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ABSTRACT 

The critical zone (CZ) extends from the bottom of the weathered bedrock to the top of the tree 

canopies. CZ processes and fluxes, such as weathering, nutrient and carbon cycling are critical for 

the provision of critical ecosystem services that support life on the planet. CZ function is regulated 

by its internal structure, as inferred for example from concentration-discharge (C-Q) relationships. 

On the other hand, CZ fluxes are slowly and constantly shaping its features, as seen for example 

in rates of mineral weathering across climatic gradients or the coevolution of soils, vegetation and 

topography across an elevation gradient. Understanding the relationships between CZ function and 

structure becomes fundamental for enhancing our capacity to predict and mitigate impacts from 

short term environmental disturbances to medium and long-term alterations imposed by climate 

change. 
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INTRODUCTION 

This PhD dissertation explores the interplay between structural development and hydrologic 

behavior and response of the CZ. My objective was to provide empirical understanding of the 

following question: How water fluxes and states modulate and are subject to changes in CZ 

structure. In order to pursue this goal, I’ve taken advantage of the experimental set-up hosted at 

Landscape Evolution Observatory (LEO) - Biosphere 2, which allows for a high degree of 

observability and control. The system under study consists of a 1 m3 sloping lysimeter filled with 

fresh un-weathered crushed basalt. Due to its slope, the lysimeter can be taken as a model of a 

hillslope, a landscape unit in which most biogeochemical interactions occur.  

In the first chapter of this dissertation, I address the role of hydrology in shaping the incipient 

heterogeneity. Throughout 2 years, the lysimeter experienced sequences of hydrologic inputs 

(irrigation) and drying periods under bare soil conditions, leading to detectable biogeochemical 

patterns.  Here, my main question was how observed geochemical weathering states and microbial 

diversity and abundance are influenced by hydrologic behavior within two years of imposed wet-

dry cycles. For this purpose, an intensive sampling procedure was undertaken for the assessment 

of the incipient heterogeneity within the system, followed by modelling of the hydrologic history 

summarized in terms of moisture states, cumulative fluxes and average residence times of water. 

I’ve found significant imprints of hydrologic behavior on both biological and geochemical patterns 

of heterogeneity, which suggests a common framework to assess how heterogeneity develops in 

incipient systems. More specifically, the amount of time spent by water within the subsurface 

appeared, or the residence time (RT) appeared to be the main control on observed geochemical 

states and spatial distribution of different fila of microorganisms.  

The second and third chapter combined represent an effort to experimentally observe residence 

times of water within the subsurface. Chapter two presents a method to directly observe the 

transport of solute within the model system using Electrical Resistivity Tomography (ERT). For 

that, I have equipped the lysimeter with electrodes to be used with an ERT acquisition system, 

allowing me to obtain high frequency temporal images of soil resistivity along 5 cross-sections of 

the lysimeter. The tracking of solute movement through ERT was based on the estimation of the 

spatial distribution of fluid electrical conductivity (EC) within the lysimeter. It is important to note 

that the estimation of the spatial distribution of EC has traditionally been a challenge in ERT 
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studies at field and laboratory scale, especially under transient conditions. The presented method 

has therefore the potential to be applied at different settings and find uses beyond the scope of the 

estimation of RT.  

The third chapter of this dissertation deals with the extension of an existing theory on the 

estimation of transit time distributions (TTD) within the context of controlled experimentation. 

Transit times of water (TT) are of great importance in hydrologic sciences, since they are related 

to the very basic question of the fate of water once it reaches the landscape. The theory of TTD 

represents a lumped-systems approach towards the understanding of TT at natural landscapes and 

has a long history of application in both natural as well as artificial systems. However, due to its 

lumped nature of system representation, TTD theory does not explicitly address the internal 

variability of flow pathways within the subsurface and therefore benefit from understanding of the 

mechanistic basis that they represent. The study presented in chapter 3 introduces a method for the 

estimation of the varying ages of water within the lysimeter under a prescribed hydrologic forcing 

allowing for an approach towards the time-variability of TTD  
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CHAPTER 1 

Hydrologic assessment of incipient heterogeneity at model system.  
 

 

 

ABSTRACT 

The understanding of processes in the critical zone (CZ) is dependent on studies linking the fields 

of hydrology, microbiology, geochemistry and soil development. Additionally, there is a need to 

integrate hydrologic information into biogeochemical analysis of subsurface environments. This 

study investigated potential hydrological indices that can help explain spatial physical and 

biogeochemical patterns observed at the sub-meter scale. The miniLEO is a 2 m3, 10 degree 

sloping lysimeter located at Biosphere 2 - University of Arizona. The lysimeter was initially filled 

with pristine basaltic soil and subject to intermittent rainfall applications throughout a period of 

approximately 2 years followed by its excavation, resulting in a grid-based sample collection at 

324 locations. As a result, spatially distributed microbiological and geochemical patterns as well 

as soil physical properties were obtained. A hydrologic model was developed to simulate the 

history of the system until its excavation. Following model calibration, the resulting distributed 

fields of flow velocities and moisture states were retrieved and translated into hydrologic indices. 

This study explores what are the relevant hydrologic mechanisms controlling the biogeochemical 

signatures at the sample scale. 
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1. INTRODUCTION 

The critical zone (CZ) extends from the bottom of the weathered bedrock to the top of the tree 

canopies [Brantley et al., 2007]. CZ processes and fluxes, such as weathering, nutrient and carbon 

cycling are critical for the provision of critical ecosystem services [Field et al., 2015]. The 

functioning of the CZ is regulated by its internal structure, as seen for example concentration-

discharge (C-Q) relationships [Ibarra et al., 2016; Chorover et al., 2017; McIntosh et al., 2017]. At 

the same time, these same processes and fluxes are slowly and constantly shaping the CZ features, 

as seen for example in rates of mineral weathering across climatic gradients [Lybrand and 

Rasmussen, 2018], or the coevolution of soils, vegetation and topography across an elevation 

gradient [Pelletier et al., 2013].  Therefore, understanding the relationships between CZ function 

and structure becomes fundamental for enhancing our capacity to predict and mitigate impacts 

from short term environmental disturbances to medium and long-term alterations imposed by 

climate change.  

The weathering of primary minerals is related to the mobilization and redistribution of elements 

across the earth’s surface [Essington, 2015], producing soluble that impact water quality the 

atmosphere and climate [Buss et al., 2003]. Dissolved elements not only can act as nutrient sources 

for plant systems, but also provide valuable energy sources for microbial development [Chorover 

et al., 2007]. Understanding the diversity of soil microorganisms has been a key focus for soil 

microbial ecologists. With estimates of a billion microbes per gram of soil1 and unique 

microniches supporting the lifestyle of these microbes [Weil, 2017], it is a challenge to understand 

their distribution patterns with respect to physicochemical parameters, especially in an incipient 

system where the early environmental conditions influence establishment and continuity of 

microbial life.  

The importance of water for driving biogeochemical reactions can be summarized by both its 

availability as a mediator of chemical transformations as well as its integrative capacity of 

transporting elements across space [McClain et al., 2003]. The hydrological control on chemical 

weathering is expressed by the water-dependency of dissolution reactions [Essington, 2015], as 

well as by the removal of weathering products by aqueous transport, which can drive departure 

from thermodynamic equilibrium (i.e. transport controlled weathering) [Steefel and van Capellen, 

1990; Steefel and Maher, 2009]. In addition, fluid residence times inform the extent to which fresh 
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water interacts with mineral surfaces, influencing the overall equilibrium of weathering reactions. 

Soil moisture availability is one of the main abiotic factors controlling bacterial diversity in soils 

across multiple scales [Fierer, 2017; Tecon and Or, 2017]. Water films around soil grains regulate 

diffusion pathways in and out of microbial cells and communities [Or et al., 2006], allowing for 

nutrient outsourcing and between-cell communication, toxin removal, etc. [Zhou et al., 2002; Weil 

and Brady, 2017]. 

This study analyzes the role of water states and fluxes on the evolution of biogeochemical structure 

at an incipient system. A model system, consisting of a tilted lysimeter filled with pristine basaltic 

soil was subject to intermittent irrigation events over the period of approximately two years. A 

sampling procedure followed, resulting in spatially distributed microbiological and geochemical 

properties [Sengupta et al., 2016]. A hydrologic model was then developed to simulate the fluxes 

and states within the system until its excavation. Following the model calibration, the resulting 

distributed fields of flow velocities and moisture states were retrieved and translated into 3 

hydrologic indices describing the systems history. Here, we assessed to which extent did the 

hydrologic behavior and the observed biogeochemical signatures are associated and attempt to 

provide a conceptual model of how water mediates incipient biogeochemical transformations of 

an incipient system. 

 

 

 

 

2. METHODS 

 

2.1. Lysimeter design and instrumentation 

The miniLEO (Figure 1) is a 10-degree sloping soil lysimeter with 1m3 capacity (0.5 m x 2.0 m x 

1.0 m) located at the Biosphere2 facility in Oracle, Arizona. The lysimeter is a small-scale replicate 

of the Landscape Evolution Observatory (LEO) artificial hillslopes [Pangle et al., 2015] 

constructed at the same facility. The lysimeter rests on 4 load cells (Honeywell Model 41 Load 

Cell) and is equipped with a sprinkler-based irrigation system that can deliver intensities ranging 

from 10 to 30 mm/h. The lower end wall of the lysimeter act as a seepage face, and is composed 
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by a perforated plastic sheet separated from the basaltic soil by a basalt gravel layer. Seepage water 

is collected at a gutter and its routed to a tipping bucket (ONSET HOBO model RG3), allowing 

for the computation of the volumetric discharge out of the system. Water table measurements are 

taken at three stilling wells, located at 0.15, 0.75 and 1.35 m from the seepage face. Pressure 

transducers (Campbell CS451) are installed at the bottom of the first two wells and a HOBO water-

level logger is installed at the last well. The above details are depicted in Figure 1. A more detailed 

description of the lysimeter design and instrumentation can be found in Pangle et al. [2017].  

 

Figure 1. Schematic view the miniLEO soil lysimeter. 

 

2.2. Basaltic soil 

The material within the miniLEO is a basalt tephra extracted from a deposit in northern Arizona 

that was further ground on site to a loamy sand texture. It consists of approximately 85% sand-size 

particles (≥ 50 and < 2000 µm), 12% silt-size particles (≥ 2 and < 50 µm), and 3% clay-size 

particles (< 2 µm). The material, herein referred to as basaltic soil, is the same as in the LEO 

hillslopes and was chosen as part of the efforts in the investigation of the coevolution of soils and 

landscape complexity mediated by physical and biogeochemical processes [Pangle et al., 2015]. 

The low content of fine particles (approx. 32 g kg-1) should allow for an easier detection of 

incipient secondary mineral formation [Pohlman et al., 2016], and while the material cannot be 

classified as completely sterile, its initial condition is characterized by very low organic carbon 

content (0.07 g kg-1 ± 0.01 CI) [Pangle et al., 2015].  The basaltic soil composition is further 

detailed in Table 1, after Pangle at al. [2015]. The basaltic soil was added to the lysimeter in 
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December 5th 2013, and packed to a bulk bensity of approximately 1480 kg m3. During this 

procedure, the first 10 centimeter from the seepage face were occupied by the original gravel-size 

basaltic tephra to serve as a drainage layer. 

 

 

 

Table 1 – Mineralogical and chemical composition of MiniLEO basaltic soil after Pangle et al. (2015) 

Primary Minerals Composition 
Weight % 

+- SE 
   
Basaltic Glass Ca0.44Mg0.30Na0.26K0.06Mn0.01Fe0.38Al0.62Ti0.07(HPO4)0.03Si1.80O5.93 57.8 +- 1.8 

Labradorite (Feldspar) Ca0.69Mg0.01Fe0.04Na0.3K0.01Al1.64Si2.32O8 23.4 +-1.5 

Fosterite (Olivine) Mg1.64Ca0.01Fe0.33SiO4 12.6 +-0.4 

Diopside (Pyroxene) Ca0.86Mn0.01Mg0.78Na0.03Ti0.05Al0.22Fe0.27Cr0.01O6  5.3 +-1.3 

Titanomagnetite(Oxide) Fe2.31Mg0.26Ca0.02Mn0.02Cr0.01Al0.18Ti0.49Si0.06O4 1.0 +- 1.0 

 

 

2.3. Lysimeter sampling and hydro-biogeochemical analysis 

Following a period of 21 months of intermittent rainfall applications, a systematic sample 

collection was undertaken over a two-week period in September 2015 [Sengupta et al. 2016]. 

Briefly, the system was discretized in 10 x 10 x 20 cm voxels each having unique X, Y and Z 

coordinates (Figure 2), resulting in 324 voxels. From each voxel, material was collected and 

analyzed into three categories: soil physical properties, microbiological diversity and geochemical 

weathering states. The properties relevant for this study are summarized in Table 2.  

Samples at 295 locations were taken for bulk density measurements. Material from soil cores (5.7 

cm in diameter by 3 cm in height) were dried in an oven at 104 oC for 48 hours and had their dry 

weight measured for the computation of bulk density. Measurements of saturated hydraulic 

conductivity were performed using a Reynolds tank [Reynolds et al., 2002]. Estimation of Ksat 

values were done in batches with 20 soil cores each, were each sample was attached to an acrylic 
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cell with an ascending tubbing. After progressive bottom-up saturation of soil cores by adding 

water to the tank, each soil core was subject to a falling head permeameter test, by attaching the 

ascending tubbing to an open reservoir filled with water, followed by measures of decrease in head 

over time. 

Geochemical samples on both Y and Z coordinates at 81 locations across X=2 column were 

collected and air-dried under laminar hood to prevent contamination. Total elemental compositions 

were further quantified on Agilent 7700x inductively coupled plasma mass spectrometry (ICP-

MS) with Lithium Metaborate fusion method. 0.05 gram of air-dried basalt soil sample was mixed 

with 1 gram of 98.5% Lithium Metaborate Flux (Spectroflux A ®) in a weighing boat. The mixture 

was transferred into a clean titanium crucible. Sample were fused in a muffle furnace (Katanax 

from Spex Sample Prep) at 1070°C for 20 minutes. Each sample was removed from the furnace 

and poured directly into 120 ml of 10% volume: volume HNO3. Samples were mixed on a 

magnetic stirrer for at least 20 minutes until clear solutions resulted [Jarvis, 1990]. Final samples 

were diluted with 1% HNO3 and elemental concentration including 23Na, 24Mg, 27Al, 28Si, 39K, 
40Ca, 49Ti and 56Fe were analyzed on ICP-MS. Additional samples from the un-weathered basaltic 

soil were analyzed for the assessment of parent material conditions. 

We calculated the normalized concentrations (𝜏𝜏) [Brimhall and Dietrich, 1987] for each element 

in order to assess their relative enrichment or depletion with respect to the parent material: 

𝜏𝜏𝑖𝑖(%) = 𝑅𝑅𝑆𝑆𝑖𝑖−𝑅𝑅𝑃𝑃𝑖𝑖
𝑅𝑅𝑃𝑃𝑖𝑖

, (1) 

 

where 𝑅𝑅𝑆𝑆𝑖𝑖 represents the ratio between an element i and a chosen immobile element in the soil 

matrix, while 𝑅𝑅𝑃𝑃𝑖𝑖 represents the ratio between chosen and immobile element in the parent material. 

𝜏𝜏 < 0 indicates elemental loss, while 𝜏𝜏 > 0 indicates gain. 𝜏𝜏 = 0 indicates concentrations to be 

identical to the parent material. We chose Ti as the immobile element, as it is considered to be 

relatively unreactive [Brantley et al., 2007].  

 

In a parallel study [Sengupta et al., 2018], phylogenetic 16S rRNA gene amplicon sequencing of 

162 samples was performed to determine patterns of microbial relative abundance and diversity 
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and evaluate spatial heterogeneity of microbial taxa in the homogeneous basalt soil. Additional 

assessments included predictive functional potential of the microbial community, and microbial 

community assembly processes dominant in the system, representing voxels from X = 2 and 3, and 

all Y and Z locations. Interestingly, microbial community assembly in the homogeneous basalt 

had strong evidence of deterministic selection forces, with variable selection as the primary 

assembly process in miniLEO. For the scope of this study, phylum-level OTUs were evaluated for 

ecohydrological associations. Five phyla (Proteobacteria, Actinobacteria, Acidobacteria, 

Verrucomicrobia, and OD1) were chosen for detailed analysis. These phyla were chosen for the 

following reasons: Proteobacteria are ubiquitous in well-developed soil environments and 

dominate the global soil microbial population map [Delgado-Baquerizo et al., 2018]; 

Actinobacteria are known to thrive in drier soil environments and are filamentous in nature which 

allows them to seek out moisture far from their location [Neilson et al., 2012]; Acidobacteria are 

also highly abundant in soils, and are versatile heterotrophs capable of nitrate and nitrite reduction 

[Ward et al., 2009];  Verrucomicrobia are an understudied but important soil microbial phyla with 

diverse metabolic roles, with reports suggesting they are prevalent in drier well-developed soils 

and wetter incipient/arid soils [Bergmann et al., 2011]; OD1 is part of the larger Candidate Phyla 

radiation that provided a new view of the Tree of Life and has no isolated representative till date 

[Castelle and Banfield, 2018]. 



14 
 

 

Figure 2. Schematic representation of the sampling protocol utilized for assessment of subsurface biogeochemical properties 

of the miniLEO lysimeter. A total of 324 voxels were extracted, from which microbiological, geochemical and hydrological 

variables were analyzed. 

Table 2 – Summary of the hydro-biogeochemical variables analyzed. 

