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ABSTRACT 

 Vacant lots in cities and surrounding urban areas can potentially be used for 

stormwater management because they are pervious. However, the extent to which vacant 

lots provide pervious cover to increase infiltration and reduce stormflow is poorly 

understood. The goal of this study was to develop faster methods for monitoring 

stormwater infiltration to improve characterization of heterogeneous urban systems. 

Geophysical techniques are capable of mapping and characterizing subsurface materials, 

but are often limited by time and sensitivity constraints. In this study, the infiltration 

characteristics of a vacant lot created by the demolition of a house was characterized 

using a series of modeling, field and lab experiments. Site characterization under 

background conditions with an EM Profiler was used to map zones of different fill 

materials. Three zones were identified in the study site: grass area, driveway area, and a 

former house area. Transient soil moisture conditions were monitored during irrigation 

tests using two geophysical methods (electrical resistivity tomography [ERT] and 

electromagnetic induction [EM]) to evaluate method sensitivity and differences between 

the three zones. ERT proved more sensitive than EM profiling at detecting changes in the 

three zones. Soil moisture changes in the driveway area were particularly difficult to 

detect using EM. The EM Profiler showed a reduction rather than increase in 

conductivity at the start of irrigation and storms, which was attributed to flushing of high 

conductivity pore fluids by dilute irrigation or rain water. This explanation was supported 

using Archie’s Law to model the response of apparent conductivity under highly 

conductive pore fluid conditions. The EM Profiler was also used under natural 

precipitation conditions to quickly monitor areas too large for the ERT to reasonably 
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survey. The results suggested that EM instrument drift needs to be corrected to make the 

method more sensitive. It was difficult to detect differences in hydrologic 

characterization between areas of the vacant lot using traditional soil point measurements 

because of the inherent spatial variability. The most useful point measurement was soil 

moisture loggers. Data from soil moisture loggers was used to parameterize the model; in 

addition, the soil moisture loggers showed a slow drying period. By combining the EM 

Profiler method with soil moisture data and applying corrections for drift, some 

improvement in sensitivity might be achieved. Quantitative characterization of fill 

material was shown by ERT, which detected more heterogeneous infiltration in the area 

of the former house than in the grass area. 
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CHAPTER 1: INTRODUCTION AND BACKGROUND 

The focus of this study is to develop faster methods for monitoring stormwater 

infiltration. More detailed characterization of infiltration can help identify variations in 

heterogeneous systems. For example, relatively little is known about rates of infiltration 

in vacant urban lots, and improved understanding is needed to estimate their influence on 

the urban water cycle. 

1.1. Background 

1.1.1. Urban Hydrology 

 Urbanization creates areas dominated by impervious surfaces. Impervious 

surfaces reduce infiltration resulting in greater runoff following storm events (Figure 1-

1). Increased runoff fluxes can lead to flooding and contamination issues. Although in 

general urbanization reduces infiltration, the urban water cycle can be more complex. The 

changes to the hydrologic cycle due to urbanization can also increase recharge fluxes 

through factors such as secondary permeability, leakage of water distribution systems, 

and artificial recharge (Sharp, 2010). The uncertainty of these infiltration fluxes creates 

the need for careful site-specific assessment, long-term monitoring, and adaptive 

management strategies in urban systems (Hibbs and Sharp, 2012).  

1.1.2. Improving Infiltration with Green Infrastructure 

 Increased runoff volumes from urbanization result in an overstressed sewer 

system creating a need for improved stormwater management in cities with a combined 

sewer system.  With greater than 50% of the world’s population living in cities 
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Figure 1-1: Theoretical storm hydrograph for an urban stream. (Fletcher et al., 2013) 

and an estimated increase to 70% by 2050, stormwater management practices (SMPs) 

need to be implemented to resolve these hydrologic issues (Fletcher et al., 2013; 

Schirmer et al., 2013). SMPs can be divided into two groups: structural and non-

structural, and are used to control stormwater before it reaches the stormwater sewer 

systems. Structural SMPs are engineered to improve water quality and quantity focused 

on the infiltration and retention of rainwater. Non-structural SMPs include pollution 

prevention, education, management and development focused on limiting the rainwater to 

runoff conversion. One of the major objectives of SMPs is to lower the risk of flooding 

after heavy rainfall. Some common examples of stormwater management practices 

include bioinfiltration basins, green roofs, rain gardens, and bioswales. Another goal of 

these designs is to maximize the time water spends in the structure to remove pollutants 

and minimize overflow into sewer systems (Xiao and McPherson, 2011). 

Stormwater management in areas with combined sewer systems has begun to 

focus more on source controls to limit discharge resulting in combined sewer overflows 
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(CSO) (Figure 1-2). Combined sewer systems are designed to handle stormwater, 

domestic and industrial wastewater all in one system. Under dry conditions all 

wastewater is sent to a treatment plant. However, during heavy rainfall the wastewater 

can exceed the capacity of the system leading to combined sewer overflow that 

discharges waste directly into nearby water bodies. Urban stormwater runoff has been 

shown to contain high pollutant loads (Lee and Bang, 2000; Phillips et al., 2012) and has 

been directly linked to CSOs through tracer experiments (Buerge et al., 2006). Since the 

CSOs occur following heavy rain events, increases to infiltration and retention of 

stormwater would help to lower the fluxes entering the sewer systems ultimately reducing 

the CSO events. 

Figure 1-2: Combined sewer system diagram under dry and wet conditions.  
https://bigreddog.com/using-green-infrastructure-to-manage-combined-sewer-overflow-
cso/ 

1.1.3. Vacant Lots 

Vacant lots have been proposed as locations to assist in the management of 

stormwater due to their potential pervious area and abundance in some cities in the 

United States. In urban settings, factors such as property-tax delinquency, vacancy, and 
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foreclosure have led to lower housing stock (Whitaker and Fitzpatrick IV, 2013). These 

factors have resulted in a rise in vacant lots as land cover in many cities. According to 

Philadelphia’s Vacant Lot Program (http://www.phila.gov), there are ~40,000 vacant lots 

in Philadelphia (Figure 1-3). Shuster et al. (2014) studied vacant lots in Cleveland to 

assess additional detention capacity for stormwater. They evaluated the soil physical and 

hydrologic characteristics of vacant lots in low and high disturbance areas from 

demolition processes. The study related the level of disturbance and the demolition 

technique to the physical and hydrologic characteristics to gauge the suitability of vacant 

lots as passive green infrastructure. An additional study compared differences between 

vacant lots in Cleveland and Detroit to see their potential for stormwater retention, plant 

growth and carbon storage (Herrmann et al., 2017). The study found the soils in the 

vacant lots to be generally suitable for multiple ecosystem services with differences in 

hydraulic conductivity, top soil depth, and chemistry noted between cities as well as 

between pre-existing soil and urban fill. The pre-existing soils from both cities showed 

greater carbon and nitrogen levels but lower hydraulic conductivity compared to urban 

fill. 
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Figure 1-3: Vacant properties in Philadelphia, PA 
(https://www.nbcphiladelphia.com/news/local/25K-Vacant-Properties-Philadelphia-
Blight-Licenses-Inspections-291433861.html). 
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1.1.4. Infiltration in SWMM 

One way to improve understanding of runoff is to model it using estimates of the 

rainfall-infiltration ratio. One such model is the U.S. Environmental Protection Agency 

(EPA) storm water management model (SWMM). Tsihrintzis and Rizwan, (1998) used 

SWMM to simulate urban storm water runoff of four sites (5.97 – 23.56 ha) in South 

Florida with different predominant land use. The saturated hydraulic conductivity values 

used for each site were 102, 25, 25, and 2 mm hr-1 (low-density residential, high-density 

residential, highway, and commercial). Despite segmenting each of the four sites into 

subcatchments with land-use characteristics, these conductivity values represent all of the 

pervious areas of each site. The range of sites in this study is adequate at representing 

different land uses, but the area of each site is large for single value assumptions which is 

common for large scale models. The current version of SWMM has the ability to model 

low impact development (LID) practices that are designed to improve water quality in 

urban areas. These LIDs support green infrastructure and sustainability by targeting 

stormwater close to the source of permeable pavement, bio-retention areas, infiltration 

trenches etc. (Rossman, 2010). Rosa et al. (2015) conducted SWMM simulations using a 

LID watershed and a watershed using traditional runoff controls for calibration and 

validation. Both watersheds used an initial saturated hydraulic conductivity value of 

25.15 mm hr-1 and calibration brought the final values to 3.05 and 4.57 mm hr-1 (LID and 

Traditional). The sensitivity analysis in this study found that runoff from both watersheds 

was most sensitive to saturated hydraulic conductivity. The sensitivity of saturated 

hydraulic conductivity parameters and assumptions of single values over entire areas in 

SWMM shows the need for more accurate estimations of infiltration.  
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1.2. Current Methods for Infiltration Monitoring 

1.2.1. Point Measurements and Models 

Reliable data for hydrologic characterization can be obtained through point 

measurement methods. Point measurements can give infiltration rates, soil compaction, 

grain-size distributions, and soil moisture. Issues arise when using these methods to cover 

a large area due to the time consuming nature of the measurement technique leading to a 

low density of data. Limited data from point measurements perpetuates the assumption 

that homogeneous conditions can represent the complex processes involved in 

infiltration. With small-scale characterization or with low density data collection, 

homogeneous conditions can be observed leading to assumptions that extend these 

conditions where data is missing. 

For example, compaction can occur intentionally to strengthen soils for 

supporting sidewalks, streets and parking lots, or unintentionally through the use of heavy 

machinery and general use. Compaction of urban soils is a reduction of volume of a given 

soil, resulting in higher bulk density, closer packing and decreased porosity (Yang and 

Zhang, 2011). Compaction affects infiltration by decreasing the hydraulic conductivity 

leading to lower infiltration rates. Field tests by Pitt et al. (2009) highlight the impact of 

compaction on infiltration rates for both sandy and clayey soils. They found that 

compaction played an important role in lowering the infiltration rate for both soil types. 

However, antecedent moisture conditions only had an effect on infiltration rates in clayey 

soils. Gregory et al. (2006) performed a study in urban areas of Florida to quantify the 

effects of compaction on infiltration rates on urban development sites. They measured 

infiltration using a double ring infiltrometer and compaction using a cone penetrometer. 
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Using one of their sites as an example (‘Lot A’), measurements were taken in the front 

and back yard before and after construction. Pre-development mean infiltration rates were 

determined to be 861 mm hr-1 and 590 mm hr-1 for the front and back yards respectively. 

Post development infiltration rates were found to be 175 mm hr-1 and 8 mm hr-1 for the 

front and back yard, resulting in a decrease of 80 and 99% respectively. 

Modeling is used to extrapolate point measurements but assumptions and 

parameter data (from point measurements) are needed. Observations of infiltration of dry 

soils indicate that water propagates downward as a ‘slug’ or wetting front (Hornberger, 

2014). The infiltration model envisioned by Green and Ampt (1911) assumed an 

infinitely sharp wetting front that is often referred to as ‘piston flow,’ where the flux 

everywhere in the saturated zone is equal to the infiltration rate. Although many models 

assume ‘piston flow’ to simplify the infiltration process, studies have shown that water or 

solutes can bypass a large fraction of the soil matrix, moving rapidly through macropores 

(Bouma, 1981; Jabro et al., 1991; Ksiazynski, 1994; Assouline, 2013). Water flow in 

soils is greatly influenced by the presence of macropores, or large connected openings. 

Some of the processes that form these voids are: soil fauna, decay of plant roots, urban 

fill, and subsurface erosion (Weiler and Naef, 2003). Macropores might only account for 

a small portion of total soil voids. However, with good connectivity they can dominate 

vertical flow rates during infiltration (Beven and Germann, 1982). The connectivity of 

macropores that can promote preferential flow has been studied using tracer tests 

(Bouma, 1981; Weiler and Naef, 2003). The potential presence of macropores creates a 

need for monitoring techniques that cover larger areas with the ability to collect temporal 

data. 
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1.2.2. Time-Lapse ERT 

Electrical resistivity tomography (ERT) repeatedly applies current into the 

subsurface and measures the potential difference between a pair of points at a time over 

many pairs. The variations in resistance at depth will create variations in potential 

difference, providing information about the structure and properties of the subsurface. 

The most common ERT surveying method is to employ a line of electrodes to create a 

cross sectional profile (Figure 1-4). Brunet et al. (2010) state that ERT is advantageous 

because it is nonintrusive, can detect spatial patterns on a scale from a meter to hundreds 

of meters, and provide information on water content and soil depth. Because resistivity is 

sensitive to changes in soil moisture, it can be used to monitor fluid movement in the 

unsaturated zone (Brunet et al., 2010; Mitchell et al., 2011; Choo and Burns, 2014; Ain-

Lhout et al., 2016). Monitoring soil water content and infiltration can be done through 

calibration or inversion of ERT data (Clement et al., 2009; Mitchell et al., 2011; Carey et 

al., 2017). Mitchell et al. (2011) used time-lapse ERT to image infiltration in the top five 

meters below a recharge pond. Their survey aimed to see past the top layer to see if pore 

clogging, or tilling had an effect on the infiltration. Clement et al. (2009) combined two 

common electrode arrays in their study to maximize sensitivity to vertical and lateral 

variations in resistivity. The Wenner array uses equal spacing between all electrodes 

which makes the apparent resistivity equation simpler. The dipole-dipole array has 

potential electrodes and current electrodes that function independently (Okpoli, 2013). 

One of the strengths of dipole-dipole is the sensitivity for both lateral and shallow 

changes (Burger et al., 2006). The emphasis on shallow changes with the dipole-dipole 

array makes it ideal for studying infiltration patterns. 
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Figure 1-4: Electrical resistivity tomography diagram using the dipole-dipole array. From 
Okpoli 2013. 

ERT surveys give the apparent electrical resistivity at the surface along the survey 

line. To obtain an accurate ERT model of the subsurface, an inversion process must be 

incorporated. An automatic inversion process uses a least-squares optimization where a 

starting model is adjusted to minimize the difference between the observed and modeled 

pseudo-sections (Barker, 1992). The initial model assumption uses a homogeneous half-

space with resistivity equal to the apparent resistivity. As the iterative inversion process is 

carried out, the calculated apparent resistivities are compared to the observed field data. 

The degree of misfit is calculated and presented as percentage root mean square (RMS) 

error. This process is continued until the RMS difference between observed and modeled 

reaches a minimum or a set threshold (Reynolds, 2011). 

1.2.3. Infiltration/Soil Moisture Studies using EM 

Surveys using electromagnetic (EM) induction are popular due to their high 

resolution, speed and ease of use. These methods use a set of two coils (transmitter and 
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receiver) with a fixed separation. The transmitter produces a primary magnetic field that 

penetrates the surface creating eddy currents that induce a secondary magnetic field that 

is recorded by the receiver coil (Burger et al., 2006) (Figure 1-5). Since the instrument is 

able to induce current flow with a changing magnetic field, no contact with the ground is 

needed which makes this a fast tool for investigating the subsurface. EM induction can be 

used to produce a 2D map of apparent electrical conductivity by taking measurements at 

different locations above the surface along a line or grid. 

Figure 1-5: Electromagnetic induction diagram. http://asstgroup.com/techniques.html 

Electromagnetic induction can be used to non-destructively evaluate soil and 

hydrologic properties such as soil moisture, depth to water table, soil and groundwater 

salinity, and clay content (Topp et al., 1980; McNeill, 1980; Pozdnyakova et al., 2001; 

Lavoué et al., 2010; Robinson et al., 2012). Robinson et al. (2012) used time-lapse EM to 
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observe changes in soil wetting patterns of a 4 hectare semi-arid catchment. They 

differenced electrical conductivity from the driest seasonal soil map with subsequent 

wetting to create a soil-wetness index for the surface of the catchment. EM surveys give 

apparent electrical conductivity measurements at the surface that take a weighted average 

of electrical conductivity over some depth. Data from EM surveys must be calibrated or 

inverted in order to obtain local electrical conductivity values as a function of depth 

(McNeill, 1980; Lavoué et al., 2010). Lavoué et al. (2010) applied an ERT calibration to 

EM data to see if the results gave comparable conductivity variations to the ERT. They 

found that the calibration for their site had a good match, but point out that further testing 

on media with stronger variations is needed to support their method.  

These tools can give us approximate depths to layer boundaries or changes in the 

subsurface, not exact depths. For instance, if a sharp contrast is detected, a strong signal 

will be produced which may cause the depth to be overestimated. Once electrical 

conductivity values are measured, they can be used to obtain hydrological properties such 

as porosity and soil moisture through empirical formulas, typically Archie’s law (Archie, 

1942, 1952; Robinson et al., 2012; Glover, 2016). 

