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ABSTRACT 

A new real-time in-field interpretation and visualization scheme and software, using neural 

networks for the detection and localization of buried waste, and the boundaries of waste 

sites, has been developed. The capabilities and limitations of the high-frequency (I kHz to 

1 MHz and 31 kHz to 32 MHz) electromagnetic ellipticity systems are analyzed by 

numerically studying the sensitivity of the acquired 3D-eIlipticity to model parameters 

describing the geometry of the systems and the electrical parameters of layered-earth 

models. 

Changes in ellipticity due to coil misalignment in standard operating mode are typically just 

1% to 2%. Changes due to variations in layered-earth model parameters (resistivity, relative 

dielectric constant, and thickness) are typically at least one order of magnitude higher. 

Hence, it will be possible to resolve these parameters. For conductive models (resistivity < 

50 Qm) it will be hard to determine the relative dielectric constant and for models with high 

relative dielectric constants it will be hard to determine the resistivity, especially if it is 

greater than 1000 flm. 

The results of the sensitivity analysis contribute considerably to the training of several 

neural networks to determine the electrical properties of the subsurface. The two classes of 

artificial neural network paradigms utilized in this study are the radial basis function and the 

modular neural network algorithms. One-dimensional layered-earth inversions are 
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performed by neural networks using ellipticity data. The three-dimensional localization of 

metallic objects (e.g. drums) is done by visualizing the results of one particular halfspace 

neural network technique. Several small conductive objects have been detected by applying 

this technique to data collected in controlled physical modeling field experiments. 

Classification neural networks are trained on field data to categorize ellipticity soundings 

into either a target or a background class. 

Two environmental geophysics field case studies were analyzed using the developed 

interpretation system and the visualization software. The first case study involves mapping 

subsidence areas caused by an underground coal mine fire in Wyoming. The neural 

network interpretations fi-om the mine survey match comparable inversion results. The 

second smdy documents the successful characterization of a simulated hazardous waste pit 

at the Idaho National Engineering Laboratory. 
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1. INTRODUCTION 

LI Overview 

The U.S. Department of Energy (DOE) plans to characterize more than 3,700 contaminated 

sites, 1.5 million banels of stored toxic and radioactive waste, 385,(X)0 of high-level 

waste in tanks, and from 1,700 to 7,000 facilities before remediation, treatment, and facility 

transitioning can commence (DOE, 1995). Therefore, it is critical to DOE to find cost-

effective technologies for all environmental management characterization requirements. In 

particular, DOE is investigating electromagnetic (EM) geophysical systems for non-invasive 

characterization of existing waste sites. The objective of such a system is to provide an 

image of the subsurface showing the depth and location of buried objects (e.g. barrels) and 

the boundaries of the waste pit, based on differences in electromagnetic properties (e.g. 

resistivity, relative dielectric constant, and relative magnetic permeability). 

Ground Penetrating Radar (GPR) has been shown to be a powerful tool for environmental 

geophysical investigations (Annan et al., 1990; Bouvier and Frobert, 1995). GPR is the 

general term applied to techniques which employ radio waves, typically in the ten to 

thousand megahertz finequency range, to map stmctures and features buried in the ground 

(Annan and Cosway, 1992; Daniels, 1996; Annan, 1997). Unfortunately, in many areas the 

attenuation of radar energy is much too great for radar to be effective. In the southwestern 

United States, for example, the depth of penetration of radar energy in basin-fill sediments 

is typically only one meter (Olhoeft, 1986; Sternberg and Dvorak, 1997). In order to 



reliably obtain a usable depth of penetration for environmental investigations, it is necessary 

to use lower frequencies than are normally used in GPR investigations. 

The depth of penetration depends on the operating frequency and the signal attenuation, 

which is a function of the electrical properties of the ground (Daniels, 1996). ti general dry 

materials will have a lower signal attenuation than wet ones. In general, material which has 

a high value of low-frequency conductivity will have a large signal attenuation. Thus 

gravel, sand, dry rock, and fresh water are relatively easy to probe using radar methods, 

while salt water, clay soils and conductive ores or minerals are less so. Annan et al. (1990) 

used GPR and m^etic gradiometer techniques to map buried barrels at depths up to 2 m in 

a conductive soil (20 mS/m). Several applications can be found in a special issue of the 

Journal of Applied Geophysics about GPR (Owen, 1995). Typically several geophysical 

methods are combined to resolve environmental studies (Ward, 1990). 

Hoekstra and Lahti (1994) used magnetics, GPR, and different EM instruments and 

compared their performance at the Idaho National Engineering Laboratory Cold Test Pit. 

The GPR method showed some serious limitations, because the signal was highly 

attenuated and none of the GPR records obtained indicated the presence of targets, which 

were buried in a depth range from approximately 0.5 m to 3 m. The best results were 

achieved with the Geonics EM-61 (Geonics, 1992; Geonics, 1996), while the Geonics EM-

31 (McNeill, 1980) and the magnetic data were noisy. Roberts et al. (1992) showed that the 

location and orientation of barrels buried in the first two meters of the subsurface could be 
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detected with GPR in clean sand with a relative dielectric constant of 7. A similar case 

history is presented by Scaife et al. (1990) in silty clay soil. Struttmann and Anderson 

(1989) compare Geonics EM-31 and magnetometer data to locate the position of buried 

waste, but were not able to obtain depth-estimates. Li Geonics (1992) a Geonics EM-6I 

data set is compared to a magnetic gradiometer data set for the detection of buried metal. 

The Geonics EM-61 results show a good spatial resolution and in addition some efforts are 

made to estimate the depth of the targets (< 2 m). Cochran and Dalton (1995) compared 

high-density magnetic and Geonics EM-61 data for the characterization of a waste site. 

Pierce and DeReamer (1993) were able to successfully locate isolated drums at depths down 

to approximately 3 m with a magnetic gradiometer survey. Dwyer and Johnson (1993) were 

able to locate buried metal (drums, tanks and smaller size metal) with a magnetometer 

survey successfiilly. The magnetometer was sensitive enough to detect an anomaly 

associated with several drums to a depth of approximately 6.5 m. Pippett et al. (1995) use a 

magnetometer system to locate and validate the presence of buried ferrous items in a high-

resolution survey. Using electrical soundings, Geonics EM-31, GPR, and magnetics 

Bouvier and Frobert (1995) were able to delineate the boundaries of an urban waste site 

with an horizontal accuracy of about 1 m and they found that the combination of GPR and 

magnetics complemented each other to locate several buried dmms. Dahlin and Jeppsson 

(1995) also located metallic objects and the boundaries of a waste site in southern Sweden 

using magnetics, Slingram, and Wenner soundings. Busquet et al. (1995) used 

Schlumberger soundings, magnetics, EM methods, and GPR to detect the boundaries of a 



waste pit. Tezkan et al. (1996) and Zacher et al. (1996) detennined the boundaries of waste 

sites using the radiomagnetotelluric method. 

In summary, EM, GPR, and magnetics are able to detect and locate buried metallic objects 

in high-resolution environmental studies. EM and magnetic geophysical techniques show 

the best spatial resolution, but lack good estimates for the depth of the targets. One of the 

reasons is that the commonly used EM-systems in environmental geophysics use just one 

frequency at a fixed intercoil spacing (e.g. Geonics EM-31) or three frequencies at three 

intercoil spacings (e.g. Geom'cs EM-34). GPR can be very effective in detecting targets 

very close to the surface but fails over conductive terrain such as clay-rich soil. Some GPR 

antennas use low frequencies such as 25 MHz (Wood and Hennon, 1993), which is more an 

EM frequency than a traditional GPR frequency. Di this case resolution is sacrificed for the 

increased depth of penetration. Magnetic gradiometer surveys are cost effective, but suffer 

from a decreasing spatial resolution with depth. It would be desirable to have a cost 

effective EM system delivering depth estimates, using several frequencies, which close the 

frequency-gap between existing fi«quency EM systems and GPR systems. 

Existing electromagnetic geophysical systems usually operate in the frequency range of a 

few Hertz to several hundred Hertz. The general EM method measures magnetic and 

electric fields associated with subsurface currents and is used, for example, in mineral 

exploration to detect ore deposits. In environmental and engineering geophysics it is used 

to detect, quantify, or monitor subsurface hazards. Unfortunately, due to the lower 
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frequencies used in most conunercial systems, the depth of investigation is much deeper 

than needed for environmental characterizations. This leads to subsurface images which do 

not have enough resolution to locate small shallow objects. There is a trade-off between 

frequency (depth of penetration) and resolution. Lower frequency EM waves penetrate deep 

into the subsurface, so the recorded response is filtered by a large volume of the subsurface. 

Higher frequency EM waves attenuate faster and therefore do not penetrate as deep into the 

subsurface, which results in a recorded response that is filtered by a smaller volume. 

Consequently higher frequencies can provide high-resolution information of the shallow 

subsurface, while lower firequencies provide information from greater depth but with less 

resolution, in regard to small targets which are of interest in environmental and engineering 

studies. 

Two high-frequency EM imaging systems that overcome the depth restrictions of GPR and 

the resolution limitations of existing EM methods have been developed at the Laboratory 

for Advanced Subsurface Imaging, which is part of the Department of Mining and 

Geological Engineering at the University of Arizona. These loop-loop systems are 

especially designed for environmental studies to fill the gap between the shallow GPR and 

the deeper-looking standard EM systems, using fi^uency ranges of 1 kHz to 1 MHz and 31 

kHz to 32 MHz, respectively. Currently 11 frequencies are transmitted sequentially in 

binary steps over the frequency ranges. The higher frequency ranges are necessary to 

provide high resolution over the range of depths that are of interest in environmental 

geophysics surveys and for the DOE. A high-frequency system is also necessary to obtain 
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information about the dielectric constant. A broadband fi^quency system in these frequency 

ranges is necessary because different frequencies provide resistivity and relative dielectric 

constant information fn}m different depths. 

The research documented in this dissertation focuses on the development of a real-time in

field interpretation and visualization scheme using neural networks for the detection and 

localization of buried waste, and the boundaries of the waste sites. The two new high-

frequency EM systems, which are used to acquire the necessary field data for this study, are 

discussed in more detail in chapter 1.2.1. The ellipticity systems are numerically simulated 

with a one-dimensional layered-earth program that takes displacement currents into account. 

This program EMID was written by Ki Ha Lee (1996) at the Lawrence Berkeley National 

Laboratory and embedded in the 106 input-output routines from Scott Thomas (1996b) 

(chapter 2.2.1). Another program EMIDSH is used to numerically model multiple thin 

three-dimensional conductive sheets in a layered-earth neglecting displacement currents 

(Hoversten and Becker, 1995) (chapter 2.2.2). A real-time in-field interpretation system 

will allow adjustments of survey parameters (e.g. station or line spacing, transmitter-

receiver spacing, and surface observations) and data quality control during the survey itself, 

avoiding expensive reruns of surveys. This approach is completely new and led to the first 

EM geophysical system that uses a real-time in-field neural network interpretation (chapters 

2.2.1 and 3.1). 
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Neural networks are used as the primary computational tool to interpret the acquired data 

and determine the resistivity and relative dielectric constant structure of the subsurface 

(chapter 3). An artificial neural network is a type of computer algorithm loosely based on 

the way neurons in animals process and store information, inspired by studies of the brain. 

Neural networks are massively parallel in the way they perform computations, and they 

have a highly interconnected architecture, which makes them a very fast computational 

technology. The intriguing aspect of neural networks is their ability to perform well on the 

same types of tasks on which humans traditionally have performed well, namely pattern 

recognition. 

Neural networks have been applied in geophysics since the late 1980s (Raiche, 1991). 

Neural networks applied to EM geophysical problems started out with presentations at the 

59"* and 62^ international meeting of the Society of Exploration Geophysicists (SEG) 

(Poulton et al., 1989; Poulton, 1991), which were leading to some of the earliest 

publications. In 1991 Raiche (1991) suggested some guide lines for investigating the 

suitability of neural networks to invert EM data. Poulton et al. (1992a,b) describe the use of 

different neural network paradigms to estimate the spatial location of a target given an 

image of EM data. In 1993 Cisar et al. used neural networks to locate underground storage 

tanks using frequency-domain EM data. Swiniarski et al. (1993) and Hidalgo et al. (1994) 

use neural networks successfully to approximate the inverse of a ID magnetotelluric 

forward model. Schmidt and Cull (1995) use neural networks as an interpretation aid for 

three component downhole TEM to esumate the strike and dip of a dipping plate. In Birken 



and Poulton (1995) a neural network interpretation scheme for frequency-domain 

electromagnetic surveys is discussed, which estimates the resistivity structure from 

ellipticity data collected with the high-frequency ellipticity EM system of LASL Brown and 

Poulton (1996) interpreted magnetic and electromagnetic data from the Dig-face 

characterization experiment (Josten, 1995) with neural networks. Ahl (1997) uses neural 

networks to classify airborne EM data. 

Since 1990 many presentations and papers were published on the use of different neural 

network paradigms to almost every geophysical method, with a large emphasis on seismics 

(SEG, 1990-1996). In this literature, neural networks were used to pick first breaks, 

stacking velocities or boundaries between layers, as well as inverting seismic data. Other 

seismic applications include the classification of seismic signals of different types of events 

(Romeo et al., 1995). A lot of other applications deal with neural networks performing the 

inversion of a geophysical data set Taylor and Vasco (1990) used neural networks to invert 

gravity gradiometry data to obtain images of the density structure. Winkler (1994) inverted 

frequency-domain electromagnetic data into depth and resistivity information using neural 

networks and Schneiderbauer (1994) used neural networks to invert Geonics EM-31 and 

Geonics EM-34 data to depth estimates. Roth (1994) shows in his dissertation that a neural 

network is able to simulate the analytical least squares solution. In Roth and Tarantola 

(1995) the authors show that neural networks can solve nontrivial inverse problems for the 

problem of inverting seismic data from a common shot gather to a ID large-scale velocity 

model. Michaels and Smith (1997) perform a surface wave inversion with neural networks 



for engineering applications. Winkler and Seiberl (1997) have applied neural networks to 

invert airborne EM data with neural networks. 

In this research neural networks are used to estimate highly non-linear functions, describing 

the relationship between the measured magnetic field components and the subsurface 

resistivity and relative dielectric constant structure in one, two, or three dimensions. In one 

dimension (ID) it relates the measured fields to an earth divided into horizontal layers of 

different resistivities and relative dielectric constants. In two dimensions (2D) it relates the 

measured fields at several stations to a resistivity or relative dielectric constant section of 

the earth, while in three dimensions (3D) it would provide a complete image of the 

subsurface resistivity and relative dielectric stracture using stations from the whole survey 

area. In any dimension, the depth information is provided by the different frequencies and 

transmitter-receiver coil separations. 

The two most commonly used neural network paradigms in this dissertation are the modular 

neural network (chapter 3.2.2) and the radial basis function neural network (chapter 3.2.1). 