Group Variable Unit 
Number of Samples / 

Location 

 
 

 
 

Hydrology 
Bulk Density (BD) g/cm3 296 - all widths 

Saturated Hydraulic Conductivity (Ksat) cm/min 164 - all widths 

        
    

Geochemistry Total Elemental Composition g/kg  81 (X=2) 

        
    

Microbiology Operational Taxonomic Unit 
Relative 

Abundance (%) 
162 (X= 2 and 3) 

        

 

 

2.4. Hydrologic simulation of systems history 

The hydrologic behavior of the lysimeter throughout the experiment was simulated using Hydrus 

2D [Simunek et al., 2015]. The model solves a two-dimensional form of Richard’s equation: 
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𝜕𝜕𝜕𝜕
𝜕𝜕𝜕𝜕 

= 𝜕𝜕
𝜕𝜕𝜕𝜕
�𝐾𝐾𝜕𝜕(ℎ) 𝜕𝜕ℎ

𝜕𝜕𝜕𝜕
 � + 𝜕𝜕

𝜕𝜕𝜕𝜕
�𝐾𝐾𝜕𝜕(ℎ) 𝜕𝜕ℎ

𝜕𝜕𝜕𝜕
+ 𝐾𝐾𝜕𝜕(ℎ)� (2) 

 

Where 𝜃𝜃 is the volumetric water content (𝐿𝐿3 𝐿𝐿−3); t is time; x and z are the horizontal and vertical 

coordinates (𝐿𝐿) of the flow domain; h is the pressure head (𝐿𝐿); and K is the unsaturated hydraulic 

conductivity (𝐿𝐿 𝑇𝑇−1).  𝐾𝐾(ℎ) and ℎ(𝜃𝜃) are calculated using the van Genuchten-Mualem functions 

[Mualem, 1976; van Genuchten, 1980]: 

𝜗𝜗 = 𝜕𝜕−𝜕𝜕𝑟𝑟
𝜕𝜕𝑠𝑠−𝜕𝜕𝑟𝑟

                                                        (3)  

𝜃𝜃(ℎ) = 𝜃𝜃𝑟𝑟 +
𝜃𝜃𝑠𝑠 − 𝜃𝜃𝑟𝑟

[1 + |𝛼𝛼ℎ|𝑛𝑛]𝑚𝑚    ℎ < 0          (4) 

𝜃𝜃(ℎ) = 𝜃𝜃𝑠𝑠 ℎ ≥ 0                                            (5) 

𝐾𝐾(ℎ) = 𝐾𝐾𝑠𝑠 𝜗𝜗 � 1 − �1 − 𝜗𝜗
1
𝑚𝑚�

𝑚𝑚
�
2

             (6) 

Where 𝜗𝜗 is the relative saturation; 𝜃𝜃𝑟𝑟 and 𝜃𝜃𝑠𝑠 are the residual and saturated volumetric-water 

content; α (𝐿𝐿−1) and n are fitting parameters; m is equal to 1 − 1/𝑛𝑛 with n > 1; and 𝐾𝐾𝑠𝑠 is the 

saturated hydraulic conductivity ( 𝐿𝐿 𝑇𝑇−1). The flow domain was defined as the region containing 

the basaltic soil (the drainage layer was excluded), with resulting dimensions of (0.5 m x 1.9 m x 

1.0 m) and was discretized into 808 nodes. The upper boundary, bottom and sides of the lysimeter 

were defined as no-flow boundaries, whereas the interface between gravel and basaltic soil was 

modeled as a seepage face with a threshold for initiation of seepage of 0 cm of pressure head. The 

soil surface was segmented as a series of variable flux boundary conditions in order to be able to 

account for the heterogeneity in the precipitation and also allow for evaporative fluxes. Model 

performance was evaluated with the Nash-Sutcliffe Efficiency index (NSE, Nash and Sutcliffe 

[1970]) calculated for the discharge and water table level time-series. 

 

2.5. Subsurface hydrologic indices (SHI) 

We attempted to summarize the hydrologic history throughout the life time of the miniLEO by 

developing spatially distributed hydrologic indices, herein referred as Subsurface hydrologic 
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indices (SHI). The SHI are divided into three categories: moisture states, fluxes and residence 

times and are summarized in Table 3. After the hydrologic model was calibrated, the moisture 

content and linear velocities (Y and Z components) were extracted for each of the 808 nodes at 5 

minutes intervals. To allow for comparison with the observed biogeochemical signatures, the SHI 

were calculated per voxel by spatially averaging nodal results within each voxel boundary.  

Table 3 – Summary of the Subsurface Hydrologic Indices for the assessment of biogeochemical transformations 

Group   Variable Unit Definition   

    
 

      

    
 

      

Moisture 

States 

  �̅�𝜗 % Average  Relative Saturation   

  𝜗𝜗ℎ𝑖𝑖𝑠𝑠𝜕𝜕 days Time spent within different intervals of ϑ   

    
 

      

    
 

      

Fluxes   𝐹𝐹𝑌𝑌 cm Cumulative flux along Y direction (lateral)   

  𝐹𝐹𝑍𝑍 cm Cumulative flux along Z direction (vertical)   
    

 
      

    
 

      

Residence 

Times 

  𝑇𝑇𝑤𝑤𝑤𝑤𝜕𝜕 days Average time spent between entering the soil and arriving at a 

voxel, wet and dry initial conditions  

  

  𝑇𝑇𝑑𝑑𝑟𝑟𝑑𝑑 days   

           
           

 

For the assessment of the moisture states experienced within the system, we calculated the average 

𝜗𝜗 at each voxel for the entire period of simulation. The moisture regimes of each voxel were 

summarize into saturation histograms(𝜗𝜗ℎ𝑖𝑖𝑠𝑠𝜕𝜕), by computing the time (days) spent within different 

𝜗𝜗 classes (in 2.5% increments of 𝜗𝜗) for each voxel. 

The history of fluxes through each voxel were summarized as cumulative values along the Y and 

Z directions (𝐹𝐹𝑑𝑑 and 𝐹𝐹𝜕𝜕, in cm), which were obtained at each node as follows: nodal Darcy 

velocities (L T-1) where obtain at each simulation time step and multiplied by the time step 

difference, then summed for the duration of the simulation period. Voxel estimates of flux were 

obtained by generating an interpolated field of nodal cumulative fluxes followed by spatial 

averaging within each voxel’s domain. 
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In order to assess the relationship between residence times of water within the subsurface and the 

observed biogeochemical patterns we estimated the residence time 𝑇𝑇 as the time water spent 

between entering the soil and arriving at each voxel: We assumed 100 idealized “particles” 

uniformly distributed over the surface at the onset of a rain event and tracked their trajectories by 

simply constraining its movement based on the velocity field at each time step. For each particle, 

we obtained the times associated with each Y-Z coordinates along a flow pathway and then 

calculated the times different between injection and departure for each particle through different 

voxels. We summed the times since injection at for all particles passing through specific voxels to 

obtain a measure of cumulative residence time.  Flow pathways are dynamic and dependent on the 

field of moisture states, and so will be the residence times. Therefore, two scenarios of initial 

conditions for particle injection were used: a wet scenario, with an elevated water table within the 

lysimeter prior to injection (days 260-360 of simulation) and a dry scenario, with no water table 

(day 540-640). The effect of wet and dry conditions on flowpath configurations within the 

miniLEO was further explored by Pangle et al., [2017].  

 

2.6. Analysis of correlations 

 

All SHI were calculated per voxel, which allowed for the comparison with the spatial distributions 

of biogeochemical properties. In order to assess the extent to which hydrologic behavior might be 

associated with the incipient heterogeneity, we calculated the linear correlation coefficient (r) 

between each SHI and 𝜏𝜏 values as well as relative abundances of the selected OTU. We chose 5% 

as a threshold for significance (p < 0.05). For the 𝜗𝜗ℎ𝑖𝑖𝑠𝑠𝜕𝜕 comparison, we calculated the r values 

between the resulting spatial distributions of times spent at each saturation interval with the 𝜏𝜏 

values and OTU abundances. 
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3. RESULTS 

 

3.1. Hydrologic history of the system  

The miniLEO was subject to several irrigation applications throughout the 596 days between first 

event (January 28 2014 - day 55 since soil was packed) until the systems destructive sampling 

campaign (September 16th 2015 – day 651). Figure 3 depicts the history of rainfall intensities (P; 

mm hr-1), mass (kg) and discharge out of the system (Q; mm hr-1). Table 4 summarizes the main 

fluxes in and out of the lysimeter. The cumulative fluxes were computed by aggregating the 

measured instantaneous rates throughout the life-span of the miniLEO experiment. Irrigation rates 

were calculated at 1-minute time steps by adding the mass changes to the measured discharges 

(when existent) out of the system and smoothing the series with a 5-minute moving average.  The 

evaporation rates (E in mm hr-1) were estimated in monthly time steps and were taken as the 

average change in mass when no discharge was recorded. The term losses was computed as P – Q 

– E, and occurred likely due to leaks from the bottom of the lysimeter when discharge was present 

[Pangle et al., 2017].  
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Figure 3.  Hydrologic history of intermittent rainfall-runoff events and associated mass changes experienced by the 

lysimeter between first rainfall application (day 55) and systems destructive sampling (day 651).  

 

 

 

Table 4.  Estimated cumulative fluxes throughout the miniLEO during period between soil packing and destructive 

sampling. 

Water Balance Component Cumulative flux (mm) 

 

Precipitation (mm) 15200 

Discharge (mm) 13200 

Evaporation (mm) 1000 

Losses (mm) 1000 



20 
 

 

3.2. Spatial distribution of hydrological and soil physical properties 

The distribution of bulk density and saturated hydraulic conductivities are shown in Figure 4. Both 

properties show consistent spatial patterns, in which low bulk density regions are associated with 

higher hydraulic conductivity (upper slope), whereas high bulk densities are associated with lower 

hydraulic conductivities. An initial hypothesis that the increase in bulk density at the lower seepage 

face region was due to the transport of fine particles [Niu et al., 2014] was tested. We analyzed the 

particle size distribution (not shown here) of selected samples with increasing bulk density values, 

which returned no significant differences between samples. Therefore, we hypothesize that 

observed spatial patterns of soil physical properties are likely to be associated with the gravity-

driven compaction of the non-cohesive basaltic soil after the repeated irrigation cycles throughout 

the system’s history.  

 

Figure 4. Spatial distribution of bulk density within the miniLEO. Results along the X dimension were averaged to allow a 

2-dimensional representation of the measured values. A- bulk density values (g/cm3). B-saturated hydraulic conductivity 

(cm/min). 

 

3.3. Spatial distribution of geochemical and microbiological variables 

Spatial distributions of total elemental concentration and relative abundances were obtained along 

X=2 (see Methods section). Significant heterogeneity in terms of types and number of microbial 

species (represented as Operational Taxonomic Units, or OTUs) was observed in miniLEO 

[Sengupta et al., 2018]. Overall, the observed biogeochemical signatures display trends with both 

depth and length (Table S 2). Normalized concentrations decrease significantly with length for 
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Na, Mg, Al, K, Ti and Fe, while also decreasing significantly with length for the same elements, 

but Na. Bacterial abundances on the other hand show a contrasting behavior, with most OTU’s 

having significant increase with depth (Acidobacteria, OD1, Proteobacteria and Verrucomicrobia), 

while Actinobacteria significantly decrease with depth. Regarding length dependent trends, 

Verrucomicrobia shows appears to be negatively correlated with length. Figure 5 displays an 

example of the observed distributions: Subplot A shows the relative abundance of Acidobacteria 

(%), with higher values along the deeper layers, especially at the intermediate length values. In 

subplot B,  
𝜏𝜏𝐾𝐾  (%) show smaller depletion values at the upper-slope region, suggesting less dissolution of K 

occurred within this region. Additional plots of relative abundance can be seen on Figure S-1. 

 

 

Figure 5. Examples of spatial distribution of sampled biogeochemical properties across voxel coordinates for X=2. 

 

3.4. Depletion-Enrichment of Major Elements 

Table 5 provides an overview of depletion-enrichment profiles observed. The ordering of the 

elements by mean 𝜏𝜏 values suggests the following sequence from greater to smaller overall 

depletion: K – Mn –Mg – Al  – Ca  – Si. A closer look at the number enriched versus depleted 

voxels shows the predominance of depletion over 90% (or 73 voxels) for all elements, except for 

Ca and Si. Ca exhibits depletion at 87% of the locations. Interestingly, Si displays a balance, where 

depletion was found to occur at 51% of the sampled locations only. The box-plot shown in Figure 

S-2 provides further insights into the overall distributions of 𝜏𝜏 values and the suggested trend, 

while Figure S-3 shows the spatial distribution of enriched and depleted voxels across the domain. 
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Table 5. Calculated 𝝉𝝉 values, calculated with Ti as the immobile element. Positive 𝝉𝝉 values represent element enrichment, 

while negative 𝝉𝝉 denotes element depletion. Columns display mean 𝝉𝝉 values, and amount of voxels with positive and negative 

𝝉𝝉, out of 81 voxels. 

Element 𝝉𝝉� % 𝝉𝝉  > 0 % 𝝉𝝉 < 0 

 

K -0.7 1.2 98.8 

Mn -0.5 0.0 100.0 

Mg -0.4 3.7 96.3 

Fe -0.3 3.7 96.3 

Al -0.3 6.2 93.8 

Ca -0.1 12.3 87.7 

Si 0.0 50.6 49.4 

 

 

 

3.5. Hydrologic simulation 

The flow domain and hydraulic properties of the soil implemented in Hydrus 2D was first 

presented in Pangle et al., [2017]. After assuming a homogenous soil, they were not able to obtain 

good performances on both discharge time-series and the water table fluctuations. A 3 materials 

hydrologic model was then used, with its spatial distribution and hydraulic properties being 

suggested by the measured spatial distribution of bulk densities. In this study, we used a similar 

distribution of materials (Figure S-4) and hydraulic properties (table S1) in order to simulate 596 
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days of hydrologic activity within the lysimeter. The resulting model was able to perform well in 

terms of discharge (NSEQ = 0.91) and water table fluctuations (NSE0.15 = 0.95, NSE0.75 = 0.90 and 

NSE1.35 = 0.94). Figure S-5 provides a graphical comparison of simulated and observed fluxes for 

a 15-day time-window within the simulation period. 

 

3.6. Calculated SHI 

An overview of the magnitude and spatial distribution of some of the SHI is presented here.  Length 

and depth average profiles are presented Figure .  Regarding values of  �̅�𝜗, a clear lateral gradient 

is also present (top left subplot), which is to be associated to the lysimeter’s 10 degree inclination, 

resulting in higher moisture values close to the seepage face.  A similar gradient along the vertical 

directions is also noted (top right subplot), reflecting the combined effects of evaporative demands 

and gravitational forces. The spatial distribution of lateral (Y) and vertical (Z) fluxes are also 

shown (middle plot): Both lateral and vertical fluxes increase with length (middle-left subplot), as 

the result of accumulation of flow lines along the y-direction. It can be seen that infiltration is 

dominant process between the lengths Y=0, and Y=2, while between Y=3 and Y=8, the lateral 

movement of water exceeds infiltration as the dominant transport mechanism, while the highest 

fluxes are present at the vicinity of the seepage face. The depth-flux profiles (middle right subplot) 

shows an intermediate region with higher fluxes. Since lower values of Ksat are found with 

increasing depth (Figure S-4) with the formation of a water table, flow paths will tend concentrate 

around region with higher Ksat. The average residence times are also shown (bottom plot), 

indicating a decrease in residence with length, and depth. Additional spatial plots on the SHI are 

provided in Figure S-6 

The ϑ histograms of time spent at different moisture states by layer is shown in Figure 6. It is 

possible to see that throughout the simulation period the  𝜗𝜗 values range from approximately 0.35 

to 1.00. Additionally, a bimodal behavior by voxels closer to the surface is observed (cold colors), 

associated with more distinct wet/dry periods as a result of the intermittent irrigation and 

evaporation cycles. Deeper layers on the other hand were associated with longer periods of wet 

conditions. Examples of spatial plots of 𝜗𝜗 histograms are shown in Figure S-7.  
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Figure 6. Length (left) and depth (right) profiles of SHI: top panel - average degree of saturation (𝝑𝝑�); middle panel – 

cumulative fluxes (cm); bottom panel – average residence times.  
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Figure 6. Saturation histograms averaged by depth. 

 

 

 

3.7. Relationship between 𝝉𝝉 values and SHI  

The correlations coefficients (r) between the τ values and SHI for a significance level of 95% (p < 

0.05) are shown in Table 6. Additional figures on individual plots for each normalized 

concentration versus SHI are shown in the supplementary section (Figures S-8). Most elements 

display significant correlations with at least one of the hydrological indices. The values of the 

coefficient are however indicators of a weak relationship.  

Average 𝝑𝝑 values were negatively correlated with τ values for K (r = -0.38, p = 0.0004), Mg (r = 

-0.34, p = 0.003), Fe (r = -0.36, p = 0.001) and Al (r = -0.32, p = 0.04). Similarly, the cumulative 

lateral fluxes (𝑭𝑭𝒚𝒚) show negative correlations with τ for K (r = -0.40, p = 0.0003), Mg (r = -0.29, 

p = 0.01) and Al (r = -0.26, p = 0.02). No significant correlation was found between 𝑭𝑭𝒛𝒛 and tau 

values, and Si was the only element with one a significant correlation with residence times (𝑇𝑇𝑤𝑤𝑤𝑤𝜕𝜕; 

r = -0.30, p = 0.007) 
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Additional insight into the role of variable moisture states and geochemical weathering is presented 

here by comparing the influence of time spent under varying degrees of saturation on elemental 

concentration. This relationship is shown in Figure 7–A, where thicker lines represent significant 

correlations (p<0.05). Here, lower degrees of saturation (with a minimum 𝝑𝝑 = 35%) show negative 

correlations with Mg, Al, Fe, and K. The correlations are somewhat stable and significant until 𝝑𝝑 

≈ 55% and start decreasing, becoming weaker and statistically insignificant for intermediate values 

of saturation. Significant correlations are found at 𝝑𝝑 ≈ 70% for K and Mg, at 𝝑𝝑 ≈ 75% for Fe and 

around 𝝑𝝑 ≈ 80-90% for Al. Ca, Mn and Si do not show significant correlations with times at 

varying 𝝑𝝑 values even though a similar pattern in correlation values is suggested. 

 

3.8. Relationships between OTU relative abundances and SHI’s  

Significant (p < 0.05) positive correlations were observed between SHI’s and several phyla (Table 

6). Positive correlations with �̅�𝜗 where found for Acidobacteria (r = 0.46, p = 1 x 10-5), OD1 (r = 

0.65, p = 7 x 10-11) and Proteobacteria (r = 0.49, p = 3 x 10-6), while Actinobacteria were 

significantly negatively correlated with this metric (r = -0.56, p = 6 x 10-8). We did not observed 

any significant correlations for �̅�𝜗  with phyla Verrucomicrobia.  