1.3. Goals of Study  

1.3.1. Proposed Method 

One gap in current urban hydrology is knowledge of the effective infiltration of 

urban soils given the heterogeneity of fill materials. This study incorporated 

electromagnetic induction surveys, electrical resistivity tomography surveys, and soil 

characterization using infiltration measurements, grain size analysis, soil moisture 

sensors, and compaction measurements to improve understanding of infiltration in vacant 
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urban lots. Correlating urban geophysical measurements, soil characterization, and soil 

moisture measurements can help classify vacant lots by variation in infiltration and 

identify key processes. By determining the effectiveness of geophysical methods, a faster 

less expensive tool for monitoring urban soils after site calibration can be provided. 

1.3.2. Hypotheses 

• The EM Profiler will effectively guide soil characterization methods by identifying

heterogeneities in subsurface materials. 

This tool would allow for quicker characterization of vacant lots and other urban basins. 

However, the heterogeneities observed in the subsurface materials do not necessarily 

indicate differences in hydrologic behavior.  

• The EM Profiler is sensitive enough to see changes in saturation following a rain

event. 

Continuous mapping of soil moisture using EM would provide a new method to identify 

heterogeneities in infiltration over areas of interest without relying on point measurement 

methods that assume smooth transitions between zones of heterogeneity. This method on 

its own gives limited information about the depth of observed changes and changes in 

electrical conductivity may not be due solely to changes in saturation. 

• Infiltration can result in an increase or decrease in conductivity dependent on the

pore-fluid chemistry prior to the test.  

For example, a drop in measured apparent conductivity can be explained by replacement 

of pore water with more dilute rain water. Modeling of pore water replacement and 

saturation changes can give more information about dominant processes detected in the 



14 

geophysical survey. A model of pore water replacement can give insight to the potential 

process, but water is more likely mixing as opposed to a complete replacement. 

1.3.3. Site Description 

The field site for this project is located on Temple University’s suburban campus 

in Ambler, PA. In 1958 the Pennsylvania School of Horticulture for Women merged to 

become part of Temple University. The site included the Gilbert house on the west edge 

of the current campus which was originally in use as a private residence. In the early 

2000’s the plan was to make the Gilbert house the new home of the Center for 

Sustainable Communities and the Department of Community and Regional Planning. 

However, the costs of renovation were too high, so in 2013-2014 the Gilbert house was 

instead demolished and the driveway and house foundation were filled and covered 

allowing new grass to grow in their place. Historic photographs of the housing structure 

showed where at least three areas of interest within the field: undisturbed grass, 

driveway, and house foundation (Figure 1-6). By the time this thesis research initiated in 

2017, this area was an open grassy field with some large vegetation around the perimeter. 

However, by autumn the pattern of the driveway area becomes visible as the grass 

changes color (Figure 1-7). Within the study area, there is a survey line that crosses each 

of the zones of interest as well as a survey grid covering a larger area. This study area 

provided a good surrogate for Philadelphia abandoned lots while remaining accessible for 

testing. With the site location on Temple University property, long-term monitoring 

equipment can be utilized with little risk of tampering and theft. 
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Figure 1-6: Gilbert House pre demolition. 
https://www.rebeccahaegelephotography.com/Travel/Pennsylvania/Montgomery-County-
Pennsylvania/PAMontcoTemple-U-Ambler/ 

 

Figure 1-7: Gilbert House location post demolition. Driveway area visible from 
differences in grass appearance.  
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CHAPTER 2: METHODS 

 Geophysical and soil characterization methods were performed on a vacant lot to 

compare the hydrology of distinct zones leftover from demolition of a house. Two 

geophysical methods, electrical resistivity tomography and electromagnetic induction, 

were evaluated using irrigation created with a lawn sprinkler to provide repeatable 

conditions. After replicating conditions for both methods through irrigation, the 

electromagnetic induction method was used under real precipitation events to monitor a 

larger region in an attempt to utilize the method’s ability to quickly cover larger areas.  

2.1. Electromagnetic Induction (EM) 

Surveying with the EM method aims to sense current flow through subsurface 

materials by transmitting a primary electromagnetic field at a specific frequency. By 

applying this method at multiple time steps, changes can be detected based on how the 

subsurface returns the secondary electromagnetic field. Wet materials will conduct 

currents stronger than dry materials, so changes in soil moisture through time should be 

detected by the EM method. 

2.1.1. Instrument Operation 

Electromagnetic induction was performed using the GSSI Profiler EMP-400 (EM 

profiler) with vertical coplanar loops and 1.21 m coil spacing (Figure 2-1). The EM 

profiler is a multi-frequency EM conductivity meter with the ability to record up to three 

frequencies between 1 kHz to 16 kHz. Before starting to survey with the EM profiler, the 

instrument must be calibrated for the site and the user’s carrying height. Calibration is 

performed to cancel out as much electrical background noise as possible in the area (e.g., 

overhead power lines). Background noise is site specific, therefore calibration is 
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performed once per site and the same user operates the EM profiler to keep the height 

consistent. Additional precautions during calibration and operation are to power off 

cellular devices, or enabling ‘airplane mode’ if applicable to avoid interference with 

readings and Bluetooth connection with the wireless data logger. 

Figure 2-1: GSSI EMP400 (EM Profiler) in operation. 

The continuous mode collects data points at a set time interval which can be used 

to collect data at one location, along a survey line, or while walking. Location and 

sampling parameters are input through the wireless data logger before surveying. The 

configuration of the survey line or grid is used to estimate the locations of measurements 

taken assuming a constant walking pace. A ‘mark’ location can be used at set intervals to 

help adjust the data for changes in walking pace. Continuous mode is typically used to 

collect data over larger areas more efficiently (e.g. grid data collection). Replicating the 
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exact locations of measurements can be more difficult for this method, but the speed of 

data collection makes this method preferred for certain applications. 

The other collection method used in this study is the stationary mode, which 

collects data at set locations. The measurement locations are predetermined for input 

along with the measurement frequencies and data stacking amount. The number of 

frequencies and data stack settings will increase the measurement time at each location. 

Data stacking reproduces readings at the same location to improve the signal to noise 

ratio for more reliable data collection. With stationary mode, the user sets up a survey 

line or grid of flags and tells the EM profiler to take measurements one at a time. The 

stationary mode takes longer to collect data, but has advantages of collecting data with 

less noise and better reproducibility. Using stationary mode for a grid would not be 

effective given the time per measurement. This method is most advantageous for survey 

line configurations because measurements are taken at each coordinate instead of the 

location of continuous measurements being interpolated based off measurement times 

and walking speed.  

Data collection using waterproofing was tested to see if data could be collected 

during a rain or irrigation event. The instrument is water resistant for regular use; 

however, two hours of constant irrigation would damage the instrument. The effects of 

waterproofing the EM Profiler were tested in continuous mode at a fixed location. The 

EM profiler collected data without irrigation at one location to see if waterproofing 

would affect the readings. Plastic bags were used to keep as much water out as possible, 

and a HOBO TidbiT v2 Temp logger was placed inside the cover to track temperature 

changes due to solar radiation and insulation from the bags. Temperature changes 
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throughout the experiment resulted in changes in apparent conductivity indicating that 

this waterproofing method is not feasible. The effect of temperature was not constrained 

well enough to apply a direct correction for the EM profiler. 

To suppress the noise created by air temperature variations and instrument drift, 

six measurement locations with no irrigation were considered ‘base stations’ to track the 

changes in conductivity throughout the survey where saturation conditions were stable 

for the irrigation experiment. The changes at each time step relative to the first survey 

were calculated and averaged. This average ‘drift’ value was then applied to the dataset 

to limit instrument noise and give the true changes in conductivity (see Appendix G for 

base station script). No base station data are available for the precipitation experiments 

because stable saturation conditions could not be met in a precipitation event. 

2.1.2. EM Data Collection 

The total surveyed area is a grid of 50 x 19 meters with the x direction starting 

from the grass immediately off Meetinghouse Rd and extending towards the greenhouse 

and the y direction parallel to Meetinghouse Rd (Figure 2-2). Each grid line is 19 m long, 

and 50 lines were surveyed providing a 1 m spacing. The entire grid was surveyed in 

continuous mode covering the locations of the previous structures including a large 

region of grass beyond the foundation of the Gilbert house. The grid data collection was 

performed for overall site characterization that assisted in directing measurements taken 

with other methods. To ensure that the grid data is collected evenly, a tape measure was 

placed at 9.5 m on the y axis as the ‘mark’ so the profiler can adjust for errors associated 

with changes in walking pace. The traverse for the surveys was on the y axis, alternating 

directions and stepping up the x axis to start each new line of the grid. Although the lines 
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of the grid were surveyed in alternating walking directions, the orientation of the profiler 

coils remained the same to help keep background noise at a minimum. Survey lines 6 and 

7 were skipped during data collection because of a large bush in the walking path. 

Figure 2-2: EM survey grid with ERT survey line (Black) and extended portion of survey 
line for EM (Green). This grid highlights the heterogeneity of the field site that aided in 
the decision for placing the ERT survey line that could span all three regions in 13.5 m. 
Within the grid area, the survey line starts at (8, 10) and extends to (33, 10) for the EM 
surveys. (NAD 83 zone 18. [0, 0]: 483460E, 4446119N. [50, 0]: 483493E, 4446156N. [0, 
19]: 483445E, 4446131N. [50, 19]: 483478, 4446168N). 

EM data were collected in stationary mode during irrigation along a survey line 

from (8, 10) and extending to (33, 10) (Figure 2-2), exceeding the irrigation range of the 

sprinkler. Stationary measurements occurred with the instrument on the ground and a 

height input of 0.06 m (distance from coils to ground surface) to eliminate the potential 

changes in height from user error. The total length of the EM survey line was 25 m. 

Irrigation was created by placing a Gardena ZoomMaxX Sled Sprinkler (irrigating 

parallel to the survey line) at the 6.5 m mark of the survey line to keep the irrigation 

pattern as even as possible (Figure 2-3). During irrigation, plastic containers were placed 

to collect sprinkler water samples at every meter of the survey line to evaluate whether 
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the irrigation pattern was uniform. The extension of the survey line was designed to give 

extra stations (base stations) to measure where no changes in soil moisture should occur. 

The base stations allowed for a correction to be applied for any instrument drift from 

temperature variations. The irrigation experiment lasted 5 hours, with a 2-hour irrigation 

period followed by ~3 hours of drying. Two background surveys were conducted, 

followed by a survey after one hour of irrigation, a survey after 2 hours of irrigation, and 

then surveys every 30 minutes until 3 hours of drying occurred. 

Figure 2-3: Gardena ZoomMaxX Sled Sprinkler used to simulate irrigation. Shown 
adjacent to the ERT cable (Left). Containers used to collect irrigation water along the 
EM/ERT survey line (Right). 

Precipitation monitoring was conducted for a series of rain events over a 4-day 

period in October 2017. EM data were collected along the same survey line as the 

irrigation experiment for real precipitation events in three steps (background, light rain, 
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and heavy rain). The data collection occurred before precipitation, after a light rain, and 

22 hours after heavy rain. Surveys were conducted along the same line for each time step, 

with a duplicate survey at each time step to check the reproducibility. Since the surveys 

are at the same site with the same user, calibration was performed only on the first survey 

day. If the instrument was recalibrated each day, recalibration could introduce offsets 

affecting the day-to-day reproducibility. 

In addition to the survey line, the 50 x 19 m grid was surveyed during the same 

periods of the precipitation monitoring experiment to gain infiltration characterization 

over a larger region of the field site. Data collection occurred by walking consecutive 

survey lines (1 m spacing) with fixed instrument settings so they could be combined into 

one dataset. The EM Profiler was used in continuous mode with the dimensions, traverse, 

and step of the grid entered beforehand. Four grid surveys were collected (two 

background, one after a light rain, one after a heavy rain) with the times ranging from 28-

33 minutes for the data collection.  

The grid surveys collected before and after the precipitation monitoring 

experiment were processed using Geometrics’ MagMap2000 to stitch together the lines 

walked into a two-dimensional EM grid for each time step. The data were then exported 

for further processing and plotting in Surfer 12. Contour maps were created for each time 

step through minimum curvature gridding with node spacing equal to half of the line 

spacing. Although lines 6 and 7 were not collected (due to a shrub which interrupted the 

survey line, Figure 2-3), the program is able to interpolate over the missing data and give 

the best fit for the contours based on the surrounding data. Data collected along the 
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survey line for both the irrigation experiment and precipitation monitoring experiment 

were exported from MagMap2000, then processed and plotted using Python. 

2.2. Electrical Resistivity Tomography (ERT) 

2.2.1. Instrument 

For this study, 2D-ERT surveys target the changes in potential difference as the 

soil saturation changes over different time steps. The ERT surveys were performed with a 

28-electrode waterproof cable with 0.5 m spacing using an Advanced Geosciences 

SuperSting 8-Channel Resistivity System (Figure 2-4). Background surveys were 

performed using forward and reciprocal readings of the dipole-dipole array. The 

reciprocal readings are performed during background surveys to limit data noise. With 

the SuperSting system, a time-lapse survey is recorded as a single file containing many 

individual surveys repeated at a programmed interval. The time-lapse surveys were 

conducted using normal readings (as opposed to reciprocal) of a dipole-dipole array to 

allow for more rapid measurements than the reciprocal readings.  

The inversion of time-lapse ERT has been known to produce artifacts in data 

collected during infiltration which can lead to misinterpretation of subsurface resistivity 

(Carey et al., 2017). As the depth of the ERT half-space increases, artifacts develop in the 

inversion at depth to make up for the changes in resistivity closer to the surface from 

infiltration processes. At some depth, the half-space must be truncated so that the region 

with more abundant reliable data is displayed. With measurements being recorded at the 

surface, the electrode combinations allow for deeper penetration but the possible 

combinations decrease with depth, reducing reliability.  
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Figure 2-4: SuperSting 8 electrical resistivity system. 12 volt car battery for power 
source. Only cable connection shown here, the rest of the cable and electrodes are shown 
in Figure 2-3. 

By running a sensitivity analysis on the background inversions, the depth of reliable data 

can be determined by a depth of investigation (DOI) index following the methods of 

Oldenburg and Li, 1999. Starting model resistivity values of 5 and 1000 ohm-m were 

used to see how the model converges to values much higher and lower than the average 

apparent resistivity used for inversions (28.58 ohm-m). Areas abundant in data points will 

still converge to the same answer. Areas with little data will invert to closely match the 

starting resistivity model. This approach will highlight areas of good and bad model 

convergence and help guide where to truncate the final model to obtain reliable results. 

The criteria for cutting off the data was a DOI value of 0.1, as suggested by Oldenburg 

and Li, which was estimated to a reliable depth of investigation of 1.2 m in this case 

(Figure 2-5). 

SuperSting 8 
Resistivity System

12 Volt Battery

Cable
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Figure 2-5: Background electrical resistivity data adjustment process. ERT cross section of the first background survey before 
truncating where data is unreliable (Top). Contour map of DOI index after sensitivity analysis of starting resistivity models (Middle). 
The black line on the DOI index map shows the area of reliable data used. Resulting ERT cross section of area where data is more 
reliable after DOI index with reduced depth (Bottom). 
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2.2.2. ERT Data Collection 

The location of the ERT survey line was selected based on a combination of 

historic aerial photography and the electromagnetic induction survey over the study area. 

The survey line was chosen to span portions of undisturbed grass area, buried driveway, 

and buried house foundation (Figure 2-6). The survey line was 13.5 m (length of the 

cable) and covers 4 m of the grass area in the front yard, 3-4 m across the driveway area 

and 6.5 m of the house foundation. The entire time-lapse survey lasted 4.5 hours with ~1 

hour of background surveys, a 2-hour period of irrigation followed by ~1.5 hours of 

drying. Following the background survey, 35 surveys were conducted, one every 8 

minutes using the time-lapse mode with 7 minutes for the survey and a 1 minute gaps 

between runs.  

Figure 2-6: EM/ERT Survey Line. Arrows show three regions of interest, the grass, 
driveway, and house. 
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 Data collected during the irrigation experiment was processed using AGI 

EarthImager 2D Inversion Software. Before inversion of the data, a Python script 

(Appendix A) was created to separate the time-lapse file into multiple surveys based on 

the time gap between time-lapse readings. This parsing allows for inversion and 

differencing of data from each time step over the 4.5 hour time span. Three time-lapse 

ERT inversion approaches were tested based on a study that compared inversion 

processes of time-lapse ERT (Miller et al., 2008). The first approach (normal inversion) 

creates a time-lapse change through model subtraction after separate inversions using a 

homogeneous half space. The second approach (time lapse inversion) uses an inverted 

base model from a homogeneous half space as a reference model for inversion of the data 

at subsequent time steps. The third approach (difference inversion) subtracts the data then 

inverts the subtracted data based on a homogeneous half-space reference model. The 

difference inversion approach was deemed the least useful by Miller et al. because it 

produced more artifacts while reducing the intensity of the anomalies. After comparing 

all three inversion methods, the time-lapse approach had the least amount of artifacts and 

was determined to be the best for this application, which was accomplished using a 

Python script (Appendix B).  