These two neural networks are the most promising neural network architectures and 

algorithms to solve this highly non-linear estimation problem. There is not a single neural 

network solving this complex estimation problem at once, bistead, there are several neural 

networks, each solving a part of the problem. For example, some neural networks estimate 

layered-earth cases, which can be further broken down into halfspace, two-layer, and three-

layer cases. 
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A trained neiural network is able to estimate the parts of the subsurface resistivity and 

relative dielectric constant structure in almost real-time, which allows a first in-field 

interpretation, immediately after the EM data are acquired at one station (for ID 

interpretation) (chapters 3 and 4.1.1), at several stations along a profile (2D interpretation) 

(chapter 4.1), or after finishing a survey area (3D interpretation) (chapters 4.2 and 5.2). ID 

layered-earth inversions (computing the resistivities, relative dielectric constants, and 

thicknesses of subsurface layers from field data) are performed by neural networks using 

ellipticity data. EUipticity is a parameter derived fi-om three arbitrary orthogonal magnetic 

field components (chapter 1.3) and can be computed using a ID forward model (computing 

the ellipticity response firom a layered-earth model). The 3D localization is performed by 

classification neural networks trained on real field data (ellipticity soundings) over known 

targets (chapter 4.2), due to the unavailability of general 3D forward modeling programs. 

The state-of-the-art in EM forward modeling for environmental and engineering geophysics 

provides fast and accurate ID solutions. 3D forward calculations are still slow and may not 

always provide accurate solutions for high fi^quencies due to various approximations 

(Druskin and Knizhnerman, 1988; Hordt et al., 1992; Wang and Hohmann, 1993; Xiong, 

1992; Alumbaugh and Newman, 1994; Xiong and Tripp, 1994; Zhdanov and Fang, 1995). 

Alumbaugh et al. (1996) introduced three-dimensional wideband electromagnetic forward 

model solving the full wave equation using massively parallel computers. Therefore the 

inversion of field data will be even slower, because an inverse algorithm has to calculate the 

forward model many more times to iterate towards a solution. Trained neural networks are 



the only solution at this time that will be able to provide a resistivity and relative dielectric 

constant model in almost real-time (less than a second). 10 inversion can take up to 10 

minutes on the same computer. Stolz et al. (1995) conclude that for a final quantitative 

definition of the subsurface resistivity structures, 3D inversions are necessary. 3D 

inversions are not suitable for the field, they could ran for days before converging, even on 

super-computers (Alumbaugh and Newman, 1997a,b; Newman and Alumbaugh, 1997). 

More insight into the state-of-art in 3D EM modeling and inversion techniques can be found 

in the proceedings to the International Symposium on Three-Dimensional EM, which was 

held in October 1995 in Ridgefield, Connecticut (Oristaglio and Spies, 1995). The real

time in-field results produced by the neural networks provide important information for 

adjustments to the survey parameters during the acmal survey. The neural network results 

are not meant to substimte for the standard interpretation procedures, such as inversions. 

But they are intended to give a first interpretation of the environmental problem. This is 

because an accurate forward model used in an inversion program will provide a more 

accurate solution than the neural network. A neural network can be interpreted as a very 

good approximation tool for the underlying function between the ellipticity data and the 

resulting resistivity and relative dielectric constant model of the earth. 

Included in this research was the development of a visualization scheme for the neural 

network results (chapter 1.4). A PC-based program controls the trained neural networks, 

allows forward modeling and inversions, and provides several graphical interfaces to 

display the field data and their real-time in-field interpretations. The resulting interpretation 
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and visualization scheme is tested in field surveys over known targets and is used to 

investigate real environmental problems at a DOE national laboratory (chapter 5.2) and over 

an abandoned mine (chapter 5.1). 

1.2 Electromagnetic Systems for Waste Site Characterization 

MacLean (1992) investigated and evaluated nineteen commercially-available induction EM 

systems that could be used for waste site characterization. He concluded that the present 

versions of commercially available moving-coil systems operating in the frequency-domain 

are either not sufficiently broadband or too noisy for waste site characterization. Fixed-

transmitter systems lack the resolution needed for effective EM characterization of typical 

waste sites. He also concluded that data acquisition using existing frequency-domain 

systems is too slow for the system to be effective in many environmental applications. 

Overall the author concludes that none of the available frequency-domain EM systems 

reviewed could be adapted to the needs of waste site characterization work without 

extensive modifications. He also recommended further investigation of the potential use for 

waste site characterization of three time-domain EM systems: Geonics' PROTEM, Zonge's 

GDP-16, and Zonge's NanoTEM. 

Since MacLean's review took place, at least two new frequency-domain EM systems and 

one new time-domain EM system have been developed; The Geonics' EM-61, a time-

domain metal detector (Geonics, 1992; Geonics, 1996), the USGS high-frequency prototype 

EM system (Stewart et al., 1990; Stewart, 1994; Stewart et al., 1994), and the high-
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frequency ellipticity EM system at the Laboratory for Advanced Subsurface Imaging (LASI) 

at the University of Arizona (Sternberg and Poulton, 1994). Based on the experience with 

the USGS system, the development of a new time-domain system the Very Early Time EM 

(VETEM) system was under consideration (Pellerin et al., 1994; Pellerin et al., 1995). The 

depth of investigation of a Geonics ^i-6l is comparable to GPR in soils with low 

attenuation, but not deep enough for a complete waste site characterization, as stated by 

MacLean (1992). Overall it seems to be possible to achieve sufficient spatial resolution, but 

the means of acquiring additional information about the depth of the targets is not well 

established. 

1.2.1 The high-frequency electromagnetic ellipticity systems 

Two high-resolution subsurface imaging systems have been developed for environmental 

geophysics surveys at LASI. These high-frequency EM systems overcome the depth 

restrictions of GPR by using a frequency range from 1 kHz to 1 MHz and 31 kHz to 32 

MHz. These systems are an extension of an existing imaging system which has a 

frequency range of 30 Hz to 30 kHz (Sternberg et al., 1991). I will refer to the 30 Hz to 

30 kHz system as low-frequency-system or LF-system, to the 1 kHz to 1 MHz system as 

medium-frequency-system or MF-system, and to the 31 kHz to 32 MHz system as high-

frequency-system or HF-system. The frequency range of the HP-system is necessary to 

provide high resolution over the range of depths that are of interest in environmental 

geophysics surveys and to resolve information about the relative dielectric constant. 



Each of the three systems have components which are specific to that frequency range 

(such as different receiving and transmitting coils or different power amplifiers). But all 

frequency ranges have a number of common features which have been developed over a 

period of 10 years at LASI and provide a unique capability for high-resolution subsurface 

imaging. Some key feamres of these systems include: (1) a simultaneous calibration 

procedure eliminating any drift in the system response, which allows very high accuracy 

measurements; (2) wide-bandwidth, high-sensitivity, magnetic field sensing coils; (3) 

acquisition and processing of three arbitrary orthogonal magnetic field components 

eliminates the time-consuming process of manually orienting the receiver coils; (4) 

computer controlled and automated data acquisition, allowing for very rapid surveying 

and a dense spatial sampling over a broad area; (5) almost real-time neural network 

interpretation at the field site; and (6) visualization of complex resistivity and relative 

dielectric constant structures during the survey. 

The following paragraphs will describe the HF-system in more detail, because this is the 

system on which this dissertation focuses. Most of the description is also valid for the 

MF-system, but differences will be highlighted. Currently 11 frequencies are transmitted 

sequentially in binary steps over the MF or HP frequency range. The transmitter uses a 

sinusoidal signal supplied from the receiver via a fiber-optic cable. The signal is 

amplified by a power amplifier and sent to a narrow-band tuned transmitter coil. The 

tuning is automatically controlled with digital signals supplied via a second fiber-optic 

cable from the receiver. Fiber-optic cables are required to avoid interference from the 



transmitter directly into the receiver as would occur if a metallic wire were used between 

the transmitter and receiver. 

The signals are received at transmitter/receiver separations of generally 2 to 8 meters (8 to 

32 meters for the MF-system) using a tuned three-axis receiving coil. The signals from 

each axis are amplified by a preamplifier on the coil frame, conveyed to programmable 

filters and programmable amplifiers, and then digitized by a 100 MHz digitizing 

oscilloscope. The programmable filters, amplifiers and tuning are all controlled 

automatically via a RS232 interface from an environmentally sealed and ruggedized 486 

50 MHz personal computer. A waveform generator provides a calibration signal to the 

calibration coil located on the receiver coil. A second channel on the waveform generator 

provides the signal for the transmitter through the fiber-optic link. The digitizer and 

waveform generator are controlled via GPB interface. The waveform generator and 

digitizer are precisely synchronized through a timing clock connection. The data from the 

receiver coil are signal-averaged, filtered, stored on the field computer, and transferred to 

an interpretation computer via a radio-frequency telemetry link. The interpretation 

computer is located in a remote recording truck and displays the data for interpretation in 

almost real-time in the field using neural networks. 

The receiver modules are mounted on an all-terrain vehicle (ATV). The transmitter 

modules are mounted on a second ATV. These ATVs are 6-wheel drive, amphibious 

vehicles, and can handle extremely rough terrain. The transmitter coil is located on a 



boom in front of one ATV. Ahead of or off to the side of the transmitter ATV is the 

receiver ATV with the receiver coil located on a boom extending out the back. 

Because of the advantages of the simultaneous calibration and collection of three arbitrary 

orthogonal magnetic field components it was chosen to calculate the ellipticity of the 

magnetic field from the observed magnetic field quantities. In addition Hoversten (1981) 

showed, in a comparison of time- and frequency-domain EM sounding techniques, that 

the frequency-domain ellipticity measurement is superior to any other fi-equency-domain 

or time-domain measurement for EM soundings. He also showed that "the ellipticity 

measurement provides smaller parameter standard errors than the time-domain data". "In 

addition, the model parameters arrived at through the least squares inverse are much less 

correlated with each other when ellipticity is used." Ryu et al. (1970) published similar 

findings and concluded that the field measurements should be made over a range of 

induction numbers (chapter 2.1 and equation (18)) between 0.1 and 10. The following 

table shows the induction number ranges for the MF and HF-system based on a resistivity 

p = 100 Qm, and a relative dielectric constant £r = 10, indicating that the systems are 

designed to operate in the induction numbers range from O.l to 10. 
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Table 1: Induction numbers B calculated for the frequencies of the MF (972.74 Hz to 
996093.8 Hz) and HF (31127.93 Hz to 32062500 Hz) systems and for the 
standard coil separations, assuming a resistivity p = 100 iim, and a relative 
dielectric constant Br ~ 10. The full skin-depth formulation in equation (16) was 
used in calculating B, using equation (18). 

Transmittter - Receiver Separation [m] 

Frequency [Hz] 2 4 8 16 32 
972.74 0.0496 0.0992 0.1984 

1945.49 0.0700 0.1400 0.2800 
3890.99 0.0992 0.1984 0.3968 
7781.98 0.1400 0.2800 0.5600 

15563.96 0.1984 0.3968 0.7936 
31127.93 0.0701 0.1402 0.2804 0.5608 1.1216 
62255.86 0.0990 0.1980 0.3960 0.7920 1.5840 

124511.70 0.1397 0.2794 0.5588 1.1176 2.2352 
249023.40 0.1969 0.3938 0.7876 1.5752 3.1504 
498046.90 0.2766 0.5532 1.1064 2.2128 4.4256 
996093.80 0.3858 0.7716 1.5432 3.0864 6.1728 

2062500.00 0.5389 1.0778 2.1556 
4078125.00 0.7171 1.4342 2.8684 
8062500.00 0.9079 1.8158 3.6316 

16031250.00 1.0651 2.1302 4.2604 
32062500.00 1.1500 2.3000 4.6000 

1.3 3D-Ellipticity 

In this chapter the calculation of the 3D-ellipticity from the acquired magnetic field 

components is composed from various publications and summarized chronologically. 

Hx is defined as the component of the magnetic field in the direction along the survey 

line, Hy is in the direction perpendicular to the survey line, and Hz is the vertical 

component. If the transmitter is emitting a sinusoidally varying signal, the total magnetic 

field at the receiver will trace, in a general 3D case, an ellipse in a plane as a function of 
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time. For the special case of a ID-earth, the ellipse will be in the xz-plane. In general, 

the ellipticity is deHned as the ratio of the minor to major axes of the ellipse. 

The LASI ellipticity systems record three arbitrary orthogonal magnetic field components 

H, (7= 1,2,3), which are all non-zero complex quantities in equation (1). Other ellipticity 

systems typically only record two magnetic field components and H., assuming to 

be close to zero. Therefore the ellipticity equations used to calculate the 3D-ellipticity of 

the LASI systems differ from the commonly used formulation given by Frischknecht et al. 

(1991), Bom and Wolf (1975), or Smith and Ward (1974). The equations (I) to (6) are 

derived, discussed, and compared to other ellipticity equations in the dissertation of 

Thomas (1996a). The presented equations summarize the ellipticity acquisition algorithm 

for a single frequency. In equations (1), (5), and (6) i is the imaginary unit, the index r 

denotes a real component, the index i denotes the imaginary component, and (y = 1,2,3) 

are unit vectors in Cartesian coordinates. 

H. = • i 

H = Hi • + Hi • + H-^ • 

The first correction applied to the recorded magnetic field components H^ (/= 1.2,3) is 

the cross-talk correction, compensating for cross talk between the three receiver coils 

using experimentally determined cross-talk coefficients (y^fcant/y, = 1,2,3) 

(Thomas, 1996a). 
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= (2) 

To eliminate any drift in the system response, these three magnetic field components are 

calibrated using the Adjacent Frequency CALibration (AFCAL) technique (Sternberg and 

Poulton, 1994), which results in three complex interpolated calibration values 

Cj (j = 1,2,3), derived from the four calibration signals received in each of the three 

receiver coils. These Cj {J = 1,2,3) are also conected for cross-talk between the 

calibration coil and the receiver coils, as shown in equation (2), but with different 

experimentally determined cross-talk coefficients (Thomas, 1996a). At the same time, a 

correction for imperfect angles between the calibration coil and the receiver coils is 

applied in equation (3), using the calibration coupling coefficients CCj (y = 1,2,3) (Bak, 

1991; Baketal., 1993; and Thomas, 1996a). 

J J 

The calibrated magnetic field components H e j (  J = 1 , 2 , 3 )  are further corrected for 

imperfect angles between the three receiver coils in equation (4), which are assumed to be 

perpendicular (Bak, 1991; Bak et al., 1993; and Thomas, 1996a). The angles oc, p, and y 

denote the deviation from 90 degrees between the first and second, second and third, and 

third and first receiver coil, respectively. 
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Hcc^ = ffc, 

Hccj = — 
COS(Of) 

„ , Hcj -Hcc^  - s in ( ^P)  

— 

Hcdj - Hc^siniY) 

(4) 

Hcc^ = 
cos(7) 

Now the calibrated and corrected magnetic field components Hccj (7=1,2,3), which are 

still complex numbers, are rotated to their principle planes using equations (5). 