 Regarding the estimated fluxes, significant relationships found were between 𝐹𝐹𝑍𝑍 for OD1 (r = 

0.31, p = 0.005) and Verrucomicrobia (r = 0.30, p = 0.008). No significant correlations were found 

between phyla abundances and lateral fluxes (𝐹𝐹𝑌𝑌). With respect to the assigned residence times, 

Actinobacteria and Verrucomicrobia were significantly correlated with  𝑇𝑇𝑑𝑑𝑟𝑟𝑑𝑑 (r = 0.46, p = 2 x 10-

5, and r = 0.46, p = 2 x 10-5 respectively). Additional figures on individual plots for each OTU 

relative abundance versus SHI are shown in the supplementary section (Figures S-9) 

Different patterns in the relationships between moisture states and the phyla abundances are seen 

Figure 7–B. Acidobacteria, OD1 and Proteobacteria show a negative-to-positive change in 

correlation values for increasing saturation degrees, showing no significant correlations for times 

spent within intermediate moisture states. On the other hand, Actinobacteria display an opposite 

behavior, where correlations go from positive-to-negative while a sharp change yielding no 

significant correlations occur within intermediate moisture states. Interestingly, Verrucomicrobia 

display a different pattern, where higher positive correlations were found between 65 and 75%. 
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Table 6. Correlation analysis between SHI and biogeochemical signatures. Empty cells represent non-significant 

correlations (p < 0.05).   A) Correlations with 𝝉𝝉 values. B) Relative abundances of OTU.  

                

    �̅�𝜗 𝐹𝐹𝑌𝑌 𝐹𝐹𝑍𝑍 𝑇𝑇𝑤𝑤𝑤𝑤𝜕𝜕 𝑇𝑇𝑑𝑑𝑟𝑟𝑑𝑑   

Tau 

K -0.39 -0.39 
 

    

Mn   
 

    

Mg -0.34 -0.29 
 

    

Fe -0.35  
 

    

Al -0.32 -0.26 
 

    

Ca        

Si    -0.23    

           

           

OTU's 

Acidobacteria 0.46  
 

0.24    

Actinobacteria -0.56  
 

    

OD1 0.65  0.31     

Proteobacteria 0.49  
 

    

Verrucomicrobia   0.30     
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Figure 7. Influence of varying degrees of relative saturation on: A - normalized concentration and B - OTU relative 

abundance. Curves were obtained by calculating the correlations between the biogeochemical variable and the time (days) 

spent for each degree of saturation per voxel. Thicker lines denote significant correlations were found (p<0.05). 
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4. DISCUSSION 

Time is an important component of soil formation [Jenny, 1941]. In an incipient system, chemical 

variation is expected to be low due to limited geochemical weathering during the short time frame. 

In addition to that, the low biological activity observed in the system [Sengupta et al., 2018] could 

potentially contribute to an expected lower signal-to-noise ratio of observed microbiological 

diversity in the basaltic system. Nevertheless, the variable spatial distributions of tau values and 

diversity of taxonomic units observed in the basaltic soil  show a remarkable contrast with the 

observed features of the parent material [Pangle et al 2015; Sengupta et al., 2016; Sengupta et al., 

2018], suggesting a detectable internal organization of subsurface heterogeneity. This observation 

elucidates the fast pace in which critical zone processes and structural development take place at 

basaltic landscapes. We believe the observed patterns in soil physical properties seem to be a 

consequence of compaction and accommodation of soil particles. Therefore, the hydrologic 

behavior at our model system was not affected by structural development observed in the 

biogeochemical signatures, as much as it is one of its main drivers.  

The derived hydrological indices attempted to explain part of the mechanisms related to this 

incipient structural development. Our modeling approach has significant simplifications with 

respect to the real system under study. The final parameterization of the materials and hydraulic 

properties did not reflect actual values obtained at each coordinate due to model performances 

using the latter. Both the need for a method for up-scaling hydraulic properties and the difficulties 

found in laboratory analysis due to the non-cohesiveness of the basaltic material explain the choice 

for a simpler parameterization. Nevertheless, the model performance obtained for both input and 

output fluxes and internal states (Figure S-5) provided a good approximation of the observed 

hydrological behavior, as seen by the NSE values.  Despite of both modeling and sampling design 

simplifications we were able to detect significant relationships between water fluxes and states and 

the observed biogeochemical heterogeneity within the system.  

4.1. Hydrological imprints on geochemical transformations 

The analysis of the spatial distribution of 𝜏𝜏 and their mean values (Table 5, Figure S-2 and S-3) 

suggests depletion to be dominant for all elements under consideration but Si. The rank from more 

to less depleted indicates K to be the most depleted of the elements, followed by Mn, Mg, Al, Na 

and Ca. In the absence of significant external input of these elements, the observed depletion-
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enrichment distributions are to be associated with the processes of dissolution, translocation and 

re-precipitation of secondary minerals [Brantley et al., 2007]. Therefore, the observed ranking of 

𝜏𝜏̅ and the depletion versus enrichment percentages shown in Table 5 indicates the relative order 

in which the net balance of dissolution and translocation dominates over re-precipitation. 

Moreover, we suggest the observed order to be a measure of the departure from equilibrium 

conditions within the length-scale of the lysimeter. In this case, elements with tau values close to 

zero (depletion = enrichment) are closer to equilibrium conditions than elements with lower 

negative values (depletion > enrichment). While under equilibrium (or near-equilibrium 

conditions), the limiting processes on weathering are the reactions taking place at the mineral 

surface (surface-controlled weathering), for non-equilibrium conditions, process control is exerted 

by transport mechanisms (transport-controlled) [Lasaga, 1984; Steefel and Maher, 2009]. The 

significant relationships found for the estimated lateral fluxes (𝐹𝐹𝑌𝑌) provides an evidence of 

transport mechanisms to be the controlling the weathering of K, Mg, Al and Na, while the non-

significant relationships found for Si and Ca supports the hypothesis of surface-controlled 

weathering of such elements when taking the whole system as the domain where equilibration can 

take place.  

A further look at the spatial distributions of 𝜏𝜏 values (Figure S 5) suggests the re-precipitation of 

minerals containing Mg, Fe, Al, and Ca to be occurring around the same regions, which correspond 

to the regions with low fluxes and higher residence times, where vertical infiltration predominates 

(Figure 6).  This allows us to further hypothesize the relationship between the mechanisms driving 

the water-mediated geochemical weathering within the system: During the beginning of a 

precipitation event, vertical infiltration fluxes occur due to the combined effects of gravity and 

differences in water potentials between the infiltration front and the soil. At this moment, soluble 

weathering products tend to be carried downwards. However, with continuing rainfall input, a 

water table develops and the gradient imposed by the atmospheric pressure at the seepage face 

imposes the lateral movement of water out of the system. Lateral movement of water will then be 

associated with the effective removal of solutes, which would explain the non-significance of 

relationships between (𝐹𝐹𝑍𝑍) and 𝜏𝜏 values and the spatial patterns of re-precipitation within regions 

of predominant lateral fluxes.  
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Even though Mn depletion occurred at every sampled location (Table 5), no significant trends 

were found between for its 𝜏𝜏 values across space (Table S 2) or with relationship to the hydrologic 

behavior of the system (Table 6). For a further assessment of this result, we refer to a study on the 

analysis of the pore-solution chemistry of large-scale LEO hillslopes following two rainfall events 

[Pohlman et. al 2016]. Their results showed that even though Mn exhibited the highest potential 

for retention in the soil, the formation of its possible secondary phases (Mn oxides: birnessite and 

pyrolusite) is limited by microbial catalysis. We believe the wide-spread Mn depletion with no 

associated spatial or hydrologic pattern to align with the findings from Pohlman et al, (2016), and 

postulate the unlikely re-precipitation of Mn to be its main cause. 

We found that average degree of saturation to be negatively correlated with 𝜏𝜏 values of K, Al, Mg, 

and Fe, while no correlations were found between for Ca, Si and Mn, suggesting the enhancement 

of weathering rates with water availability for the elements of the first group. Interestingly, this 

relationship seems to be significant only for specific moisture ranges, where the time spent at 

intermediate moisture levels do not seem to play a significant role on tau values. The highest 

negative correlation was found at ϑ of approx. 88%, for all elements. This suggests a possible 

optimal moisture content at 88% may promote the strongest chemical dissolution process. 

Although Ca and Si show similar patterns, very low or insignificant correlation values were found.  

4.2. Hydrological imprints on microbial abundance and diversity 

In soil microbial ecology, non culture-based methods like sequencing of microbial DNA to 

underpin community characteristics heavily relies on reference databases. Most soil microbes 

(99%) do not have cultured representatives in the database. High-throughput sequencing of 

microbial DNA followed by mapping of these sequences to reference databases to capture 

community heterogeneity is the best tool available. The abundance numbers are not absolute and 

by no means is an absolute confirmation of presence/absence of a microbial species in that voxel. 

However, the indices present a reasoning as to why some phyla are prevalent in voxels than others. 

Our conceptual framework of using the indices to developing a historical imprint of water 

availability in the voxels provides a clearer view of the abiotic environment of the voxels to be 

conducive to certain phyla and not to others, and ultimately driving heterogeneity of microbial 

community in the homogeneous incipient soil environment. Additionally, Figure 8-B  suggests 
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that shifts between negative-positive relations is prevalent at a zone of 55-65% relative saturation 

for the majority of the phyla studied. 

Our results fit well with our understanding of the ecology of the phyla as highlighted in the 

methods section. For example, Figure 1Figure 7 shows that the trends are not random, and indeed 

during greater saturation degrees result in lesser Actinobacterial abundances while presumably 

lower saturation degrees reduce the abundance of other Proteobacteria, Acidobacteria, and OD1.  

Preferential moisture ranges are suggested able to capture a trend that has been suspected as 

characteristic of incipient/marginal soils where Verrucomicrobial abundance are projected to 

increase with increasing moisture content.  

These results have the potential to define moisture requirements of particular groups of microbes 

over a given period of time, and may also potentially help in the cultivation of the “difficult to 

culture” microbes in the lab. For example, at relative saturation of 70%, significant correlation is 

observed for K and Mg, and also suggests significant positive correlation for OD1. SHIs have the 

potential to be used as a tool to outline culture-conditions (e.g. moisture needed for growth and 

reproduction, nutrient elements preferentially required at the optimum moisture conditions, etc.) 

for groups like OD1 which are yet to have any cultured representative isolates. 

 

4.3. Towards a conceptual model of water-mediated incipient heterogeneity 

Our analysis suggests that availability of water (both volume and time) for a particular location 

mediates and creates unique abiotic conditions, which in turn is projected as microniches of 

abiotic-biotic interactions. This creates the inherent complex nature of soil where a nutrient may 

require 80% degree saturation to become available to a microbe which may thrive at 70% 

saturation. This may also ultimately define “hot spots” and “hot moments” of biogeochemical 

activities in soil environments (Mc Clain et al., 2003).  

 SHIs can also be extended to study biogeochemical heterogeneity in environments where 

destructive sampling may not be conducive. For example, the LEO hillslopes [Pangle et al., 2015] 

are limited in their scope of being destructively sampled for studying microbial development. 

Using SHIs as proxies, with an ecological understanding of microbial physiology, we can attempt 

to predict the developing microbial heterogeneity in the slopes without having the need to 
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physically collect soil samples. On the other hand, further evaluation of the SHI on field 

experiments where samples have been collected would provide testing grounds and further 

evaluation of the effectiveness of the proposed indices. 

5. SUMMARY 

The complex interactions taking place at the CZ are responsible for maintenance of the life on the 

planet. Understanding water-mediated mechanisms of biogeochemical interactions can inform 

about the critical zone structure and its evolution under a changing climate. Geochemical 

weathering and microbial diversity are known to be water mediated processes, but progress in 

mechanistically assessing its interactions in an interdisciplinary fashion is needed.  

Our study attempted to provide a mechanistic understanding of the evolution of the incipient 

biogeochemical heterogeneity within a model system through the analysis of the imposed water 

fluxes and states. The system under study was subject to controlled irrigation and was further 

intensively sample at the end of the experiment to assess its incipient heterogeneity. Detectable 

incipient heterogeneity was found with respect to the systems physical, biological (microbial 

abundance) and geochemical (elemental concentrations) properties, leading to the development of 

hypothesis to what possible mechanisms caused it. We developed subsurface hydrologic indices 

(SHI), based on our conceptual understanding of the controls of water on biogeochemical 

transformation in soil environments. We adopted a hydrologic modelling strategy based on 

observed fluxes into and out of the domain and were able to appropriately reproduce both its 

internal and external behavior. The proposed SHI were then extracted from the simulated internal 

fields of moisture states and velocities and its spatial organization was statistically and visually 

evaluated along with the biogeochemical patterns.  

We found evidences of the order in which elements are experimenting transport and surface-

controlled geochemical weathering. The latter was understood as being independent on flux 

magnitudes, as it was seen for Si, while the former is enhanced with the increase in flow rates, as 

was the case for K, Mg, Al, and Ca. This feature seemed to be scale-dependent: while K, Mg, Al, 

Fe and Ca were overall out of equilibrium when the whole domain was taken into consideration, 

the location of observed enrichments suggested proximity to equilibrium conditions at low flux 

magnitudes, long residence time’s zones. We also found water moisture availability to 
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significantly impact geochemical weathering and were able to estimate intervals of moisture that 

were more likely related to the observed weathering profiles. 

On the other hand, Microbial activity and diversity were shown to be possess different moisture-

dependent regimes: While some phyla tend to benefit from wet conditions (Acidobacteria, 

Proteobacteria and OD1), and other are likely associated with drier conditions (Actinobacteria), 

we found phyla to be associated with intermediate moisture regimes. 

Finally, the results presented here suggest a possible framework for utilizing hydrologically 

derived metrics that can aid hypothesis testing and therefore enhance our knowledge on 

hydrologically mediated biogeochemical transformations taking place within the critical zone.  
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SUPPLEMENTS 

Additional figures on individual plots for each normalized concentration versus SHI are shown 
in the supplementary section (Figures S-7) 

 

Figure S 1 Spatial Distribution of selected OTU’s. 
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Figure S 2  Box-plot of Tau values 
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Figure S 3 Spatial Distribution of tau values highlighted as either positive or negative 
values. 
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Table S 1 Hydraulic properties adopted for heterogeneous 

Material 
# Porosity Ksat (cm/min) alpha n 
     
1 0.54 0.24 0.0175 1.75 
2 0.52 0.12 0.0175 1.75 
3 0.5 0.019 0.0175 1.75 

 

 

 

 

 

Figure S 4 Spatial Distribution of materials assigned for each node of the discretized 
domain in Hydrus 2D. 
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Figure S 5 Comparison between observed and simulated responses for a time-window from 
July 3rd to July 18th 2014. 
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Figure S 6 Spatial distributions of SHI: A - average degree of saturation (𝝑𝝑�); B-cumulative 
flux (cm) along lateral direction (Fy); C - cumulative flux (cm) along vertical direction (Fz) 
(negative values denote downward flux). D-Average Residence Time (days), wet injection 
scenario; E-Average Residence Time (days), dry injection scenario. 
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Figure S 7. Comparison between observed and simulated responses for a time-window 
from July 3rd to July 18th 2014. 
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Table S 2 Linear Correlations with Length and Depth 

          

    Length Depth 
 

  

Mg   -0.38 -0.25   
Al   -0.39 -0.22   
K   -0.50 -0.26   
Ca         
Fe   -0.36 -0.27   
Si         

Mn         
          
          

Acidobacteria     0.50   
Actinobacteria     -0.61   

OD1     0.69   
Proteobacteria     0.47   

Verrucomicrobia   -0.30 0.34   
          
      

 

 

 

 

 

 

 

 

 

 

 



47 
 

Figure S 8 Correlation plots of SHI and Tau values 
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Figure S 9 Correlation plots of SHI and OTU abundances  
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CHAPTER 2:  

Electrical Resistivity Imaging (ERT) of solute transport under 

transient conditions through periodic steady state (PSS) theory 

 

 

ABSTRACT  

Correctly estimating residence times (RT) of water within the landscape can provide insights of 

Critical Zone (CZ) internal functioning and structure. As opposed to traditional lumped-systems 

approaches, the direct observation of the movement of water, possible through the use of Electrical 

Resistivity Tomography (ERT), can leverage the understanding of the internal variability of RT 

within the CZ. While hydrological processes at natural landscapes are often space and time-

variable, quantitatively estimating solute transport with ERT under transient conditions is 

challenging due to necessary consideration of moisture states and electrical properties of the 

medium. Here, we introduce the use of Periodic Steady State (PSS) theory applied to electrical 

resistivity of soils to provide a simple solution to the aforementioned problems and report a 

laboratory experiment to test the proposed method. We used a 1 m3 sloping lysimeter to represent 

the hydrological functioning of natural hillslopes, equipped with electrodes to provide cross-

borehole images of bulk soil electrical conductivity and performed a 28-days experiment in which 

a periodic irrigation was applied. A saline tracer was added to the lysimeter in two irrigation pulses 

and subsequent pulses were applied until the tracer was flushed out. ERT-surveys and estimates 

of background soil-water conductivity were used to quantitatively estimate solute breakthrough 

throughout the different cross-sections. We obtained good agreement between ERT-derived local 

breakthroughs and that of water samples from within the lysimeter. Our study introduces a novel 

method for laboratory experimentation at mesocosm scales using ERT and provides valuable 

insight into variable flow pathways within natural landscapes. 
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1. INTRODUCTION 

 

The critical zone (CZ) is the region that extends from the bottom of the bedrock aquifer to the top 

of the plant canopies and it is where most the hydro-biogeochemical fluxes relevant to sustaining 

life on the planet take place (Chorover et al., 2007). Knowledge of water residence times in the 

subsurface is of great relevance for the understanding of CZ structure and functioning (Brooks et 

al., 2015), since it informs the extent to which fresh water interacts with mineral surfaces, 

influencing the overall equilibrium of weathering reactions (Maher, 2010, 2011) and release of 

nutrients (Brantley et al., 2007). The spatial variability of weathering rates and mineralogy seen in 

natural landscapes can be explained in part by variable water fluxes and residence times imposed 

by topographic gradients (Lybrand and Rasmussen 2014, 2018; Zapata-Rios et al., 2015; Vazquez-

Ortega et al., 2016). This natural variability is often accounted for by studying such interactions 

processes at the hillslope scale (Dontsova et al., 2009; Heimsath et al., 2013; Pohlman et al., 2016). 