2.3. Infiltration Rates 

To evaluate variations of infiltration rate within the three zones of study (grass 

area, driveway area, and house area), infiltration data were collected using a Turf-Tec 

International double ring infiltrometer. The infiltrometer features inner and outer ring 

sizes of 6.03 cm (2 3/8 in) and 10.79 cm (4 1/4 in) respectively (Figure 2-7). The top 

layer of vegetation was removed and the infiltrometer was inserted 5 cm into the surface 
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with little subsurface disturbance. Measurements were taken at three locations along the 

survey line to target the grass area, driveway area, and house area. The measurement 

locations were at 1.5 m, 6 m and 9 m along the survey line and along two lines parallel to 

the survey line 2 m in both directions for a total of nine locations (Figure 2-8). The 

infiltration tests were performed using a falling head method (Bagarello et al., 2004), 

completely refilling the infiltrometer when needed for longer tests. Infiltrometer tests 

continued until the rate became nearly constant, with most tests lasting 20-40 minutes. 

The data were recorded in 1-minute increments for the first 5-10 minutes then increased 

to 2 and 5 minutes depending on the rate of change observed in the data. The initial rapid 

recording rate was chosen to better capture the initial infiltration curve. Some of the 

locations have repeat infiltrometer tests that were performed ~10 cm away to see the 

reproducibility of these measurements for the field site.  

 

Figure 2-7: Turf Tec International Double Ring Infiltrometer. (Manufacturer Photo: 
http://www.turf-tec.com/IN2lit.html) 



 

29 
 

 

 

Figure 2-8: Locations of infiltrometer measurements within the area of the EM grid. 
Middle (M) lies along the ERT/EM survey line. North (N) and South (S) are directions 
relative and parallel to the survey line, 2 m in their respective direction. 1.5, 6, and 9 are 
meter marks along the survey line. Duplicate measurements occur ~10 cm away and are 
not displayed on this figure. 

 

Field measurements of infiltration were plotted to create cumulative infiltration 

curves for each location. For tests that required multiple fills of the infiltrometer, the 

point immediately following each refill was discarded to smooth out the infiltration 

curves. Based on the cumulative infiltration curves, starting and final infiltration rates 

were determined for use in the Horton equation [Equation 2-1]. 

 

𝑓𝑓 = 𝑓𝑓𝑐𝑐 + (𝑓𝑓𝑜𝑜 − 𝑓𝑓𝑐𝑐)𝑒𝑒−𝑘𝑘𝑘𝑘 (2-1) 

Where f = infiltration rate at time t [mm hr-1]; fo = initial infiltration rate [mm hr-1]; fc = 

final infiltration rate [mm hr-1]; k = rate constant in dimension of time [t (t-1)]. Following 

the methods of Abdulkadir et al. (2011), the Horton equation was rearranged to estimate 
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the exponential decay constant (k) which represents the rate of decrease in fc specific to 

the soil [Equation 2-2].  

ln � 𝑓𝑓−𝑓𝑓𝑐𝑐
𝑓𝑓𝑜𝑜−𝑓𝑓𝑐𝑐

� =  −𝑘𝑘𝑘𝑘  (2-2) 

 The slope of a line plotting ln � 𝑓𝑓−𝑓𝑓𝑐𝑐
𝑓𝑓𝑜𝑜−𝑓𝑓𝑐𝑐

� versus t gives k. 

2.4. Soil Moisture 

Soil moisture was measured preceding all infiltrometer measurements to estimate 

the saturation conditions before running each test. Measurements were made using a 

HydroSense II soil-water sensor with 12-cm-long probe rods (Figure 2-9). To supplement 

the infiltrometer data, soil moisture measurements were attempted every 0.5 m along the 

EM survey line. At most of these locations, the probe could not be fully inserted because 

of obstructions in the soil leading to less frequent data along the survey line.  

 

Figure 2-9: HydroSense II Soil Moisture Probe with 12 cm rods. 
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Decagon 5TM water content and temperature sensors were emplaced ~1 m to the 

south of the survey line at 3 locations (Figure 2-10). The grass area had sensors buried at 

2 depths, 20 cm (shallow) and 45 cm (deep) at the 1.5 m mark of the survey line. The 

driveway area location was limited to 1 depth of 14 cm located at the 5.84 m mark of the 

survey line. Digging a hole was more difficult in this terrain, which limited the depth. 

The final location was the house area with sensors buried at 20 cm (shallow) and 45 cm 

(deep) located at the 9.12 m mark. The Decagon sensors are capable of recording 

moisture data over long periods of time, in 15-minute increments for this study. The 

sensors recorded response to storm events and peak moisture content, which can be 

interpreted as porosity when the value reaches a plateau. These sensors were installed on 

November 21, 2017 after the summer and fall 2017 geophysical testing to avoid the 

effects of the subsurface disturbance from burial and the interference of conductive 

materials of the Decagon sensor cables on the EM data. 

2.5. Compaction 

Soil compaction measurements were made using a FieldScout TruFirm Turf 

Firmness Meter (Figure 2-11). The firmness meter measures how deep the spherical 

plunger penetrates the surface following a 48 cm drop. The plunger has a diameter of 

4.27 cm and the data are recorded as depth of travel in centimeters. Measurements for 

compaction were recorded every 0.5 meter along the survey line. These locations 

correspond to the locations of the geophysical data to correlate differences in soil 

properties. Additional measurements were made at 10 locations selected by random 

walking within the driveway area and undisturbed grass area (beyond house foundation) 

(Figure 2-12). 
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Figure 2-10: Holes dug to install Decagon 5TM water content and temperature sensors. 
A: Grass location B: Driveway location C: House location 
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Figure 2-11: TruFirm Turf Firmness Meter. (Manufacturer Photo: 
https://www.specmeters.com) 

 

 

Figure 2-12: Regions where random compaction measurement were collected. The black 
polygon is the EM interpretation of the driveway area, the green rectangle is the EM 
interpretation of the undisturbed grass area beyond the house foundation.   
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2.6. Grain-Size Analysis 

Soil samples were collected using an Oakfield Classic Footstep Soil Probe with a 

core sampling diameter of 2 cm and length of 30 cm (Figure 2-13). Core sample depth 

varied depending on how difficult it was to insert the probe. A total of 30 samples were 

collected: one at every meter mark along the survey line from 0 to 13, and 2 at each of the 

infiltrometer locations. Samples taken at the infiltrometer locations were collected from 

the center of the mark left by the inner ring of the infiltrometer. A core depth and core 

length were both recorded for each sample because core compaction occurs when using 

the soil probe. Wet and dry weights were also recorded for each sample. Wet weights 

were recorded in the sample bags to avoid losing sample or moisture loss between 

collection and weighing. To correct for the weight of the sample bags, 10 empty samples 

bags were weighed and averaged for the correction factor.  

 

Figure 2-13: Oakfield Apparatus Classic Footstep Soil Probe with 30 cm sampling core 
(from the footstep down). (Manufacturer Photo: 
https://www.soilsamplers.com/products/classic-footstep-soil-probe) 
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Samples were prepared in the lab for grain size analysis using a Laser Diffraction 

Particle Size Analyzer (LS 13320, Beckman Coulter, Inc., CA, USA). To break down the 

structure of the core and dissolve the organic material, the samples were put into a 1:1 

solution of Clorox Bleach (8% sodium hypochlorite) and distilled water. Samples were 

left in a fume hood for 1-2 days depending on how fast they dried to a paste-like 

consistency, suitable for particle-size analysis. This consistency is important because the 

sample can be mixed to avoid biasing subsamples, allowing for an accurate 

representation of the grain size distribution in each sample. The Aqueous Liquid Module 

(ALM) of the Particle Size Analyzer was used which requires ~2 g subsamples to 

measure the size distribution of soil particles suspended in liquid and has a dynamic grain 

size measurement range of 0.4 – 2000 µm. After all samples were run, they were left to 

fully dry out for weighing and stored in case more analysis was required.  

The particle-size distributions and statistics obtained were used to compare trends 

between the established areas. In addition, saturated hydraulic conductivity was estimated 

using the Kozeny-Carman method [Equation 2-3] (Carrier III, 2003). 

𝐾𝐾𝑠𝑠𝑠𝑠𝑘𝑘 = 𝑔𝑔
𝑣𝑣
∗ 8.3𝑥𝑥10−3[ 𝑛𝑛3

(1−𝑛𝑛)2
]𝐷𝐷102  (2-3) 

Where Ksat = saturated hydraulic conductivity [m s-1]; g = gravitational acceleration [9.8 

m s-2]; v = kinematic viscosity of water [1.0 x 10-6 m2 s-1 at 20˚C]; n = porosity; D10 = 

grain diameter where 10% of the sample’s mass is composed of particles with a smaller 

diameter [m]. 

To characterize the porosity for each sample location, rather than using the 

limited porosity values obtained from the three soil moisture sensors, porosity was also 

estimated using an empirical equation [Equation 2-4] (Vukovic and Soro, 1992). 
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𝑛𝑛 = 0.255(1 + 0.83𝑈𝑈)  (2-4) 

Where U = coefficient of grain uniformity calculated in Equation 2-5, 

𝑈𝑈 = 𝐷𝐷60
𝐷𝐷10

  (2-5) 

Where D60 = grain diameter where 60% of the sample’s mass is composed of particles 

with a smaller diameter [m]. 

Statistical analyses were conducted test the significance of differences in values 

for Ksat, D50, and U for each region (Appendix F). The analysis was carried out using one-

way analysis of variance (ANOVA) (R ver. 3.2.4, 2016). Each parameter was compared 

between each site (grass area, driveway area, and house area) using the Tukey HSD 

(honest significant difference) post-hoc analysis (Appendix E).  

2.7. Pore-Water Sample 

Large soil samples were collected and stored in airtight sample bags to preserve 

pore water for extraction and electrical conductivity measurements. Five samples were 

collected from the three regions: grass area (depths: 15-30 cm, and 30-50 cm), driveway 

area (depth: 20-30 cm), and house area (depths: 15-30 cm, and 30-50 cm). Sampling 

locations were at the 1.5, 6, and 9 m marks along the survey line, 1 m to the north side. 

To limit site disturbance, a plug (approximately 10 cm depth) of the surface vegetation 

was removed before using an auger to collect samples from their respective depths. 

Auger holes had a 10 cm diameter and were backfilled with excess soil from the 

sampling and additional soil from nearby if necessary, then capped with the plug. 

To obtain pore fluid conductivity measurements, a saturated paste extract method 

was used, based on the methods presented by Hardie et al. (2012). Samples were stored in 
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airtight bags in a refrigerator to limit evaporation before extraction. Samples of 160-200 g 

were weighed wet into 250 mL centrifuge bottles with lids. An aliquot of 40-70 mL of 

deionized water was added to the samples, then lightly shook by hand to allow mixing 

with pore fluid. A Labnet International Z 400 Bench Top Centrifuge was used at 1250 

rpm for 15 minutes to extract and decant the fluid from each sample. Each sample was 

run 2-3 times to extract as much fluid as possible. Electrical conductivity was measured 

with a conductivity probe after each run. The conductivity probe was thoroughly rinsed 

with deionized water between each measurement. Samples were rinsed into drying dishes 

with deionized water and left to dry in a fume hood to measure dry weights.  

In addition to the modified saturated paste extract method, 1:5 Soil/Water Extract 

was performed for each sample location. Small (~20-25 g) samples (subsampled from the 

original core, not from the saturated paste) were dried overnight in a fume hood. To 

create a 1:5 dilution, 8 g of dry sample was combined with 40 mL of deionized water in 

50 mL tubes. Samples were mixed for 30 minutes in a Fisherbrand Multi-Purpose Tube 

Rotator at an 180˚ angle. The samples were placed upright into a test tube rack and 

allowed to settle for 15 min. The electrical conductivity was measured by dipping a 

conductivity probe into the supernatant, moving it up and down slightly without 

disturbing the settled soil in accordance with the methods used by Hardie et al. (2012). 

The measurement was recorded by holding the probe steady and waiting for the reading 

to stabilize. The probe was rinsed with deionized water and dried with a lab wipe 

between sample measurements. 
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2.8. Modeling Conductivity Response to Infiltration 

The EM profiler provided apparent electrical conductivity at a locations on the 

surface along a survey line and in a two-dimensional grid. The apparent electrical 

conductivity given at each location is the data averaged over depth related to the EM 

profiler’s depth of penetration (strongest signal at 1.21 m). To understand the processes 

affecting the electrical conductivity of the subsurface, a time-lapse, two-layer earth model 

was developed using Archie’s Law (Archie, 1942; Glover, 2016). One layer represents 

the wetting front and the other layer represents background before infiltration. Forward 

and inverse modeling of Archie’s equation [Equation 2-6] (Glover, 2016) were used to 

predict and match conditions from both natural and simulated precipitation events. 

𝐶𝐶𝑘𝑘 = 1
𝑠𝑠
𝐶𝐶𝑤𝑤𝛷𝛷𝑚𝑚𝑆𝑆𝑤𝑤𝑛𝑛    (2-6)

Where Ct = electrical conductivity of fluid saturated rock [mS m-1]; a = tortuosity factor; 

Cw = electrical conductivity of pore fluid [mS m-1]; Φ = porosity; m = cementation 

exponent of rock; Sw = saturation; n = saturation exponent. A major assumption 

associated with the modeling approach is a single and constant porosity for both layers 

through time. Under this assumption, the only factors in this equation changing through 

time are pore fluid conductivity (Cw) and saturation (Sw).  

The fraction of the response picked up by the EM Profiler is related to depth 

based on the spacing of the instrument coils (Reynolds, 2011). Equation 2-7 shows the 

reading based on the depth.  

𝑅𝑅(𝑧𝑧) =  1
(4𝑧𝑧2+1)1 2⁄ (2-7) 
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Where R(z) = fraction of the response generated by the material below z by the EM 

Profiler; z = depth divided by coil spacing. 

To simulate a two-layer earth, a piston flow infiltration model was created using 

equations 2-6 and 2-7 to estimate the apparent conductivity of the combined layers. 

Equation 2-8 uses the electrical conductivity of both layers and the normalized depth of 

the wetting front to estimate the apparent electrical conductivity that the EM Profiler 

reads at the surface, 

𝜎𝜎𝑠𝑠 =  𝜎𝜎1[1 − 𝑅𝑅(𝑧𝑧)] + 𝜎𝜎2𝑅𝑅(𝑧𝑧) (2-8) 

where σa = apparent electrical conductivity [mS m-1]; σ1 = electrical conductivity of layer 

1 [mS m-1]; σ2 = electrical conductivity of layer 2 [mS m-1]. 

A range of values were used for the empirical exponents and factors of Equation 

2-6. Tortuosity factors (a) found in literature range from 0.33 to 4.0 (Worthington, 1993;

Attia, 2005; Glover, 2016). However, the starting model used a value of 0.5. The most 

common assumption for saturation exponent (n) is 2 which was used for the starting 

model, but this value can vary between 1.6 and 5.0 (Archie, 1942; Attia, 2005; Bae et al., 

2006). Cementation exponent (m) has been reported to range from 1.2 to 4.0 (Jackson et 

al., 1978; Worthington, 1993; Attia, 2005; Friedman, 2005; Bae et al., 2006; Glover, 

2009, 2016). The starting model used a cementation exponent of 1.5 because 

unconsolidated sediments are modeled. 

The remaining parameters for the model of Archie’s equation (Equation 2-6) are 

porosity (Φ), saturation (Sw), and pore fluid conductivity (Cw). These parameters were 

estimated through field and lab testing. The porosity was estimated from the soil moisture 

sensors installed in all three regions of the test site. Soil moisture levels during a storm 



40 

event were observed to level off indicating saturation, which was used as a porosity 

estimate. For the grass area site full saturation was not observed, resulting in an 

underestimate of porosity based on the peak saturation value. The soil moisture sensors 

were also used to track changes in saturation following known amounts of precipitation 

measured from a nearby rain gauge. The saturation levels throughout a recorded 

precipitation event were used for modeled saturation estimates in models that predict 

apparent conductivity. The starting pore fluid conductivity value before precipitation or 

irrigation was determined by the saturated paste extract method. In following time steps 

where pore fluid replacement is predicted, well water (for irrigation) and rain water 

conductivity values were used. Each of these were measured during the EM Profiler 

surveys. 