H'. = Hcc. e with: 0 = 1,2,3) and 

£ = aIgi^[Hccy' + Hcc^ + Hcc^) 

^Im(-y/Hcc^ + Hcc^ + Hcc^) 

(5) 

= atan 
Re(-^ HcCi' + Hcc^^ + Hcc^) 

Using the rotated complex magnetic field vector H' = H{ e^ + the 3D-

ellipticity and the 3D-tilt-angle are calculated using equations (6) and (7). 

3D - EUipticity = (-1) = ("D 
Re(^') 

= (-l)^^M= (6) 

For a discussion on the sign of the 3D-ellipticity in equation (6) see Thomas (1996a). 

r \ 

3D - Tilt - Angle = y-a cos (7) 

Assuming that the third axis is vertical, then the tilt angle would be the angle between the 

major axis and the horizontal plane (Thomas, 1996a). Unfortunately this assumption is 

not valid, even for the lowest frequencies recorded with the HF-system. This can be 
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shown by investigating the vector describing the plane of the 3D-ellipse 

P= Majors. Minor as shown in equation (8). 

P = 
(p.' 

p. = HI X 

UJ 1^3,] 

(8) 

Should there be a vertical third axis, /^ = P, =0; but this is rarely the case. A more 

detailed investigation needs to be conducted to gain additional information as to how the 

3D-Ellipticity is oriented in space and how it varies with frequency. Therefore changes of 

the components of P in Cartesian (equation (8)) and polar coordinates (equation (9)) with 

frequency need to be examined (compare to Debroux, 1996). 

Magnitude: = + + 

f 
Polar Angle: = a tan 

Azimuth Angle: <p = aim 

V 
P. 

I? e [0,;r] 

(p e [0,2;r] 

(9) 

The method described in equations (I) to (6) uses a mathematical rotation of the observed 

magnetic fields to the major and minor axes of the 3D-ellipse. Basically, this procedure 

first determines the azimuth of the electromagnetic field polarization and then determines 

the 3D-ellipticity of this azimuth. The mathematical rotation greatly speeds up the 

measurement of the 3D-ellipticity, compared to the time-consuming process of 

mechanically orienting the receiver coils. The coil can simply be placed on the ground in 

any orientation and the rotation algorithm automatically rotates the field components to 

the major and minor axis values of the magnetic-field ellipse. Di the following chapters, I 



will refer to the 3D-ellipticity just as ellipticity. One limitation of this approach, 

however, is the loss of the tilt-angle information. If and are acquired directly 

the tilt-angle and the azimuth-angle can be calculated and evaluated (Debroux, 1996). 

1.4 The Ellipticity Data Interpretation and Visualization System 

The Ellipticity Data Interpretation and visualization System (EDIS) was developed based 

on the Interactive Data Language 3.6.1 (IDL) computing environment for WINDOWS 3.1 

on a personal computer. DDL is a complete computing environment for the interactive 

analysis and visualization of scientific and engineering data. It integrates a powerful, 

array-oriented language with numerous mathematical analysis, image processing, and 

graphical display techniques (Research Systems, Inc., 1994). EDIS surpasses the built-in 

routines of IDL; it also uses the DDL capabilities of interacting with DOS based programs, 

WINDOWS based programs and dynamic link libraries (DLL). EDIS is a Graphical User 

Interface (GUI) that visualizes ellipticity data and their interpretations, and manages over 

100 trained interpretation neural networks (Birken, 1997). 

Display capabilities in EDIS are for sounding curves, interpreted resistivity and relative 

dielectric sections, and raw ellipticity sections. The user may select up to twelve 

sounding curves to display at one time. The difference between the last two selected 

curves is automatically displayed on a graph below the sounding curves. Interpreted data 

are displayed in 2D pseudo-depth-sections that show the color-coded resistivities or 

relative dielectric constants. The y-axis of the sections indicates the depths of the 
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interpreted layers. Several sections can be displayed at one time for direct comparison, 

for example, for different offsets or lines. Raw ellipticity line data can be displayed 

versus frequency number or depth of investigation. A program estimating the depth of 

investigation (Thomas, 1996a) is also included in EDIS. 

The field data can be displayed and compared to data from previous stations. Quality 

control is performed by comparing combined neural network and forward-modeling 

results with the field data. After deciding a particular neural network for the 

interpretation of a specific station, the neural network results are stored on the harddisk 

and can be used to interactively construct a resistivity, relative dielectric constant or 

ellipticity section. Several printing options and standard DOS and WINDOWS utilities 

are also available within EDIS. In addition, ID forward modeling of the HF-system and 

MF-system and ID inversion capabilities limited to three layers are also included. 

For a detailed functional description of EDIS and for a manual on how to use EDIS refer 

to Birken (1997). 
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2. SENSITIVITY ANALYSIS 

It is important to study the resolution capabilities of the HF and MF ellipticity acquisition 

systems for the training of the interpretation neural networks. It is essential to know how 

sensitive the acquired ellipticity data are with respect to acquisition errors. Possible data 

acquisition errors include misplacement of the transmitter or receiver coils, e.g. deviation 

from the standard elevation of the coils, or the distance between them. The system 

parameters are investigated numerically using the ID forward modeling program EM ID. 

After examining the sensitivity of the ellipticity to MF and HF-system parameters, the 

sensitivity to electrical parameters of the subsurface is investigated. 

Before addressing these issues later in this chapter, a summary of the relevant EM theory 

is presented and the two principle forward modeling programs EM ID and EMIDSH are 

introduced in more detail. 

2.1 Summary of Relevant Electromagnetic Theory 

The electromagnetic theory is based on Maxwell's equations for media (Stratton, 1941; 

Harrington, 1961). In Keller and Frischknecht (1966) and Nabighian (1987), Maxwell's 

EM theory is applied to geophysical methods, especially to EM prospecting problems. 

Helmholtz equations (10) for the electric and magnetic intensities E and H need to be 

solved (Ward and Hohmann, 1987) and the wavenumber k has to be examined in more 

detail. Equation (10) shows the homogeneous wave equation in the frequency-domain. 
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implying that the field intensities E and H are functions of position and firequency; no 

external sources are considered at this time. 

+ =0 
H 

(10) 

The wavenumber k is defined by equation (11): 

fc" = with i = 

= >  — i k  =  a — i - P  with 

a  =0)  

P  =0)  

f 
f 1 1 + 

V U-©J / -I (11) 

^ (T Y 

/J 

1 ^ 
12 

e CO 
+ 1 

/-J 

The part of equation (10) associated with the real part of k or phase constant a is 

associated with displacement currents and the imaginary part of k or attenuation constant 

P is associated with conduction currents. The undeclared variables of equation (11) are 

defined as follows in equations (12) and (13). Note that the conductivity, resistivity, 

permittivity, and permeability are defined as real quantities, 

G j - l n  •  f  =  Angular Frequency in Hz 

/ = Frequency in Hz 

p = ^ = Resistivity in Q - m 

1 ^ . . . . S 
<T = — = Conductivity in — 

p m 

(12) 



54 

e = Eq • = Permittivity 

£o = 8.85 -10"'^ - — = Permittivity of Vacuum 
f f l  

e, = Relative Permittivity = Relative Dielectric Constant 
(13) 

/i = - /Xq = Permeability 
fj 

/XQ = 4 • ;r -10"^ — = Permeability of Vacuum 
f f l  

= Relative Permeability 

Note also (Wait, 1997), that a complex conductivity or can be defined, as in equation 

(14), using the real quantities a and e defined in equations (12) and (13). Then the 

complex resistivity p can be derived as shown in equation (14). hnportant to note is that 

the real part of the complex resistivity p' = — only for to = 0 ! 

S 
( j  =  ( j+ i  e  0 )  =  Complex Conductivity in — 

m 
I 1 <J- i ' £ (0  

p = —= :  = —5 2 r=  P - i -  p  -Complex Resis t ivi ty  inQ m 
(T <T+i-e  a> (T +e -f i )  r -  v  j  

f (14) 
'~ Q}^ ~ Complex Resistivity in £2- m 

(o^ ~ Part of Complex Resistivity in Q • m 

The wavenumber k is present in the solution of equation (10) as an exponent, P represents 

the oscillatory nature of the amplimde of the Held strength along the direction in which 

the wave is traveling and with no decrease in average strength, while a represents an 

exponential attenuation of the field strength along the travel path (Keller and 

Frischknecht, 1966; Keller, 1987). The attenuation characteristics of a medium is usually 
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expressed as the distance S ,  or skin-depth in equation (15), over which the field strength 

is reduced by a factor I/e (Ward and Hohmarm, 1987). 

hi the geophysical exploration literature, it is often correctly assumed that geophysical 

EM systems typically utilize frequencies below 10 kHz (Ward and Hohmann, 1987). 

This leads to an approximation, which neglects the contribution of the displacement 

currents to the solution of equation (10) in the ground for most earth models (Wait, 1951; 

Ward and Hohmann, 1987; Zonge and Hughes, 1991). Wait (1954) further showed that 

displacement currents can be neglected in the air provided that the transmitter-receiver 

separation is much less than a free space wavelength A= c / / at the operating frequency, 

with c = 2997925 -10* m s'^ being the speed of light in vacuum. In earth material the 

wavelength A is defined by equation (16): 

, - c 2-;r X=2-7C-S= (16) 
a 

But these assumptions do not hold for the MF and HF ellipticity systems as shown in the 

following discussion. In Figure 1, the contributions of the real and imaginary part of k? in 

equation (11) are compared as a function of frequency (1 kHz to 1 GHz) for three p and 

three Sr, respectively. It is further assumed that /£ = the magnetic permeability of 

earth materials is equal to the free-space permeability in the absence of magnetic 

substances. As shown in Figure 1, both parts of contribute to the solution depending 

on the given electrical parameters of the earth and the frequency. Therefore the 
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displacement currents can not be neglected for the interpretation of the high-frequency 

ellipticity systems and - more importantly - the interpretation will provide some 

information not only about p but also about Cr. 

lE-^5 I 

1E44 j 

lE-t-3 ] 
•j"" 5 
£ lE+2 ̂ J 
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f lE+li ' 

lE-l 
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Figure I: Comparison of the contribution of the real part (displacement currents) and the 
imaginary part (conductive currents) of for three resistivities and three 
relative dielectric constants. As an example: for Sr = 10 and p = 100 Qm the 
critical frequency as defined in equation (17) is 17.98 MHz. 

One quick way of determining if the frequency range of interest is effected by both types 

of currents is to calculate the critical frequency as defined in equation (17) for given 

electrical properties. If lies within or close to the frequency range of interest. 

displacement currents must be considered. 



57 

is defined by D = 1 with D = f = 
KC K CD' £ 

(17) 

The dissipation factor D (Katsube, 1974 and 1975) or loss factor D (Ward and Hohmann, 

1987) is defined as the ratio of the imaginary part of to the real part of kr (equations (11) 

and (17)), and indicates that rocks react as conductors when D > 1, and that rock reacts as a 

dielectric material when D<1 (Katsube, 1975). Katsube (1975) also concludes that the 

critical frequency /. has a strong effect on the depth of penetration, which decreases with 

increasing frequency/when / < /^ and is independent of the frequency/when / > / . 

Another important thing to keep in mind is that constant G and e are only found in text 

books and in free space (Wait, 1997). In all practical and actual cases both parameters are 

strongly frequency dependent, as discussed in more detail in chapter 2.4.1. 

Another consequence of the previous discussion is that generalized plots of ellipticity 

versus the induction number B in equation (18), such as published by Ryu et al. (1970) and 

Dey and Ward (1970), have limitations, because fl is a simple quantity for the quasi-static 

approximation. The induction number B in equation (18) is defined as the dimensionless 

ratio between the transmitter-receiver separation R and the quasi-static approximation of the 

skin-depth 5': 

(18) 
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Even by using equation (15), the full skin-depth S, substituted for S" in equation (18) the 

induction number B will not generalize the curves for different transmitter receiver coil 

separations R, as shown in Figures 2 for a p = 100 Qm and Br = 10 halfspace model. 

100 MHz 0.6 

32 m 

0.4 
16 Dl 

'8 ml 
IkHz 

'4 mi 

2m! 

0.0 -

] 

r* lOkHzl J 

-0.4 -

-0.6 -

0.01 0.10 1.00 10.00 100.00 
Induction Number B=R/5 

Figure 2: Ellipticity versus induction number B for the five standard transmitter-receiver 
separations R of the MF and HF ellipticity systems for a p = ICX) Qm and £r = 10 
halfspace model. Overlaid (symbols) are points indicating the frequency range 
decades from 1 kHz to 100 MHz. 

Figure 2 shows that the quasi-static assumption is valid up to approximately fl = 1 for the 

chosen model. Since the system parameters of the ellipticity systems are designed to 

operate in an induction number range firom = 0.1 to ^ = 10, £ can not be used as a valid 

parameter to generalize ellipticity curves for varying coil separations and frequencies in this 

application. Figure 3 and 4 show the same ellipticity curves plotted versus R • a and /? • |)t|. 
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Though neither of these two variables generalizes the ellipticity curves, both figures display 

similar characteristics. 

0.6 1 
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0.4 -

I 
• 

IkHz 

0.0 ̂  
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Figure 3: Ellipticity versus R a for the five standard transmitter-receiver separations R 
of the MF and HP ellipticity systems for a p = 100 flm and Sr = 10 halfspace 
model. Overlaid (symbols) are points indicating the frequency range decades 
from 1 kHz to 100 MHz. 
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Figure 4: Ellipticity versus R - |)t( for the five standard transmitter-receiver separations R 
of the MF and HP ellipticity systems for a p = 100 Qm and Er - 10 halfspace 
model. Overlaid (symbols) are points indicating the frequency range decades from 
I kHz to 100 MHz. 

It is shown that for the interpretation of data from the ellipticity systems which are 

operating in the kHz and MHz frequency ranges, the full wavenumber /t has to be 

considered. Any approximation neglecting the displacement currents would introduce a 

significant error to the calculated magnetic field components and therefore to the ellipticity 

as well. Further, the induction number B can not be used as a generalized variable to 

display ellipticity data collected at different transmitter-receiver separations R in the 

frequency ranges of the MF and HF ellipticity systems. 



61 

2.2 Forward Modeling Programs 

The ellipticity systems are numerically simulated with a one-dimensional layered-earth 

program that takes displacement currents into account. This program, EM ID, was written 

by Ki Ha Lee (1996) at the Lawrence Berkeley National Laboratory and embedded in the 

105 input-output routines from Scott Thomas (1996b). Another program, EMIDSH, is 

used to numerically model multiple thin three-dimensional conductive sheets in a layered-

earth neglecting displacement currents (Hoversten and Becker, 1995). 