Most attempts to characterize residence times of water are based on the analysis of the aggregated 

catchment response (see review by McGuire and McDonnell, 2006), in which time-series of 

concentrations of one or multiple tracers are used in conjunction with rainfall and discharge values 

to infer transport properties of catchments. While such methods are useful to provide a lumped 

representation of transport within hydrologic systems, they cannot provide spatially variable 

information of processes taking place within the subsurface. The tracking and quantification of 

tracer movement allows for the direct observation of residence times of water within the 

subsurface, therefore providing a great opportunity for understanding the internal functioning of 

the CZ.  

In the last 25 years, electrical resistivity tomography (ERT) has been widely used as a non-invasive 

tool for investigating solute transport in the subsurface (Binley et al., 1996; Kemna et al., 2002; 

Singha and Gorelick, 2006; Koestel et al., 2008; Wehrer and Slater, 2015). ERT-methods are 

subject, however, to uncertainties arising from the ill-posedness and non-uniqueness of the 

inversion process (Binley et al., 2015). Moreover, the soil bulk electrical conductivity (𝜎𝜎𝑏𝑏) 

estimated through ERT surveys is controlled by multiple variables. In order to convert the 

estimates of 𝜎𝜎𝑏𝑏 into fluid conductivity (𝜎𝜎𝑓𝑓), estimates of soil porosity (𝜙𝜙), water saturation (𝑆𝑆), 
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and eventually soil-surface conductivity (𝜎𝜎𝑠𝑠) are needed. This poses additional challenges to the 

quantitative assessment of solute transport through ERT methods.  

Numerous strategies have been employed in order to circumvent the latter issue. One way forward 

is utilizing the parameters for petrophysical functions relating 𝜎𝜎𝑏𝑏 and its controlling variables 

(Friedman, 2005; Samouelian et al., 2005). However, information on such parameters for different 

kinds of soils are rarely available, adding the necessity of laboratory experiments (Rhodes, 1981; 

Grunat et al., 2013). Even in the case of laboratory-retrieved petrophysical parameters, the 

application of sample-based relationships to an ERT image will not necessarily be successful 

(Wehrer and Slater, 2015), since it will not account for the heterogeneity found in soils. Another 

alternative consists in imposing or assuming steady state (SS) conditions at either saturated or 

unsaturated conditions (Binley et al., 1996; Slater, 2002; Alumbaugh et al., 2004; Koestel et al., 

2008), which is commonly performed in controlled experiments. Its main disadvantage comes 

from the limited range of processes that can be reproduced, as the majority of hydrological 

processes occurring in natural landscapes do not take place at steady-state conditions. 

Nonetheless, a simple approach that takes advantage of repeatability of an experiment can be 

developed that allows for a quantitative characterization of solute transport under unsteady state 

conditions with spatially varying degrees of saturation. When a given system is forced following 

a repetitive regime of inputs, its internal states and outputs will eventually repeat themselves, and 

the system will enter a periodic steady state regime (PSS). This is akin to the notion of driven 

harmonic oscillation, which occurs, for example, when a force is repeatedly applied to a pendulum.  

PSS theory has been introduced by Harman and Kim (2014), and has been applied by Kim et al., 

(2016) for the estimation of time-varying transit time distributions and more recently by Wang et 

al., (2019) for the study of colloid transport under transient conditions.  

Here, we present an ERT-based study of unsteady state solute imaging at the sub-meter-scale using 

the PSS theory. Our experimental set-up utilizes a sloping 1 m3 soil lysimeter that aims at 

reproducing the hydrologic processes observed in natural hillslopes. We imposed a PSS by means 

of a repetitive irrigation schedule with the addition of a high-concentration saline tracer. Our study 

provides a straightforward method for quantitative estimation of tracer movement using ERT in 

that it does not require the fitting of parameters from petrophysical relationships and can be used 

to understand solute transport at transient conditions.  
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2. SOLUTE TRACKING UNDER PERIODIC STEADY STATE  

 

For non-conductive soils, the soil bulk electrical conductivity (𝜎𝜎𝑏𝑏 , 𝑖𝑖𝑛𝑛 𝜇𝜇𝑆𝑆 𝑐𝑐𝑐𝑐⁄ ) can be explained as 

a function of the conductivity of the soil water (𝜎𝜎𝑤𝑤), porosity (𝜙𝜙) and water-saturation (𝑆𝑆), and is 

described by Archie’s law (Archie, 1942) as:  

𝜎𝜎𝑏𝑏 = 𝜎𝜎𝑓𝑓𝜙𝜙𝑚𝑚𝑆𝑆𝑛𝑛 (1) 

where 𝑐𝑐 is the cementation exponent, and 𝑛𝑛 is the saturation exponent. In order to obtain values 

of 𝜎𝜎𝑓𝑓 from 𝜎𝜎𝑏𝑏 , the remaining variables and exponents need to be estimated. Under SS, the term 

𝜙𝜙𝑚𝑚𝑆𝑆𝑛𝑛 remains constant throughout the course of the injection, and the tracer migration can be 

analyzed by the ratio (𝜎𝜎𝑟𝑟𝑟𝑟𝜕𝜕) between post-injection data-frames (𝜎𝜎𝑏𝑏𝑝𝑝𝑝𝑝𝑠𝑠𝑝𝑝) at an arbitrary time 𝑡𝑡, and 

the background conductivity image, 𝜎𝜎𝑏𝑏𝑝𝑝𝑟𝑟𝑝𝑝: 

𝜎𝜎𝑟𝑟𝑟𝑟𝜕𝜕(𝑡𝑡) =
𝜎𝜎𝑏𝑏𝑝𝑝𝑝𝑝𝑠𝑠𝑝𝑝(𝑡𝑡)
𝜎𝜎𝑏𝑏𝑝𝑝𝑟𝑟𝑝𝑝(𝑡𝑡)

=
𝜎𝜎𝑓𝑓𝑝𝑝𝑝𝑝𝑠𝑠𝑝𝑝(𝑡𝑡) × 𝜙𝜙𝑚𝑚𝑆𝑆𝑛𝑛

𝜎𝜎𝑓𝑓𝑝𝑝𝑟𝑟𝑝𝑝 × 𝜙𝜙𝑚𝑚𝑆𝑆𝑛𝑛
(2) 

where 𝜎𝜎𝑓𝑓𝑝𝑝𝑝𝑝𝑠𝑠𝑝𝑝 is the post-injection fluid conductivity and 𝜎𝜎𝑓𝑓𝑝𝑝𝑟𝑟𝑝𝑝 is the pre-injection fluid conductivity. 

The evolution of the conductivity ratio through time can be seen as a breakthrough curve of relative 

concentration under the assumptions of (1) full saturation (S = 1), (2) changes in 𝜎𝜎𝑏𝑏 occur only due 

to changes in 𝜎𝜎𝑓𝑓, and (3) 𝜎𝜎𝑓𝑓 is a linear function of salt concentration (Binley et al., 1996). Examples 

of this approach include the pixel-based breakthrough curves estimated by Binley et al., (1996), or 

the voxel-based breakthrough curves estimated by Slater et al., (2000). Assuming that pre-injection 

values of fluid conductivity can be estimated, equation 2 provides a solution of  𝜎𝜎𝑏𝑏,𝑝𝑝𝑝𝑝𝑠𝑠𝜕𝜕. Slater et 

al., (2002) used water samples collected from wells to both estimate the pre-injection 𝜎𝜎𝑓𝑓 and 

validate ERT-based breakthrough curves, finding good agreement for both magnitude and timing 

of tracer peaks. Koestel et al., (2008) successfully estimated the tracer breakthrough within an 

undisturbed soil monolith at unsaturated steady-state conditions by a similar approach. They 

assumed uniform distribution of 𝜎𝜎𝑓𝑓 prior to tracer injection and validated the internal breakthrough 

results by comparing ERT-estimates of 𝜎𝜎𝑓𝑓 with observations based from time domain 

reflectometry (TDR). For unsteady state conditions, the above-mentioned simplifications cannot 

be made, since the factor 𝑆𝑆𝑛𝑛 will vary over time and space. In this case, knowledge of the 
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exponents in equation 1 is needed. Wehrer and Slater (2015) characterized the tracer breakthrough 

of the seepage water of a laboratory lysimeter under transient unsaturated conditions by 

comparison of shape measures (Koestel et al., 2011) of the breakthrough curves. In their study, 

they obtained values of 𝜎𝜎𝑓𝑓 by applying laboratory derived petrophysical functions (Grunat et al., 

2013) onto the ERT-retrieved values of 𝜎𝜎𝑏𝑏.  

We define a PSS-cycle as the period of time where hydrologic states and fluxes are repeated. This 

can be achieved for example by repeating an irrigation sequence separated by equal time intervals. 

Under PSS, the variables in 1 become a function of the time relative to the beginning of a cycle 

(𝑡𝑡∗): 

𝜎𝜎𝑏𝑏(𝑡𝑡∗)  = 𝜎𝜎𝑓𝑓(𝑡𝑡∗)  × 𝜙𝜙𝑚𝑚𝑆𝑆(𝑡𝑡∗)𝑛𝑛. (3)  

The internal states and outputs achieved within a PSS-cycle will result from an interplay between 

internal properties (porosity, hydraulic conductivity and retention characteristics) and the input 

sequence: if, for example, the system under study is a soil lysimeter subject to an irrigation 

schedule, moisture states and fluxes can vary from saturated to unsaturated conditions both in 

space and time depending on the intensity and duration of the imposed irrigation sequence.  

The experiment begins by first forcing the system to reach PSS by periodically adding water with 

background tracer concentrations and conductivity. We call this period “warmup” (𝑤𝑤), which leads 

to the response of a warmup cycle as: 

𝜎𝜎𝑏𝑏(𝑡𝑡𝑤𝑤∗ )  = 𝜎𝜎𝑓𝑓(𝑡𝑡𝑤𝑤∗ ) × 𝜙𝜙𝑚𝑚𝑆𝑆(𝑡𝑡𝑤𝑤∗ )𝑛𝑛, (4)  

where 𝑡𝑡𝑤𝑤∗  is the time relative to the beginning of the warmup cycle. After that, an “injection” cycle 

is performed, in which water with contrasting concentrations (and conductivity) is applied. 

Subsequent cycles are then imposed with background concentrations until tracer recovery is 

satisfactorily achieved. The cycles from injection until the end of recovery are called active (𝐴𝐴), 

and the soil-bulk conductivity can be written as:  

𝜎𝜎𝑏𝑏(𝑡𝑡𝑘𝑘∗)  = 𝜎𝜎𝑓𝑓(𝑡𝑡𝑘𝑘∗) × 𝜙𝜙𝑚𝑚𝑆𝑆(𝑡𝑡𝑘𝑘∗)𝑛𝑛 (5)  

where 𝑡𝑡𝑘𝑘∗ is the time relative to the beginning of the 𝑘𝑘𝜕𝜕ℎ active-cycle. By dividing each active-cycle 

response by the warmup-cycle response, the following expression can be written for any active 

cycle: 
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𝜎𝜎𝑏𝑏�𝜕𝜕𝑘𝑘
∗�

𝜎𝜎𝑏𝑏(𝜕𝜕𝑤𝑤∗ )
 = 𝜎𝜎𝑓𝑓�𝜕𝜕𝑘𝑘

∗�
𝜎𝜎𝑓𝑓(𝜕𝜕𝑤𝑤∗ )

× 𝜙𝜙𝑚𝑚𝑆𝑆�𝜕𝜕𝑘𝑘
∗�𝑛𝑛

𝜙𝜙𝑚𝑚𝑆𝑆(𝜕𝜕𝑤𝑤∗ )𝑛𝑛
, (6)  

Since the term 𝜙𝜙𝑚𝑚𝑆𝑆(𝑡𝑡)𝑛𝑛 is the same for warmup and active periods, we arrive at the estimation of 

𝜎𝜎𝑟𝑟𝑟𝑟𝜕𝜕 for the unsteady state case as: 

𝜎𝜎𝑟𝑟𝑟𝑟𝜕𝜕(𝑡𝑡𝑘𝑘∗) = 𝜎𝜎𝑏𝑏�𝑡𝑡𝑘𝑘
∗�

𝜎𝜎𝑏𝑏�𝑡𝑡𝑤𝑤∗ �
 = 𝜎𝜎𝑓𝑓�𝑡𝑡𝑘𝑘

∗�

𝜎𝜎𝑓𝑓�𝑡𝑡𝑤𝑤∗ �
. (7)  

Similarly to the steady state case, assuming the pore-water conductivity prior to injection is 

estimated, equation 7 provides a solution for  𝜎𝜎𝑓𝑓 at any arbitrary time 𝑡𝑡. 
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3. MATERIALS AND METHODS 

 

3.1. The miniLEO lysimeter 

The miniLEO (-A) is a 10-degree sloping soil lysimeter with 1m3 capacity (0.5 m x 2.0 m x 1.0 m) 

located at the Biosphere 2 facility in Oracle, Arizona. The lysimeter is a small-scale replicate of 

the Landscape Evolution Observatory (LEO) artificial hillslopes (Pangle et al., 2015) constructed 

at the same facility. The interior walls and floor of the lysimeter are coated with a non-conductive 

abrasion-resistant waterproofing system (DuralDeck, Euclid Chemical Company). The miniLEO 

rests on 4 load cells (Honeywell Model 41 Load Cell) and is equipped with a sprinkler-based 

irrigation system (not shown) that can deliver rain intensities ranging from 10 to 30 mm/h. The 

lower end wall of the lysimeter act as a seepage face, and is composed by a perforated plastic sheet 

separated from the basaltic soil by a 10 cm basalt gravel layer. Seepage water is collected at a 

gutter and is routed to a tipping bucket (ONSET HOBO model RG3), allowing for the computation 

of the volumetric discharge out of the system. Vertically arranged Prenart® suction lysimeters at 

5 different depths (5, 20, 35, 50 and 85 cm) are located along 3 sampling verticals (at 0.65, 1.25 

and 1.85 m from the left wall, Figure 1-A). Suction lysimeters are routed to an airtight acrylic box 

connected to a vacuum pump placed nearby, allowing for simultaneous sample collection from all 

locations (not shown). Additionally co-located Decagon® MPS-2 matric potential sensors were 

installed. 
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Figure 8. Schematic view the miniLEO soil lysimeter. A- Overview of the lysimeters dimensions, sampler locations, ERT 

verticals along the walls and overall instrumentation. B- Depth distribution of stainless steel electrodes (red) and water samplers 

(Prenart ® suction lysimeters – black circles). 

The material within the miniLEO is a basalt tephra extracted from a deposit in northern Arizona 

that was further ground on site to a loamy sand texture. It consists of approximately 85% sand-size 

particles (≥ 50 and < 2000 µm), 12% silt-size particles (≥ 2 and < 50 µm), and 3% clay-size 

particles (< 2 µm). The material, herein referred to as basaltic soil, is the same as in the LEO 

hillslopes and was chosen as part of the investigation of the coevolution of soils and landscape 

complexity mediated by physical and biogeochemical processes (Pangle et al., 2015). The low 

content of fine particles (approx. 32 g kg-1) should allow for an easier detection of incipient 

secondary mineral formation (Pohlman et al., 2016), and while the material cannot be classified as 

completely sterile, its initial condition is characterized by very low organic carbon content (0.07 g 

kg-1 ± 0.01 CI) (Pangle et al., 2015). The basaltic soil was added to the lysimeter in December 

2016, through a procedure consisting of sequentially adding 32 cm increments of loose soil, which 

were then compacted to 25cm, leading to a total of 4 layers. During this procedure, the first 10 

centimeter from the seepage face were occupied by the original gravel-size basaltic tephra to serve 

as a drainage layer. 

10 ERT verticals (located at 0.25, 0.55, 1.1 1.4, and 1.63 from the left wall) containing 10 

electrodes each are distributed along the walls of the lysimeter, as seen in Figure 1-A and B. This 

layout allows for acquisition of 5 cross-sectional resistivity images along different lengths. The 

electrode distribution of each vertical follows a 10 cm interval spacing, with the exception of the 

first electrode position (Figure 1-B). The electrodes consist of 3 mm diameter stainless steel rods 

secured through plastic cable glands installed through orifices at the lysimeter walls. The 

electrodes were installed prior to the soil packing and the orifices were sealed with the same non-

conductive water-proofing system used internally. 

3.2. Periodic steady state  (PSS) experiment 

The PSS experiment described here served originally as an application of the Periodic Tracer 

Hierarchy (PERTH) method (Harman and Kim, 2014), designed to observe time-varying transit 

time distributions. While not intended to be an experiment for quantification of tracer movement, 

it conformed to all pre-requisites and experimental needs to test the proposed ERT-PSS method. 

The experiment was conducted between June 22nd and July 21st 2018 and consisted of 48 hour 
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cycles in which a day with 2 consecutive rainfall pulses was followed by a dry day. During days 

with rain, two 3-hour-long pulses at a target intensity of 14 mm/hr were separated by 2 hours, and 

applied from 8:30 to 11:30 and from 13:30 to 16:30, while during dry days there was no rainfall 

application (Figure 9-A). Three distinct moments are highlighted in Figure 9-B: Initially, a warm-

up period, necessary for the system to reach a periodic steady state was imposed. The warm-up 

irrigation water was kept at a target EC of 40 uS/cm (gray). Once PSS was achieved, irrigation 

water containing LiCl at 0.35g/l for a target conductivity of 1000 uS/cm was used with the rain 

system and applied to the lysimeter throughout a whole cycle (two rain-pulses, in green). 

Following the injection cycle, additional recovery cycles at background concentration were 

followed until water samples at the sampling locations reached pre-injection conductivity values. 

Soil-water samples from the suction lysimeters were collected at 9:00, 14:00 and 19:00 every day.  