Sensitivity analysis was performed for every parameter in Equation 2-6 and 2-7 to 

determine if the literature values were good approximations for the observed data and to 

determine which process is dominating the apparent electrical conductivity signal (Table 

2-1). For parameters obtained through literature, the sensitivity analysis tested the entire

range of reported values. Initial pore fluid electrical conductivity was tested at values 

ranging from dilute rainwater at ~25 mS m-1 to 125 mS m-1, a value greater than any 

value recorded. Saturation values were varied less since the site conditions were more 

limited and capped at porosity. The saturation and pore fluid electrical conductivity are 

time-lapse data in the model, but saturation was held constant for sensitivity analysis of 

the pore fluid conductivity and vice versa to evaluate changes one parameter at a time. 

The depth of layer interface (z) was estimated through infiltrometer measurements under 

the assumption of a piston flow model. Sensitivity analysis for layer depth was important 
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because the temporal changes of this parameter are not well constrained from point 

source infiltrometer measurements. 

Table 2-1: Parameters used for sensitivity analysis of Archie’s equation. 

Parameter Base 
Value 

Trial 
1 

Trial 
2 

Trial 
3 

Trial 
4 

Trial 
5 

Trial 
6 

a 0.5 0.33 0.4 0.6 0.7 0.8 n/a 

m 1.5 1.2 1.4 1.75 2.0 2.25 n/a 

n 2.0 1.6 1.75 2.5 3.0 4.0 n/a 

Φ 0.33 0.28 0.3 0.35 0.37 0.4 n/a 

Cw (mS m-1) 87.55 25 50 75 100 125 n/a 

z 0, 
0.25, 
0.5 

0, 
0.05, 
0.05 

0, 
0.15, 
0.15 

0, 
0.25, 
0.25 

0, 
0.5, 
0.5 

0, 
0.75, 
0.75 

0, 
1.0, 
1.0 
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CHAPTER 3: RESULTS 

The results of a series of modeling, field and lab experiments designed to 

characterize and monitor hydrologic properties of a vacant lot are presented in this 

chapter. The first section goes through point measurement methods aimed at 

characterizing the physical characteristics of the subsurface. The data collected from the 

point measurements are used to interpret the geophysical surveys conducted and 

presented in the following section. The geophysical results are the primary focus of the 

study and are aimed to improve and replace some of the point measurement methods. The 

final section of this chapter incorporate the experimental results into a modeling approach 

to estimate the changes in hydrologic properties following irrigation and precipitation. 

The modeling approach uses the point measurement methods to estimate parameters for a 

simulation of the observed results from the geophysical surveys conducted at the Amber 

site.  

3.1. Soil Characteristics 

3.1.1. Infiltration 

The infiltration data collected covers approximately 35 m2 of the study area 

focused around the geophysical survey line. A summary of the infiltration data used to 

calculate Horton’s decay constant (k) is presented in Table 3-1. The soil moisture 

conditions preceding the infiltrometer tests are also presented in Table 3-1 since the 

initial moisture condition can be related to how the quickly the soil will saturate (Fitts, 

2013). Locations with repeat measurements for reproducibility were averaged and 

presented in Table 3-2 which displays all the infiltration data from a plan-view 

orientation for spatial comparisons.  
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Table 3-1: Infiltrometer Results. Terms: fo = initial infiltration rate, fc = final infiltration 
rate, soil moisture from probe measurements, k = Horton Decay constant (unitless). 

Location fo (mm/hr) fc (mm/hr) Soil Moisture (%) k (Horton Decay)
N1.5 300 72 38.4 -0.101
M1.5-1 240 12 38.9 -0.491
S1.5 480 240 41.5 n/a
N6 360 144 29.5 -0.104
M6-1 960 60 38.1 -0.106
S6 2160 360 n/a -0.291
N9-1 2100 480 28.2 -0.136
N9-2 1500 180 25.7 -0.036
M9-1 1200 36 24.0 -0.310
M9-2 540 48 29.4 -0.151
S9 540 36 30.9 -0.126

Table 3-2: Spatial display of infiltrometer data. 

Plan View of fo (mm/hr) Plan View of fc (mm/hr) Location Region 

N M S N M S 

1800 870 540 330 42 36 9 m House 

360 960 2160 144 60 360 6 m Driveway 

300 240 480 72 12 240 1.5 m Grass 

Based on both the initial (fo) and final (fc) infiltration rates, the initial infiltration rate in 

the grass area shows the only clear spatial trend with less variability than the other areas. 

The amount of data is limited and may not be enough to test for statistical significance, 

but can still be useful for other applications. There is a wide range of infiltration rates (fo 

= 240 to 2160 mm hr-1 and fc = 12 to 480 mm hr-1) within the study area that do not 

correlate to the three predetermined zones. Herrmann et al. 2015 found their infiltration 
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rates for urban soils ranged from 418 to 650 mm hr-1 (comparable to fc). The initial and 

final infiltration rates both are varying (but not varying together). The unequal trend 

explains the need for Horton’s equation to analyze these tests. From Equations 2-1 to 2-4, 

the decay of infiltration was extracted from an exponential plot of y against time (Figure 

3-1) which was also obtained through a linear plot of ln(y) against time (Figure 3-2).

Exponential and linear plots were created for all infiltration tests, these plots are 

examples to show trends (see Appendix D for additional plots). The decay constant 

reflects the soil’s ability to infiltrate better than just an infiltration rate at any given time 

because it takes antecedent moisture conditions into account by relating the transition 

from initial to final rate. The results for decay constant ranged from -0.491 to -0.036 with 

most values on the higher end compared to the soils studied by Abdulkadir et al., (2011).  

Figure 3-1: Fit of infiltration data to exponential plot of Horton’s Equation. The points 
are the observed data, the dashed is the exponential fit. Horton decay constant = -0.106. 
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Figure 3-2: Fit of infiltration data to linear plot of Horton’s Equation. The points are the 
observed data, and the dashed line is the linear fit. Horton decay constant = -0.106. 

3.1.2. Grain-Size Analysis 

Although the grain-size distributions differ, the peaks tend to occur at similar 

grain sizes. The grain-size distributions were obtained at the same locations as the 

infiltrometer tests and average values from all locations are plotted in Figure 3-3. The 

grouping of distributions are based on areas of the field site and also presented on 

separate plots (Figures 3-4 to 3-6). All three areas show curves with a predominantly 

bimodal distribution. According to the Wentworth classification for grain size (Boggs, 

2012), the major peak in grain size is silt (~30 µm) and the second peak ranges between 

medium and coarse sand (~300 to 500 µm). The most visually homogeneous set of grain-

size distributions are the driveway area, both the grass area and house area show more 

heterogeneity within each respective set.  
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Figure 3-3: Average grain-size distributions from particle analyzer for all infiltrometer 
locations. 

Figure 3-4: Grain-size distributions from particle analyzer at grass infiltrometer locations. 
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Figure 3-5: Grain-size distributions from particle analyzer at driveway infiltrometer 
locations. 

 

 

Figure 3-6: Grain-size distributions from particle analyzer at house infiltrometer 
locations. 
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Statistical analysis based on the grain-size sampling determined that there was a 

significant difference for infiltration (Ksat) between sites. A summary of the statistics 

associated with the grain-size analysis for the infiltrometer locations and additional 

locations along the survey line is given in Table 3-3. The average of all samples from 

each area show similar values for mean grain size, D10, D50, and empirically determined 

n. Some sampling bias is introduced to avoid large grains (>2 mm) that damage the 

particle analyzer which could explain the low values for empirically determined porosity 

(n). The average values for sorting (U) show variability between areas, but all are greater 

than six which means they are poorly sorted sediments (Bair and Lahm, 2006). The 

results show that based on grain-size distributions, the grass area is the most hydraulically 

conductive area, followed by the house area and driveway area showing similar ranges 

(Figure 3-7). Statistical analysis (one-way ANOVA) indicated there was no significant 

difference in mean grain size, D10, D50, or n (all: p >0.05). The statistical results for Ksat 

showed that the differences were significant (F = 10.37, p = 0.0006) for the three areas 

(Ksat = 1.58e-8, 1.04e-8, and 1.03e-8 m s-1for grass area, driveway area, and house area 

respectively). The Tukey HSD post hoc tests showed that difference between the house 

area and driveway area was not significant (p = 1.0). However, the post hoc tests showed 

that the grass area was significantly different from both the house area (p = 0.001) and 

the driveway area (p = 0.003). The data used for statistical analysis is given in Table 3-3 

with one data point left out because it was determined to be a significant outlier (not 

shown).  
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Table 3-3: Summary of grain-size data used for ANOVA statistical analysis. 

Location Mean (µm) D10 (µm) D50 (µm) U n Ksat (m/s) 
M1.5_1_1 70.78 2.36 21.46 12.88 0.28 1.88E-08 
M1.5_1_2 80.39 2.53 23.89 13.32 0.28 2.10E-08 
M1.5_2_1 86.74 2.49 24.21 13.75 0.28 1.99E-08 
N1.5_1_1 121.79 2.28 32.12 22.22 0.26 1.34E-08 
N1.5_2_1 133.58 2.43 31.17 77.77 0.26 1.43E-08 
S1.5_1_1 105.22 2.16 26.26 52.28 0.26 1.14E-08 
S1.5_2_1 113.03 2.30 26.23 17.18 0.26 1.48E-08 
M0_VC_1 77.65 2.08 22.77 15.77 0.27 1.28E-08 
M0_VC_2 78.92 2.07 22.41 15.45 0.27 1.27E-08 
M3_VC_1 152.02 2.78 37.30 80.16 0.26 1.88E-08 
Grass AVG 102.01 2.35 26.78 32.08 0.27 1.58E-08 

M6_1_1 105.46 2.04 26.60 19.09 0.26 1.12E-08 
M6_2_1 116.88 1.98 29.24 57.75 0.26 9.56E-09 
N6_1_1 91.26 1.83 26.64 43.30 0.26 8.17E-09 
N6_2_1 89.58 1.87 26.98 46.03 0.26 8.52E-09 
S6_1_1 120.26 2.20 34.45 77.41 0.26 1.18E-08 
S6_2_1 99.40 1.91 26.87 47.45 0.26 8.84E-09 

M5_VC_1 154.91 2.46 40.82 100.9 0.26 1.48E-08 
Driveway AVG 111.11 2.04 30.23 55.98 0.26 1.04E-08 

M9_1_1 96.40 2.06 28.97 43.91 0.26 1.04E-08 
M9_2_1 88.42 2.24 25.17 15.91 0.27 1.46E-08 
N9_1_1 102.14 2.13 30.02 20.13 0.26 1.20E-08 
N9_2_1 96.76 2.22 25.45 16.32 0.27 1.43E-08 
S9_1_1 104.86 1.86 32.95 27.66 0.26 8.60E-09 
S9_2_1 119.94 1.41 26.37 100.9 0.26 4.83E-09 

M10_VC_1 80.22 1.91 25.26 18.82 0.26 9.85E-09 
M11_VC_1 97.93 2.00 28.98 47.17 0.26 9.72E-09 
M12_VC_1 93.68 1.97 26.21 42.19 0.26 9.49E-09 
M13_VC_1 89.20 1.98 25.52 36.61 0.26 9.56E-09 
House AVG 96.95 1.98 27.49 36.97 0.26 1.03E-08 
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Figure 3-7: Ksat boxplots obtain from grain-size analysis. The whiskers are the range of 
data excluding outliers (dots). One outlier from driveway is not shown. The data used for 
each area is given in Table 3-3. 

 

3.1.3. Compaction 

Quantitative compaction data collected along the survey line showed the deepest 

penetration in the grass area, with 9 of the 11 values exceeding a depth of 2 cm (Figure 3-

8). Although this data is quantitative, there is no standard values published relating soil 

types to the measurements taken by this instrument. Larger values here indicate a deeper 

penetration which would imply the soil has less shear strength, and smaller values would 

indicate shallow penetration implying more shear strength. The primary use of this data is 

to compare between sites (grass area, driveway area, and house area). For the driveway 

area and house area all of the values recorded are less than 2 cm, with the exception of 
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the house area at 12 and 12.5 m. The results from the random compaction measurements 

within the driveway area and undisturbed grass area are presented in Table 3-4. The 

average depth of penetration for the driveway area and undisturbed grass area (back side 

of house area) are also low, 1.41 and 1.76 cm respectively.  

 

Figure 3-8: Compaction data measured along survey line. Lowest values were recorded 
within the grass area. 

 

Table 3-4: Compaction data from random-walk locations in the driveway area and 
undisturbed grass area. 

 
Driveway (cm)   Undisturbed (cm) 

1.00  1.77 
1.54  1.54 
1.33  2.31 
1.39  1.58 
1.37  2.01 
1.60  1.87 
1.48  1.80 
1.46  1.64 
1.49  1.32 
1.47   1.77 
1.41 AVG 1.76 
0.17 SD 0.27 
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Difficulties with probe insertion are presented as qualitative data for compaction 

and general physical characterization of subsurface materials. The soil moisture probe 

could not be inserted for the majority of the locations along the survey line for the 

October storms, as shown by frequency of successful insertions (Table 3-5). After all 

three storms, the soil moisture probe could not be inserted in any spot within the 

driveway area. The house area had some locations where reading could be made in all 

conditions. However, the probe could not be inserted at the majority of the house area 

locations. Readings were obtained in most of the grass area, with all four locations having 

readings after the heavy rain event. Inserting the probe became easier following the heavy 

rain event, which is supported by three additional locations where the probe could only 

be fully inserted following the heavy rain event.  

Table 3-5: Result of soil moisture probe measurement attempts. The data is given as 
successful probe insertion along the survey line. 

7-Oct 8-Oct 10-Oct
Grass 40% 40% 80% 

Driveway 0 0 0 
House 27% 27% 33% 

3.1.4. Soil Moisture 

Soil moisture sensors monitored response to storms from November 21, 2017 

through February 18, 2018, after the conclusion of EM testing. Figure 3-9 shows a series 

of storm events over ~1 month for all five sensors. The results from two of these storms 

(1/12 and 1/23) show the driveway area sensor with soil moisture values near or above 

1.0. These readings over 1.0 are likely a combination of flooding around the sensor and 
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instrument error causing the value to exceed full saturation. The lack of infiltration in the 

driveway area apparently leads to ponding. Changing the scale for the other locations to 

plot without the driveway area data allows a closer look at their responses. 

 

Figure 3-9: Soil moisture sensor data from 12/19/17 to 1/28/18 for all three locations at 
both depths (shallow: 20 cm, deep: 45 cm). Senor was installed at only one depth in the 
driveway area because it was too difficult to dig deeper (14 cm). VWC is volumetric 
water content. 

A plot of both depths during the 1/23 storm (Figure 3-10) shows a leveling out of 

soil moisture at both depths in the house area (shallow and deep). The soil moisture in the 

grass area locations do not level out during this storm, or any other storm measured. In 

the 1/23 storm, the soil moisture peaks three times before dropping back near the pre-

storm conditions. The porosity values used in the model of Archie’s equation were 

estimated from the peaks in the 1/23 storm data (Table 3-6). The deep sensors show 

higher porosity than the shallow sensors in both the grass area and house area locations. 

At both depths, the grass area shows higher porosity despite never leveling off.  
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Figure 3-10: Soil moisture sensor data from 1/23/18 to 1/25/18 for both depths within the 
grass and house areas. Scale zoomed for porosity estimates based on plateaus (house 
area) and peaks (grass area). 

Table 3-6: Summary of soil moisture peaks. The peaks or plateaus in continuous data 
from the soil moisture sensors were used to estimate porosity. 

Location Plateau Peak 
Driveway Area x >1.0

House Area Shallow 0.31 x
House Area Deep 0.33 x

Grass Area Shallow x 0.33 
Grass Area Deep x 0.35 

The responses from multiple February 2018 storms are presented in Figures 3-11 

and 3-12 to emphasize the timing of soil moisture increases between depths at both 

locations. In both February storms, the shallow grass area sensor saturated before the 

deep grass area. However, for the same storms, the house area deep senor saturated 

before the house area shallow sensor. Another difference between the grass area and 
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house area locations is the trend as precipitation stops and soil moisture decreases. The 

house area sensors show a steep drop in soil moisture at both depths, whereas the grass 

area has a more gradual decrease. Figure 3-13 shows the 1/23 storm with precipitation 

recorded by a rain gauge on site. As the precipitation drops off, the soil moisture in the 

grass area also drops, following the peaking trends of the precipitation. In the house area 

locations, after the initial large pulse of precipitation, the soil moisture holds relatively 

constant despite the drop in precipitation through time.  

 

Figure 3-11: Soil moisture sensor data from 2/4/18 to 2/7/18 for both depths within the 
grass and house areas. Scale zoomed for differentiation of arrival times of saturation. 
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Figure 3-12: Soil moisture sensor data from 2/10/18 to 2/12/18 for both depths within the 
grass and house areas. Scale zoomed for differentiation of arrival times of saturation. 