2.2.1 EM ID 

The program EM ID (Lee, 1996) computes the electromagnetic fields anywhere in a 

layered-earth and in the air. The source is magnetic dipole and can be placed anywhere 

within the layered-earth or in the air. The program calculates the electromagnetic fields 

with numerical integration as long as the induction number is greater than 0.002, otherwise 

EM ID uses digital filters. Dispersion effects of the resistivity and permittivity are neglected 

and the relative permeability is fixed to 1. A Cartesian coordinate system is used with its 

vertical axis positive pointing down and zero at the air-earth-interface. All inputs are in 

MKS units, while the output can be in cgs units as well. The magnetic dipole moments 

used for the calculations is 1.0 A-m'-tums. The 3D-ellipticity in equation (6) is calculated 

from and H., meaning that it is identical to the standard ellipticity (Thomas, 

1996a), because in ID cases one of the horizontal magnetic components will be zero, 

depending on the transmitter polarization. 
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The general closed-form solution for the electromagnetic field components produced by a 

finite horizontal loop source, carrying a current, and located above the surface of a ID 

earth (Figure 5) is published by Ryu et al. (1970). Wait (1982) developed the general 

equations for a vertical magnetic dipole source above a multi-layer earth, following 

publications by Wait (1951, 1955, 1956, and 1958) and Frischknecht (1967). In his 

dissertation, Stewart (1994) summarizes this formulation for an observation point at a 

different elevation than the source. 

2.2.2 EMIDSH 

The program EMIDSH (Hoversten and Becker, 1995) computes the electromagnetic fields 

anywhere in the layered-earth or in the air. The program calculates the electromagnetic 

fields with an integral equation formulation. The algorithm computes the electromagnetic 

response of multiple infinitely-thin conductive sheets embedded within the lower half space 

of a two-layer earth. The sources can be either electric or magnetic dipoles, placed 

anywhere above or in the layered-earth or in the air. The solution for the sheet response is 

quasi-static, that is, displacement currents are neglected. The algorithm is formulated in the 

frequency-domain and is an outgrowth of the PhJD. dissertation work of Quiang Zhou 

(1989), whose work was based on Weidelt (1982). EM ID is used for the computation of 

the primary fields - those fields in the presence of layering only - on the sheets and for the 

evaluation of the contributions of currents in the sheets at the receiver position. The 

currents contained by the sheets are computed using an integral equation approach. Again, 

dispersion effects of the resistivity and permittivity are neglected. 
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A Cartesian coordinate system is used with its vertical axis positive pointing down and zero 

at the air-earth-interface. AJi inputs are in MKS units. The dipole moment used for the 

calculations are: l.O A-m for an electrical dipole and l.O A-m^-tums for a magnetic dipole. 

The 3D-elIipticity is calculated from and H., which are all non-zero in a general 

3D case (sheets included). Consequently, the 3D-elUpticity in equation (6) must be 

computed, because it diners significantly from the standard ellipticity calculations which 

are based on the assumption that one horizontal magnetic Held component is zero. 

2.2.3 Standard ellipticity system configuration parameters 

z 

Figure 5: Schematic of ellipticity system over a one-dimensional layered-earth. 

The ellipticity systems are modeled using the system parameters described in this section 

and illustrated in Figure S. The transmitter is modeled as a vertical magnetic dipole (VMD) 

source, while the three receiver coils measure the three orthogonal magnetic field 

components (zero in ID cases), and H.. The MF-system is typically used with 

transmitter-receiver coil separations /? of 8 m, 16 m, or 32 m, and the HF-system with 2 

VMD 

y 

Three-axial receiver coil 
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m, 4 m, and 8 m separations. The coils are modeled at a height above the ground (Table 

2), which corresponds to the true centerpoint of each coil in standard operating position. 

Table 2; Modeling heights for the transmitter and receiver coils of the MF and HF 
ellipticity systems based on frequency. 

Ellipticity System 
Frequency-Range 

[kHz] 
Transmitter Height 

[cm] 
Receiver Height 

[cm] 
MF I to 1000 17.70 35.0 
HF 31 to 4000 18.80 33.0 
HF 8000 to 32000 2.25 33.0 

If not stated differently it can be assumed that the coil heights specified in Table 2 were 

used for a particular forward modeling result. 

2.3 System Parameters 

In this chapter the three system parameters which can be modeled with EM ID are examined 

to determine the sensitivity of the ellipticity data to these acquisition variables. First, the 

transmitter-receiver separation R is varied, then the heights of the transmitter and receiver 

R, coils (Figure 5). 

2.3.1 Transmitter-receiver coil separation 

During a standard ellipticity survey, where all the sounding locations of the receiver and 

transmitter coils are marked and surveyed in, a maximum misplacement error of 5 cm for 

each coil in the directions toward and away from the other coil can be assumed. Therefore, 

for a transmitter-receiver separation /? = 2 m a 5% error can be considered as the maximum 

error introduced during a survey. The percent-error in coil misplacement is cut in half when 
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doubling the separation, since an absolute maximum error of /? ± 0.1 m is assumed for all 

standard separations R. 

7.90 7.92 734 736 73S 8.00 8.02 8.04 8.06 8.08 8.10 

Transmitter-Receiver Separation R [m] 

Figure 6: The absolute value of the percent-differences in ellipticity, relative to the 
ellipticity at the transmitter-receiver coil separation of /? = 8 m, is plotted versus 
the modeled separation R. The ID earth model is a p = 100 Qm and £r = 10 
halfspace. Six selected frequencies of the MF-system are shown. 

In Figure 6 the percent-differences in ellipticity is plotted versus the modeled transmitter-

receiver separation R from 7.9 m to 8.1 m for selected MF-system frequencies. The 

percent-differences are calculated relative to the ellipticity values for the assumed correct 

separation /? = 8 m. Figure 6 shows that for all the frequencies of the MF-system the error 

is below 2.5% for a maximum separation error of 8.0 ± 0.1 m (1.25% misplacement error). 

The error decreases with increasing frequency. The individual percent-errors for each 

498047 Hz 996094 Hz 
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frequency are shown in Table 3. Figure 7 shows similar results for selected frequencies of 

the HF-system. 

-124512 Hz 498047 Hz -996094 Hz 31127.9 Hz 

4078130 Hz 

S 2 1.0 i 

7.90 7.92 7.94 7.96 7.98 8.00 8.02 8.04 8.06 

Transmitter-Receiver Separation R [m] 
8.08 8.10 

Figure 7: The absolute value of the percent-differences in ellipticity, relative to the 
ellipticity at the transmitter-receiver coil separation of /? = 8 m, is plotted versus 
the modeled separation R. The ID earth model is a p = 100 iim and Sr = 10 
halfspace. Eight selected frequencies of the HF-system are shown. 

Figure 7 shows that for all fluencies of the HF-system, except 16 MHz and 32 MHz, the 

error is below 2.5% for a maximum separation error of 8.0 ± O.I m (1.25% misplacement 

error). The error decreases with increasing frequency from 31 kHz to 4 MHz, at which 

point the trend reverses up to 16 MHz and 32 MHz. The two highest ftequencies are 

particularly sensitive to separation errors. The individual percent-errors for each frequency 

are shown in Table 3. In Figure 8, some actual field results are shown for a field 
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experiment that varied the separation R from 7.9 m to 8.1 m in 0.02 m increments, similar 

to the numerical experiment shown in Rgure 7. The field results of Figure 8 show 

comparable error bounds to the modeling results. Almost all frequencies are below 2.5% 

for a maximum separation error of 8.0 ± 0.1 m (1.25% misplacement error). 

-4-8062500 Hz -*-4078130 Hz 2062500 Hz 

996094 Hz -^498047 Hz -•-249023 Hz 

124512 Hz I 

7.90 7.92 734 7.96 7.98 8.00 8.02 8.04 S.06 

Traiisniitter>Receiver Separation R [m] 
8.08 8.10 

Figure 8: The absolute value of the percent-differences in ellipticity, relative to the 
ellipticity at the transmitter-receiver coil separarion of /? = 8 m, is plotted versus 
the actual separation R. Ellipticity field data of seven frequencies of the HF-
system are shown from a location that has been interpreted as a p = 69 flm and 
€r = 4 halfspace (chapter 3.4,3.1). 

In Table 3 a general pattern is observed, for one frequency (e.g. 972.74 Hz) the percent-

error decreases by at least a factor of two with each doubling of the separation. The 

percent-error is strongly frequency dependent and does not follow a pattern for 
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frequencies above 4 MHz for the HF-system and above 250 kHz for the MF-system. For 

these cases the general behavior of the ellipticity, for doubled coil separations R, seems to 

have a larger impact on the sensitivity than the small variations of R simulating the 

misplacement error. Note that the transmitter height for the three highest frequencies of 

the HF-system is significantly closer to the ground (Table 2). 

Table 3: Numerically estimated absolute value of the percent-differences in ellipticity per 
cm error in antenna placement relative to the ellipticity at the transmitter-
receiver coil separation R. The basic earth model is a p = 100 flm and Cr = 10 
halfspace. 

%-Difference Ellipticity per cm; for the five standard separations R 
Frequency fHzl R=2m R=4m R=8m R=l6m R=32m 

MF 
972.74 0.250 0.125 0.061 

1945.49 0.250 0.124 0.060 
3890.99 0.249 0.122 0.057 
7781.98 0.248 0.119 0.051 

15564.00 0.245 0.II3 0.041 
31127.90 0.240 0.102 0.028 
62255.90 0.227 0.082 0.016 

124512.00 0.204 0.057 0.006 
249023.00 0.167 0.032 0.002 
498047.00 0.117 0.012 0.019 
996094.00 0.065 0.005 0.065 
HF 
31127.9 1.039 0.504 0.241 
62255.9 1.037 0.498 0.228 

124512.0 1.033 0.487 0.206 
249023.0 1.023 0.464 0.168 
498047.0 1.003 0.421 0.118 
996094.0 0.965 0.350 0.066 

2062500.0 0.889 0.245 0.021 
4078130.0 0.765 0.126 0.018 
8062500.0 0.489 0.012 0.136 

16031300.0 0.036 0.068 1.587 
32062500.0 0.124 2.534 0.831 
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2.3.2 Transmitter elevation 

During a standard ellipticiQr survey, the transmitter-coil elevation is controlled by the frame 

of the transmitter itself. On flat surfaces, the transmitter height Tz will be exactly the height 

specified in Table 2. ta survey areas with topography or vegetation it is not always possible 

to place the transmitter flat on the ground; sometimes it might rest elevated on some 

vegetation or pressed lower into some loose sand. Based on experience from field surveys a 

maximum variation from Tj - 2 cm to Tz + 10 cm is assumed. The study of the transmitter 

elevation does not take topographic effects into account 

Figure 9: The absolute value of the percent-differences in ellipticity, relative to the 
ellipticity at the standard transmitter elevations (Table 2), is plotted versus die 
difference from Tz in cm. The ID earth model is a p = 1(X) £2m and Sr = 10 
halfspace. Five selected frequencies of the MF-system and seven of the HF-
system are shown. 
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Table 4: Numerically estimated absolute value of the percent-differences in ellipticity per 
cm error, deviating from the standard transmitter height Tz (Table 2). The basic 
earth model is a p - ICQ £2m and Sr = 10 halfspace 

%-Difference EDipdcity per cm (error from Tz); for the five standard separations R 
Frequency [Hz] R=2m R=4m R=8m R=16m R=32m 

MF 
972.74 0.458 0.226 0.106 

1945.49 0.451 0.219 0.099 
3890.99 0.441 0.209 0.091 
7781.98 0.428 0.197 0.083 

15564.00 0.410 0.181 0.075 
31127.90 0.386 0.165 0.068 
62255.90 0.357 0.149 0.062 

124512.00 0.326 0.137 0.056 
249023.00 0.297 0.127 0-055 
498047.00 0.277 0.115 0.065 
996094.00 0.260 0.112 0.060 

EiF 
31127.9 1.664 0.848 0.393 
62255.9 1.632 0.814 0.363 

124512.0 1.589 0.769 0.331 
249023.0 1.531 0.715 0.302 
498047.0 1.459 0.657 0.280 
996094.0 1.373 0.607 0.261 

2062500.0 1.279 0.573 0.238 
4078130.0 1.207 0.549 0.235 
8062500.0 0.759 0.450 0.347 

16031300.0 0.894 0.475 0.646 
32062500.0 0.822 4.463 0.581 

Figure 9 shows that ellipticity is also sensitive to the transmitter elevation. For all 

frequencies but 16 MHz, the error is below 4.5% for a maximum separation error of T. + 

0.1 m. The error decreases with increasing frequency for the MF-system and for the HF-

system up to 4 MHz, while for the three highest frequencies of the HF-system (T- = 2.25 

cm) no trend can be established. The percent-error increases again and differs significantly 

from a linear pattern. The individual percent-errors for each frequency are shown in Table 
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The same general pattern is observed: the percent-error decreases by at least a factor of 

two with each doubling of the separation. The percent-error is strongly frequency 

dependent and does not follow the pattern for frequencies above 4 MHz for the HF-

system. The different behavior of the three highest frequencies of the HF-system is 

associated with the decreased distance between the transmitter-coil and the ground (Table 

2). 

2.3.3 Receiver elevation 

3.0 

23 

972.74 Hz (MF) 

62255.9 Hz (MF) 

996094 Hz (MF) 

124512 Hz (HF) 

2062500 Hz (HF) 

16031300 &(HF) 

-^15564 Hz (MF) 

249023 Hz (MF) 

-^31127.9 Hz (HF) 

-*—498047 Hz (HF) 

-0-8062500 Hz (HF) 

-o-32062500 Hz (HF) 

0 1 2 3 4 5 6 7 8  

Difference from standard receiver height after Table 2 [cm] 

Figure 10: The absolute value of the percent-differences in ellipticity, relative to the 
ellipticity at the standard receiver elevations (Table 2), is plotted versus the 
difference from in cm. The ID earth model is a p = 100 Qm and £r - 10 
halfspace. Five selected frequencies of the MF-system and seven of the HF-
system are shown. 
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During a standard ellipticity survey, the receiver-coil elevation is controlled by the tri-axial 

frame of the receiver itself. As was the transmitter height T^, the receiver height Rz will be 

exactly the height specified in Table 2 on flat surfaces and will have the same restrictions as 

discussed in chapter 2.3.2. Based on experience from field surveys a maximum variation 

from Rz-2 cm to + 10 cm is assumed. The study of the receiver elevation does not take 

topographic effects into account. 

Figure 10 shows that ellipticity is less sensitive to the receiver elevation than to the 

transmitter elevation (Figure 9). For all frequencies, except 16 MHz and 32 MHz, the error 

is below 2.0% for a maximum separation error of R^+ 0.1 m. The error decreases with 

increasing frequency for the MF-system and for the HF-system up to 2 MHz, while for the 

four highest frequencies of the HF-system no trend can be established. The individual 

percent-errors for each frequency are shown in Table 5. 

Again the percent-error decreases by at least a factor of two with a doubling of the 

separation. The percent-error is strongly frequency dependent and fails to follow a 

pattern for frequencies above 2 MHz for the HF-system and above 500 kHz for the MF-

system. 
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Table 5: Numerically estimated absolute value of the percent-differences in ellipticity per 
cm error, deviating from the standard receiver height (Table 2). The basic 
earth model is a p = 100 Qm and Sr = 10 halfspace. 

