in turn have significant implications for 

greenhouse gas (GHG) modeling. Additionally, understanding the spatio-temporal distribution of 

soil anoxia can significantly contribute to modeling carbon (C) and nitrogen (N) dynamics in 

croplands. Moreover, the identification of temporal and spatial hotspots within cultivated fields 

has the potential to optimize land management practices. By pinpointing these hotspots, it becomes 

possible to implement targeted interventions that can enhance crop productivity, improve soil 

quality, and promote environmental sustainability. Therefore, this knowledge can be instrumental 

in achieving the dual goals of maximizing agricultural yields while minimizing the ecological 

impact of farming activities. In summary, these findings not only shed light on oxygen diffusion 

and the distribution of anoxic soil volume but also offer practical applications in GHG modeling, 

C and N dynamics modeling, and optimizing land management practices. By harnessing this 

information, stakeholders in the agricultural sector can work towards sustainable and efficient 

agricultural systems that balance productivity and environmental quality.

 