 

Figure 3-13: Soil moisture sensor data from 1/23/18 storm for both depth at the grass and 
house areas with precipitation. The precipitation data is included to show how the 
moisture changes (increase and decrease) through variable conditions. 
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3.1.5. Pore-Water Samples 

Heterogeneities in pore water conductivity among all three sites were observed 

through soil sampling techniques. The electrical conductivity values of pore water were 

obtained through the saturated paste extract (EC sp), and 1:5 dilution (EC 1:5) (Table 3-7 

and 3-8). The data are organized by location to get a general estimate for each area. The 

saturated paste measurements were used as pre-storm/irrigation pore fluid conductivity 

for the modeling approach to Archie’s equation. The dilution values were obtained as an 

additional verification that the data and methods agree with literature values. It is 

important to note that the dilution method typically yields lower values than the saturated 

paste method. All data obtained across the site fell within the silt class (5-50 mS m-1) or 

lower portion of the clay range (total range 10-1000 mS m-1) (Grisso et al., 2009). The 

directly measured electrical conductivity (EC dir) of rain and irrigation water were 7.28 

mS m-1 and 47.14 mS m-1 respectively. These measurements were used in the model as 

the replacement fluid under complete pore water flushing conditions. The grass area 

measurements have conductivity values significantly lower than the irrigation water, but 

nearly identical to the rain water. Based on these measurements, the pore fluid 

conductivity in the house area and driveway area are significantly higher than the 

replacement water in both the rain and irrigation experiments. 

3.2. Electrical Resistivity Tomography 

Three distinct areas with differences in resistivity can be determined from the 

background ERT survey (Figure 3-14). The grass area location ranges from ~9 m to 13.5 

m (end of survey line) and has the highest resistivity (~1000 ohm-m) along the survey 

line. The area with the lowest resistivity (~1 ohm-m) is the driveway area, located from 
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~6 m to 9 m along the survey line. The final area is the house area located from the 0 m 

to ~6 m mark of the survey line with resistivity values between the other areas. 

Table 3-7: Pore fluid conductivity values from the saturated paste method. Lines in place 
to divide areas (1.5: grass area, 6: driveway area, and 9: house area). 

Location EC sp (mS/m) 
N1.5 >30 A 7.81 
N1.5 >30 B 7.34 
N1.5 >30 C 6.81 
N1.5 >30 D 6.18 
N1.5 30 A 6.81 

N6 A 63.03 
N6 B 68.18 

N9 >30 A 97.95 
N9 >30 B 96.16 
N9 >30 C 81.84 
N9 >30 D 73.22 
N9 30 A 88.58 

 

Table 3-8: Pore fluid conductivity values from the 1:5 dilution method. Values obtained 
from 1:5 dilution are typically lower than with the saturated paste method. 

Location EC 1:5 (mS/m) 
N1.5 >30 A 1.08 
N1.5 30 A 1.01 

N6 A 3.86 
N9 >30 A 7.33 
N9 30 A 12.83 

 

 Time-lapse ERT of the site was able to detect significant (+/- 10%) changes in 

resistivity throughout the section in all three areas (Figure 3-15). Changes in resistivity 

were presented with max and min values of +/- 10% despite some areas slightly 

exceeding this value. The time-lapse ERT survey was conducted for a 2 hour irrigation 

event followed by ~2 hours of drying/infiltration. The changes in resistivity were 

measured throughout the experiment, but for comparison to the EM surveys three time 
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steps are presented (Figure 3-15) (see Appendix C for all time steps). Each pseudo 

section is the difference in resistivity at the given time step from the background survey. 

The three surveys used are mid irrigation (Survey 14), immediately after irrigation 

(Survey 21), and after two hours of drying (Survey 34). The mid irrigation survey was 

recorded following 1 hour of irrigation. The RMS error throughout all time steps ranged 

from 0.61 to 2.99%, which is considered a low error. 

 The trends in resistivity changes along and near the surface are similar for all 

three time steps. The two regions that show a drop in resistivity are the entire grass area 

and a portion of the house area from ~4 m to 6 m. Through all three time steps, the grass 

area has a similar drop (-10%) in resistivity at the surface, although it extends deeper in 

the final time step. The portion of the house area that shows a decrease in resistivity (-6 to 

8%) expands and shows a larger magnitude decrease (-10%). The areas that show 

increases in resistivity along the surface are located within the driveway area and a small 

portion of the house area at 2 m. The rise in resistivity within the house area has 

dissipated in the final time step. In the first time step the resistivity is increasing by +10% 

and by the final time step the increase is 0 to +2%. The resistivity change at the surface in 

the driveway area is highest in the first time step (+10%) and becomes a lesser change by 

the last time step (+6%). The extent of the high resistivity increases becomes smaller with 

time as well. There are opposite differences at depth in some sections, but these are an 

artifact of modeling that were only partially truncated by the DOI index.  
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Figure 3-14: Background electrical resistivity section. Differences in resistivity can be observed from this background survey that 
support the delineation of areas. The house area is from 0 m to ~6 m, the driveway area is from ~6 m to 9 m, and the grass area ranges 
from ~9 m to 13.5 m. Elevation of the ground surface is 0.0 m. 
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Figure 3-15: Time-lapse ERT inversions with the difference from first survey at three time steps. Survey 14 = mid irrigation, Survey 
21 = post irrigation, and Survey 34 = total drying recorded. The full range of RMS at all time steps: 0.61 – 2.99% and the RMS for 
these time steps are: 2.8%, 2.92%, 2.89% for Surveys 14, 21, and 34 respectively

House Area Driveway Area Grass Area 
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3.3. Electromagnetic Induction 

 The EM Profiler is able to distinguish between areas of the subsurface with 

different apparent electrical conductivities during background conditions (between 

wetting events). Figure 3-16 shows results from a background grid survey along with a 

photograph of the field site. The grid data shows heterogeneities in subsurface apparent 

electrical conductivities despite no evidence of this in the photo. As explained previously, 

the heterogeneities observed from the background grid survey were used to guide further 

surveys and field testing that focused on the three areas of disturbance: grass area, 

driveway area, and house area. 

 The relationship of temperature to the apparent conductivity measured by the EM 

Profiler determined during the water proofing experiment (Figure 3-17) shows a 

generally inverse relationship to temperature through time. There is some fluctuation and 

noise in the readings, but those variations are outweighed by the changes correlating with 

temperature. The base station temperature correction results (Figure 3-18) show that the 

noise associated with instrument drift dropped from ~7-8 to ~2 mS m-1 after the 

correction was applied. Ideally, the conductivity would be constant after the corrections, 

but there is still some noise in the data (~2 mS m-1). 

 Along the EM survey line, five time steps from the simulated irrigation 

experiment are used to highlight the major changes in time (Figure 3-19). The only time 

when the conductivity drops below the background survey is following the first of two 

hours of irrigation. At the conclusion of irrigation, the conductivity is at the highest point, 

which was expected since saturation should be highest for this experiment. As time goes 

on post irrigation, two time steps are shown as the ground begins to dry out.  
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Figure 3-16: Background EM grid and field site image. Both images looking in the same 
direction (towards Meetinghouse Rd.). The white anomaly along the 16 m line is likely a 
utility line running through the subsurface. 



 

64 
 

 

Figure 3-17: Electrical conductivity and temperature relationship from a continuous EM 
experiment. No changes to saturation occurring and measurements recorded at a single 
location. The blue line is the electrical conductivity measured using the 15 kHz 
frequency. 

 

Figure 3-18: Base station corrections for EM monitoring of the sprinkler test. Left is 
uncorrected data, right is after correcting with average drift from the stable base station 
locations. 
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Figure 3-19: EM data from the sprinkler test (corrected). Data presented for surveys run 
at different times over the grass area (0-3 m), driveway area (3-8 m), and house area (8-
14 m).  

 

Both periods of drying show a drop in conductivity relative to the previous time steps. 

The final drying time step does not drop as low as the mid irrigation or background time 

step. The grass area does not show major changes through time, with the exception of the 

drop at mid irrigation. Both the driveway area and house area show substantial changes in 

conductivity through time. 

The first two data points (in time) on each plot of Figure 3-20 were collected 

minutes apart without any changes in conditions to analyze the reproducibility of 

measurements at each location. The reproducibility in the grass area is better than the 

other areas, with all 4 locations varying by less than 1 mS m-1. The house area showed 

more variability than the grass area in the first 2 surveys, ~2-3 mS m-1 in 4 of 5 locations.  
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Figure 3-20: EM data through time from the sprinkler test (corrected). Data from each 
area plotted separately. Top = grass area, middle = driveway area, and bottom = house 
area. The first two data points are duplicate pre-irrigation background. 
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The location within the house area that was closest to the driveway area (x = 8 m) had a 

difference of ~7 mS m-1 between the first 2 surveys. The driveway area had the worst 

reproducibility based on the first 2 surveys, with 3 of 4 locations having a difference 

ranging from ~7 to ~12 mS m-1. The location within the driveway area with the best 

reproducibility of ~2 mS m-1 was the location closest to the grass area (x = 4 m). 

In all three areas, a major dip occurs at the mid irrigation survey, followed by an 

increase at the conclusion of irrigation. Figure 3-20 breaks down the irrigation data by 

survey coordinates to compare changes between different areas. The grass area locations 

do not reach a conductivity noticeably greater than the background following 2 hours of 

irrigation. Both the house area and driveway area have noticeably greater conductivities 

post irrigation at all coordinates. The trend for conductivity in the grass area from post 

irrigation until the final survey is different than the trends of the house area and driveway 

area. As time increases, the conductivity in the grass area increases for longer (more time 

steps) than the other areas, then gradually decreases back to around the background 

values. The conductivity in the driveway area drops immediately following the post 

irrigation peak and continues a gradual decline at some locations, or a leveling off. The 

same post-irrigation drop occurs in the house area but the gradual decline is only seen in 

the closest two locations to the driveway area. The locations within the house area further 

along the survey line show a leveling off post irrigation. 

Of the EM data collected along the survey line for the October storm event, the 

light rain showed the biggest difference in conductivity. Figure 3-21 gives the apparent 

electrical conductivity along the entire survey line with repeat surveys for all three time 

steps. Apparent electrical conductivity dropped from the background (10/7) to the light 
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rain (10/8) within the grass area and house areas. In all three areas, the conductivity 

increased from the light rain to the heavy rain (10/10). Precipitation amounts from the 4-

day period of surveying occurred on 10/8 and 10/9 totaling 2 mm and 17 mm respectively 

(Figure 3-22). Each survey day is plotted separately in Figure 3-23 to see reproducibility 

for each day with calibration occurring only before the first background survey since the 

site was not changing and the EM Profiler was being used only at this site. The overall 

reproducibility for all three days was good, with the highest differences being ~2-3 mS 

m-1. The difference between surveys taken on the same day increased for each time step.

Figure 3-21: EM data from all surveys during the October storm event. Each survey was 
conducted in duplicate (same color lines). 

During background conditions, variations in conductivity are noticeable between 

four areas within the site (Figure 3-24). The same three areas mentioned for the survey 

line data (grass area, driveway area, and house area) as well as additional undisturbed 
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grass area behind the house area (~35 to 50 m along x axis) showed distinct ranges in 

conductivity in the EM grid analysis. Throughout all time steps some areas are white 

meaning the conductivity is negative. This is noticeable in the middle of the driveway 

area and extending across the entire site along the x axis at y = 16 m. This is a typical 

response to highly conductive materials. The anomaly in the driveway area is believed to 

be a product of the materials in the previous asphalt. The anomaly along the entire site is 

likely some type of utility lines running through the subsurface. 

Figure 3-22: Precipitation data from the October storm event. 

The grass area shows a concentric conductivity pattern that increases radially 

outward in all time steps. The conductivity of the grass area drops from background to 

the light rain event followed by a conductivity rebound following the heavy rain. The 

rebound conductivity values are lower than the background by ~2 mS m-1. The driveway 

area has the highest conductivity in all three time steps and is very distinguishable from 

the surrounding areas. Changes in conductivity through time cannot be determined in the 

driveway area because the signal is dominating the area with values off the range of the 

current scale. Adjusting the scale to compensate for the driveway area values would 

overpower the data in other areas because the driveway area values are orders of 

magnitude higher. 
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Figure 3-23: EM survey line data from the October storm event by day. Each day is 
plotted separately. Top = background, middle = light rain, and bottom = heavy rain. Each 
survey was conducted in duplicate (same color lines). 
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Figure 3-24: Grid survey data from all time steps of the October storm event. All grids 
have been median corrected. Note that the white areas fall within negative values as a 
result of highly conductivity materials. The white areas along the x axis at y = 16 m are 
the potential location of buried utility lines. Top = background, middle = light rain, and 
bottom = heavy rain. 
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The same time-lapse trend observed in the grass area is also observed in the house area 

with a drop followed by a rebound of conductivity resulting in ~2 mS m-1 lower after 

heavy rain. The conductivity throughout the house area is higher than the grass area by 

~5 mS m-1. The undisturbed grass area behind the house area shows the same drop and 

rebound observed in the other areas, also ending ~2 mS m-1 lower after the heavy rain. 

Throughout each area, the undisturbed grass area behind the house area shows the lowest 

conductivity in every time step. The EM data collected following the light rain plots 

mostly negative conductivity values. This feature is a product of the median correction 

applied to all the data in addition to a drop in conductivity after light rain occurring 

within the lowest conductivity area. The conductivity values in this area are low, but 

appear slightly negative because the median correction shifted the values below zero. 

3.4. Modeling 

A model of Archie’s equation (Figure 3-25) was designed for three time steps that 

show a drop in conductivity after the first period of irrigation/precipitation then an 

increase. To simulate this drop in conductivity followed by an increase on the next time 

step, a flush of water less conductive than the pore fluid is used. In addition, saturation 

increases through time (Table 3-9). The base model shows that a drop in apparent 

conductivity can be achieved through a change of pore fluid conductivity based on 

measurements from field and lab tests at our site. The increase in apparent conductivity 

by the last time step can also be achieved in our model from an increase in saturation 

over time. However, the apparent conductivity at the last time step does not increase back 

to the conductivity of the background as was observed in the EM time series data.  
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Figure 3-25: The result of the base model focused on the three time steps from the EM 
irrigation experiment. Three blocks represent the theoretical model at each time step (Cw: 
pore fluid conductivity, Sw: saturation).  

Sensitivity analysis of the model for Archie’s equation was conducted for factors, 

exponents, and measureable parameters. The tortuosity factor (a), cementation exponent 

(m), and saturation exponent (n) are analyzed in Figure 3-26 within the range of generally 

accepted literature values. Both tortuosity and cementation are inversely proportional to 

the magnitude of apparent conductivity. The dipping trend of apparent conductivity 

occurs for all ranges in parameters modeled. The dip is about 10 mS m-1 at a tortuosity of 

0.33 but drops to 4 mS m-1 at a tortuosity of 0.8. Similarly, the dipping trend starts at 

about 10 mS m-1 when the cementation exponent is 1.2 then falls to about 3 mS m-1 as the 

cementation exponent increases to 2.25. The apparent conductivity is affected by the 

saturation exponent in both trend and magnitude. Apparent conductivity is inversely 

Cw: 87 
Sw: Low 

Cw: 47 
Sw: Med 

Cw: 47 
Sw: High 
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proportional to saturation exponent, but the magnitude of the effect is greater when the 

soil saturation is lower (because the saturation is increasing through time in the model). 

The range of apparent conductivity in the first time step is 9 mS m-1 then falls to a range 

of about 2 mS m-1 as the saturation increases by the third time step. 

Table 3-9: Base model parameters. (m): cementation exponent (n): saturation exponent 
(a): tortuosity factor (φ1): porosity of top layer (φ2): porosity of bottom layer (z): depth 
of layer interface (S1): soil moisture of top layer (Sw1): saturation of top layer (Cw1): 
pore fluid conductivity of top layer (S2): soil moisture of bottom layer (Sw2): saturation 
of bottom layer (Cw2): pore fluid conductivity of bottom layer (σ1): calculated electrical 
conductivity of top layer (σ2): calculated electrical conductivity of bottom layer (σa): 
calculated apparent conductivity at the surface  

Parameter t1 t2 t3 
m 1.50 
n 2.00 
a 0.50 

φ1 0.33 
φ2 0.33 
z 0.00 0.25 0.50 

S1 0.20 0.25 0.30 
Sw1 0.61 0.76 0.91 
Cw1 87.55 47.14 47.14 
S2 0.27 0.31 0.33 

Sw2 0.82 0.94 1.00 
Cw2 87.55 47.14 47.14 
σ1 12.19 10.26 14.77 
σ2 22.22 15.77 17.87 
σa 22.22 15.19 16.96 

The parameters analyzed in Figure 3-27 were porosity (φ), initial pore fluid 

conductivity (Cw), and depth of interface (z). The porosity is directly proportional to the 

apparent conductivity and a dip in conductivity is observed at each porosity modeled. At 

the maximum modeled porosity, the drop is about 9 mS m-1 then falls to a drop of about 5 

mS m-1 at the lowest modeled porosity.  
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Figure 3-26: Sensitivity analysis of tortuosity factor (top), cementation factor (middle), 
and saturation exponent (bottom).  
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Figure 3-27: Sensitivity analysis of porosity (top), initial pore fluid conductivity (middle), 
and depth of wetting interface (bottom). 
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The porosity was estimated by the plateau in soil moisture data for the house area and 

was used for the model of Archie’s equation. The initial pore fluid conductivity was only 

analyzed in the first time step and is directly proportional to the apparent conductivity. 