%-Difference E lipticity per cm (error from Rz); for the five standard separations R 
Frequency [Hz] R=2m R=4m R=8m R=16m R=32m 

MF 
972.74 0.207 0.226 0.100 

1945.49 0.200 0.219 0.093 
3890.99 0.189 0.209 0.082 
7781.98 0.175 0.197 0.069 

15564.00 0.154 0.181 0.053 
31127.90 0.129 0.165 0.035 
62255.90 0.097 0.149 0.023 

124512.00 0.064 0.137 0.017 
249023.00 0.039 0.127 0.014 
498047.00 0.030 0.115 0.003 
996094.00 0.028 0.112 0.020 
HF 

31127.9 0.647 0.331 0.133 
62255.9 0.607 0.292 0.101 

124512.0 0.552 0.241 0.068 
249023.0 0.479 0.180 0.042 
498047.0 0.386 0.116 0.032 
996094.0 0.276 0.069 0.029 

2062500.0 0.160 0.057 0.011 
4078130.0 0.085 0.079 0.043 
8062500.0 0.119 0.069 0.209 

16031300.0 0.231 0.225 0.937 
32062500.0 0.135 3.337 2.926 

2.4 Geological Parameters 

Having found that the sensitivity of the ellipticity to MF and HF-system parameters is 

within a couple of percent under normal operating conditions the sensitivity to electrical 

parameters of a ID subsurface is investigated. Table 6 summarizes the parameters of 

each of the models examined in this chapter and lists the corresponding flgure and page 

numbers. 
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Table 6: Summary of forward models and references on where to find them. Resistivities 
p in Qm, relative dielectric constants £> are dimensionless, separation R and 
thickness of top layer ti are in meters, and Tz and Rz are in centimeters (variables 
are described in Figure 5). * indicates ±at the parameter assumes several 
values. 

Pi en h P2 Ert R T, Figure Page 

100 10 8 18.8 33 11 78 
* 10 8 18.8 33 12 82 

100 » 8 18.8 33 13 83 
* 10 2 18.8 33 119 282 
* 10 4 18.8 33 120 282 
* 10 16 18.8 33 121 283 
*• 10 32 18.8 33 122 283 
* I 8 18.8 33 123 284 
* 4 8 18.8 33 124 284 
* 40 8 18.8 33 125 285 
* 80 8 18.8 33 126 285 

100 * 2 18.8 33 127 286 
100 * 4 18.8 33 128 286 
100 * 16 18.8 33 129 287 
100 * 32 18.8 33 130 287 
10 * 8 18.8 33 131 288 

1000 * 8 18.8 33 132 288 
50 10 * 500 10 8 18.8 33 25 92 
500 10 * 50 10 8 18.8 33 26 93 
* 10 1 100 10 8 18.8 33 27 95 

100 * 1 100 10 8 18.8 33 28 96 
100 10 1 * 10 8 18.8 33 29 97 
100 10 1 100 * 8 18.8 33 30 98 
100 5 100 40 8 18.8 33 133 289 
100 40 * 100 5 8 18.8 33 134 289 

5 1 100 20 8 18.8 33 135 290 
* 20 1 100 5 8 18.8 33 136 290 
50 * 1 500 10 8 18.8 33 137 291 
500 « 1 50 10 8 18.8 33 138 291 
100 5 1 * 20 8 18.8 33 139 292 
100 20 1 * 5 8 18.8 33 140 292 
50 10 1 500 * 8 18.8 33 141 293 
500 10 1 50 * 8 18.8 33 142 293 

Note that the ellipticity values plotted in the figures from this point to the end of chapter 2 

and the additional figures in appendix A and B do not exclusively show negative 

ellipticity values as would be expected from equation (6). This is because in a ID 



situation the standard calculation of ellipticity is equal to the 3D-ellipticity with the 

exception of the sign (chapter 1.3). For a more general meaning, the sign of the standard 

ellipticity calculation is included for the ID sensitivity study of the geological parameters 

in this chapter. 

Another extensive forward model study can be found in the dissertation of Stewart 

(1994). Stewart (1994) investigated a similar frequency range for a different loop-loop 

system with = 0.26 m and coil separations from 2 m to 4 m. 

2.4.1 Ranges of interest of the electrical parameters 

In general, the magnetic properties of most earth materials are negligibly different from free 

space (Olhoeft, 1989). Assuming that the geophysical investigation is not intended to find a 

magnetic mineral or rock, the permeability fj. can be set to the permeability of free space fio. 

This assumption needs to be reevaluated in a scenario of an environmental site investigation 

looking for waste containers made of steel or any other magnetic material. For now it is 

assumed that the electrical properties of the earth material are the important characteristics 

which determine the depth of investigation and the ellipticity response observed. 

The question now is what numeric ranges of the two remaining electrical parameters can 

be encountered for earth materials? The resistivity range can vary greatly. Stewart et al. 

(1994) show a table listing resistivities from 1 Qm for a saturated clay up to lO' Qm for a 

dry limestone. Another extensive listing of the direct-current conductivity of rocks within 
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and outside the United States can be found in Olhoeft (1989). Since the HF ellipticity 

system was mainly designed to overcome some of the depth limitations of GPR in 

conductive terrain, the resistivity range of interest on which this dissertation focuses is 

from I Qm to 10,000 ilm. 

The relative dielectric constant does not vary over many orders of magnitude clay for 

frequencies between I MHz and 100 MHz (Stewart et al., 1994). It is generally assumed 

to be in a range from 2 for a dry clayey soil to 40 for a saturated. A more detailed 

investigation of £r and p shows that they are highly frequency dependent. In his extensive 

table of relative permittivities Er, Olhoeft (1989) lists them for four different frequencies 

(I kHz, 10 kHz, 100 kHz, and 1 MHz), compiled from numerous publications. At 1 MHz 

Er ranges generally from 3 to 20 for rocks within the United States, but individual values 

reach or exceed 100. Since Er increases with decreasing frequency, values of Er ranging 

from 3 to 40 are very common at 100 kHz and values up to 100 are no longer the 

exception. Extreme values of Er are listed exceeding 1000 at 1 kHz. The relative 

dielectric constant range of interest, on which this dissertation focuses, is from 3 to 40. 

This range is based on the listed values for frequencies above 100 kHz, but can be used 

for lower frequencies as well, because the contribution of the displacement currents are 

typically insignificant as shown in Figures 1 and 11. Overall, Olhoeft's tables (Olhoeft, 

1989) confirm the wide-spread assumption that Er= 10 is an accepted average value for 

soil and rock, since the majority of Er values at all frequencies cluster about a value of 10. 
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The strong frequency dependence (dispersion) of Er and p is a problem for the EM ID 

forward modeling program, which assumes one value of p and Sr for the whole fr^uency 

range. A laboratory study of the electrical properties of soil from the Avra Valley 

geophysical test site in a frequency range from 100 Hz to 100 MHz was conducted by 

Levitskaya and Sternberg (1995). The investigation shows the dispersion effects found in 

the typical soil at the Avra Valley test site area, at which numerous tests of the ellipticity 

systems were conducted. The results show that the resistivity p is rather constant from I 

kHz to I MHz, with a decrease in p from 1 MHz to 32 MHz. Therefore, for the MF-system 

p can be assumed to be constant, while for the high-frequency end of the HF-system p 

decrease. The relative dielectric constant on the other hand shows an almost exponential 

decrease with frequency from 10 kHz to 100 MHz, which can not be handled efficiently by 

the available version of EM ID (chapter 2.2.1). The frequency dependence of Er and p can 

only be handled by multiple runs changing the electrical parameters in the input file for each 

frequency. At Avra Valley for example, at 100 MHz, Er ranges from 2 to 4; at 10 MHz, Er 

ranges from 7 to 15; at 1 MHz, Er ranges from 12 to 34; and at 100 kHz, Er ranges from 21 

to over 100. 

Since the displacement currents contribute less to the magnetic field components at lower 

frequencies (Figure 1), which is the point at which Er takes on higher values, it is possible to 

estimate an ellipticity model curve with just one value of Er for the whole frequency range, 

as shown in Figure 11. 
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Figure 11: Ellipticity versus frequency; comparison of two modeling curves to examine 
dispers ion effects  of  Cr .  

In Figure 11 two models are compared. Both halfspace model calculations use p = 100 

Qm, Tz = 0.188 m, - 0.33 m, and /? = 8 m. The curve symbolized by the open circles 

uses one Sr for each frequency decade simulating dispersion effects on Er, while the solid 

ellipticity curve uses Br = 10 for all frequencies from 1 kHz to 100 MHz. The £> per 

decade are selected as follows: £r = 100 between 1 kHz and 10 kHz, Er = 40 between 10 

kHz and 100 kHz, Er = 20 between 100 kHz and 1 MHz, Er - 10 between 1 MHz and 10 

MHz, and fr = 5 between 10 MHz and 100 MHz. The comparison of both curves in 

Figure 11 shows that the dispersion effects do not signiHcantly alter the ellipticity curve 

up to 10 MHz. Above 10 MHz significant deviations can be observed, due to the 
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difference in the model parameter £r. This is in a firequency range where the displacement 

currents dominate (Figure 1). The deviations will begin at lower frequencies if p 

increases. Therefore, for all the numerical modeling results shown in this chapter and 

appendices A and B only one constant p and one constant Er was used over the whole 

frequency range for a particular model. The Er used can be assumed to be close to the 

correct value for the frequency range fi-om I MHz to 10 MHz, while for other fi-equencies 

the relative dielectric constant needs to be corrected by considering laboratory results 

such as those presented by Levitskaya and Sternberg (1995). 

Unfortunately, the resistivity p and the permittivity e are not only a function of frequency 

but are also functions of many other parameters, such as temperature, pressure, applied EM 

field, and water samration. The unknown relationship between these parameters, and e or p, 

for almost all earth materials makes it very difficult to formulate theoretical models. 

Dispersion creates a significant problem as discussed in the previous two paragraphs. The 

study of these effects fill countless publications, several are cited in Olhoeft (1976 and 

1989), that propose models describing the dependency of £ or p on one of the above 

mentioned parameters and describe laboratory measurements determining £ or p for specific 

rock types or minerals as functions of the above mentioned parameters. However, none of 

these mostly empirical results will be included in the numerical modeling smdies of this 

dissertation. 
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The last parameter of concern in this chapter is the thicknesses of layers in multi-layer ID 

models or the depth of investigation (DOI). The optimum depth of investigation is defined 

(McNeill, 1980; Thomas, 1996a) as the depth where 50% of the earth's influence is from 

the material below the optimum depth and 50% of the influence is from material above the 

optimum depth. The optimum depth of investigation can also be considered the average 

depth at which the earth responds to the transmitted signal. Based on the model study 

results of the DOI for the MF and HF ellipticity systems by Thomas (1996a) it is assumed 

that the depth of investigation at the lowest frequencies does not exceed half the transmitter-

receiver coil separation. 

2.4.2 Resistivity and relative dielectric constant of a halfspace 

To reduce the number of plots included in this dissertation, the transmitter and receiver 

heights were fixed for all following models in this chapter and appendices A and B to the 

standard values for the lower frequencies of the HF-system, which are very similar to the 

MF-system values (Table 2). The transmitter-receiver coil separation R takes on the five 

standard values of 2 m, 4 m, 8 m, 16 m, and 32 m. For halfspace models there are two 

varying electrical parameters, which are the resistivity of the halfspace p and the relative 

dielectric constant of the halfspace £r. The resistivity p takes on the values 10 J2m, 50 Qm, 

100 Qm, 500 flm, 1000 Qm, and 5000 flm, while Cr takes on the values 1, 4, 10, 40, 80. 

As previously discussed, the value Sr = 10 can be taken as an average value for rock and 

soil, Cr = 4 and £r = 40 represent the extreme values of rocks, Sr - 1 for air, and £r = 80 for 

water. 
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each of the following plots, R is indicated in the upper left comer of the plot, while the 

transmitter height and the receiver height R^ are indicated in the upper right- One of the 

two electrical parameters p or Sr is held constant as indicated in the upper left of the plots, 

while the varying parameter is used to label the individual ellipticity curves. The ellipticity 

is calculated in a frequency range from I kHz to 100 MHz for each of the halfspace models. 

The strong oscillations for frequencies higher than 10 MHz are always observed and are 

independentiy confirmed by Debroux (1996) and Stewart et al. (1994) using different 

numerical modeling programs and techniques. The strong oscillations occur more 

frequently with increasing relative dielectric constant and increasing resistivity. However, 

there still remains some uncertainty about the accuracy of these calculations. 

In Figure 12 six halfspace ellipticity curves are shown with fixed Sr = 10 and /? = 8 m and 

varying p. It is obvious that both ellipticity systems will be able to resolve the halfspace 

resistivity; the different halfspace ellipticity curves are clearly separated over the entire 

frequency range. 
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Figure 12: Ellipticity versus frequency for six different halfspace resistivities. Diamonds 
0 on bottom of plot show frequency coverage of the ellipticity systems. 

Figure 12 also shows that the variations between the ellipticity curves are more diagnostic 

for low p and less diagnostic for higher p, especially for the frequencies below 100 kHz. 

This indicates that in resistive terrain the HF-system should be used instead of the MF-

system at /? = 8 m. This is also valid for smaller R as shown in Figures 119 and 120. The 

resolution may be improved by increasing /? to 16 m or 32 m (MF-system only) which 

spreads the ellipticity curves further out for the lower frequencies (Figures 121 and 122). 

The final selection of which ellipticity system and what separation to use will be 

determined by the desired depth of investigation. Figures 123 to 125 show more 

ellipticity curves but for models with di^erent Cr than 10 using the same six p and keeping 
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R = Sm fixed. It will be possible to resolve p for any Cr between 1 and 80, but it becomes 

increasingly difficult to resolve the higher p with increasing Cr-
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Figure 13: Ellipticity versus frequency for five different halfspace relative dielectric 
constants. Diamonds 0 on bottom of plot show frequency coverage of the 
ellipticity systems. 

In Figure 13 five halfspace ellipticity curves are shown with fixed p = 100 iim, /? = 8 m, 

and varying Er. The ellipticity curves diverge at values above 100 kHz, which means that 

the MF-system has only very limited capabilities to resolve dielectric information (see also 

Figures 14 to 19). At best the highest four frequencies could be used to extract dielectric 

information. This limitation was one of the main reasons for designing the HF-system, 

which will be able to provide the needed infomiation about Sr. Even for larger R the MF-
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system will not be able to sufficiently resolve fr, because the differences between the 

ellipticity curves become very small as shown in Figures 129 and 130. Figure 13 shows 

nicely at what point the displacement currents start to effect the ellipticity and that the 

frequency coverage of the HF-system covers the important range of the ellipticity curves to 

resolve £r of a halfspace. For the other two standard HF-system separations (/? = 2 m and R 

= 4 m) the effects of the displacement currents shift to higher frequencies with decreasing R, 

but even at 2 m at least five ellipticity values can be acquired in the diagnostic range 

(Figures 127 and 128). Keeping /? = 8 m fixed and plotting ellipticity curves for varying £r, 

as in Figure 13 for p = ICQ iim reveals the interesting aspect that it appears to be much 

easier to resolve Er in a resistive environment and nearly impossible in a very conductive 

environment. Keeping p = 10 Jim fixed (Figure 131) leads to ellipticity curves which 

almost completely overlay each other. In Figure 13 the ellipticity curves already diverge, 

and in Figure 132 (p = 1000 ftm fixed) they cover almost the entire range of possible 

ellipticity values. 