 

Figure 9 A- Schematic of the 48 hours cycle of rain application imposed at the miniLEO lysimeter. B – Warm-up, Injection and 

recovery periods. 
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3.3. ERT measurements and data analysis 

 

3.3.1. Data acquisition and pre-processing 

 

Measurements of soil resistance (𝑅𝑅 −ratio of measured voltage between a pair of electrodes by the 

current injected between another pair or electrodes) were performed using the 8 channel Supersting 

R8 (Advanced Geosciences Inc.) resistivity meter. We followed a cross-borehole survey designed 

to obtain 2D cross-sectional images at the 5 lengths along the lysimeter. 2D cross-borehole 

configurations allow for quick image acquisition and have been widely used for studies of solute 

transport and plume migration in a variety of environments (Slater et al., 2000; Kemna et al., 2002; 

Looms et al., 2008; Perri et al., 2012; Bellmunt et al., 2016). A skip-dipole (Slater et al. 2000) 

measurement scheme with 2 and 3 electrode distances as the assigned skip, representing 248 

measurements to be taken per cross-section (including reciprocals). A full survey consisted of 

repeating the same scheme from cross-sections 1 through 5, resulting in a total of 1240 

measurements per run. A total of 1190 runs were performed between June 22nd 2018 and July 21st 

2018, with each run taking approximately 35 minutes. Poor soil-electrode contact during dry days 

allied to the low-conductivity water used in the rain pulses made it impossible for all readings to 

be taken at all surveys. This lead to a reduction of the total measurements to an average of 1182 

per survey (237 measurements per cross section). 

An error analysis procedure was conducted prior to the inversion. We first excluded obvious 

outliers by removing measurements with reciprocal error (𝜖𝜖𝑟𝑟𝑤𝑤𝑟𝑟𝑖𝑖𝑝𝑝) greater than 5%, which resulted 

in a 7% reduction of the initial number of data points. Following that, we estimated an error model 

for each data-frame in order to estimate weights to be used in the inversion (Slater et al. 2001, 

Koestel et al., 2008, Wehrer and Slater, 2015). This was done by binning the reciprocal 

measurements (R�) values in 10 classes with increasing order of magnitude and fitting a linear 

relationship between binned values of 𝑅𝑅� and 𝜖𝜖𝑟𝑟𝑤𝑤𝑟𝑟𝑖𝑖𝑝𝑝, from which the slope and intercept were 

retained. 
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3.3.2. ERT Inversion and post-processing 

 

The data-set was inverted with the code R3t (Binley, 2013), which estimates the spatial distribution 

of resistivities from measured potential and current values. We used the software Gmsh (Geuzaine 

and Remacle, 2009) to generate a three-dimensional finite element mesh consisting of 20640 

tetrahedral elements with characteristic length of 5 cm. A time-lapse ERT inversion scheme based 

on the difference regularization method of Labrecque and Yang (2001) was used in this study. 

This method allows for faster convergence and tends to minimize systematic errors. First, a 

reference data-set to be used as the a priori model for subsequent inversions is inverted according 

to the following objective function: 

Ψ𝑑𝑑 = (Wd[𝒅𝒅 − 𝑓𝑓(𝒎𝒎)])2 + 𝛼𝛼(Wm𝒎𝒎)2, (8) 

Where 𝒅𝒅 is the vector of measured resistances (Οℎ𝑐𝑐), 𝒎𝒎 is the model vector of resistivities 

(Οℎ𝑐𝑐.𝑐𝑐), 𝑓𝑓(𝒎𝒎) is the forward solution of the resistances, Wd is a matrix containing the data 

weights, Wm is the roughness matrix, which is used to generate a smooth solution by penalizing 

differences between adjacent values of modelled resistivities and 𝛼𝛼 is a smoothing parameter, 

which assigns a weight to the second term of the objective function. The first term of the objective 

represents the misfit between modelled and measured data, while the second is a measure of 

smoothness of the forward model. After the reference data-set is inverted, the data vector (𝒅𝒅) is 

modified for the subsequent data-sets as: 

𝒅𝒅 = 𝒅𝒅′ − 𝒅𝒅𝒓𝒓𝒓𝒓𝒓𝒓 + 𝑓𝑓�𝒎𝒎𝒓𝒓𝒓𝒓𝒓𝒓� (9) 

Where 𝒅𝒅′ is the vector of measured resistances at a subsequent time, 𝒅𝒅𝒓𝒓𝒓𝒓𝒓𝒓 represents the measured 

resistances used in the reference data-set and 𝑓𝑓(𝒎𝒎𝒓𝒓𝒓𝒓𝒓𝒓) is the forward solution of the reference data-

set. A new objective function based on the minimization of the differences between current and 

reference data-sets and the smoothness term is then calculated: 

Ψ𝑑𝑑 = (Wd[𝒅𝒅 − 𝑓𝑓(𝒎𝒎)])2 + 𝛼𝛼�Wm�𝒎𝒎−𝒎𝒎𝒓𝒓𝒓𝒓𝒓𝒓��
2

, (10)  
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Two-dimensional cross-sectional resistivity images at the 5 transects were extracted from the 

inverted three-dimensional fields of resistivities and further converted to conductivity values 

(𝜇𝜇𝑆𝑆/𝑐𝑐𝑐𝑐). Since electrical conductivity is influenced by temperature (Campbell et al., 1948), the 

resulting conductivity values were corrected to a reference temperature by: 

𝜎𝜎𝑏𝑏�𝑇𝑇𝑟𝑟𝑤𝑤𝑓𝑓� =
𝜎𝜎𝑏𝑏(𝑇𝑇)

 1 + 0.02�𝑇𝑇 − 𝑇𝑇𝑟𝑟𝑤𝑤𝑓𝑓�
(11) 

Where  𝑇𝑇 is the in-situ temperature provided by the MPS2-2 matric potential sensors (see 3.1), and 

𝑇𝑇𝑟𝑟𝑤𝑤𝑓𝑓 is a reference temperature (25 oC). Measurements from the co-located temperature sensors 

were spatially interpolated and extrapolated to generate spatial temperature estimates at the cross-

sections at the different times. 

 

3.4. Chloride Breakthrough Analysis at PSS  

 

In order to obtain final estimates of conductivity values at each cross-section according to the 

methods outlined in section 2, the following procedure was followed: First, the soil water 

conductivity (𝜎𝜎𝑓𝑓) measurements during warm-up cycles were temporally averaged and a single 

warmup cycle response (𝜎𝜎�𝑓𝑓,𝑊𝑊) at each location was created. Following that, values 𝜎𝜎�𝑓𝑓,𝑊𝑊 were 

spatially linearly interpolated at the cross-sections. Second, estimated cross-sectional bulk 

conductivities from the warmup period were averaged onto a single warmup cycle response (𝜎𝜎�𝑏𝑏,𝑊𝑊). 

The injection and recovery cycles were corrected following equation 7 producing cross-sectional 

estimates of soil-water conductivity,𝜎𝜎�𝑓𝑓,𝐴𝐴. We obtained the chloride concentrations from soil-water 

samples (𝐶𝐶𝐶𝐶𝐶𝐶,𝑂𝑂𝑏𝑏𝑠𝑠) using a linear relationship calibrated in the laboratory (𝑟𝑟2 = 0.97)  relating 

chloride concentration (𝜇𝜇𝑐𝑐𝜇𝜇𝜇𝜇/𝐿𝐿) and electrical conductivity for the water (𝜇𝜇𝑆𝑆/𝑐𝑐𝑐𝑐) at 25oC as a 

reference temperature. Finally, ERT-based values of concentration (𝐶𝐶𝐶𝐶𝐶𝐶,𝐸𝐸𝑅𝑅𝐸𝐸) were obtained by 

converting 𝜎𝜎�𝑓𝑓,𝐴𝐴 into values of concentration using the aforementioned relationship. 

We produced depth-averaged profiles of 𝐶𝐶𝐶𝐶𝐶𝐶,𝐸𝐸𝑅𝑅𝐸𝐸 at 10-cm spacing for visual assessment of chloride 

breakthroughs. For evaluation of the results, values of 𝐶𝐶𝐶𝐶𝐶𝐶,𝑂𝑂𝑏𝑏𝑠𝑠 from the 3 verticals were 

superimposed onto the ERT-cross sections by linear interpolation, while 𝐶𝐶𝐶𝐶𝐶𝐶,𝐸𝐸𝑅𝑅𝐸𝐸 values were 
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averaged at the equivalent locations. Cross-sections 1 and 2 were compared with vertical 1 to avoid 

extrapolation of water-sampler data beyond the measurement verticals during the active period. 

We quantified the progression of the tracer at each cross-section by first estimating the center of 

mass of each image and computing the time necessary for the latter to reach different depths. 
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4. RESULTS and DISCUSSION 

 

4.1. Hydrologic assessment of the experiment 

 

The overall progression of the experiment can be seen in Figure 10. Seven warmup irrigation cycles 

occurred prior to the injection cycle (8th cycle), followed by another 7 recovery cycles. The top plot shows 

the irrigation intensity applied through the several pulses, calculated based on load-cell mass changes 

(middle plot) and measured seepage-face discharge (bottom plot). The estimated mean rainfall intensity 

was 13 mm/hr per pulse, with a standard deviation of 3 mm/hr. Such variability occurred due to mall-

functioning of the micro-controller that adjusts the pressure at the inlet of the tubbing system that distributes 

water to the sprinklers. A slight tendency of having higher irrigation intensities closer to the seepage face 

was noted where the average intensity at the upper third was approximately 10 mm/hr, followed by 12 and 

15 mm/hr at middle-slope and seepage face thirds respectively. The irrigation water during warmup cycles 

was kept at an average of 41 𝜇𝜇𝑆𝑆/𝑐𝑐𝑐𝑐 with standard deviation of ± 2 𝜇𝜇𝑆𝑆/𝑐𝑐𝑐𝑐, while during injection a 

conductivity of 1040 𝜇𝜇𝑆𝑆/𝑐𝑐𝑐𝑐 was achieved (in red, Figure 10-top). Even though the system quickly reached 

a PSS, as seen in the variations in mass (Figure 10-middle), additional cycles were performed due to the 

issues mentioned previously. Electrical issues within the data-logging system during the cycles 1 and 3 led 

to poor estimation of mass and discharge values (bottom plot).  
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Figure 10 Hydrologic progress of the miniLEO lysimeter under a Periodic Steady State throughout the months of June and 

July, 2018. (top) Irrigation (I-mm/hr) sequence applied throughout the experiment (black). Red lines show the electrical 

conductivity (EC-uS/cm) of the irrigation water, highlighting the injection cycle. (middle) Mass variations (kg) registered 

through the load cells indicate the increase in mass due to irrigation pulses and drainage periods. (bottom) Discharge (Q-

mm/hr) registered with a tipping bucket located at the lysimeter outlet. Equipment failure during the cycles 1 and 3 were 

responsible for missing values of mass which and poor estimates of discharge for those periods. 

 

4.2. Warmup analysis 

 

Figure 11-A shows the average warmup soil-water conductivity (𝝈𝝈�𝒓𝒓,𝑾𝑾)  per sampling location for the 3 

sampling verticals. Horizontal bars depict the temporal variability (as one standard deviation) observed 

throughout the warmup cycles. A gradient of increasing values 𝝈𝝈𝒓𝒓 with soil depth is suggested as a function 

of distance from the outlet. The pattern of 𝝈𝝈𝒓𝒓 can be attributed to the release of solutes from the basaltic 

material into solution occurring as the result of geochemical weathering. An analysis performed by Pohlman 

et al., (2016) on the hydro-geochemical behavior of the LEO hillslopes showed that the regions further from 

the outlet experience enhanced rates of weathering due to longer rock-water contact times and lower fluxes. 

 

During the warmup period the ERT-acquisition-system faced 2 stoppages, making it impossible to fully 

observe the cycles 5, 6 and 7. For this reason, we used cycles 1 through 4 for estimation of the pre-injection 

bulk conductivity values 𝝈𝝈𝒃𝒃,𝐖𝐖. For the purpose of visualization, Figure 11-B shows cross-sectional 

averages of bulk conductivity for those cycles. The repeatability achieved throughout the experiment can 

be seen as the spike in 𝝈𝝈𝒃𝒃 values due to the irrigation pulses (represented by the vertical lines), followed by 

a falling limb, associated with the decrease in soil moisture. It can also be seen that average values increase 

from the cross-section closest to the outlet (C5) to the cross-section located upslope (C1). This behavior 

can be attributed to a combination of average moisture contents per cross-section and the observed increase 

in values 𝝈𝝈𝒓𝒓 between the outlet and the upper boundary of the lysimeter, as seen in Figure 11-A.  
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Figure 11 Patterns of bulk conductivity and fluid conductivity during warmup. A- Average  𝝈𝝈𝒓𝒓 obtained for the 3 sampling 

verticals for the warmup period. Horizontal bars represent the standard deviation of all measurements taken. B- Cross-

sectional averages of 𝝈𝝈𝒃𝒃 for cycles 1 through 4, used to estimate the pre-injection response. Vertical bars represent beginning 

and end of irrigation pulses for each cycle   

 

4.3. Injection analysis 

 

Observed values of  𝝈𝝈𝒓𝒓 were used to produce spatial estimates of background  𝝈𝝈�𝒓𝒓,𝑾𝑾 for each cross-

section. We then normalized the images for each active cycle (𝝈𝝈𝒃𝒃,𝑨𝑨) by the respective warmup 

average cycle (𝝈𝝈𝒃𝒃,𝑾𝑾) and obtained estimates of 𝝈𝝈𝒓𝒓,𝑨𝑨 by applying equation 7. After that we 

converted convert 𝝈𝝈𝒓𝒓,𝑨𝑨 into values of concentration using a laboratory-derived relationship (see 

Methods 3.4). Panels of retrieved values of concentration are shown in Figure 12, for 4 different 

days at 14:00, starting from the injection cycle. Differences in tracer velocities along the lysimeter 

length are noticeable: while the fastest tracer movement can be seen closest to the bottom-most 

end (C5), a delayed response was observed at the top-most cross section (C5). Table 7-A 

summarizes this behavior, where estimated arrival times at different depths is shown for each 

cross-section. It can be seen that required time for the tracer to reach 0.8 m depth for cross-section 

C5 is almost twice as large as for C1 (10.3 days versus 6.3 days) with intermediate values 

happening for the cross-sections in between. Different tracer velocities might also explain the 

different vertical extents of the tracer plume across lengths. There is no clear differentiation 
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between two tracer-labelled pulses for C1, whereas a visible larger spread can be seen in C5. While 

the rainfall distribution has been shown to be fairly uniform as function of length, we believe this 

behavior can be explained by a length-dependent gradient in moisture occurring due to the 

lysimeters inclination. The region close to C5 is constantly under wetter conditions due to its 

proximity to the outlet, where saturation must occur in order for water to leave through the seepage 

face. On the other hand, the upslope regions are relatively drier due to longer distance between the 

water table and the soil surface. The length-dependent gradient of soil moisture will lead to a 

gradient in hydraulic conductivities which will promote the observed differences in tracer 

velocities.  This result confirms previous modeling studies of the system under study (Pangle et 

al., 2017) and agree with the hydrologic functioning of natural hillslopes with impermeable 

bedrock (Kirkby, 1988; Graham and McDonnell, 2010). It is also possible to see a slight 

differential movement across the width for cross-sections C3 through C5, resulting in gentle slope 

in the observed plume. Since the skip-dipole scheme utilized should not result in any asymmetric 

features (as investigated in forward modelling exercises prior to the experiment – not shown here), 

this might indicate varying bulk densities resulting from a likely non-uniform packing of the soil.  

Figure 13 shows the depth-average profiles of retrieved concentrations versus the estimated 

concentrations from the water-samplers, where a good agreement in both timing of the tracer 

movement as well in magnitude of the chloride concentrations can be observed. In our system, the 

locations of the ERT cross-sections were chosen to be offset from the sampling verticals due to 

possible interferences in the flow fields by the Prenart suction lysimeters and co-located MPS2, 

both having their tubing and cables vertically routed to the floor of the lysimeter. In this way, we 

do not consider the suction lysimeter interpolated onto the cross-sectional images to provide the 

true fluid conductivity, but giving their proximity to the cross-sections and homogenous nature of 

the soil, we believe they represent adequate approximations of fluid conductivity. An observation 

must be made regarding cross-sections 1 and 2, which are located outside of the interpolated 

domain provided by sampling verticals, and in the absence of an appropriate extrapolated method 

were compared to data from the nearest sensors (vertical C1).  Different approaches have been 

used to circumvent the issue of validation of ERT-derived values of concentrations in other studies: 

In their saturated steady state experiment, Slater et al., (2002) used conductivity sensors located 

inside observation wells: Due to screening along the well lengths, mixing of water could occur and 

their values of conductivity could not be considered representative of point measurements. Koestel 
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et al (2008) used TDR-based values of 𝜎𝜎𝑓𝑓 for validation. Although advantageous from the point of 

reducing the interference on water flow-paths, the sensors were located on the walls of the soil 

monolith, providing a local scale validation further from the center of the monolith. On the other 

hand, the internal breakthrough at unsteady state conditions investigated by Wehrer and Slater 

(2015) was only qualitatively evaluated and seepage water was used to validate their findings. We 

further calculated the coefficient of determination (r2) between 𝐶𝐶𝐶𝐶𝐶𝐶,𝐸𝐸𝑅𝑅𝐸𝐸 and 𝐶𝐶𝐶𝐶𝐶𝐶,𝑂𝑂𝑏𝑏𝑠𝑠 as a measure of 

goodness of fit. The results are highlighted in Table 7-B and show a good performance by the 

ERT estimates of chloride concentration, with overall high values of goodness of fit. 
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Figure 12. Retrieved images of Chloride concentration per cross-section for different days at a reference time (14:00). Note 

that the scale of the color bar is different between images from July 6th and 8th (early response) and July 11th and 14th (late 

response). 
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Table 7. A- Estimated tracer arrival times at different depths. B- Goodness of fit between 𝐶𝐶𝐶𝐶𝐶𝐶,𝐸𝐸𝑅𝑅𝐸𝐸  and 𝐶𝐶𝐶𝐶𝐶𝐶,𝑂𝑂𝑏𝑏𝑠𝑠 

A 
     

 
Arrival time (days) 

Depth (cm) C.1 C.2 C.3 C.4 C.5 

10 0.5 2.1 0.4 0.2 0.4 

25 2.4 2.4 2.2 2.2 2.2 

50 4.7 4.4 3.3 2.6 2.4 

80 10.3 8.3 6.4 6.3 6.3 

      
B 

     

 
Goodness of fit (R2)  

                           C.1 C.2 C.3 C.4 C.5 

R2 0.79 0.80 0.87 0.89 0.95 
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Figure 13. Depth-averaged ERT-derived concentrations versus measured concentrations. Measured concentrations for 

each profile were obtained through interpolation of values at the sampling verticals.  
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5. SUMMARY AND CONCLUSION 

 

Adequate quantification of residence times of water in natural landscapes can reveal important 

mechanisms of CZ functioning. Existing theories on transit time’s distribution are commonly applied 

at lumped representations of hydrologic systems and lack confirmation from experiments that explicitly 

address the internal variability. 