The value used was estimated in the lab by diluting soil samples, but could be different 

depending on the time of sampling which is why a range of values were analyzed. The 

inflow fluid conductivity from irrigation is 47.14 mS m-1 (modeled) and would be about 

7.28 mS m-1 for precipitation. The drop in apparent conductivity only occurs for initial 

pore fluid conductivity values of 75 mS m-1 or more. The range of values modeled show 

how important this parameter is, with apparent conductivity ranging about 25 mS m-1 in 

the first time step. At the measured initial conductivity of the grass area (7 mS m-1) the 

model would not predict the observed drop in conductivity during irrigation. The depth of 

interface was analyzed at the second and third time steps because the first time step does 

not have a wetting front to create the interface. The dipping trend occurs regardless of the 

depth of interface, but the magnitude of apparent conductivity is inversely proportional. 

The magnitude of the changes are minor and have less of an affect when saturation is 

greater (time 1 hr vs 2 hr). This parameter is not easily estimated, but is shown to be less 

sensitive than the other parameters analyzed.  

The model of Archie’s equation was extended to a 4 hour period matching the 

duration and measurement interval of the EM irrigation experiment in the house area 

because porosity was better constrained here and the pore fluid conductivity was higher 

here (Figure 3-28). The observed data used to compare to the model was taken from the 

11 m mark (within the house area) from the sprinkler experiment. Soil moisture during 

the irrigation experiment was unknown, therefore soil moisture from the 1/23 storm was 
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used because the soil moisture leveled off and the precipitation pattern was similar to the 

irrigation experiment. The goal of the model was to see if the conductivity trend observed 

in the irrigation experiment can be recreated using soil moisture data from a precipitation 

event. The apparent conductivity in the full irrigation model shows a drop mid irrigation 

followed by a small increase by the end of irrigation. The post irrigation time steps do not 

show changes in apparent conductivity despite irrigation/precipitation stopping. Based on 

the soil moisture data (Figure 3-10) the soil moisture does not recover to background for 

many hours (>12), so the EM data correctly reflects the long drying time. 

Figure 3-28: Model of apparent conductivity using soil moisture data from Figure 3-13. 
Observed data from EM of the sprinkler experiment also given for comparison. 
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3.5. Results Summary 

Multiple characterization methods were used to evaluate the infiltration behavior 

of three zones within a vacant lot. Each zone was characterized by point measurements 

(infiltrometer, grain-size analysis, Ksat, compaction, soil moisture, and pore fluid 

sampling) and geophysical monitoring during infiltration experiments (summarized in 

Table 3-10). Some of the point methods (compaction, Ksat and soil moisture) can 

distinguish between zones, but lack sufficient data for statistical comparison. Only the 

ERT was able to distinguish zones using time-lapse analysis of infiltration experiments.  

The EM Profiler could cover a wider area than ERT, but suffered from drift when 

attempting to distinguish zones using time-lapse. The EM data observed in the house area 

was modeled using Archie’s Law based on the measured soil moisture and pore fluid 

conductivity. The model of Archie’s Law showed that a dip in apparent conductivity can 

occur from a transient replacement of high conductivity pore fluid with dilute rain or 

irrigation water. 
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Table 3-10: Summary of experimental designs and conditions. 

Method Survey Type of Irrigation
Antecedent 
Conditions

Timing of 
Survey

ERT
13.5 m line Sprinkler Wet

Continuous 
(~8 min)

EM
25 m line Sprinkler Dry

After 1 and 2 
hr 

EM
25 m line and 50 x 
19 m grid Light Rain Dry

5 hr After 
Rain

EM
25 m line and 50 x 
19 m grid Heavy Rain Dry

22 hr After 
Rain

Pore Water 
Samples

Three locations 1 m 
off line (North) N/A Dry N/A

Grain Size Modified grid N/A N/A N/A
Infiltrometer Modified grid N/A Variable N/A
Compaction 13.5 m line N/A N/A N/A

Soil Moisture 
Sensors

Three locations 1 m 
off line (South). 
Two depths 
excluding driveway

Multiple rain 
events from 
12/20/17 to 
2/12/2018 Variable

Continuous 
(15 min)
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CHAPTER 4: DISCUSSION AND CONCLUSIONS 

One knowledge gap in current urban hydrology is the infiltration properties of 

urban soils due to the heterogeneity of materials both within sites and between sites. 

Vacant lots have been proposed as potential locations to infiltrate and retain stormwater 

due to their pervious area and abundance in urban areas. This study incorporates EM 

surveys, ERT surveys, and soil characterization using infiltration measurements, grain-

size analysis, soil-moisture sensors, and compaction measurements to improve our 

understanding of vacant lot hydrology. Assumptions of homogeneous conditions despite 

observed variability from point measurements highlight the need for methods with the 

ability to collect more extensive spatial data. By determining the effectiveness of time-

lapse EM monitoring we can make a faster, less expensive tool for characterization of 

urban soils after site calibration. 

4.1. Characterization of Urban Lots 

Mapping and characterizing subsurface materials can be accomplished with 

numerous geophysical techniques, but are often limited by the time it takes to conduct 

surveys and constraints on the sensitivity of signal detection. The EM Profiler provided a 

quick method for apparent conductivity data collection at a vacant lot. The 950 m2 lot 

was surveyed in ~30 minutes (after flagging a grid for surveying) with the ability to 

accurately map areas of the buried structures that remain after demolition (Figure 4-1). 

The driveway area is the most distinguishable feature in the lot, but the housing 

foundation is also distinguishable from the surrounding grass area. It appears that much 

of the foundation was not fully removed. 
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Figure 4-1: Historical photograph of Gilbert House in 2011 (left) and the EM grid overlay 
of the Gilbert House (right).  
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If the materials were broken up then dumped in a pile, it may have been more difficult to 

accurately map the original location of the house area foundation.  

The sensitivity and resolution of geophysical anomalies depends on the contrast 

of material properties of the region being surveyed. Higher contrasts can help distinguish 

or highlight the contacts between materials and layers. Due to the design of EM 

instrumentation, highly conductive materials (much greater than regular Earth materials) 

cause high-low-high anomalies that can overpower the signal in the area (Reynolds, 

2011). Buried utility lines create anomalies that can make mapping of boundaries 

difficult depending on the size and location of the line relative to surrounding materials. 

The anomaly at our field site running perpendicular to Meetinghouse Rd. is likely a 

buried utility line that is far enough away from the housing foundation that it does not 

affect the results. 

The resolution of mapping with the EM Profiler was high enough to delineate 

areas of the vacant lot. Based on the EM grid, locations for point measurement methods 

targeted each area to further characterize the hydrology for comparisons to the apparent 

conductivity. One issue that arose from precisely determining areas is the contact 

between boundaries adjacent to the driveway area. Due to the strong signal created by the 

driveway area, the areas immediately adjacent to it are not mapped accurately. The width 

of the driveway area appears larger (by ~2-3 m) in the EM grid than is estimated from 

visual characteristics (dying grass) and historical photographs (Figure 4-1). This issue 

does not occur surrounding the house area because the materials are not as conductive 

and the contrast between house area and grass area is not as strong.  
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4.2. Comparison of Geophysical Methods for Infiltration Monitoring 

 The time-lapse ERT and the EM methods do not produce the same results during 

irrigation tests performed under similar conditions (Table 4-1). Each of the areas in the 

study showed a different response (rise or fall in conductivity). The differences were 

observed for at least some period of the test or some location, as discussed further below.  

 

Table 4-1: Summary of geophysical surveying results. All data is given in conductivity 
(or percent conductivity) changes. 

Method Grass Driveway House
ERT Mid Rise Drop Spatial Variablity

10% 4-10% +/- 10%
ERT Full Rise Drop Spatial Variablity

10% 4-10% +/- 10%
EM Irr Mid Drop Drop Drop

~5 mS m-1 ~8 mS m-1 ~3 mS m-1

EM Irr Full Rebound Rebound Rebound
~5 mS m-1 ~12-15 mS m-1 ~5 mS m-1

EM Ppt Light Drop Rise Drop
~3 mS m-1 ~3-4 mS m-1 ~3 mS m-1

EM Ppt Heavy Rebound Rise Rebound
~3 mS m-1 ~3-4 mS m-1 ~3 mS m-1

Pore Fluid Low High High
~7 mS m-1 ~65 mS m-1 ~87 mS m-1

 

 

The ERT was able to monitor changes within the driveway area using time lapse 

monitoring over the course of the irrigation experiment. The signal detected by the EM 

Profiler did not capture the changes based on time-lapse plots. EM is unable to detect 

changes due to saturation and/or pore flushing in the driveway area because the signal is 

dominated by the conductive materials. Highly conductive materials create a higher 

signal to noise ratio for the EM Profiler making the ERT more reliable in these areas. 



 

85 
 

The time-lapse ERT showed more temporal variability within the house area that 

was not observed in the EM data. The small scale variations within the house area are not 

picked up by the EM data, but instead the response appears as a uniform increase of equal 

magnitude. With the ERT changes in conductivity are observed in both directions 

(increases and decreases). The trends in the house area based on ERT indicate potential 

variable infiltration. It is possible that these variations could indicate macropores within 

the area where the house area was located. If variable infiltration is occurring, the EM 

may not be sensitive enough to pick up small-scale (~0.5 m or less) changes. Unless 

antecedent moisture conditions can explain such a difference in results, the EM Profiler 

may not have the capability of sensing small-scale variabilities equal to the ERT 

detection. 

 A drop in conductivity was recorded following the first pulse of water (1 hour 

irrigation, or light precipitation) for the EM experiments, but not recorded by the ERT. 

One explanation is that the EM Profiler does not have the reproducibility to accurately 

map time-lapse changes and these readings were in error. Another explanation is that the 

drop in conductivity could be due to higher pore water conductivity initially. A model of 

Archie’s Equation was developed to test if the conductivity drop is plausible for the 

house area of the vacant lot. Based on the model, a drop in apparent conductivity can be 

achieved through pore water replacement for the house area as hypothesized. The house 

area was the only area modeled because the model parameters could be measured and 

estimated more reliably and pre-irrigation pore water was found to be nearly double the 

irrigation water conductivity. The modeling suggests that if pore water conditions during 

the experiments were such that the contrast in conductivity was near double, then the 
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initial drop in EM reading should be reliable. Questions remain about the influence of 

initial pore fluid conductivity and infiltration. If rainwater flushes pore water, as 

suggested by the model, why does the pore fluid recover to a high level again after the 

rain event? One possibility is that the rain water creates a wetting front of diluted water 

temporarily, then the dissolved solids left on the soil are gradually incorporated into the 

additional pore fluid. In other words, the dilution is transient and the soil is not 

completely flushed by the rain event. Another question is why the grass area showed a 

low pore fluid conductivity but still had a drop in conductivity during rain events. Only 

one pore fluid sample was collected and there may be heterogeneity in pore fluid 

conductivity leading to higher values elsewhere in the grass area. The drop in 

conductivity from the first flush of rain varied between ~3 and ~12 mS m-1 among the 

three sites (Figure 3-20). 

 Only the EM sensed the drop in conductivity. This can be explained by either the 

EM Profiler being more sensitive than ERT, or that antecedent moisture conditions were 

not the same. Antecedent moisture can play a role because flushing due to rain could 

decrease the pore water conductivity before irrigation. For the EM irrigation experiment, 

the antecedent moisture conditions were dry (no rain 2 days prior), which would allow 

for pore water to concentrate long enough to match or exceed the measured conductivity 

from the pore water samples (taken following 3 days of no rain). The ERT experiment 

was conducted one day after a rain event so the pore water conductivity would likely not 

be as concentrated. If pore water flushing is occurring at the site, it is possible that it 

occurred during the rain event the prior day, and the ERT experiment only recorded the 

increases from saturation post flush. The natural rain monitoring with EM supports this 
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hypothesis because the first event under dry events showed a drop in conductivity over 

the grass area and driveway area and the second rain event under wet conditions showed 

an increase. 

4.3. Time-Lapse Comparison of Different Areas in the Vacant Lot 

 Different areas were identified by the EM mapping not associated with a rain 

event; however, time-lapse EM could not differentiate the areas. The driveway area 

shows EM trends that can be distinguished from the other two areas, but reproducibility 

issues bring the validity of these changes into question. The changes detected by the EM 

in the grass area and house area are indistinguishable. The ERT was able to identify 

different time-lapse changes in each area during irrigation, although the reasons for the 

rise or fall in conductivity are not fully understood. The grass area showed an increase in 

conductivity and the house area showed more spatial variability in the ERT data.  

 The changes in conductivity recorded by EM during the October storm event 

areas are similar in the grass area and the house areas following heavy rain, but the light 

rain shows some contrast (Figure 4-2). Contrasts occur in the difference grid of heavy 

rain, but the magnitude of the changes are no greater than the noise associated with the 

EM Profiler. The changes within the driveway area do not indicate variation in 

infiltration, just noise from highly conductivity materials. After the light rain, the grass 

area showed a more uniform increase than any other area. The magnitude of the changes 

in the grass area are low, but higher than the instrumental noise. The house area shows 

heterogeneities but the magnitude is also not greater than noise. There is an anomaly 

along the interface of the house area and the grass area beyond the house area (around 35 

m mark).  The anomaly shows a drop in conductivity that is likely greater than the noise. 
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Figure 4-2: Changes in conductivity following light (top) and heavy (bottom) rain EM 
surveys during the October storm event. 
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The rain event monitoring is only surveyed with the EM Profiler because the 

other methods do not cover as much area in a timely manner; however, time-lapse 

monitoring with the EM Profiler alone does not seem plausible, given the issues with 

sensitivity and need for corrections. The inability to monitor during irrigation and 

precipitation limit the EM method from detecting fast flow paths. EM continuous mode 

monitoring has the potential to record these changes, but waterproofing created 

temperature changes that cause more instrument drift. The base station corrections were 

effective for the temperature drift during time-step monitoring but would not help in a 

continuous experiment at a single location.  

 The sensitivity of the EM Profiler to small changes is reduced in highly 

conductivity materials and the day-to-day reproducibility needs to be addressed for 

further monitoring attempts. The large anomalies associated with highly conductive 

materials cannot be overcome to sense small scale changes at these locations. The 

conductivity changes recorded from irrigation are not much higher than the differences 

between repeat surveys (Figure 4-3). If changes due to saturation are only on the scale of 

4-6 mS m-1 then the EM Profiler may not be sensitive enough for reliable data collection. 

A limitation not initially considered is knowledge of the pore water chemistry which may 

vary due to flushing with dilute rain or irrigation water. The potential for multiple 

changing parameters of Archie’s Equation (saturation and pore fluid conductivity) make 

the time-lapse monitoring of apparent conductivity more challenging. Without knowledge 

of the pore fluid conductivity and antecedent moisture conditions, it is difficult to 

attribute the conductivity changes to a particular process. 
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Figure 4-3: Electrical conductivity reproducibility and measured changes from the 
October storm event. Top: EM instrument noise for each time step of the October storm 
event. Each point is the absolute value of the difference between repeat surveys. Bottom: 
Absolute value of changes relative to the background survey (10/7) for light (10/8) and 
heavy rain (10/10). The repeat surveys at each time step were averaged before subtraction 
with different time steps. This comparison shows the reproducibility and measured 
changes are similar in range, bringing the validity of quantitative applications into 
question. 
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The need for a priori knowledge about subsurface conditions makes the EM method less 

attractive for time-lapse monitoring. However, the ability of the EM method to sense 

highly conductive materials is a strength of the method for investigating different types of 

urban fill. 

4.4. Comparison of Infiltration in Different Areas with Point Measurements 

 Each of the point measurements (infiltrometer, grain-size analysis, compaction, 

soil moisture, and pore fluid sampling) were examined to see if the three zones (house 

area, driveway area, grass area) exhibited distinct spatial heterogeneities (Tables 3-1, 3-2, 

3-3, 3-6 and Figure 3-8). However, as mentioned in the hypotheses, heterogeneities do 

not necessarily lead to differences in infiltration (Table 4-2). Both the average values and 

the variations within the areas were examined. An area with a higher degree of variation 

would need more point measurements in order to characterize a parameter.  