Another way of looking at the model space of all halfspace models of interest is presented 

in the following sequence of figures. Each figure shows the logarithm to base 10 of 

ellipticity plotted in halfspace model space for one HF-system frequency and a coil 

separation of /? = 8 m. Figures 14 to 24 will provide important information on what part of 

model space can be resolved with a particular frequency. Model space is represented by 

resistivity on the x-axis and relative dielectric constant on the y-axis. 
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Log-Resistivity [log(01imiii)] 

Figure 14: Logio(ellipticity) for 31 kHz in a logarithmic halfspace model space spanned 
by the two model parameters resistivity and relative dielectric constant using 
= 33 cm, Tz = 18.8 cm, and /? = 8 m. 
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Figure 15: Logio(ellipticity) for 62 kHz in a logarithmic halfspace model space spanned 
by the two model parameters resistivity and relative dielectric constant using Rr 
= 33 cm, Tz = 18.8 cm, and /? = 8 m. 
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Log-Resistivity [log(Oiimiii)] 

Figure 16: Logio(ellipticity) for 125 kHz in a logarithmic halfspace model space spanned 
by the two model parameters resistivity and relative dielectric constant using 
= 33 cm, Tz - 18.8 cm, and /? = 8 m. 

Log-Resistivity [log(Ohmm)] 

Figure 17: Logio(ellipticity) for 250 kHz in a logarithmic halfspace model space spanned 
by the two model parameters resistivity and relative dielectric constant using Rz 
- 33 cm, Tz ~ 18.8 cm, and /? = 8 m. 
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Log-Resistivity [log(Oiiiiim)] 

Figure 18: Logio(ellipticity) for 500 kHz in a logarithmic halfspace model space spanned 
by the two model parameters resistivity and relative dielectric constant using 
= 33 cm, Tj = 18.8 cm, and i? = 8 m. 

Log-Resistivity Pog(Oiimiii)] 

Figure 19: Logio(ellipticity) for I MHz in a logarithmic halfspace model space spanned 
by the two model parameters resistivity and relative dielectric constant using 
= 33 cm, Tz - 18.8 cm, and /? = 8 m. 
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Log-Resistivity  ̂[Iog(01imm)] 

Figure 20: Lx)gio(ellipticity) for 2 MHz in a logarithmic halfspace model space spanned 
by the two model parameters resistivity and relative dielectric constant using R. 
= 33 cm, Tz = 18.8 cm, and /? = 8 m. 
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Figure 21: Logio(ellipticity) for 4 MHz in a logarithmic halfspace model space spanned 
by the two model parameters resistivity and relative dielectric constant using /?2 
= 33 cm, Tj = 18.8 cm, and /? = 8 m. 
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Log-Resistivity [iog(Oiimm)] 

Figure 22: Logio(ellipticity) for 8 MHz in a logarithmic haifspace model space spanned 
by the two model parameters resistivity and relative dielectric constant using R. 
= 33 cm, Tz ~ 2.25 cm, and /? = 8 m. 

Log-Resistivity [log(Ohmiii)] 

Figure 23: Logio(ellipticity) for 16 MHz in a logarithmic haifspace model space spanned 
by the two model parameters resistivity and relative dielectric constant using Rr 
= 33 cm, = 2.25 cm, and /? = 8 m. 
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Log-Resistivity [log(Oiimm)] 

Figure 24: Logio(eIIipticity) for 32 MHz in a logarithmic halfspace model space spanned 
by the two model parameters resistivity and relative dielectric constant using R. 
= 33 cm, Tz = 2.25 cm, and /? = 8 m. 

Two main patterns are encountered in Figures 14 to 24. A vertical pattern or vertical 

contour lines indicate that p can be resolved but not Sr- A horizontal pattern or horizontal 

contour lines indicate that Er can be resolved but not p. Figures 14 to 16 are dominated by 

vertical patterns which suggests that 31 kHz, 62 kHz, and 125 kHz cannot provide 

information that will help to resolve Sr using /? = 8 m. Starting with 250 kHz some 

horizontal patterns start to develop, as can be found in the upper right comer of Figure 17. 

This means that 250 kHz can provide limited information on Cr, only if tr > 10 and for p 

greater dian approximately 2000 Qm. The area found in Figure 17 increases for increasing 

frequency towards lower p and Er (Figures 17 to 22). But even 8 MHz ellipticities (Figure 

22) will not be able to resolve Er if the halfspace resistivity is less than approximately 50 

S2m. However, 16 MHz and 32 MHz (Figures 23 and 24) can provide information on Er 

even for very conductive halfspace models. But in the range less than approximately 50 



Dm the ellipticity changes are very small requiring very precise measurement This is also 

valid for resolving Br for resistivities above approximately 500 Qm. 

A new phenomena in the plots is observed starting with 8 MHz (Figure 22). A small 

circular region of strongly varying ellipticities, which grows to a band of strong varying 

ellipticities for 16 MHz and 32 MHz in Figures 23 and 24. These regions cause a 

significant problem for the interpretation. 

It will not be shown in this dissertation that the areas where p and £r can be resolved will 

differ for other coil separations than 8 m. These areas shift slightly depending mainly on the 

frequency and the selected separation. 

2.4.3 Two-layer earth models 

Several conclusions from the findings for the halfspace sensitivity analysis in the previous 

chapter were carried over to two-layer earth modeling. The frequencies from I kHz to 10 

kHz do not contain any information about the relative dielectric constant. Ashley (1994) 

has shown that the ellipticity is able to resolve two-layer and three-layer resistivity models 

with the MF-system. Therefore, this chapter focuses on the frequency range of the HF-

system, modeling the ellipticiQr curves ft^om 10 kHz to 100 MHz with 20 points per decade. 

The question of interest is whether the resistivities and the relative dielectric constants of 

both layers and the thickness of the top layer can be resolved. The system parameters 

modeled are again the standard values of the lower frequencies of the HF-system (Table 2) 
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and a coil separation of /2 = 8 m was selected. However, most of the conclusions drawn in 

this chapter are valid for the other standard separations of the HF-system as well. The 

following five parameters are modeled: the resistivity p/, the relative dielectric constant eri, 

and the thickness ti of the top layer and the resistivity p2 and the relative dielectric constant 

£r2 of the second layer. The parameter p takes on the values 10 Qm, 50 Qm, 100 Qm, 500 

Qm, 1000 Qm, and 5000 Qm, Er takes on the values 1,5,10,20,40,80, and the thickness tj 

varies from 0.5 m to 5 m in 0.5 m increments. The system and geological parameters are 

indicated on each of the following figures in this chapter and in appendix B. 

R = 8 ml t| variesj 

p, = 50 Qm) p^ = SOOQi^ 
0.6 -i 

0.4 -

0.0 

= Top Layer Halfspace) 

-0.4 -

-1.0 

lE-t-5 lE+7 

Frequency [Hz] 

Figure 25; Ellipticity versus frequency for six two-layer models with varying top layer 
thickness; also compared to halfspace model using top layer parameters (circles 
0). Diamonds 0 on bottom of plot show frequency coverage of the HF-system. 
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Figure 25 shows ellipticity curves for a conductive (50 Jim) over resistive (500 Qm) two-

layer model with a relative dielectric constant of fr = 10 and a varying top layer thickness f/. 

The curves are very well separated indicating that f/ can be resolved by the HF-system. 

Comparing the curves for f/ = 4 m with the halfspace model curve, it can be concluded that 

the second layer cannot be resolved when the top layer thickness takes on values that are 

larger than ^proximately half the coil separation. 

)R = 8m| t| varics| R, = 033in| |T,s 0.188 m] 

Ip, =500Qm| = SO 

eri = 10| |ert = 10| 

lE-M 
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Figure 26: Ellipticity versus frequency for seven two-layer models with varying top layer 
thickness; also compared to halfspace model using top layer parameters (circles 
0). Diamonds 0 on bottom of plot show frequency coverage of the HF-system. 

Figure 26 shows ellipticity curves for a resistive (pi = 500 flm) over conductive (50 Qm) 

two-layer model with a relative dielectric constant of Cr = 10 and a varying top layer 



thickness f/. The curves are very well separated indicating that f/ can be resolved by the 

HF-system. Comparing the curves for f/ s= 5 m with the halfspace model curve it can be 

concluded that the second layer can not be resolved when the top layer thickness takes on 

values that are larger than approximately half the coil separation. Comparing Figures 25 

and 26 it can be seen that if the top layer is more resistive, a thicker top layer can be 

resolved. This is due to less attenuation in a more resistive top layer. Thickness f/ can be 

resolved for fixed Br and a conductive over resistive or resistive over conductive two-layer 

case, hi appendix B it is shown that the same conclusion can be drawn for a fixed p with Sri 

< £r2 (Figure 133) or £>2 < £ri (Figure 134), with the exception that the overall variations 

between the ellipticity curves are much smaller and limited to frequencies above 

approximately 5(X) kHz, as discussed earlier. These models show strong oscillations above 

4 MHz, which makes them potentially very sensitive to changes in £> and therefore 

resolvable with dense and accurate measurements. Unfortunately the sparse sampling (8 

MHz, 16 MHz, and 32 MHz) and the steep gradients in ellipticity with frequency makes it 

very hard to resolve f/ if only Er changes. 
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Figure 27: Ellipticity versus frequency for six two-layer models with varying top layer 
resistivity. Diamonds 0 on bottom of plot show frequency coverage of the HP-
system. 

Figure 27 shows ellipticity curves for models with a 1 m thick top layer with varying 

resistivity pi over a P2 = 100 Qm second layer, and with a constant Br = 10. The curves are 

well separated for p/ < 500 £2m over the whole frequency range indicating that p/ can be 

resolved by the HP-system, but the resolution decreases with increasing p/. Identical results 

are found when using different vdues for £r for each layer (Figures 135 and 136). 
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Figure 28: Ellipticity versus frequency for six two-layer models with varying top layer 
relative dielectric constant. Diamonds 0 on bottom of plot show frequency 
coverage of the HF-system. 

Figure 28 shows ellipticity curves for models with a I m thick, pi = 100 Qm top layer with 

varying Sri over a p2 = 100 Qm, Erz = 10 second layer. The curves are well separated for 

frequencies above 500 kHz indicating that Srj can be resolved by the HF-system. Identical 

results are found when using different resistivities for both layers. Figure 137 shows a 

conductive over resistive case and in Figure 138 a resistive over conductive case is shown. 
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Figure 29: Ellipticity versus frequency for six two-layer models with varying second layer 
resistivity. Diamonds 0 on bottom of plot show frequency coverage of the HF-
system. 

Figure 29 shows ellipticity curves for models with a I m thick, p/ = 100 Qm, and £ri = 10 

top layer over a second layer with varying pz and Eri = 10. The curves are well separated for 

P2 < 500 Qm over the whole frequency range. This indicates that pz can be resolved by the 

HF-system, but similar to p/, it becomes increasingly difficulty to resolve pz with increasing 

values of pz- Identical results are found when using different values of £r- Figure 139 

shows models Cr/ < Srz with and in Figure 138 models with Srz < Bri are shown. 
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Figure 30: Ellipticity versus frequency for six two-layer models with varying second layer 
relative dielectric constant. Diamonds 0 on bottom of plot show frequency 
coverage of the HP-system. 

Figure 30 shows ellipticity curves for models with a 1 m thick, pi = 100 Qm, and £ri = 10 

top layer over a second layer with p2 ~ 100 iJm and varying Erz- The curves are not very 

well separated even for frequencies above 500 kHz (compare to Figure 28). This indicates 

that £r2 will be hard to resolve. It will be slightly easier to resolve Eri in a conductive over 

resistive case as shown in Figure 141 compared to a resistive over conductive case (Figure 

142). 
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2.5 Summary 

Changes to coil misalignment in standard operating mode of the ellipticity systems are 

typically just 1% to 2% per cm (chapter 2.3). Changes due to variations in electrical 

parameters are typically at least one order of magnitude higher than variations in the 

system parameters, which makes it clearly possible to resolve values of p and Sr. It will be 

possible to resolve halfspace p and Er, two-layer earth models (//, p/, pz, Sri, and Srz), and 

other multi-layer earth models with the frequency range of the ellipticity systems from 1 

kHz to 32 MHz and coil separations from 2 m to 32 m. bi cases where the number of layers 

increases it will be more difficult to resolve some of the model parameters, especially Er for 

the deeper layers. Furthermore, for very conductive models (p < 50 Qm) it will be hard 

to determine Er and for models with high Er it will be very hard to determine p, if p is very 

resistive. 
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3. ONE-DIMENSIONAL NEURAL NETWORK INTERPRETATION 

The objective behind using neural networks for the one-dimensional (ID) interpretation 

of ellipticity data is to use their advantages (chapter 3.2) to provide a first-pass, 

consistent, almost real-time interpretation during an ongoing survey. Conventional EM 

data processing and interpretation is typically done after a survey day by running forward 

and inverse computer programs simulating the used acquisition system and the target area 

to match the field data. A real-time in-field interpretation system allows adjustments of 

survey parameters (e.g. station or line spacing, transmitter-receiver spacing, and surface 

observations) and data quality control during the survey itself, avoiding expensive reruns of 

surveys. This approach is completely new and leads to the first electromagnetic geophysical 

system, the ellipticity system, that uses a real-time in-field interpretation. 

The two fundamental components of the automated ellipticity data interpretation and 

visualization system (EDIS) are the neural networks and the data visualization shell. The 

data visualization shell provides the user interface to the neural networks, graphs of 

sounding curves, ID forward modeling and inversion programs, images of the data and 

interpreted 2D sections (chapter 1.4). The focus in this chapter will be on the design, 

ti-aining, and testing of the interpretation neural networks implemented in EDIS. Details 

about EDIS can be found in Birken (1997). 
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3.1 Overview 

The data interpretation scheme developed for the ellipticity systems facilitates a first-pass, 

almost real-time interpretation using neural networks directly in the field. The acquired 

ellipticity sounding data will be transferred either after each sounding is recorded or at 

any interval along the survey line via a wireless telemetry system from the acquisition 

computer on the survey line to the interpretation computer (Sternberg and Poulton, 1997). 

EDIS operates predominantly in a manual mode to give the user maximum flexibility in 

interpretation and display. The user selects all the networks through which the data 

should be routed. Each network interpretation is passed to the forward modeling program 

EMID (chapter 2.2.1). Ellipticity curves are calculated from the neural network 

estimated models using EMID. These curves can then be compared to the field sounding 

curves. The fit of each interpreted sounding to the field data is calculated as the root-

mean-squared error for the frequencies which were used to train a particular network. 