 

ERT represents a consolidated tool for the tracking of tracers at the subsurface and has the potential to 

provide insight into residence times of water of natural systems. While the natural variability of 

biogeochemical processes at the CZ is highly correlated to landscape morphology which is commonly 

studied at the hillslope scale, laboratory experiments using ERT have so far focused on soil lysimeters 

or monoliths where vertical fluxes of water prevail. While the adequate representation of hillslope 

processes involve the consideration of variable moisture states and fluxes, such conditions have 

traditionally posed challenges for studies of tracer movement using ERT.  

 

This study introduced the use of ERT as a tool for the quantification of residence times of water on a 

sloping soil lysimeter representing hydrologic processes common in natural hillslopes.  We provided a 

simple method for quantification of tracer movement at the subsurface under transient conditions and 

varying moisture states. We demonstrated that the PSS theory (Harman and Kim, 2014) can be applied 

to the equations governing the electrical conductivity of soils to provide a simple solution to the tracer 

movement under complex conditions. Our method is advantageous over the existing approaches in that 

it does not require knowledge of petrophysical properties of the material for estimating fluid 

conductivities that can be applied at transient conditions. We imposed a regimented irrigation scheme 

at soil in the form of irrigation cycles, in which the internal states and fluxes would repeat themselves. 

We then added a conductive tracer to one of the cycles and retrieved values of fluid conductivity 

through a simple conversion based on the response recorded during the cycles prior to injection. This 

led us to quantitatively observe the internal tracer breakthrough and quantify the time necessary for the 

tracer to travel through different regions of the lysimeter. We observed the differential movement of 

solutes in which shorter transit times were observed at regions closer to the outlet as opposed to the 

slower movement of the tracer at the upslope region. The observed difference was almost twofold, 

which considering the dimensions of our system can highlight the heterogeneity in hydrologic transport 

observed at the hillslope scale. 
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Even though an exact estimate of observed fluid conductivity was not possible due to the location of 

water samples, our results show that the method could satisfactorily provide estimates of fluid 

conductivity and therefore tracer concentrations within the soil lysimeter. We suggest that similar 

studies using full 3D ERT surveys can provide better assessment between observed values and ERT 

estimates, and also provide a complete investigation throughout the intended control volume.  
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CHAPTER 3:  

Towards the physical interpretation of transit time distribution 

(TTD) variability in a model hillslope via geophysical imaging of ages 

of water. 

 

 

ABSTRACT 

 

Understanding transit times (TT) of water within catchments is a fundamental question in 

hydrologic research since it can inform about important processes relevant to the quality of water 

delivered by streams and landscape resilience to anthropogenic inputs. The theory of transit time 

distributions (TTD) is a practical framework for understanding TT of water at natural landscapes 

but due to its lumped-systems nature, it cannot provide understanding of the several internal 

processes taking place at the subsurface. The direct observation of the movement of water possible 

through the use of Electrical Resistivity Tomography (ERT) can leverage the understanding of the 

internal variability of water ages within the subsurface allowing for a the investigation of the 

physical processes controlling the time-variability of TTD. In this study we estimate of the internal 

distribution of ages of water within a model hillslope subject to a periodic steady state regime. We 

developed an electrical resistivity tomography (ERT) approach to generate images of water ages 

through time within a representative hydrologic cycle, while also attempting to estimate lumped 

descriptors of TTD under the framework of storage selection (SAS) functions. We compared the 

ERT-derived SAS components with its lumped estimates in order to investigate how features of 

SAS functions can be linked to physical processes controlling ages of water at natural hillslopes. 

The internal evolution of water ages seen by the proposed methods was able to elucidate 

mechanisms driving the time-variability of ages of water being discharged by the system, making 

it a useful tool for the study of TTD at the pedon scale. 
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1. INTRODUCTION 

 

Transit time (TT) refers to the time spent from the moment water arrives at the land surface until 

it reaches the streams, or a larger body of water, and its estimation represents a fundamental 

challenge in hydrologic research. Knowledge about TT can inform a myriad of processes taking 

place at the subsurface, as it influences the overall equilibrium of weathering reactions (Maher, 

2010, 2011) and release of nutrients (Brantley et al., 2007), while also serving as an indicator of 

catchment sensitivity to anthropogenic inputs (Nyström, 1985; Landon et al., 2000; Turner et al., 

2006). 

The theory of transit time distributions (TTD) has been widely used as the mathematical 

framework to characterize TT at the catchment-scale and is based on the lumped representation of 

the system, which is subjected to a time-series of solute concentration, being modified by the TTD 

yielding solute concentrations at the systems outlet. Although TTD have been traditionally studied 

under the assumption of steady-state conditions (Jury, 1982; Małoszewski and Zuber, 1982; 

Cvetkovic, 2011), surmounting evidence has been gathered towards its inadequacy to reproduce 

transport dynamics seen in natural landscapes, where steady-state is rarely if ever present 

(McGuire and McDonnell, 2006; McDonnell, 2010; Harman 2015). Recent convergence towards 

the development of time-variable TTD has been consolidated into the theory of StorAge Selection 

(SAS) functions (Botter et al., 2011; van der Velde et al., 2012; Harman, 2015; Rinaldo et al., 

2015; Porporato and Calabrese, 2015). Within the SAS framework, the storage within a system is 

considered to be composed of water parcels having varying ages. The ranked storage selection 

(rSAS, Harman, 2015) is one of the existing models proposed for the application of SAS theory 

that has used for the quantification of time-variable TTD at the pedon and catchment-scale 

(Harman, 2015; Kim et al., 2016; Wilusz et al., 2017; Rodriguez et al., 2018). Within the rSAS 

framework, the age-ranked storage (𝑆𝑆𝐸𝐸) is the variable that describes the amount of storage having 

ages smaller than a certain value, while the water that leaves the system at a certain moment (e.g. 

discharge and evapotranspiration) is selected from storage through a storage selection function 

(ΩQ).   
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As for the steady-state case of TTD, the estimation of the rSAS variables for real-world catchments 

follows an inference procedure in which water and solute fluxes in and out of the system are 

needed, together with a prior assumption of the shape of ΩQ. However, the direct observation of 

time-variable TTD with no prior assumption about its shape is possible under controlled 

experimentation: the Periodic Tracer Hierarchy method (PERTH, Harman and Kim, 2014) is a 

tracer experiment conceived for the direct observation of time-variable transit time distributions. 

The method requires a Periodic Steady State (PSS) to be imposed to the system, which allows for 

breakthroughs from multiple tracer injections to be quantified. Kim et al., (2016) applied the 

PERTH method to observe the time-variability of ΩQ at a 1m3 sloping soil lysimeter subject to a 

24-hour hydrologic cycle. They were able to verify that an “inverse-storage effect” (ISE) 

characterized the transport dynamics within the model system: under high-storage conditions, 

higher fractions of young water were proportionally released, whereas larger fractions of older 

water were released at lower storages. 

While lumped-system approaches are useful to represent transport processes within hydrologic 

systems, they cannot provide spatially variable information of processes taking place within the 

subsurface. Therefore, additional methods that account for the internal variability of flowpaths are 

necessary to fully investigate the temporal variability seen in natural landscapes and also promote 

a physical interpretation of the results arising from lumped approximations (Van der Velde et al., 

2015; Rinaldo et al., 2015). Studies making use of physically based models have been proved 

useful to elucidate the mechanisms behind the time-variability of TTD: Ameli et al., (2016) used 

an integrated subsurface flow and advective-dispersive particle movement model to assess the role 

of subsurface architecture on flow pathways and TTD of a hillslope in Sweden. They found macro 

scale heterogeneity, vertical distribution of saturated hydraulic conductivity and location of the 

water divide to significantly impact the structure of TTD. Yang et al., (2018) used a 3D fully 

coupled surface-subsurface model with random-walk particle tracking in a combined investigation 

of flowpaths and SAS theory components from an agricultural catchment in central Germany. 

Their analysis suggested a shift in the age of discharged water from younger towards older when 

transitioning from a wet towards dry period. They found the change from fast and shallow 

flowpaths towards deeper flowpaths to explain the observed shift. Pangle et al., (2017) expanded 

on the results from Kim et al., (2016) by simulating the hydrologic fluxes and transport for the 

same experimental lysimeter through a 2D physically based model. That study suggests that the 
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rapid mobilization of water close to the soil surface by a rising water table to result in the observed 

ISE. The relationship between TTD variability and the underlying subsurface processes inferred 

through modeling approaches need however verification from experimental studies. Geophysical 

methods have been widely used to monitor tracer transport over a broad range of scales in a non-

invasive way (Binley et al., 2015). Among existing geophysical methods, electrical resistivity 

tomography (ERT) has been consolidated as a practical tool for investigating solute transport in 

the subsurface (Binley et al., 1996; Kemna et al., 2002; Singha and Gorelick, 2006; Koestel et al., 

2008; Wehrer and Slater, 2014). Although the tracking and quantification of tracer movement 

through the subsurface can yield invaluable insight on water flowpaths, no study has so far used it 

for the quantification of TT.  

Here, we present an ERT-based extension of the PERTH method for the quantification of the SAS 

theory components at the laboratory scale. This study reports the results of the application of the 

PERTH method onto a 1m3 sloping soil lysimeter following two different approaches. We 

estimated the rSAS components (𝑆𝑆𝐸𝐸 and Ω𝑄𝑄) through a lumped approach by collecting samples of 

conservative tracers from irrigation and discharge and used spatial estimates of solute 

concentration from ERT to provide a spatial representation of water ages within the subsurface 

while also estimating the rSAS components. This combined approach was used establish a physical 

explanation for the lysimeter’s internal functioning and the resulting lumped-estimates of 

transport.   Following that, we expand our discussion by drawing a comparison of our results with 

a previous application of the PERTH method in which the same lysimeter was used (Kim et al., 

2016). Since our study followed a different rainfall regime, we promote a discussion on the role 

of climate in controlling the  
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2. MATERIALS AND METHODS 

 

2.1. The miniLEO lysimeter 

The miniLEO (Figure 14-A) is a 10-degree sloping soil lysimeter with 1m3 capacity (0.5 m x 2.0 

m x 1.0 m) located at the Biosphere 2 facility in Oracle, Arizona. The lysimeter is a small-scale 

replicate of the Landscape Evolution Observatory (LEO) artificial hillslopes (Pangle et al., 2015) 

constructed at the same facility. The inner walls and floor of the lysimeter are coated with a non-

conductive abrasion-resistant waterproofing system (DuralDeck, Euclid Chemical Company). The 

lysimeter rests on 4 load cells (Honeywell Model 41 Load Cell) and is equipped with an irrigation 

system composed by three full-circle adjustable micro-spray (Rainbird Corp.) mounted on poles 

above the lysimeter.  The system can deliver rain intensities ranging from 10 to 25 mm/h. The 

lower end wall of the lysimeter act as a seepage face, and is composed by a perforated plastic sheet 

separated from the basaltic soil by a 10 cm basalt gravel layer. Fifteen Frequency-Domain 

Reflectometry (FDR) Probes (Decagon® 5TM) are distributed at 3 verticals (at 0.65, 1.25 and 1.85 

m from the left wall, Figure 14-A) and are co-located with Decagon® MPS-2 matric potential 

sensors that were used to measure in-situ temperature. The sensors are located at 5 different depths 

(5, 20, 35, 50 and 85 cm) at each vertical. Additionally, 3 Campbell® CS451 pressure transducers 

are located at the bottom of each sensor vertical. Seepage water is collected at a gutter and is routed 

to a tipping bucket (ONSET HOBO model RG3), allowing for the computation of the volumetric 

discharge out of the system.  
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Figure 14. Schematic view the miniLEO soil lysimeter. A. Location of sampling verticals in 

which Prenart suction lysimeters are co-located with Decagon 5TM and MPS2 probes used in 

this study to continuously monitor water content and soil temperature. Also shown are the 

location of the location of the ERT electrodes along the walls of the lysimeter. B. Vertical 

distribution of ERT electrodes (red squares), water content sensors (black filled circles) and 

pressure transducer (X symbol at the bottom) are shown in detail. 

 

The material within the miniLEO is a basalt tephra extracted from a deposit in northern Arizona 

that was further ground on site to a loamy sand texture. It consists of approximately 85% sand-size 

particles (≥ 50 and < 2000 µm), 12% silt-size particles (≥ 2 and < 50 µm), and 3% clay-size 

particles (< 2 µm). The material, herein referred to as basaltic soil, is the same as in the LEO 

hillslopes and was chosen as part of the investigation of the coevolution of soils and landscape 

complexity mediated by physical and biogeochemical processes (Pangle et al., 2015). The low 

content of fine particles (approx. 32 g kg-1) should allow for an easier detection of incipient 

secondary mineral formation (Pohlman et al., 2016), and while the material cannot be classified as 

completely sterile, its initial condition is characterized by very low organic carbon content (0.07 g 

kg-1 ± 0.01 CI) (Pangle et al., 2015). The basaltic soil was added to the lysimeter in December 
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2016, by sequentially adding 32 cm increments of loose soil, compacted to 25cm, leading to a total 

of 4 layers. During this procedure, the first 10 centimeter from the seepage face were occupied by 

the original gravel-size basaltic tephra to serve as a drainage layer. 

10 ERT verticals (located at 0.25, 0.55, 1.1 1.4, and 1.63 from the left wall) containing 10 

electrodes each are distributed along the walls of the lysimeter, as seen in Figure 14-A and B. This 

layout allows for acquisition of 5 cross-sectional resistivity images along different lengths. The 

electrode distribution of each vertical follows a 10 cm interval spacing, with the exception of the 

first electrode position Figure 14-B). The electrodes consist of 3 mm diameter stainless steel rods 

secured through plastic cable glands installed through orifices at the lysimeter walls. The 

electrodes were installed prior to the soil packing and the orifices were sealed with the same non-

conductive water-proofing system used internally. 

2.2. rSAS Theory and Storage Effect 

The ranked storage selection model (rSAS) is one of the existing variations within the SAS 

framework (Botter et al., 2011; Rinaldo et al., 2015; van der Velde et al., 2012). In this theory, the 

system is assumed to be a single control volume, subject to a precipitation 𝐽𝐽(𝑡𝑡) input flux and the 

outfluxes from discharge 𝑄𝑄(𝑡𝑡)  and evapotranspiration 𝐸𝐸𝑇𝑇(𝑡𝑡). At any moment 𝑡𝑡, the ages (𝒯𝒯) of 

water in storage will can be represented by the residence time distribution 𝑃𝑃𝑆𝑆(𝑇𝑇, 𝑡𝑡), representing 

the cumulative distribution of ages within the system (also referred to as the cumulative backwards 

transit time distribution – cumulative bTTD). The fluxes in and out of the system will alter the 

structure of 𝑃𝑃𝑆𝑆(𝑇𝑇, 𝑡𝑡) over time, through the cumulative transit times distributions of discharge 

𝑃𝑃𝑄𝑄�⃖���(𝑇𝑇, 𝑡𝑡) and evapotranspiration 𝑃𝑃𝐸𝐸𝐸𝐸�⃖�����(𝑇𝑇, 𝑡𝑡). We can write the continuity equation of ages and mass 

within the system as (Harman et al., 2015): 

 

𝜕𝜕𝑆𝑆𝐸𝐸(𝑇𝑇, 𝑡𝑡)
𝜕𝜕𝑡𝑡

= 𝐽𝐽(𝑡𝑡) − 𝑄𝑄(𝑡𝑡)𝑃𝑃𝑄𝑄�⃖���(𝑇𝑇, 𝑡𝑡) − 𝐸𝐸𝑇𝑇(𝑡𝑡)𝑃𝑃𝑄𝑄�⃖���(𝑇𝑇, 𝑡𝑡) −
𝜕𝜕𝑆𝑆𝐸𝐸(𝑇𝑇, 𝑡𝑡)

𝜕𝜕𝑇𝑇
, (1) 

 

 

where the age-ranked storage, 𝑆𝑆𝐸𝐸(𝑇𝑇, 𝑡𝑡) represents the actual storage having ages 𝒯𝒯 < T: 
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𝑆𝑆𝐸𝐸(𝑇𝑇, 𝑡𝑡) = 𝑆𝑆(𝑡𝑡)𝑃𝑃𝑆𝑆(𝑇𝑇, 𝑡𝑡) (2) 

 

 

Equation 2 shows that 𝑆𝑆𝐸𝐸 is modified in time by the increase in storage from precipitation (assumed 

to have age equal to zero), the decrease in storage with age selection being determined from 

𝑃𝑃𝑄𝑄�⃖���(𝑇𝑇, 𝑡𝑡) and 𝑃𝑃𝐸𝐸𝐸𝐸�⃖�����(𝑇𝑇, 𝑡𝑡) and the ageing of water within the system as 𝜕𝜕𝑆𝑆𝑇𝑇(𝐸𝐸,𝜕𝜕)
𝜕𝜕𝐸𝐸

. While difficult to 

parameterize, the terms 𝑃𝑃𝑄𝑄�⃖���(𝑇𝑇, 𝑡𝑡) and 𝑃𝑃𝐸𝐸𝐸𝐸�⃖�����(𝑇𝑇, 𝑡𝑡) have been found to be more conveniently expressed 

as cumulative functions of  𝑆𝑆𝐸𝐸: 

 

ΩQ(𝑆𝑆𝐸𝐸 , 𝑡𝑡) = 𝑃𝑃𝑄𝑄�⃖���(𝑇𝑇, 𝑡𝑡) (3) 

ΩET(𝑆𝑆𝐸𝐸 , 𝑡𝑡) = 𝑃𝑃𝐸𝐸𝐸𝐸�⃖�����(𝑇𝑇, 𝑡𝑡) (4) 

 

where Ω𝑄𝑄 and Ω𝐸𝐸𝐸𝐸  are the rSAS functions of discharge and evapotranspiration. The rSAS 

functions therefore represent the outflux selection from the age-ranked storage, and the 

transformation from 𝑃𝑃(𝑇𝑇, 𝑡𝑡) to Ω(ST, 𝑡𝑡) is possible due to the direct mapping between 𝑇𝑇 and 𝑆𝑆𝐸𝐸 .  