 

Table 4-2: Summary of results from point measurement methods for hydrologic site 
characterization. 

Method Grass Driveway House

Infiltrometer

No 
trend/Limited 

Data

No 
trend/Limited 

Data

No 
trend/Limited 

Data

Compaction
Least 

Compacted
Most 

Compacted
High 

Compaction
Grain Size No trend No trend No trend
Ksat High Low Low
Soil Moisture 
(Porosity) Higher N/A Lower
Soil Moisture 
(Wetting) Shallow first N/A Deep first
Soil Moisture 
(Drying) Shallow first N/A Shallow first  
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The infiltrometer data were not notably different between the three areas for 

initial or final infiltration rates although more data would be necessary to attempt 

statistical analysis. The degree of variation of infiltration rates within each area also did 

not indicate differences between areas possibly due to lack of data. The compaction data 

shows differences between areas despite a low number of data points. The trends for 

compaction are as expected with increased compaction from grass area to house area to 

driveway area. The house area and driveway area are similar, but the grass area is the 

only unaltered area and is clearly less compacted.  

 The only difference determined from grain-size analysis was the empirical Ksat 

showing a statistically significant difference in the grass area. Despite no significant 

differences shown for other aspects of the grain-size data, it was determined that both 

modified areas were similar and the natural area showed higher hydraulic conductivity. 

These results were not present in the infiltrometer data results because the empirical Ksat 

method slightly biases larger grains and cannot account for macropore flow.  

Long-term soil moisture sensors were able to identify multiple differences in 

hydrologic behavior between the house area and grass area. Soil moisture measurements 

during storm events at two depths showed that the grass area has higher porosity than the 

house area. The house area was observed to level out for a reliable estimate of porosity, 

whereas the soil moisture in the grass area never leveled out but showed peak values 

higher than the house area. The timing of wetting and drying of both areas and depths 

differed as well. In the grass area, the shallow sensor readings peak before the deep 

sensor readings, which agrees with the predictions of the piston-infiltration model. The 

house area behaves in a reverse manner where the sensor at depth begins to saturate 
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before the shallow sensor. This response at depth would imply that water is bypassing the 

shallow sensor likely through fast flow paths (macropores). The deep sensor also reaches 

saturation before the shallow sensor, suggesting ‘bathtubbing’ may occur, where the pore 

space fills from the bottom up.  

Moisture was retained longer in the house area than in the grass area at both 

depths. The shallow sensor in the house area started drying before the deep sensor, again 

suggesting the ‘bathtubbing’ effect. Both depths within the house area show a steep drop 

in moisture following each storm recorded. Since the grass area sensors never leveled off 

during monitoring, the moisture tends to fluctuate followed by a slow decline. The 

shallow sensor in the grass area starts to decline slightly before the deep sensor, but they 

follow very similar patterns. For both locations, drying back down to pre-rain soil 

moisture levels takes a minimum of 12 hours. This explains why conductivity levels in 

the geophysical surveys did not decrease towards the end of the irrigation experiments: 

the experiments did not last long enough to monitor drying of the pores. The long 

recovery time is also supported by the modeling the irrigation experiment.  

4.5. Summary of Methods 

 The EM Profiler is a fast method to characterize vacant lots and other basins, but 

high precision time-lapse monitoring requires additional resources. Detection of different 

fill types with the EM Profiler for the characterization of vacant lots is effective, 

especially with highly conductive materials. The characterization of background apparent 

conductivity may have potential applications for identifying demolition practices 

(backfilled or left in place) on vacant urban lots.  
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 Differentiation between areas of the vacant lot based on time-lapse changes in 

apparent conductivity from the EM Profiler was not as clear as the differentiation with 

ERT. Time-lapse monitoring of moisture changes with the EM Profiler has some validity, 

but the ERT seems to display superior sensitivity to small scale changes and has the 

ability to monitor continuously. Furthermore, the lack of waterproofing to continuously 

monitor infiltration processes makes it difficult for EM to sense changes that the ERT is 

capable of sensing. Due to different antecedent moisture conditions between similar 

experiments, the comparison of response in different area using EM and ERT is not 

completely clear. It is possible that the ERT would record the conductivity drop attributed 

to the flushing of pore fluids with dilute irrigation/rain water if the conditions matched 

since the ERT showed better sensitivity in all areas throughout the experiments. 

 By combining the EM Profiler method with point measurements, particularly soil 

moisture sensors, and applying corrections for instrument drift by monitoring a control 

area, characterization of vacant lot hydrology can be improved. However, with the 

addition of other soil characterization techniques and corrections to the EM, the overall 

method is slowed down and still may not give spatially variable data equivalent in detail 

to the ERT.  
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APPENDICES 

APPENDIX A 
PYTHON SCRIPT: ELECTRICAL RESISTIVITY TOMOGRAPHY FILE SPLIT 

Appendix A contains a python script that was used to split the .stg files into separate files 
for each time-lapse survey so that each time step could be presented separately. Script 
was authored by Dr. Jonathan Nyquist. 

import sys 
import csv 
import math 
 
threshold = 55.0 
fileroot = "Survey" 
filenum = 1 
fileext = ".stg" 
fileout = fileroot+str(filenum)+fileext 
 
# Open file and read header 
reader = csv.reader(open("serc2.stg","rb")) 
writer = csv.writer(open(fileout, "wb")) 
header1 = reader.next() 
header2 = reader.next() 
header3 = reader.next() 
writer.writerow(header1) 
writer.writerow(header2) 
writer.writerow(header3) 
 
# Read the first to data lines start off. We are going to parse 
# using the time stamp. 
data1 = reader.next() 
data2 = reader.next() 
writer.writerow(data1) 
writer.writerow(data2) 
 
# Convert times 
hours1 = float(data1[3][0:2]) 
minutes1 = float(data1[3][3:5]) 
seconds1 = float(data1[3][6:8]) 
time1 = 3600*hours1+60*minutes1+seconds1 
hours2 = float(data2[3][0:2]) 
minutes2 = float(data2[3][3:5]) 
seconds2 = float(data2[3][6:8]) 
time2 = 3600*hours2+60*minutes2+seconds2 
increment = math.fabs(time2-time1) 
 
print increment 
for row in reader: 

seconds1 = seconds2 
minuete1 = minutes2 
hours1 = hours2 
time1 = time2 
hours2 = float(row[3][0:2]) 
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minutes2 = float(row[3][3:5]) 
seconds2 = float(row[3][6:8]) 
time2 = 3600*hours2+60*minutes2+seconds2 
increment = math.fabs(seconds2-seconds1) 
increment = math.fabs(time2-time1) 
if increment > threshold: 

filenum = filenum + 1 
fileout = fileroot+str(filenum)+fileext 
writer = csv.writer(open(fileout, "wb")) 
writer.writerow(header1) 
writer.writerow(header2) 
writer.writerow(header3) 

writer.writerow(row) 
  



 

103 
 

APPENDIX B 
PYTHON SCRIPT: ELECTRICAL RESISTIVITY TOMOGRAPHY INVERSIONS 

AND DIFFERENCING 

Appendix B contains a script that completed the inversion process and differenced the 
data to be presented as resistivity sections and time-lapse surveys. Script was authored by 
Tyler Wong. 

import os 
import numpy as np 
import numpy.ma as ma 
from numpy.random import uniform 
from scipy.interpolate import griddata 
import matplotlib.pyplot as plt 
from matplotlib.colors import LogNorm 
from matplotlib import cm 
import pandas as pd 
from datetime import datetime, date, time 
from collections import namedtuple 
import math 
import sys 
from io import StringIO 
import colormaps as cmaps 
from pptx import Presentation 
from pptx.util import Inches 
 
plt.register_cmap(name='viridis', cmap=cmaps.viridis) 
plt.set_cmap(cmaps.viridis) 
font = {'size'   : 8} 
plt.rc('font', **font) 
 
 
directory = r'C:\Users\tue69305\Google Drive\Vince Data Share\Field 
Sites\Ambler\Beta_Test\Time Lapse Ambler' #Directory where inversion files are 
surveyRoot = 'Survey' #Root for .stg file 
baseSurveyNumber = 1 #Base survey to difference from 
arrayLength = 13.5 #Length of the array 
depthLimit = [0, -1.2] #Vertical view of the ERT section 
 
cbarLog = [] 
start = -1 #Starting exponent for log scale 
end = 3 #Ending exponent for log scale 
inc = 0.25 #Increment for log scale 
i = start 
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while (i <= end): 
    cbarLog.append(math.pow(10, i)) 
    i += inc 
 
cbarLin = [] 
start = -10 #Starting exponent for linear scale 
end = 10 #Ending exponent for linear scale 
inc = 2 #Increment for linear scale 
i = start 
while (i <= end): 
    cbarLin.append(i) 
    i += inc 
 
def plotXYZSection(x, y, z, zLabel, titleSection, cbarLevels, logScale = True): 
    gridLength = x.unique() 
    gridDepth = y.unique() 
 
    zInterpolated = griddata((x, y), z, (gridLength[None,:], gridDepth[:,None]), method = 
'linear') #Interpolate z data onto xy grid 
     
    if logScale: 
        zInterpolated[zInterpolated > max(cbarLevels)] = max(cbarLevels) #Set z values 
greater than max color scale to be equal to the max. 
        contourFill = plt.contourf(gridLength, gridDepth, zInterpolated, 15, norm = 
LogNorm(), vmin = min(cbarLevels), vmax = max(cbarLevels), levels = cbarLevels) 
    else: 
        contourFill = plt.contourf(gridLength, gridDepth, zInterpolated, 15, norm = None, 
levels = cbarLevels, extend = 'both') 
         
    #Setting size of plot 
    plt.xlim(0, arrayLength) 
    plt.ylim(depthLimit[1], depthLimit[0]) 
 
    #Label axes 
    plt.xlabel('Distance (m)') 
    plt.ylabel('Elevation (m)') 
     
    #Move x-axis to top of plot 
    fig = plt.gcf() 
    fig.get_axes()[0].xaxis.tick_top() 
    fig.get_axes()[0].xaxis.set_label_coords(0.5, 1.3) 
     
    #Draw colorbar 
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    cbar = fig.colorbar(contourFill, ticks=cbarLevels) 
    cbar.set_label(zLabel) 
     
    #TRIANGLES 
    t1 = plt.Polygon(np.array([[3, depthLimit[1]], [0, depthLimit[1]], [0, depthLimit[0]]]), 
color = 'white') 
    plt.gca().add_patch(t1) 
     
    t2 = plt.Polygon(np.array([[arrayLength -3, depthLimit[1]], [arrayLength, 
depthLimit[1]], [arrayLength, depthLimit[0]]]), color = 'white') 
    plt.gca().add_patch(t2) 
     
    #Set dimensions of the output plot 
    plt.title(titleSection, x = -0.25, y = 0.5) 
    fig.set_size_inches(10.75, 1.5, forward = True) 
 
class Survey(): 
     
    def __init__(self, sNum, startT, endT, resRI): 
        self.surveyNumber = sNum 
        if self.surveyNumber == baseSurveyNumber: 
            setattr(Survey, 'baseSurvey', self) 
        self.startTime = startT 
        self.endTime = endT 
        self.resRegInvXYZ = resRI 
         
        #Calculate resistivity difference from base survey 
        self.resRegInvXYZ['zDiff'] = ((self.resRegInvXYZ['z'] - 
self.baseSurvey.resRegInvXYZ['z'])/self.baseSurvey.resRegInvXYZ['z']) * 100 
         
    def plotResRegInv(self): 
        """Plots the resistivity section of the calling survey""" 
        x = self.resRegInvXYZ['x'] 
        y = self.resRegInvXYZ['y'] 
        z = self.resRegInvXYZ['z'] 
         
        plotXYZSection(x, y, z, 'Resistivity (Ohm*m)', 'Survey{0:02}\n{1} - 
{2}\nResistivity Section'.format(self.surveyNumber, 
self.startTime.strftime('%H:%M:%S'), self.endTime.strftime('%H:%M:%S')), 
                      cbarLog) 
        plt.savefig(directory + '\\Survey{0:02}_ResRegInv.png'.format(self.surveyNumber), 
dpi = 600, pad_inches=0.1, transparent = True, bbox_inches='tight') 
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    def plotBaseDiffRes(self): 
        """Plots the difference in resistivity of the calling survey from the base survey""" 
        x = self.resRegInvXYZ['x'] 
        y = self.resRegInvXYZ['y'] 
        z = self.resRegInvXYZ['zDiff'] 
                 
        plotXYZSection(x, y, z, '% Resistivity Change',  'Survey{0:02}\n{1} - 
{2}\nDifference from Background'.format(self.surveyNumber, 
self.startTime.strftime('%H:%M:%S'), self.endTime.strftime('%H:%M:%S')),  
                       cbarLin, logScale = False) 
        plt.savefig(directory + 
'\\Survey{0:02}_BaseDiffRes.png'.format(self.surveyNumber), dpi = 600, 
pad_inches=0.1, transparent = True, bbox_inches='tight') 
         
    def diffResLast(self, last, scale): 
        """Plots the difference in resistivity from the current survey from a given survey 
(last)""" 
        x = self.resRegInvXYZ['x'] 
        y = self.resRegInvXYZ['y'] 
        z = ((self.resRegInvXYZ['z'] - last.resRegInvXYZ['z'])/last.resRegInvXYZ['z']) * 
100 
         
        plotXYZSection(x, y, z, '% Resistivity Change',  'Survey{0:02} to 
Survey{1:02}\n{2} - {3}\nDifference from Previous'.format(last.surveyNumber, 
self.surveyNumber, self.startTime.strftime('%H:%M:%S'), 
self.endTime.strftime('%H:%M:%S')),  
                       cbarLin, logScale = False) 
        plt.savefig(directory + 
'\\Survey{0:02}_DiffResLast.png'.format(self.surveyNumber), dpi = 600, 
pad_inches=0.1, transparent = True, bbox_inches='tight') 
 
surveys = [] 
 
#Search for .stg files 
stgFiles = [f for f in os.listdir(directory) if (f.endswith('.stg') and 
f.startswith(surveyRoot))] 
lastSurveyNumber = int(stgFiles[-1][stgFiles[-1].rfind(surveyRoot) + len(surveyRoot) : 
stgFiles[-1].rfind(surveyRoot) + len(surveyRoot) + 2]) 
print(stgFiles) 
 
#Create Survey object from the .stg files. 
for s in stgFiles: 
    #Extract survey number from the filename 
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    surveyNumber = int(s[s.rfind(surveyRoot) + len(surveyRoot) : s.rfind(surveyRoot) + 
len(surveyRoot) + 2]) 
     
    if (surveyNumber < baseSurveyNumber): #Do not parse surveys that came before the 
base survey 
        continue 
     
    print('-------------------SURVEY{0:02}-------------------'.format(surveyNumber)) 
     
    #Compute the directory for the survey's inversion directory 
    sDirectory = directory + '\\' + s[:-4] 
    regInvDirectory = sDirectory + '\\trial1' 
    print('Regular Inversions: ', regInvDirectory) 
 
    #Extract start and end times from .stg file 
    f = open(os.path.join(directory,s), 'r') 
    stg = f.read() 
    startTime = datetime.strptime(stg[stg.rfind(',', 0, stg.rfind(',', 0, stg.find(':', 
stg.find('Unit: meter') + 11)))  + 1: stg.find(',', stg.find(':', stg.find(':', stg.find('Unit: 
meter') + 11)))],  
                                 '%Y%m%d,%H:%M:%S') 
    endTime = datetime.strptime(stg[stg.rfind(',', 0, stg.rfind(',', 0, stg.rfind(':'))) + 1: 
stg.find(',', stg.rfind(':'))], '%Y%m%d,%H:%M:%S') 
    print('Start time: ', startTime) 
    print('End time: ', endTime) 
     
    #Parse .out file for information about inversion trials 
    regInvOut = [f for f in os.listdir(regInvDirectory) if (f.endswith('.out'))][0] 
    outFile = os.path.join(regInvDirectory, regInvOut) 
    print(outFile) 
    f = open(outFile,'r') 
    out = f.read() 
    errorInfo = out[out.find(';------ CONVERGENCE ------') + 61 : out.find(';------ 
OUTPUT OF DATA AND MODEL OF ALL ITERATIONS ------') - 2] 
    error = StringIO(errorInfo) 
    df = pd.read_csv(error, names = ['Iteration', 'RMS', 'L2Norm']) 
    df = df.set_index('Iteration') 
    print(df) 
    iteration = df['RMS'].idxmin() #Gets the iteration of the survey with the least error 
     
    #Finds the .xyz files (resistivity and conductivity) for the regular inversion. 
    regInvFiles = os.listdir(regInvDirectory) 
    for f in regInvFiles: 



 