The user decides which network gives the best fit and re-selects that network for the 

interpretation. The network is remn for the sounding and the interpretation is added to 

and plotted in a 2D section during the ongoing survey. For surveys where no real-time 

interpretation is required, an automated batch-mode is implemented in EDIS (Birken, 

1997), which allows the user to select one neural network to interpret a whole profile at 

once. 

EDIS currently contains 94 separate neural networks to do the ID interpretation for the 

three standard separations of the HF-system (Table 7) and 52 separate neural networks to 
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do the ID inteq)retation for the three standard separations and two customized 

separations of the MF-system (Table 8). No 3D interpretation neural networks are 

currently implemented within EDIS due to the need to tailor each 3D interpretation to the 

requirements of the specific site. Special techniques to interpret 3D ellipticity data sets 

are required and will be discussed in chapter 4. 

Table 7: Eight different categories of interpretation neural networks are shown, all are 
implemented in EDIS for the ID interpretation of HF ellipticity data. The neural 
networks are compared by standard separations and frequencies used for the 
training. 

HF2m HF 4ni HF8m 

HF-system neural network 

categories 

Frequencies 

Used 

Neural 

Network 

Count 

Frequencies 

Used 

Neural 

Network 

Count 

Frequencies 

Used 

Neural 

Network 

Count 

Halfspace resistivity 3lkHz-2MHz 1 3llcHz-2MHz 1 3IkHz-2MHz I 

2 Layer resistive over conductive - 0 3llcHz-2MHz I 3lkHz-2MHz I 

2 Layer conductive over resistive - 0 31kHz-2MH2 I 3IlcHz-2MHz I 

3 Layer resistive over conductive - 0 31IcHZ-2MH2 1 3I ICHZ-2MH2 1 
3 Layer conductive over resistive - 0 3lkHz-2MHz 1 3IIcHz-2MHz 1 
Piecewise Halfspace Resistivity 3IlcHz-I6MHz 9 3I1cHZ-I6MHZ 9 3llcHz-16MHz 9 

Halfspace resistivity and relative 

dielectric constant 
- 0 31lcHz-8MHz I 31icHz-4MHz 1 

Piecewise halfspace resistivity 

and relative dielectric constant 
- 0 3IkHz-I6MHz 9 3tlcHz-16MHz 9 

2 Layer fixed thickness - 0 3lkHz-32MHz* 12 3IkHz-32MHz •• 24 
Sum: 10 Sum: 36 Sum: 48 

• 0.2 m to 2.4 m 
** 0.2 m CO 4.8 m. U inputs requited, but 32 MHz is disabled within the neural networks 

The approach to process and interpret ellipticity data is to divide the interpretation into 

many parts and use several small networks. The networks for one separation are divided 

into networks interpreting just the resistivity structure of the earth and into networks that 

estimate the resistivity and dielectric structure. The tasks of the networks are further 

divided within each category into halfspace interpretations and layered-earth 

interpretations (Table 7). 
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Table 8: Six different categories of interpretation neural networks are shown, all are 
implemented in EDIS for the ID interpretation of MF ellipticity data. The 
neural networks are compared by standard separations and frequencies used for 
the training. 

MF 8m MF 16m MF32m MF90m MF 120m 

MF-sys(em neural network 
caugoiies 

Frequencies 
Used 
rwfci 

Neural 
Network 
Count 

Frequendes 
Used 
fkHzl 

Neural 
Network 
Count 

F^uendes 
Used 
ncHzI 

Neural 
Network 
Count 

Frequencies 
Used 
FkHzl 

Neural 
Network 
Count 

Frequendes 
Used 
fkHzl 

Neural 
Network 
Count 

Halfspaee resistivity 1-500 1 l-SOO I 1-500 t - 0 - 0 

2 Layer resistive over conductive 1-500 1 1-500 I 1-500 I - 0 - 0 

2 Layer conductive over resistive 1-500 1 1-500 1 1-500 I - 0 - 0 

3 Layer resistive over conductive 1-500 I l-SOO I 1-500 I - 0 - 0 

3 Layer conductive over resistive 1-500 1 1-500 I 1-500 1 - 0 - 0 

Piecewise Halfspaee Resistivity 1-500 9 l-SOO 9 1-500 9 2-64 5 2-64 5 

SUM: 14 SUM: 14 SUM: 14 SUM: 5 SUM: S 

The design, training, and testing of the interpretation neural networks for the MF-system 

are described in Ashley (1994) and Poulton and Ashley (1995). In chapters 2.4.2 and 

2.4.3 it was shown that ellipticity data for frequencies below 1 MHz do not contain 

noteworthy information about the relative dielectric constant. This is markedly different 

for the frequencies of the HF-system which provide diagnostic information to resolve the 

relative dielectric constant. Therefore, new neural network designs had to be 

implemented to extract the dielectric information as well as the resistivity information. 

Due to the large number of neural networks for the HF-system implemented in EDI3, the 

discussion of the design, training, and testing of the 8 different interpretation neural 

network categories will be limited to the standard HF-system separation of 8 m (Table 9). 

However, the basic criteria that will be discussed for the design, training, and testing of 

the interpretation neural networks is independent of the separation. A brief discussion of 

the 4 m interpretation neural networks including a table similar to that of Table 9 can be 

found in Birken and Poulton (1997a). The three-layer interpretation neural networks are 
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also excluded, since they are an extension of the two-layer interpretation neural network 

technique (Poulton and Birken, 1996). 

Table 9: Interpretation neural network categories and count for a transmitter-receiver 
separation of 8 m, with additional information on the neural network paradigm 
used for training and the corresponding input-output mapping. 

Neural Network Inputs; Neural Network Outputs; 

Interpretation Neural 

Network Category 

Number of 

Ellipticity 

Values 

Frequency 

Range 

Used 

Resistivity 
Dielectric 

Constant 
Thickness 

Neural 

Network 

Paradigm 

Total Number 

of Networks 

per Category 

Hal&pace 7 
32 kHz-

2MHz 
YES NO NA Modular 1 

2 Layers Resistive over 

Conductive 
8 

32 kHz-

4MH£ 
YES NO YES Modular 1 

2 Layers Conductive 

over Resistive 
8 

32 kHz-

4MHz 
YES NO YES Modular 1 

3 Layers Resistive over 

Conductive + Either 
7 

32 kHz-

2MHz 
YES NO YES Modular 1 

3 Layers Conductive 

over Resistive + Either 
7 

32 kHz-

2MHz 
YES NO YES Modular 1 

Piecewise Halfspace 10 
32 kHz-

16 MHz 
YES NO NA 

Radial Basis 

Funcuon 
9 

Halfspace Dielectric 9 
32 kHz-

4MHz 
YES YES NA Modular 1 

2 Layer Fixed 

Thickness 
11 

32klfe-

32 MHz 
YES YES YES Modular 24 

Piecewise Halfspace 

Dielectric 
10 

32 kHz-

16 MHz 
YES YES NA 

Radial Basis 

Function 
9 

Total number of interpretation neural networks trained for the 8 m coil separation; 48 

All neural network categories, except the piecewise and the fixed thickness networks will 

estimate the output parameters directly from the number of input values listed in Table 9. 

The ellipticity input values are derived from an ellipticity value at each of the HF-system 

frequencies indicated in the frequency range in the third column of Table 9. There are ten 

piecewise halfspace neural networks, because the ellipticity sounding curve is broken into 
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frequency pairs as explained in detail in chapter 3.3. The addition of the relative 

dielectric constant as an output parameter necessitates a different approach for training. 

To simultaneously estimate two resistivities, one thickness, and two dielectric constants 

for a two-layer earth case would require a training set consisting of well over 100,000 

models. It is theoretically possible to train a neural network with a data set this large, as 

done with the three-layer interpretation neural networks, but the computational expense 

would be huge. An alternate approach is to further subdivide the problem by assuming a 

relative dielectric constant of 10 as an average for all models or by using fixed 

thicknesses. Each network would be trained to recognize patterns fi*om layers with one 

particular thickness. A thickness interval of 20 cm with a minimum layer thickness of 20 

cm and a maximum layer thickness of 4.8 m is used. Each fixed thickness interpretation 

neural network estimates two values of resistivity and relative dielectric constant. To 

solve the two-layer case for a 8 m separation requires the training of 24 fixed thickness 

networks (chapter 3.4.2.3). 

The neural network interpretation for the 8 m separation utilizing all 48 implemented 

interpretation neural networks (Table 7) takes a couple of seconds on a 486 50 MHz PC. 

A maximum of 1 minute is required to compute the forward models for a neural network 

result, depending on the number of layers and if dielectric information is needed. 

The goal is to estimate resistivities that are bounded within the range from 1 flm to 10,000 

^2m, relative dielectric constants that are bounded within 1 and 100, and thicknesses from 
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several tens of centimeters to 4.8 m. Each network uses several thousand training patterns 

and as many or more testing patterns. Several networks are trained with additional input 

values which provide useful information to the neural networks that decreases their 

training time and improves their accuracy. Some networks are also trained with extended 

ranges of interest, because neural networks tend to have an increased error at the 

boundaries of the range of interest. Therefore an extended range of interest leads to more 

accurate results for the actual target range. 

This third chapter will provide a brief summary of artificial neural networks (chapter 3.2) 

followed by a detailed description of the two neural network paradigms used: the radial 

basis function neural network (chapter 3.2.1) and the modular neural network (chapter 

3.2.2). In the following sections the design, training, and testing of the piecewise 

halfspace neural networks (chapter 3.3) and layered-earth neural networks (chapter 3.4) 

for the standard HF-system separation of 8 m is discussed. Chapter 3.5 summarizes the 

entirety of chapter 3. 

3.2 Artificial Neural Network 

Artificial neural network processing is a broad category of computer algorithms that solve 

several types of problems including classification, parameter estimation, parameter 

prediction, pattern recognition, completion, association, filtering, and optimization. This 

dissertation uses neural networks to approximate a bounded mapping function, from a 

bounded subset A of n-dimensional Euclidean space to a bounded subset//A/ of m-
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dimensional space by means of training on examples (xi, yi). (X2, yi), {xk, yj of the 

mapping's action where yt^fixk) (Hecht-Nielsen, 1990). Neural networks can be 

considered as a class of universcil approximators that are capable of approximating any 

measurable function (Homick et al., 1989). 

Typically a neural network is given a training set consisting of a group of examples from 

which it learns to approximate the mapping function described by the example patterns. 

The most conmionly used training scenarios utilize supervised learning, during which the 

network is presented with an input pattern together with the desired output pattern, the 

target output constituting the correct answer, or correct classification of the input data. In 

creating pathways from one to the other of these paired patterns, the network adjusts the 

values of its internal pathways, or weights. If training is successful, the internal 

parameters are then adjusted such that the network can produce correct estimates in 

response to similar new input data patterns. Once trained, a network's response can be 

insensitive to minor variations in its input. This ability to see through noise and 

distortion to the inherent pattern is vital to neural networks applied to pattern recognition 

problems in a real-world environment. Usually, sets of training patterns are presented 

repeatedly during training to allow the network to gradually adjust its internal parameters. 

Any connections that produce a correct answer are reinforced and connections that 

produce an incorrect answer are weakened. After several thousand trials, the network 

activates only those circuits that produce the correct answer. 
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The memory of an artiHcial neural network system is the values of the connection weights 

between processing elements. These connection weights enable the network to process 

new data in the context of the learning set For more details on neural networks see 

Rumelhart et al. (1986), Freeman and Skapura (1992), and Haykin (1994). 

Two neural network architectures are used in this dissertation. Both algorithms are 

implemented in the NeuralWorks Professional II/Plus software from NeuralWare Inc. 

(1995). The first neural network architecture used is a hybrid neural network built from a 

radial basis function neural network and a standard backpropagation neural network and 

will be described briefly in chapter 3.2.1. The modular neural network is the second 

architecture used. Its algorithm is described in detail in chapter 3.2.2 and appendix C. 

3.2.1 Radial basis function neural network algorithm 

Radial basis function (RBF) neural networks as described by Moody and Darken (1989), 

Girosi and Poggio (1990), Poggio and Girosi (1989), and Musavi et al. (1992) are a class 

of networks that approximate functions by using linear combinations of radially 

symmetric functions. These activation functions have the advantage of building the basis 

functions of a system of functions for the approximation of multidimensional functions 

based on example values. Cover's Theorem on pattern separability provides the 

motivation for the RBF algorithm. The theorem (Cover, 1965) states that it is easier to 

achieve linear separation by a non-linear transformation to a higher-dimension space than 

a lower one. Haykin (1994) contains a comprehensive derivation of the RBF algorithms. 
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The implementation of a RBF neural network consists of one hidden layer in which each 

processing element evaluates a kernel function on the incoming signal, and an output 

layer that computes a weighted linear sum of the kernel functions. A radially symmetric 

kernel function G/ , also called transfer fiinction, has maximal response when the input 

vector X is close to its center jij and decreases monotonically as the Euclidean distance 

from the center increases. The J transfer functions Gj of the hidden units are usually 

normalized Gaussian functions, which are one specific example of radial basis fvinctions, 

given by Hertz et al. (1991) as: 

where cr is the width of the Gaussian. Each kernel function Gj responds best to a 

selected set of input patterns. If a pattern activates more than one Gj then the network 

response becomes a weighted average of the two Gaussians. Therefore the RBF neural 

network makes a sensible smooth fit to the desired non-linear function described by the 

input patterns x. 

The hybrid RBF neural network used in this dissertation is a combination of a standard 

RBF neural network, which is trained unsupervised, and a backpropagation neural 

network. The latter uses the non-linear transformation to a higher-dimension space of the 

RBF neural network output as input to a supervised learning phase. The first 

unsupervised training phase consists of finding centers, widths and weights connecting 

^exp[-(x-/I,)^/2o';] 
(19) 
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hidden nodes to output nodes. A K-means clustering algorithm (Spath, 1980; Darken and 

Moody, 1990) is used to find the centers of the kernels. A nearest neighbor approach is 

used to find the widths of the kernels. The centers fi^ are initialized randomly and then 

the distance fi*om each training pattern to each center is calculated. The closest center to 

each training pattern is modified as: 

Where rj is the step-size and the p"' training pattern. The width of the kernel function 

is found by setting it to the root-mean-square-distance of the cluster center to the A 

nearest neighbor cluster centers. 

After the centers and widths of all kernel functions have been found, the second 

supervised U'aining phase begins. This learning phase uses a second hidden layer in the 

network, in which case training proceeds as in standard backpropagation with the input 

layer being represented by the output of the RBF neural network. 