Several approaches exist () the interpretation of storage effects followed here was be done by the 

simple observation of changes in the shape of ΩQ as a function of storage: A shift in ΩQ towards 

the left in the ST versus ΩQ space means that the proportion of discharge water being sampled 

transitions from older to younger, while a shift towards the right represents a transition from 

younger to older. 

 

2.3. PERTH Experiment and retrieved rSAS components  

The experiment was as an application of the Periodic Tracer Hierarchy (PERTH) method (Harman 

and Kim, 2014), conceived for the direct observation of time-varying transit time distributions. A 
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short description of the method is provided here, and a more in-depth discussion of the method 

can be seen in Harman and Kim, (2014) and Kim et al. (2016).  

 

Through the PERTH method, it is possible to quantitatively separate overlapping (in time) 

breakthrough curves resulting from repetitive injections of the same tracer. Breakthrough curves 

from each injection are assumed to result from an instantaneous injection of a conservative tracer, 

providing realizations of the forward transit time distribution (fTTD, aka system response 

function) (Niemi, 1977; Rinaldo et al., 2011). For a system that is not in steady state, that 

realization of the fTTD would be conditional on the time of injection 𝑡𝑡𝑖𝑖, as indicated in the notation 

commonly used for this probability distribution: 𝑝𝑝(𝑡𝑡 − 𝑡𝑡𝑖𝑖|𝑡𝑡𝑖𝑖). By repeated injections of the same 

tracer in a system under unsteady-state conditions, additional realizations of the fTTD are obtained, 

with each of them being uniquely affected by the hydrological conditions that existed at the time 

of injection 𝑡𝑡𝑖𝑖, and thereafter. Although this can lead to a direct quantification of the time 

dependence of fTTDs, the time necessary for its execution would make infeasible, since for each 

injection would require complete flushing of the tracer. Thus, by enabling quantitative separation 

of overlapping breakthrough curves, the PERTH method makes possible the direct observation of 

time-variable fTTDs over a much shorter experimental period.   

 

For the application of the PERTH method, a periodic steady state (PSS) condition (Harman and 

Kim, 2014) is required, which can be achieved by the application of an irrigation cycle that is 

systematically repeated. Under PSS conditions, the system will be forced to repeat the same 

internal states (total storage and spatial moisture content distribution) and outputs (discharge 

through the outler). The PERTH method consists in the sequential injection of different tracers 

while the system is experiencing PSS conditions and its final goal is the estimation of the time-

variability of rSAS components within one cycle. 

 

In this study, the PSS experiment was conducted between June 22nd and July 21st 2018 and 

consisted of the repetition of an irrigation schedule within 48 hour cycles (tc = 48 h, following the 

notation of Harman and Kim, (2014)). Each cycle consisted of two 3-hour-long irrigation pulses 
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separated by a 2 hour period, both having a target intensity of 14 mm/hr. The pulses were applied 

from 8:30 to 11:30 and from 13:30 to 16:30 of the first day, while no irrigation occurred during 

the second day (Figure 15). Seven irrigation cycles occurred before the introduction of tracers in 

order to bring the system to a PSS.   

 

We used chloride (dissolved LiCl in irrigation water), as a reference tracer (𝐶𝐶𝑅𝑅) and deuterium 

(2H) and oxygen-18 (18O) as probe tracers (𝐶𝐶0 and 𝐶𝐶1, respectively). A whole cycle with tracer-

labeled water was applied once PSS was achieved: The first pulse was labeled with 𝐶𝐶𝑅𝑅 and 𝐶𝐶0, 

while the second pulse contained 𝐶𝐶𝑅𝑅 and 𝐶𝐶1. A value of 7000 𝜇𝜇𝑐𝑐𝜇𝜇𝜇𝜇/𝐿𝐿 of chloride was chosen 

for 𝐶𝐶𝑅𝑅 (reference tracer), while the values of 𝛿𝛿2𝐻𝐻 and 𝛿𝛿18𝑂𝑂 of 250 ‰ and 15 ‰ (VSMOW) were 

selected for 𝐶𝐶0 and 𝐶𝐶1 (probe tracers) respectively. Discharge water samples were collected hourly 

and analyzed for 𝛿𝛿2𝐻𝐻 and 𝛿𝛿18𝑂𝑂 with and analyzed using a Los Gatos Research DLT-100 Laser 

Spectrometer for d2 H relative to Vienna Standard Mean Ocean Water (VSMOW). We obtained 

chloride concentrations from electrical conductivity of discharge water samples using a linear 

relationship calibrated in the laboratory (𝑟𝑟2 = 0.99)  relating Chloride concentration and electrical 

conductivity. Following the tracer application, additional irrigation cycles were followed until 

water samples at the sampling locations reached pre-injection conductivity values.  

 

 

Figure 15. Schematic of the 48 hours cycle of rain application imposed at the miniLEO 

lysimeter.  
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2.4. ERT-based estimation of internal ages of water and rSAS components  

 

We estimated the internal distribution of ages of water within one PSS cycle through ERT-based 

chloride breakthrough images retrieved at the five ERT cross-sections. Estimates of Chloride 

concentrations reported here were obtained by Meira Neto et al., (2019 – under review). The 

authors were able to successfully estimate the chloride breakthrough within the lysimeter and 

found a good agreement between observed (suction lysimeter samples) and estimated chloride 

concentration for post-injection values at the sampling locations. For the sake of brevity, their 

procedure is summarized here:  

 

2.4.1. ERT data collection and analysis. 

Measurements of soil resistance (𝑅𝑅 - ratio of measured voltage between a pair of electrodes by the 

current injected between another pair or electrodes) were performed using the 8 channel Supersting 

R8 (Advanced Geosciences Inc.) resistivity meter following a cross-borehole survey designed to 

obtain 2D cross-sectional images at the 5 lengths along the lysimeter. We used a skip-dipole (Slater 

et al. 2000) measurement scheme with 2 and 3 electrode distances as the assigned skip leading to 

an average of 1182 per survey (237 measurements per cross section) with survey time of 

approximately 30 minutes. The data-set was subject to an error analysis procedure in which we 

first excluded obvious outliers by removing measurements with reciprocal error (𝜖𝜖𝑟𝑟𝑤𝑤𝑟𝑟𝑖𝑖𝑝𝑝) greater 

than 5%, and then fitted linear model for each data-frame relating average reciprocal measurement 

(𝑅𝑅�) and 𝜖𝜖𝑟𝑟𝑤𝑤𝑟𝑟𝑖𝑖𝑝𝑝in order to estimate weights to be used in the inversion (Slater et al. 2001, Koestel 

et al., 2008, Wehrer and Slater, 2015)  

The data-set was inverted with the code R3t (Binley, 2013), which estimates the spatial distribution 

of resistivities from measured potential and current values. We used the software Gmsh (Geuzaine 

and Remacle, 2009) to generate a three-dimensional finite element mesh consisting of 20640 

tetrahedral elements with characteristic length of 5 cm. A time-lapse ERT inversion scheme based 
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on the difference regularization method of Labrecque and Yang (2001), was used in this study: 

First, a reference data-set to be used as the a priori model for subsequent inversions is inverted 

according to the following objective function: 

Ψ𝑑𝑑 = (Wd[𝒅𝒅 − 𝑓𝑓(𝒎𝒎)])2 + 𝛼𝛼(Wm𝒎𝒎)2, (5) 

Where 𝒅𝒅 is the vector of measured resistances (Οℎ𝑐𝑐), 𝒎𝒎 is the model vector of resistivities 

(Οℎ𝑐𝑐.𝑐𝑐), 𝑓𝑓(𝒎𝒎) is the forward solution of the resistances, Wd is a matrix containing the data 

weights, Wm is the roughness matrix, which is used to generate a smooth solution by penalizing 

differences between adjacent values of modelled resistivities and 𝛼𝛼 is a smoothing parameter, 

which assigns a weight to the second term of the objective function. The first term of the objective 

represents the misfit between modelled and measured data, while the second is a measure of 

smoothness of the forward model. After the reference data-set is inverted, the data vector (𝒅𝒅) is 

modified for the subsequent data-sets as: 

𝒅𝒅 = 𝒅𝒅′ − 𝒅𝒅𝒓𝒓𝒓𝒓𝒓𝒓 + 𝑓𝑓�𝒎𝒎𝒓𝒓𝒓𝒓𝒓𝒓� (6) 

Where 𝒅𝒅′ is the vector of measured resistances at a subsequent time, 𝒅𝒅𝒓𝒓𝒓𝒓𝒓𝒓 represents the measured 

resistances used in the reference data-set and 𝑓𝑓(𝒎𝒎𝒓𝒓𝒓𝒓𝒓𝒓) is the forward solution of the reference data-

set. A new objective function based on the minimization of the differences between current and 

reference data-sets and the smoothness term is then calculated: 

Ψ𝑑𝑑 = (Wd[𝒅𝒅 − 𝑓𝑓(𝒎𝒎)])2 + 𝛼𝛼�Wm�𝒎𝒎−𝒎𝒎𝒓𝒓𝒓𝒓𝒓𝒓��
2

, (7)  

Two-dimensional cross-sectional resistivity images at the 5 cross-sections were extracted from the 

inverted three-dimensional fields of resistivities and further converted to conductivity values 

(𝜇𝜇𝑆𝑆/𝑐𝑐𝑐𝑐). Since electrical conductivity is influenced by temperature, the resulting conductivity 

values were corrected to a reference temperature by: 

𝜎𝜎�𝑇𝑇𝑟𝑟𝑤𝑤𝑓𝑓� =
𝜎𝜎(𝑇𝑇)

 1 + 0.02�𝑇𝑇 − 𝑇𝑇𝑟𝑟𝑤𝑤𝑓𝑓�
(8) 

Where  𝑇𝑇 is the in-situ temperature, and 𝑇𝑇𝑟𝑟𝑤𝑤𝑓𝑓 is a reference temperature (25 oC). Measurements 

from the co-located temperature sensors were spatially interpolated and extrapolated to generate 

spatial temperature estimates at the cross-sections at the different times. 
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2.4.2. ERT- estimation of Chloride breakthrough. 

 

Fluid conductivity 𝜎𝜎𝑓𝑓  were obtained from the temperature corrected estimates of 𝜎𝜎 through the 

normalization procedure detailed in Meira Neto et al., (2019). This method assumes the electrical 

conductivity of non-conductive soils to be a function of the conductivity of the soil-water (𝜎𝜎𝑓𝑓), 

porosity (𝜙𝜙) and water-saturation (𝑆𝑆), which can be described by Archie’s law (Archie, 1942) as:  

𝜎𝜎 = 𝜎𝜎𝑓𝑓 × 𝜙𝜙𝑚𝑚𝑆𝑆𝑛𝑛 (9) 

Cross-sectional values of bulk soil conductivity obtained as explained in eqn. 9 were divided into 

warmup (W) and active (A) periods, referring to the periods of pre and post-tracer application 

respectively. It can be seen from equation 9 that once in PSS, values of 𝜎𝜎 will repeat themselves 

within cycles. This allows us to write the post-injection fluid conductivity 𝜎𝜎𝑓𝑓,𝐴𝐴   as a function of 

the ERT-estimated values of conductivity over periods A and B as:  

𝜎𝜎𝑓𝑓,𝐴𝐴 =
𝜎𝜎𝐴𝐴
𝜎𝜎𝐵𝐵

× 𝜎𝜎𝑓𝑓,𝑊𝑊 (10) 

In which 𝜎𝜎𝑓𝑓,𝑊𝑊  represents the fluid conductivity pre-injection. Once estimated values of  𝜎𝜎𝑓𝑓,𝐴𝐴  were 

converted to estimates of chloride concentration (𝜇𝜇𝑐𝑐𝜇𝜇𝜇𝜇/𝐿𝐿) using the laboratory-based relationship 

between both variables described in section 2.3.  

2.4.3. Ages of water within a PSS cycle  

 

We estimated the spatial distribution of water ages within on PSS cycle using the spatial 

distributions of solute concentration from the tracer injection throughout the subsequent irrigation 

cycles according to the following procedure. First, we produced 1 cm-spaced depth-averaged 

concentration profiles from the resulting ERT-based 2D cross-sections. After that, we produced 

lengthwise 2D panels encompassing the surveyed region by linear interpolation of the depth 

profiles. Second, we followed the progression of the tracer at times 𝑡𝑡, with 𝑡𝑡 = 0 being the moment 
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of the injection. For each time-step starting at the injection cycle until the end of the experiment, 

the observed fraction of water from the injection was estimated as: 

𝑓𝑓𝜕𝜕 =
𝐶𝐶(𝑡𝑡)
𝐶𝐶𝐼𝐼𝑛𝑛 

, (11) 

where 𝐶𝐶 is the chloride concentration at a point within the ERT-domain, 𝑡𝑡 is the time since injection 

and  𝐶𝐶𝐼𝐼𝑛𝑛 is the concentration of the applied tracer at the injection pulses. Since the moment of each 

image is known,  𝑓𝑓𝜕𝜕 can be interpreted as the fraction of water having age equal to t. This resulted 

in estimates of 𝑓𝑓𝜕𝜕 throughout 8 irrigation cycles (cycles 8 through 15 as seen in Figure 16), leading 

to observed fractions of water with ages up to 384 hours (8 𝑐𝑐𝑐𝑐𝑐𝑐𝜇𝜇𝑐𝑐𝑐𝑐 × 48 ℎ𝜇𝜇𝑜𝑜𝑟𝑟𝑐𝑐/𝑐𝑐𝑐𝑐𝑐𝑐𝜇𝜇𝑐𝑐 ).  

 

The PSS conditions imposed on the system implies that each irrigation pulse will lead to the same 

internal response, allowing for the assumption that the tracer progression observed since the 

injection cycle will be the same for each subsequent cycle. Therefore, the stacking of the tracer 

progressions can applied and the last cycle can be taken as the most representative of the temporal 

variation of 𝑓𝑓𝜕𝜕 across the domain since it will contain water having ages from the time of the 

injection up to the maximum observable age, in this case, 384 hours. Since the chloride tracer was 

added throughout 2 pulses, the determination of the ages during the-injection period (ages from 1 

to 8 hours) was not possible. Therefore, we assigned an average age of 4 hours for the first 8 hours. 

 

After the stacking of spatial estimates of 𝑓𝑓𝜕𝜕, it is possible for a point within the domain to be 

assigned different values of 𝑓𝑓𝜕𝜕. That can potentially occur due to two main reasons: (i) the same 

point might contain some remaining fraction of water from a previous irrigation event when water 

from a new irrigation event is applied (ii) the ERT estimation of chloride concentration are subject 

to a smoothness arising from the inversion procedure, Therefore at any specific moment within 

the representative PSS cycle, a single location might have water with varying ages. For the 

visualization of the spatial distribution of water ages within a representative cycle, we chose to 

assign to each pixel the ages with the higher 𝑓𝑓𝜕𝜕 (𝒯𝒯∗).  
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2.4.4. ERT-based estimation of SAS theory components  

 

Once the internal distribution of ages within one representative PSS cycle was obtained, we 

followed with the estimation of the age ranked-storage (𝑆𝑆𝐸𝐸). As noted previously 𝑆𝑆𝐸𝐸 represents the 

volume of water that has age less then or equal to 𝑇𝑇, with 𝑇𝑇 being the time spent from the moment 

of entry up to the current time 𝑡𝑡. We combined the interpolated images of soil water content from 

the in-situ sensors with those of 𝑓𝑓𝜕𝜕 for each moment 𝑡𝑡 within one PSS cycle. We first estimated the 

age ranked-storage density 𝑐𝑐𝐸𝐸(𝒯𝒯, 𝑡𝑡), by calculating at each pixel the product between storage and 

the fraction of water having age 𝒯𝒯: 

𝑐𝑐𝐸𝐸(𝒯𝒯, 𝑡𝑡) = �𝑣𝑣𝑖𝑖,𝜕𝜕 ∙ 𝑓𝑓𝜕𝜕=𝒯𝒯 , (12) 

Where 𝑣𝑣𝑖𝑖 is the volume of storage of a pixel 𝑖𝑖 (mm), 𝑡𝑡 is the time within within the representative 

PSS cycle (1 through 48), and 𝑓𝑓𝒯𝒯,𝜕𝜕 is the assigned fraction of water having the age 𝒯𝒯 at the same 

moment. 𝑣𝑣𝑖𝑖  was estimated as the product of the volumetric water content at a pixel and its storage 

capacity (mm). We followed by estimating 𝑆𝑆𝐸𝐸 as: 

𝑆𝑆𝐸𝐸(𝒯𝒯, 𝑡𝑡) = �𝑐𝑐𝐸𝐸(a, 𝑡𝑡)
𝒯𝒯

𝑟𝑟=0

(13) 

Following that, we estimated the storage selection function (ΩQ∗) by first calculating the 

cumulative sum of the differences between the 𝑐𝑐𝐸𝐸(𝒯𝒯, 𝑡𝑡) vectors from each time-step, normalized 

by the change in storage between time-steps: 

𝛺𝛺𝑄𝑄∗(𝑆𝑆𝐸𝐸(𝑇𝑇, 𝑡𝑡), 𝑡𝑡) = −
𝑆𝑆𝐸𝐸(T, 𝑡𝑡 + Δt) − 𝑆𝑆𝐸𝐸(T− ΔT, 𝑡𝑡)

Δt
𝑄𝑄∗� (14) 

Where Q∗ represents the total change in storage within the surveyed domain over time, computed 

as: 

𝑄𝑄∗ =
∑𝑣𝑣𝑖𝑖,𝜕𝜕+1 −∑𝑣𝑣𝑖𝑖,𝜕𝜕

Δ𝑡𝑡
(15) 
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3. RESULTS 

 

3.1. Hydrologic assessment of the experiment 

The overall progression of the experiment can be seen in Figure 16. Seven warmup irrigation 

cycles occurred prior to the injection cycle (8th cycle), followed by another 7 recovery cycles. The 

top plot shows the irrigation intensity applied through the several pulses, calculated based on load-

cell mass changes (middle plot) and measured seepage-face discharge (bottom plot). The estimated 

mean rainfall intensity was 13 mm/hr per pulse, with a standard deviation of 3 mm/hr. Such 

variability occurred due to mall-functioning of the micro-controller that adjusts the pressure at the 

inlet of the tubbing system that distributes water to the sprinklers. A slight tendency of having 

higher irrigation intensities closer to the seepage face was noted where the average intensity at the 

upper third was approximately 10 mm/hr, followed by 12 and 15 mm/hr at middle-slope and 

seepage face thirds respectively. The irrigation water during warmup cycles was kept at an average 

of 41 𝜇𝜇𝑆𝑆/𝑐𝑐𝑐𝑐 with standard deviation of ± 2 𝜇𝜇𝑆𝑆/𝑐𝑐𝑐𝑐, while during injection a conductivity of 1040 

𝜇𝜇𝑆𝑆/𝑐𝑐𝑐𝑐 was achieved (in red, Figure 16-bottom). Even though the system quickly reached a PSS, 

as seen in the variations in mass (Figure 16-middle), additional cycles were performed due to the 

issues with the rainfall system. Additionally, electrical issues within the data-logging system 

during the cycles 1 and 3 led to poor estimation of mass and discharge values (bottom plot).  
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Figure 16  Hydrologic progress of the miniLEO lysimeter under a Periodic Steady State 

throughout the months of June and July, 2018. (top) Irrigation (I-mm/hr) sequence applied 

throughout the experiment (black). Red lines show the electrical conductivity (EC-uS/cm) of the 

irrigation water, highlighting the injection cycle. (middle) Mass variations (kg) registered 

through the load cells indicate the increase in mass due to irrigation pulses and drainage 

periods. (bottom) Discharge (Q-mm/hr) registered with a tipping bucket located at the lysimeter 

outlet. Equipment failure during the cycles 1 and 3 were responsible for missing values of mass 

which and poor estimates of discharge for those periods. 