108 
 

        if ('InvRes{0}'.format(iteration) in f and '.dat' in f): 
            resRegInvDat = os.path.join(regInvDirectory, f) 
            print('Regular Inversion ResXYZ : ', resRegInvDat) 
 
    #Create dataframes from resistivity and conductivity .xyz files 
    resRegInvXYZ = pd.read_csv(resRegInvDat, sep = '\s+', names = ['x', 'y', 'z']) 
 
    #Create Survey object and add it to the array 
    surveys.append(Survey(surveyNumber, startTime, endTime, resRegInvXYZ)) 
 
for s in surveys: 
    print('Plotting survey{0} resistivity section'.format(s.surveyNumber)) 
    s.plotResRegInv() 
    plt.clf() 
 
i = 1 
while i < len(surveys): 
    print('Plotting survey{0} difference in resistivity from previous survey'.format(i)) 
    surveys[i].diffResLast(surveys[i - 1], 20) 
    plt.clf() 
    i += 1 
 
for s in surveys: 
    print('Plotting survey{0} difference in resistivity from base 
survey'.format(s.surveyNumber)) 
    s.plotBaseDiffRes() 
    plt.clf() 
 
#Creates powerpoint 
prs = Presentation() 
prs.slide_width = Inches(13.333) #Width of slide 
prs.slide_height = Inches(7.5) #Height of slide 
blank_slide_layout = prs.slide_layouts[6] #Chooses blank layout 
for s in surveys: 
    slide = prs.slides.add_slide(blank_slide_layout) 
    #Tries to add pics. If pic not found, skip it. 
    try: 
        pic1 = slide.shapes.add_picture(os.path.join(directory, 
'Survey{0:02}_ResRegInv.png'.format(s.surveyNumber)), 0, 0, width = prs.slide_width) 
    except: 
        pass 
         
    try: 
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        pic2 = slide.shapes.add_picture(os.path.join(directory, 
'Survey{0:02}_BaseDiffRes.png'.format(s.surveyNumber)), 0, Inches(2.5), width = 
prs.slide_width) 
    except: 
        pass 
     
    try: 
        pic3 = slide.shapes.add_picture(os.path.join(directory, 
'Survey{0:02}_DiffResLast.png'.format(s.surveyNumber)), 0, Inches(5), width = 
prs.slide_width) 
    except: 
        pass 
     
prs.save(os.path.join(directory,'XYZ_Timelapse.pptx')) #Save the powerpoint 
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APPENDIX C 
TIME-LAPSE ELECTRICAL RESISTIVITY TOMOGRAPHY RESULTS 

Appendix C presents a list of the electrical resistivity tomography pseudo-section results 
for each time step of the irrigation experiment. 
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APPENDIX D 
HORTON’S EQUATION DECAY CONSTANT PLOTS 

Appendix D presents a list of the Horton equation fits of infiltrometer data to obtain 
decay constants at locations within each area of the Ambler site. 
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APPENDIX E 
R SCRIPT: ANOVA FOR GRAIN-SIZE DATA 

Appendix E contains the R script to run ANOVA analysis for the grain-size data. Script 
was authored by Dr. Sujith Ravi. 

library(ggplot2) 
library(cowplot) 
setwd("G:\My Drive\Vince Data Share\Field Sites\Ambler\Infiltration_Soil 
Moisture_Data\Grain Size Analysis") 
test <- read.csv(file = "testvc.csv") 
 
 
av1<-aov(ksat~location, data=test) 
#oneway ANOVA output stored in av1 
summary(av1) 
 
tk<-TukeyHSD(av1) 
tk 
 
p2<-ggplot(data=test, aes(x=location, y=ksat, fill=location))+ 
  geom_boxplot()+ 
  scale_fill_manual(values=c("#CC3300", "#339933","#3399FF"))+ 
  theme(legend.position="none")+ 
  labs(x="", y= expression(K[sat] * " m s" ^-1))+ 
  #ylim(0, 0.05)+ 
   
   
  theme_bw()+ 
  theme(axis.text.x=element_text(size=15), 
        axis.title.x=element_text(size=15), 
        axis.text.y=element_text(size=15), 
        axis.title.y=element_text(size=15), 
        #panel.background = element_rect(fill = 'white'), 
        #plot.margin = unit(c(0.6,0.5,0.5,0.5), "cm"), 
        panel.background = element_blank(), 
        panel.grid.major = element_blank(), 
        panel.grid.minor = element_blank(), 
        axis.line = element_line(colour = "black"), 
        panel.border = element_rect(colour = "black", fill= NA, size= 1), 
        legend.position="") 
p2 
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APPENDIX F 
INPUT DATA FOR ANOVA (CSV FILE) 

Appendix F contains the .csv file used to run the ANOVA statistical analysis in the 
proper file format. 

Location location mean D10  D60 median U n ksat  

M1.5_1_VC_1 Grass 70.7776 2.36279 30.4267 21.4584 12.87745 0.278146 1.88E-08 

M1.5_1_VC_2 Grass 80.3854 2.52926 33.6801 23.8922 13.31619 0.276329 2.10E-08 

M1.5_2_VC_1 Grass 86.7413 2.49353 34.2746 24.2119 13.74541 0.27469 1.99E-08 

M6_1_VC_1 Driveway 105.458 2.04151 38.9707 26.6009 19.08915 0.262275 1.12E-08 

M6_2_VC_1 Driveway 116.881 1.98317 114.532 29.2395 57.75198 0.255005 9.56E-09 

M9_1_VC_1 House 96.4021 2.06384 90.6276 28.9709 43.91212 0.255071 1.04E-08 

M9_2_VC_1 House 88.4203 2.23661 35.5891 25.1693 15.91207 0.268149 1.46E-08 

N1.5_1_VC_1 Grass 121.79 2.2804 50.671 32.1197 22.22022 0.259059 1.34E-08 

N1.5_2_VC_1 Grass 133.578 2.42738 188.767 31.1722 77.76574 0.255 1.43E-08 

N6_1_VC_1 Driveway 91.2596 1.832 79.3289 26.6397 43.3018 0.25508 8.17E-09 

N6_2_VC_1 Driveway 89.582 1.87127 86.1325 26.9849 46.0289 0.255048 8.52E-09 

N9_1_VC_1 House 102.139 2.12811 42.8396 30.0239 20.13035 0.260992 1.20E-08 

N9_2_VC_1 House 96.7613 2.22291 36.2831 25.4549 16.32234 0.267182 1.43E-08 

S1.5_1_VC_1 Grass 105.217 2.16371 113.124 26.2627 52.28242 0.255015 1.14E-08 

S1.5_2_VC_1 Grass 113.031 2.29565 39.4344 26.2341 17.17788 0.265387 1.48E-08 

S6_1_VC_1 Driveway 120.26 2.20229 170.471 34.4493 77.40625 0.255 1.18E-08 

S6_2_VC_1 Driveway 99.4001 1.90627 90.4583 26.8726 47.45304 0.255037 8.84E-09 

S9_1_VC_1 House 104.859 1.86102 51.468 32.9541 27.6558 0.256474 8.60E-09 

M0_VC_1 Grass 77.6497 2.08222 32.8432 22.7689 15.77317 0.268494 1.28E-08 

M0_VC_2 Grass 78.9193 2.06537 31.9034 22.4063 15.44682 0.26934 1.27E-08 

M3_VC_1 Grass 152.019 2.77778 222.678 37.2956 80.16402 0.255 1.88E-08 

M5_VC_1 Driveway 154.914 2.46417 248.539 40.8192 100.8611 0.255 1.48E-08 

M10_VC_1 House 80.2192 1.90623 35.8675 25.2578 18.81594 0.262655 9.85E-09 

M11_VC_1 House 97.9281 1.99991 94.326 28.9846 47.16512 0.255039 9.72E-09 

M12_VC_1 House 93.6825 1.97444 83.3073 26.21 42.19287 0.255098 9.49E-09 

M13_VC_1 House 89.1956 1.97956 72.4633 25.5204 36.60576 0.255278 9.56E-09 

S9_2_VC_1 House 119.935 1.40983 142.34 26.3744 100.9625 0.255 4.83E-09 
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APPENDIX G 
PYTHON SCRIPT: ELECTROMAGNETIC INDUCTION BASE STATION 

CORRECTION 

Appendix G contains the script to perform the base station corrections for EM data from 
the irrigation experiment. 

import numpy as np 
import pandas as pd 
import matplotlib.pyplot as plt 
import matplotlib.dates as mdates 
from datetime import datetime, timedelta 
import os 
from mpl_toolkits.axes_grid1 import host_subplot 
import mpl_toolkits.axisartist as AA 
 
get_ipython().magic('matplotlib inline') 
 
# In[2]: 
 
def replacedates(date): 
    return date.replace(year = 2017, month = 8, day = 4) 
 
lightIntensity = pd.read_csv('light_intensity_2017_08_04.csv', skiprows = 1) 
lightIntensity = lightIntensity.set_index('#') 
lightIntensity = lightIntensity.rename(columns = {'Date Time, GMT-04:00' : 'Time', 
                                                  'Temp, °C (LGR S/N: 10829630, SEN S/N: 10829630)': 
'Temp', 
                                                  'Intensity, Lux (LGR S/N: 10829630, SEN S/N: 
10829630)' : 'Lux'}) 
lightIntensity = lightIntensity.drop({'Coupler Attached (LGR S/N: 10829630)', 
                                      'Host Connected (LGR S/N: 10829630)', 
                                      'Stopped (LGR S/N: 10829630)', 
                                      'End Of File (LGR S/N: 10829630)'}, 1) 
lightIntensity['Time'] = lightIntensity['Time'].apply(datetime.strptime, args = 
{'%m/%d/%y %I:%M:%S %p'}) 
lightIntensity['Time'] = lightIntensity['Time'].apply(mdates.date2num) 
 
profilerTemperature = pd.read_csv('profiler_temp_2017_08_04.csv', skiprows = 1) 
profilerTemperature = profilerTemperature.set_index('#') 
profilerTemperature = profilerTemperature.rename(columns = {'Date Time, GMT-04:00' 
: 'Time', 
                                                            'Temp, °C (LGR S/N: 20076972, SEN S/N: 
20076972)': 'Temp'}) 
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profilerTemperature = profilerTemperature.drop({'Coupler Detached (LGR S/N: 
20076972)', 
                                                'Coupler Attached (LGR S/N: 20076972)', 
                                                'Host Connected (LGR S/N: 20076972)', 
                                                'Stopped (LGR S/N: 20076972)', 
                                                'End Of File (LGR S/N: 20076972)'}, 1) 
profilerTemperature['Time'] = profilerTemperature['Time'].apply(datetime.strptime, args 
= {'%m/%d/%y %I:%M:%S %p'}) 
profilerTemperature['Time'] = profilerTemperature['Time'].apply(mdates.date2num) 
 
# In[3]: 
 
emifiles = [f for f in os.listdir('.\\') if f.endswith('.EMI')] 
num = 1 
dfsurveys = [] 
for file in emifiles: 
    print(file) 
    df = pd.read_csv(file, skiprows = 34).drop({'Record #', 'YCoord', 'InPhase[15000]', 
'Quad[15000]', 'InPhase[8000]', 'Quad[8000]', 'Remark', 'Mark', 'Tilt', 'Errors'}, axis = 1) 
    df['Survey#'] = num 
    dfsurveys.append(df) 
    num += 1 
     
for df in dfsurveys: 
    df['Time'] = df['Time'].apply(datetime.strptime, args = {'%H:%M:%S.%f'}) 
    df['Time'] = df['Time'].apply(replacedates) 
    df['Time'] = df['Time'].apply(mdates.date2num) 
     
# In[6]: 
 
dfs = dfsurveys[0] 
 
plt.plot(dfs['XCoord'], dfs['Conductivity[15000]']) 
 
plt.legend(loc = 'upper center', bbox_to_anchor = [0.5, -0.075], ncol= 4) 
 
 
# In[7]: 
 
for f in dfsurveys[0:10]: 
    plt.plot(f['XCoord'], f['Conductivity[15000]'], label = 
'Survey#{0}'.format(f['Survey#'].iloc[0])) 
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plt.legend(loc = 'upper center', bbox_to_anchor = [0.5, -0.075], ncol= 4) 
#ncol refers to width of objects in legend 4 has them 4 across, 2 would have them 2 
across 
plt.xlabel('Station (m)') 
plt.ylabel('Conductivity (mS/m)') 
plt.title('Ambler Sprinkler Test 8/4 (uncorrected)') 
fig = plt.gcf() 
#plt.gcf keeps the current figure so you can edit size below 
fig.set_size_inches(12, 8, forward = True) 
 
#no corrected points yet 
 
# In[8]: 
 
for f in dfsurveys[0:10]: 
    plt.plot(f['XCoord'], f['Conductivity[15000]'], label = 
'Survey#{0}'.format(f['Survey#'].iloc[0])) 
 
plt.legend(loc = 'upper center', bbox_to_anchor = [0.5, -0.075], ncol= 4) 
#ncol refers to width of objects in legend 4 has them 4 across, 2 would have them 2 
across 
plt.xlabel('Station (m)') 
plt.ylabel('Conductivity (mS/m)') 
plt.title('Ambler Sprinkler Test 8/4 Stations 10-25 (uncorrected)') 
fig = plt.gcf() 
#plt.gcf keeps the current figure so you can edit size below 
fig.set_size_inches(12, 8, forward = True) 
plt.xlim([8,25]) 
plt.ylim([10,30]) 
 
# In[9]: 
 
#Surveys 1 and 2 were background (files 108 & 109) 
#Survey 3 occured after 1 hour of irrigation 
#Survey 4 occured after 1 additional hour of irrigation  
#All surveys after occurred during drying phases 
 
# In[10]: 
 
#attempt to plot same length/range as ERT and flip to same orientation 
for f in dfsurveys[0:4]: 
    plt.plot(f['XCoord'], f['Conductivity[15000]'], label = 
'Survey#{0}'.format(f['Survey#'].iloc[0])) 
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plt.legend(loc = 'upper center', bbox_to_anchor = [0.5, -0.075], ncol= 4) 
#ncol refers to width of objects in legend 4 has them 4 across, 2 would have them 2 
across 
plt.xlabel('Station (m)') 
plt.ylabel('Conductivity (mS/m)') 
plt.title('Ambler Sprinkler Test 8/4 Stations Flipped to ERT Orientation (uncorrected)') 
fig = plt.gcf() 
#plt.gcf keeps the current figure so you can edit size below 
fig.set_size_inches(12, 8, forward = True) 
plt.xlim([0,14]) 
plt.gca().invert_xaxis() 
 
plt.savefig('Uncorrected_EM_ReverseOrder_2017_08_04') 
 
# In[11]: 
 
#start of point corrections 
 
basestations = np.arange(20, 26, 1) 
#26 accounts for the avg calculation 
backgroundsurvey = dfsurveys[0] 
#This is the first survey which all drift is compared to 0 = the first file in dfsurveys 
basecorrection = pd.DataFrame({'Survey#' : np.arange(1, len(dfsurveys) + 1)}) 
#creating a dataframe with column name survey# that is a range equal to the amount in 
dfsurveys 
#starting at 1 instead of 0 but still equal...hence the '+ 1' 
basecorrection = basecorrection.set_index('Survey#') 
#setting this column as the index 
 
for b in basestations: 
    correction = pd.concat([item.iloc[b] for item in dfsurveys], axis = 1).transpose() 
    #with concat you can combine rows or use the 'axis = 1' to combine (add) columns 
    correction['Correction'] = correction['Conductivity[15000]'] - 
backgroundsurvey['Conductivity[15000]'].iloc[b] 
    #calculation to subtract cond values from the original survey 
    correction = correction.set_index('Survey#') 
    correction = correction.drop({'XCoord', 'Time', 'Conductivity[15000]', 
'Conductivity[8000]'}, 1) 
    #dropping columns not needed which factors into having the correct dimensions 
    basecorrection['Point {0} Correction'.format(b)] = correction 
 
basecorrection['Avg Correction'] = basecorrection.mean(axis = 1) 
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basecorrection 
 
# In[12]: 
 
#this creates the new drift15 data 
pointReadings = [] 
numIndex = len(dfsurveys[0]) 
i = 0 
while i < numIndex: 
    df = pd.concat([item.iloc[i] for item in dfsurveys], axis = 
1).transpose().set_index('Survey#') 
    df['Drift15'] = df['Conductivity[15000]'] - basecorrection['Avg Correction'] 
    pointReadings.append(df) 
    i += 1 
pointReadings 
 
# In[13]: 
 
#this puts the Drift15 column into the dfsurveys data 
i = 0 
for correction in basecorrection['Avg Correction']: 
    dfsurveys[i]['Drift15'] = dfsurveys[i]['Conductivity[15000]'] - correction 
    i += 1 

 

 

 

 