 

3.2. PERTH based estimates of 𝑺𝑺𝑻𝑻 and 𝛀𝛀𝑸𝑸 

 

The SAS components estimated through the PERTH methodology are presented in Figure 17. 

Subplot-A displays the values of 𝑆𝑆𝐸𝐸 at each moment within the imposed 48-hour cycle, where 
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colors from dark blue to light green denote low to high storage values, respectively. The observed 

convex shape of the 𝑆𝑆𝐸𝐸 vectors throughout all storage levels denote a larger contribution of younger 

water in comparison with older water. This can be more readily observed by analyzing the general 

“staircase” pattern of the curves, showing that higher quantities of storage are associated with 

younger ages, followed by decreasing increments in cumulative storage decrease with increasing 

age. Subplot-B shows the retrieved 𝛺𝛺𝑄𝑄  values following the same storage-assigned color scheme. 

It is possible to observe the decrease in storage (from light-green to dark-blue) is associated with 

a lateral shift in the 𝛺𝛺𝑄𝑄 curves. The observed shift indicates that as storage decreases water with 

lower age ranked storage is being sampled from the domain to leave the system. Following the 

framework proposed in Harman (2015), this is an indication of direct storage effect (DSE), 

whereby higher storage results in greater selection of older water. It is important to note the 

𝛺𝛺𝑄𝑄 curves do not reach to 1, indicating imperfect mass recovery (Kim et al., 2016).   

 

 

 

 

Figure 17. Inferred values of 𝑺𝑺𝑻𝑻 and 𝜴𝜴 for the lysimeter under a 48 hour irrigation cycle.  
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3.3. ERT-based Internal Chloride breakthrough  

The spatially interpolated chloride breakthroughs are shown in Figure 18 for 2, 4, 8 and 16 days 

after the tracer injection. The color gradient seen in each frame suggests processes of 

dispersion/diffusion to be possible explanations for the spatial gradients of Chloride concentration. 

Although that might be somewhat expected, issues arising from the spatial interpolation of the 

cross-sectional ERT images together with the smoothing imposed by the ERT inversion procedure 

(Binley, 2003) might play equally important roles as a cause for the observed patterns.  

It is possible to see that the tracer progression did not occur uniformly throughout the domain, with 

the downslope end of the lysimeter experiencing higher tracer velocities.  In fact, while estimating 

the progression of the center of mass at the ERT cross sections (Figure 1), an almost 2-fold 

difference in time necessary for the tracer to move between the depths of 5 and 85 cm was observed 

between cross-sections 1 and 5. It is possible to see that at day 8 (Subplot C) very little chloride 

from the injection was detected at the lower-end region of the lysimeter, while still significant 

amounts of Chloride can be seen at the upper-most end. This suggest a spatial distinction within 

the lysimeter where a more hydrologically “active” region can be seen at the lower end, in which 

the water added at each rain pulse is more quickly displaced leading to shorter residence times. On  

Figure 18. Progressive movement of the Chloride tracer as a function of days after the injection.  
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the other hand, water in less active regions, as seen towards the upper end of the lysimeter, are not 

as quickly displaced and are therefore characterized by longer residence times.   

 

3.4. Spatial distribution of ages  

 

The spatial distribution of water ages within the lysimeter for 3 different moments within the last 

cycle (nr. 15) can be seen in Figure 19. Subplot-A shows the moments associated with images 

(Subplots B through E) within the 48-hour cycle. A distinctive pattern is clear between all time-

steps, in which water with older ages are found at the up-slope region with mean age values 

decreasing both towards the lysimeters outlet as well as towards the soil surface. Both vertical and 

length-wise patterns were somewhat expected from the chloride breakthrough observed in Figure 

18: regions that have “seen” the chloride tracer comparatively later than others and where the tracer 

stayed for longer are assigned higher values of 𝒯𝒯∗. In other words, longer residence times 

suggested by the chloride tracer progression were translated into higher values of 𝒯𝒯∗, whereas 

more active regions are associated with lower 𝒯𝒯∗ values. It is also possible to notice the effect of 

the irrigation water being added to the lysimeter as the increase in the extent of the region having 

low 𝒯𝒯∗, extending vertically downwards from the soil surface between Subplots B and D. It is 

important to point out that the age distribution at the later time-step (Subplot-E, 40 hours) shows 

a very similar pattern to the one at 15 hours (Subplot C, 48 hours), the latter having overall brighter 

colors. This similarity indicates that the depth reached by the water applied with the rainfall did 

not change noticeably over the drying period, while the effect of ageing of water can be seen in 

the change in color towards brighter colors. The same pattern is suggested in Figure 18-A, 

showing the predominance of the tracer around the upper soil zone 2 days after the injection. 
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Figure 19 – Spatial distribution of ages within the lysimeter throughout a 48 cycle. A- Overall 

hydrologic behavior as seen in the changes in storage and irrigation intensity. B through E- 

spatial distribution of ages at 3, 8, 15 and 40 hours. 



108 
 

 

3.5. ERT based estimates of 𝑺𝑺𝑻𝑻 and 𝛀𝛀𝐐𝐐∗ 

 

The SAS components obtained through the ERT-based chloride breakthrough are depicted in 

Figure 20. A good agreement between PERTH and ERT-based estimates of 𝑆𝑆𝐸𝐸 can be observed 

in Subplot-A, where the predominance of younger water, indicated by the overall convex pattern 

is noticeable. On the other hand, the ΩQ∗ functions estimated through ERT (Subplot-B) don’t 

display the same smoothness as in the PERTH-based estimation of ΩQ∗, with some curves at the 

lower storage range (dark blue colors) exhibiting constant values within certain intervals of  𝑆𝑆𝐸𝐸 . 

Such pattern can be understood as an indication that certain ranges of 𝑆𝑆𝐸𝐸 were not sampled for 

those moments. Also, the ΩQ∗ functions seen in Subplot-B show that storage from younger ages 

were selected to leave the domain, which was not seen at the PERTH-based ΩQ. Additionally, the 

ERT-based ΩQ∗ seen in B reach the value of 1: This seeming contradiction with PERTH-based Ω𝑄𝑄  

can be explained by the fact that the changes in age rank storage density estimated within the ERT 

domain were normalized by the change in storage within the domain. 
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Figure 20- SAS components derived from the pixel-based analysis of ERT images.  

 

 

4. DISCUSSION 

 

4.1. Storage Effects within the experimental lysimeter 

 

As noted above, the observation of both PERTH-based and ERT-based SAS components 

suggested the overall predominance of storage having younger versus older water as seen through 

the convex shape of the 𝑆𝑆𝐸𝐸 curves, while the analysis of the retrieved Ω pointed to the existence of 

a direct storage effect within the lysimeter under the imposed PSS cycle. Now, we draw upon the 

spatial distribution of mean ages, combined with observed values of pressure head (cm) at the 

bottom of the lysimeter in order to elaborate on a mechanistic explanation of the observed patterns.  
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Figure 21 summarizes the cycle at different states of storage. The time-stamps of 3, 8, 15 and 40 

hours within a cycle were taken represent the progression of storage caused by the irrigation pulses 

and discharge out of the lysimeter (Subplot-a). Images shown on Subplots b, d, f and h (left 

column) represent the ages 𝒯𝒯∗ (as in Figure 19). Additionally, the approximate location of the 

water table, estimated as a linear interpolation from the pressure transducer data at two locations 

within the ERT domain is shown as dashed lines. It is possible to verify the relationship between 

levels of storage and height of the water table, in which the highest water table level is reached at 

8 hours (Subplot-d).  

 

On the right column, subplots c,e,g and i show the backwards transit time distribution in density 

form (�⃖�𝑝𝑄𝑄) estimated from the PERTH method. The distribution of �⃖�𝑝𝑄𝑄 represents the estimated 

composition of ages of the discharged water. It is possible to see that at the end of the first rain 

pulse (Subplot-c), the youngest water being discharged is approximately 4 days old while at the 

end of the second pulse, when the storage is at its highest, a small amount of water of age with age 

= 2 days begins to be discharged (Subplot-e). An increase in discharge of water with ages close to 

2 days old is then seen between 8 and 15 hours (Subplot-i through Subplot-g), while at 40 hours, 

the youngest water being discharged is approximately closer to 4 days old (Subplot-i).  

 

The above analysis of both water table levels and internal age distribution can then be used to can 

suggest a possible mechanism behind the observed progression in proportion of ages at discharged 

water: Subplots h-i can be taken as a snapshot of the initial conditions prior to the first pulse. It 

suggests that prior to the first irrigation pulse, the initial (low) levels of storage lead to the water 

table being reduced to a small region around the seepage face (lower right corner of the figure) in 

which water with ages 4 days and older are present. Although the seepage face region lies outside 

of the surveyed domain, such pattern in older ages is strongly suggested by visual inspection of 

the color bands at the lower right corner of the surveyed region in Subplot-i.  

 

The imposed irrigation causes the water table to rise (Subplots B-C) increasing the saturated area 

around the seepage, which however still discharges water from the same pool of ages. The 
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irrigation water (ages 0 days) however displaces the water near the surface (which have age = 2 

days) downwards. The subsequent irrigation pulse displaces the 2-day-old water further 

downwards, while also increasing water table levels (Subplots D-E). This combined effect of 

downwards movement of 2-day-old water and rising water table levels brings the 2-day-old water 

into the saturated region (note the water table line is now within the region of ages ≈ 2 days) where 

it begins to be mobilized (as suggested in Subplot-E). The 2-day-old water is further mobilized 

during the recession of the water table (Subplots F-G). At the end of the cycle, the once 2-day-old 

region of the domain is now close to 4-days. This can be further verified as the distribution of ages 

in Subplot-I being result of lateral shift applied to the ages in Subplot-G. The system is then subject 

to another cycle, in which the processes described above take place once again. 

  

4.2. Comparison with previous PERTH experiment.  

 

Insights about the role of external variability in controlling the time-variability of SAS components 

can be gained by comparing the results presented here with similar studies (Kim et al., 2016; 

Pangle et al., 2017). Kim et al., (2016) used the PERTH method to investigate the time variability 

of TTD’s at the same soil lysimeter. The system used here cannot be classified as strictly identical 

since the lysimeter has been destructively sampled (Sengupta et al., 2016) and further repacked, 

although with the same basaltic soil and following a similar packing procedure. We believe 

however that the differences between both systems are not large enough to classify them as 

significantly distinct. As previously noted, Kim et al. (2016) found the system to be characterized 

by an inverse storage effect, in which younger water was proportionally released under wetter 

conditions, whereas more older water were released under drier conditions, representing an 

opposite behavior to what was seen here. We believe the characteristics of the hydrologic regime 

to be the main reason why a different storage effect has been observed. On the experiment of Kim 

et al., (2016) the PSS cycle consisted of a much different hydrologic forcing: a 24-hour cycle was 

imposed, where two 4.5 hour-long irrigation pulses were applied with an interval of 7.5 hours in 

between: the first pulse had a low intensity period (13 mm/hr for 1.5 hour) followed by a high 

intensity one (26 mm/hr for the remaining 1.5 hour), and the second pulse had a high intensity 

followed by a low intensity, both having the same duration as in the first pulse. When comparing 
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to the 48 hour cycle applied in this study, a difference of 72 mm in total volume of water added 

per cycle can be estimated (156 mm versus 84 mm), representing a 86% increase in total irrigation 

volume, being applied in half the amount of time. This resulted in a contrasting internal 

functioning, whereby a permanent water table (measured at the same locations as in this study) of 

approximately 40 cm was present during dry (low storage) states, which is close to the maximum 

water table level measured in this study (55 cm). On the other hand, the highest water table seen 

in Kim et al., (2016) reached levels up to 80 cm during wet periods (high storage).  

 

The relationship between internal hydrologic behavior and the observed SAS function patterns for 

that experiment was first hypothesized in Kim et al., (2016) and further explored through a 2D 

numerical modeling of solute transport and hydrologic fluxes in Pangle et al., (2016): Both studies 

suggest that after new water has been applied, a rapid mobilization of the event water promoted 

by the rising water table as the most likely cause to the inverse-storage effect. As discussed above, 

due to longer drying periods and almost complete extinction of the water table between events, 

together with lower water table levels at wetter conditions such mechanisms could not occur. We 

suggest that for a future study, a similar analysis focusing on the inferred internal distribution of 

water ages as presented here can be performed based on modeled field of concentrations using a 

physically based model such as in Pangle et al., (2017). That can potentially allow for a direct 

comparison of the results and further the discussion.  

 

 

 

 

4.3. The role of climate on ages of water released by catchments 

 

Having observed that the same system can experience different storage effects provides evidence 

towards the fact that more intense rainfall regimes can cause changes in the internal dynamics, 

therefore changing the time-variability of observed TTD. For a comparison effect, we can refer to 
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the cycle imposed at the lysimeter in this study to be an example of a “drier” regime, whereas the 

previous experiment (Kim et al., 2016) an example of a “wet” regime.   

 

Several studies performed at the catchment scale had elaborated on the role of climate as a 

controlling factor between the relative proportions of older versus younger water being released 

after rain events (Botter et al., 2010; Heidbuchel et al., 2013; Wilusz et al., 2017; Yang et al., 2018; 

Rodriguez et al., 2018). Botter et al. (2010) formulated a mathematical framework for transient 

TTD at the catchment scale and performed a numerical experiment to demonstrate that the same 

system might release younger water over older water under a humid climate, while under a dry 

climate the relationship is reversed. Heidbuchel et al. (2013) studied the transport behavior of two 

paired zero-order basins in a mountainous region in the US and analyzed the role of wet versus 

dry monsoon seasons in the activation of different mechanisms to explain the comparatively 

shorter transit times seen in wet years versus longer transit times seen in dry years. More recently, 

Wilusz et al., (2017) applied the SAS theory to two neighboring catchments in Plynlimon, Wales, 

to investigate the sensitivity of transit times to rainfall patterns and variability. They found that 

increases in mean annual rainfall and intensification of patterns leading to rainfall during high-

storage periods are associated with increases in fractions of young water at both long-term and 

inter-annual time-scales. Even though the dimensions of the model system are far from 

representing the complexity of a real-world catchment, the mechanisms seen here are common in 

hillslopes, our results suggest the possibility of a change in storage effects exist between 

catchments under wetter versus drier climates.  
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 Figure 21. Evolution of water ages within the lysimeter in comparison with backward-transit-
time distributions for 4 distinct moments within the representative cycle. Subplot A shows the 
moments being depicted in terms of the total storage within the system. Dashed lines represent 
the estimated location of the water table throughout the chosen momens 
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5. SUMMARY  

 

This study presented the results of an experiment to analyze the time-variable TTD in which both 

a lumped-system approach together with an internal estimation of water ages were used. Our 

system was a 1m3 sloping soil lysimeter, which allows for the observation of hydrologic processes 

seen at natural hillslopes.  

We used the PERTH (Harman and Kim, 2017) method to provide estimates of TTD, which 

indicating the overall progression in the ages of water being selected to leave the system as 

discharge. The PERTH method relies on a rainfall scheme in which a representative hydrologic 

cycle is repeated several times with tracers being added throughout the experiment and retrieves 

the progression of TTD within a representative cycle following the rSAS framework. An ERT 

based method was developed to observe the time-variability of water ages within the representative 

cycle and also estimate lumped parameters from the rSAS framework.  

The results from the combination of both methods promoted a discussion on the internal 

mechanisms taking place as TTD evolve through time as a function of system storage: As the 

system experienced two subsequent irrigation pulses, it transitioned from dry (low storage) 

towards wet (high storage) conditions, followed by a transition from wet to dry (high-to-low 

storage) as the irrigation stopped. At the first “wetting” stage the system discharged predominantly 

older water, whereas as fractions of younger water increased as the system underwent a “drying” 

stage. This mechanism can be explained by the downwards movement of the younger water being 

enhanced by the applied irrigation alongside with the development of a water table. No event water 

(i.e. event water being added by the irrigation) was ever discharged, since the water table did not 

rise enough to reach the region with the youngest water. On the other hand, water prom the 

preceding event was released when the region containing waters with that age become saturated, 

allowing for its quicker mobilization. The mobilization started at the moment of highest storage 

and proceeded with the drying of the system, which lead to the indication of the DSE.  

Finally, our results suggest that the internal assessment of ages to be valuable for the study of 

mechanisms leading to the time-variability of TTD. A comparison with a similar study performed 
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at the same system highlighted the control of climate, seen as the frequency of rainfall events to 

be an important control on how the catchments releases water  
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