3.2.2 Modular neural network algorithm 

A modular neural network (MNN) as defined by Haykin (1994) is one in which the 

computation performed by the network can be decomposed into two or more subsystems 

that operate on distinct inputs without conmiunicating with each other. The outputs of 

the modules are mediated by an integrated unit that is not permitted to feed information 

back to the modules. In particular, the integrated unit both (1) decides how the outputs of 

(new) (20) 

2 
(21) 
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the modules should be combined to form the final output of the system and (2) decides 

which modules should leam which training patterns. The use of a modular approach can 

be justified on biological grounds, fii cortical visual areas. Van Essen et al. (1992) have 

found evidence of hierarchical representations of information. Specifically, separate 

modules are created in the visual system for different subtasks, allowing the neural 

architecture to be optimized for particular types of computation. The same module is 

replicated many times but coordinated routing of information between modules is 

maintained. 

z = Output Vector 

Gating 
Network 

Module Module Module 

X = Input Vector 

Figure 31: Block diagram of the general modular neural network architecture consisting 
of two types of networks: K expert networks and one gating network. 
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The components of the MNN to which this dissertation will refer are the local expert 

networks which can each be thought of as a complete standalone neural network, the 

gating network which determines which expert can respond to a pattern, and the output 

layer (Figure 31). For the presented application, a backpropagation neural network 

architecture with one hidden layer is used as local expert networks and for the gating 

network. The presented equations are specifically derived for this MNN architecture. 

The architecture of the MNN discussed here was introduced in 1991 and was initially 

described in four papers (Jacobs et al., 1991a; Jacobs et al., 1991b; Jacobs and Jordan, 

1991; Nowlan and Hinton, 1991). This architecture leams to partition a task into two or 

more functionally independent tasks and allocates expert networks to leam each task 

(Jacobs et al., 1991a). The idea behind this kind of modular architecture is localization, or 

breaking up the input space into several modules. The gating network allocates a new 

training pattern to just one or a few expert networks to support local learning. If the 

output is not correct, the weight changes are localized to these experts and the gating 

network (Jacobs et al., 1991b). 

A MNN combines supervised and unsupervised learning paradigms in a unique way. The 

expert networks are trained supervised, while the decision of which expert network has 

the right to leam the speciHc training pattern is made unsupervised. The K expert 

networks compete with each other to leam each training pattern, controlled by the gating 

network, which performs the function of a mediator among the expert modules (Haykin, 



113 

1994). The MNN training algorithm used here is based on the backpropagation 

algorithm, described in detail in Freeman and Skapura (1992) or Haykin (1994). The 

weights of all networks are modified simultaneously. 

Output 
Layer 

Hidden 
Layer 

Input 
Layer 

Figure 32: Schematic diagram of the kf'' two-layer local expert network. 

Si 8z 

Output 
Layer 

Hidden 
Layer 

Input 
*M Layer 

Figure 33: Schematic diagram of a two-layer gating network. 
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The following list deflnes the variables used in the MNN equations according to Figures 

31, 32, and 33. 

List of Variables 

K = number of expert networks 

= number of gating network output processing elements (PEs) 

M = number of input PEs 

N = number of output PEs of local experts and also of whole MNN 

P = number of training patterns 

Q = number of hidden layer PEs in local experts 

R = number of hidden layer PEs in gating network 

component of input vector for one training pattern p 

^(p) _ „th component of desired output vector for pattem p, corresponding to 

(Note that the superscript p is omitted when no distinction between different training 

patterns is needed) 

tiO = transfer (activation) function, e.g. linear or hyperbolic tangent function 

= = equation # which is used to derive the right-hand-side of the equation 

' = weight connecting ni^ input PE and hidden layer PE of the it"" local expert 

0)^^ = weight connecting hidden layer PE and n"* output layer PE of the fc"* local 

expert 

= pre-activation of ^ hidden layer PE of the A:* local expert 
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yl*' = pre-activation of output layer PE of the local expert 

5^*' = output of hidden layer PE of the local expert 

= output of output layer PE of the local expert 

^rm = weight connecting input PE and hidden layer PE of the gating network 

= weight connecting r"" hidden layer PE and output layer PE of the gating 

network 

= pre-activation of r"** hidden layer PE of the gating network 

= pre-activation of output layer PE of the gating network 

= output of r"' hidden layer PE of the gating network 

f/j = output of fc* output layer PE of the gating network 

gi^ = softmax output of output layer PE of the gating network 

= actual output of n"* output layer PE of the whole modular neural network 

Jacobs and Jordan (1991) and Haykin (1994) state that the goal of die MNN leaming 

algorithm (architecture) is to model the probability distribution of a given set of training 

patterns {x,d}. The assumption is made that the training patterns are generated by a 

number of different probabilistic rules (regressive processes). The multivariate Gaussian 

probability distribution of the desired output vector d, given the input vector x and that 

the expert network is chosen, can be expressed after Haykin (1994) as: 
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where A„ is the covariance matrix of the </„ variables, and c is the number of variables, 

which is equal to N in this case. 

Equation (22) can be simpliHed by assuming that the covariance matrix A„ is equal to the 

identity matrix, and by using the Euclidean norm of the enclosed vector: 

f id \x , k )  =  
[ 1 -

ext^ -(rf 

exp 
I f lii-T =^a,||2 

The multivariate Gaussian distribution in equations (22) and (23) is written as a 

conditional probability density function to point out the fact that for a given input vector 

X, it is assumed that the expert network produces the closest match to the desired 

output vector d  (Haykin, 1994). Haykin (1994) concludes that one may treat the 

probability distribution of the desired output vector J as a mixture model (McLachlan 

and Basford, 1988). A mixture model can be expressed as a linear combination of K 

different multivariate Gaussian distributions, as shown in equation (24): 

f (d \x )  =  ̂ g j (d \X ,  k )  =  ^  Sk (24)  

The probability distribution in equation (24) is called an associative Gaussian mixture 

model, where the term associative refers to the fact that the model is associated with a set 

of training patterns represented by the input vector x and the desired output vector d 

(McLach lan  and  Bas ford ,  1988) .  The  cond i t iona l  p robab i l i ty  dens i ty  func t ion  f {d \T)  
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can be seen as a likelihood function, with the two unknown parameters; and g for 

all A: = 1,2,...^. For such situations as given in equation (24) it is preferable to work with 

the natural logarithm of fidlx) rather than f{d[x) (Haykin, 1994). Therefore a log-

likelihood-function liY^^Kg) is defined as follows: 

It should be understood that K"' is conditional on the input vector x and a function of all 

the weights in the local expert network, and that g is conditional on the input vector x 

and a function of the gating network weights, according to the definitions in the list of 

variables. 

It was stated earlier that the MNN used is trained with a standard backpropagation 

algorithm which typically involves the minimization of a global error function (gradient 

descent). The MNN, however, involves the maximization of the objective function 

/(y'*\g) given in equation (25) instead (gradient ascent), in order to maximize the log-

likelihood that the actual output will closely match the desired output. 

The local expert networks are by no means restricted to the backpropagation architecture. 

Whereas the different expert networks have an arbitrary connectivity, the gating network 

is restricted to two conditions. First, it has to have as many output processing elements 

/(y"\|") = ln/(rflx) = ln (25) 
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(PEs) as expert networks and second, the activations of these gating network output 

PEs must satisfy the following two requirements (Jacobs and Jordan, 1991): 

In order to satisfy both requirements the following output function is applied to the U^ : 

This normalized exponential transformation is a multi-input generalization of the logistic 

function operating on the whole output layer of the gating network. It preserves the rank 

order of its input values and is a differentiable generalization of the winner-takes-all 

operation of picking the maximum value. Bridle (1990) refers to the transformation 

described in equation (27) as softmax. 

3.2.2.1 Summary of the training steps 

1) Initialization; Assign initial values to all weight values of the K different local 

expert networks and to all weight values of the gating network. Set the learning 

rates and momenmm terms and select the activation functions. 

2) Training: First present one training pattern (x,^/ ) to the MNN and compute the 

following forward equations (28) to (33), (VA: = 1,..., AT) A (Vm = l,..., A/) A 

(Vm = I,..., iV) A (= 1 g) A (Vr = 1,..., /?): 

(26) 

(Vk  =  1,..., K)  A (one input pattern x**") (27) 

(28) 



119 

(29) 

v^=xa, A V,=r3(vJ (30) 

Ut=Vat^^ t=uM (31) 

exp(C/t) 
Sk-  ̂  

Z^cxp iUj )  

(32) 

(33) 

Equations (34) to (39) represent the backpropagation equations for the MNN, where A 

identifies the weight change to the specified weights, and ry stands for the learning-rate. 

Different learning-rates could be applied in equations (36) to (39), as well as an additional 

momentum term (Freeman and Skapura, 1992). The complete derivation of the weight 

update equations can be found in Appendix C. 

(34) 

1 n It (35) 

(36) 

(37) 

(38) 
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(39) 
i=I 

3) Repeat step 2 for all available training patterns (Vp = 1,P) and calculate the root-

mean-square (RMS) error measure: 

4) Iterate the computations in step 2 and 3 until the MNN reaches a steady state. 

3.2.2.2 Statistical interpretation of some variables 

There are statistical interpretations for some of the unknown terms in the MNN (Jacobs 

and Jordan, 1991). The output vectors K'*' of the K expert networks are unknown 

conditional mean vectors. The components of the gating network output vector g^can be 

seen as the a priori probabilities of the expert network giving the target vector d . 

These probabilities are moved towards the a posteriori probabilities h^, that the local 

expert generates the target vector. 

3.2.2.3 Advantages of a modular neural network 

The use of modular neural networks presents several advantages over single neural 

networks (e.g. backpropagation), especially in regard to the following two points: 

RMS error of MNN (40) 

1) The speed of learning will be faster if a complex function is namrally decomposable 

into a set of simpler functions, because a MNN has the built-in ability to discover 

the decomposition. This means that a MNN is able to leam several simple 
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functions (decompositions) faster than a multilayer perceptron can learn the 

undecomposed complex function (Haykin, 1994). 

2) The representation of input data developed by a MNN tends to be easier to 

understand than in the case of an ordinary multilayer perceptron by virme of the 

ability of a MNN to decompose a complex task into a number of simpler tasks, as 

was demonstrated by Rueckl et al. (1989) and Jacobs and Jordan (1991). 

3.2.2.4 Hierarchical modular neural network 

A hierarchical modular neural network (Jordan and Jacobs, 1992) is the logical extension 

of the MNN, as discussed above. The conclusion was that combining multiple neural 

networks to MNNs follows from the idea of matching the human brain on a high level. 

Another logical expansion of this principle of divide and conquer would be to allow each 

of the multiple local expert neural networks to be a stand-alone MNN. This leads to a 

hierarchical architecture of MNNs, the so-called hierarchical modular neural networks. 

Jordan and Jacobs (1992) suggest that if the arguments in support of data partitioning are 

valid, then they apply equally well to a particular region in the input space as they do to 

the entire input space. Therefore the authors conclude that each local expert network 

itself should be composed of competing sub-experts, e.g. local expert networks should be 

MNNs. In this dissertation only multilayer perceptrons were used as local expert 

networks. 
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3.3 Piecewise Halfspace Interpretation Neural Networks 

Apparent resistivity is the resistivity of a homogeneous isotropic halfspace that gives the 

same response as that observed in the field data (Sheriff, 1989). At a relatively 

homogeneous site, the apparent resistivity may resemble the true resistivity. In a real-

world 2D or 3D environment or even a layered-earth environment (ID), the apparent 

resistivities will not accurately reflect the true electrical properties of the earth, but will 

still reflect changes in electrical properties ±roughout the site. 

Piecewise halfspace interpretation neural networks (PHINNs) estimate the apparent 

resistivity and apparent relative dielectric constant using data from a subset of 

frequencies. The estimated values from the frequency subsets are then concatenated to 

produce resistivity and/or relative dielectric constant pseudosections at a particular 

sounding station (Figure 34). The PHINNs results can be further combined to build up 

2D pseudosections, which proves to be a fast and excellent technique to visualize and 

detect anomalies during a survey (chapter 4). 

Two varieties of PHINNs are discussed: those which estimate only resistivity (chapter 

3.3.1) and those which estimate both resistivity and relative dielectric constant (chapter 

3.3.2). 
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3.3.1 Resistivity estimation only 
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Figure 34: Schematic siiowing the input break-up of an ellipticity sounding curve for the 
piecewise haifspace resistivity only interpretation neural networks and how their 
results are concatenated to construct a resistivity pseudodepth section. 

Each of the ten resistivity PHINNs (Figure 34) is designed to have three input values and 

one output value. Two scaled ellipticity values from adjacent frequencies as sketched in 

Figure 34 and a third input parameter indicating the sign of the slope from one frequency 

to the next. The output is the apparent resistivity for the two frequencies used. The first 

two input values of each PHINN are scaled with the logarithm to base 10 of the absolute 

value of the ellipticity, while the slope is represented by a positive or negative one. The 

output is also scaled by the logarithm to base 10. The scaling of the input and output 

parameters by transforming the data from linear space to logarithmic space ensures that 

large values do not dominate the training process of the neural network. This 
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transformation is necessary, because the resistivi^ range of interest for the PHINNs spans 

four decades from 1 flm to 10,000 £2m (chapter 2.4.1) and the corresponding ellipticity 

values can vary over approximately four decades from -0.0001 to -1. 

The PHINNs are trained with an extended range of interest, because neural networks tend 

to have an increased estimation error at the boundaries of the training range. Therefore an 

extended range of training, spanning six decades from 0.1 iim to 100,000 Qm, leads to 

more accurate results for the actual range of interest as will be shown later. The training 

set containing 121 halfspace examples was created using the forward modeling program 

EM ID, the HF-system parameters (Table 2), a halfspace relative dielectric constant Br = 

10, and 20 halfspace resistivity values per decade equally distributed in logarithmic space. 

A testing set, containing 121 different halfspace models, was created with the same 

parameters as the training set, with the exception that the test models span only the 

resistivity range of interest and are sampled with 30 points per decade instead. 

The training of the majority of neural networks discussed in this dissertation was 

conducted with the SaveBest option of the NeuralWorks software (NeuralWare, 1995). 

This option is a training strategy developed to avoid the overtraining of a neural network. 

Overtraining is a state of a neural network in which it has adjusted its weights to produce 

the smallest error for the specific patterns of the training set which might not represent the 

desired generalized function. An independent testing set is used to determine the point 
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during the training where the neural network best generalizes the problem underlying 

function. The training set is exclusively used to train the neural network, while the 

testing set is used to monitor on the status of the generalization during the training 

process of the neural network. The patterns of the testing set are always original or new 

patterns for the neural network, since they are not used in the actual training phase. As 

training commences the patterns of the training file are presented to the neural network 

and the weights are adjusted according to the chosen algorithm. After a fixed number of 

training iterations the learning process is temporarily stopped. Now the patterns of the 

testing file are recalled through the neural network and an error Ei for the testing set is 

calculated and stored together with the ciurent network configuration. Then the training 

resumes with the training set for another fixed number of iterations, typically 1000. 

Again the patterns of the testing file are recalled through the neural network and an error 

£2 for the testing set is calculated and stored. This procedure continues until the error £, 

does not decrease anymore for a given number of successive tests, typically 10. The best 

neural network is the one that produces the smallest error for the testing set. 

Because the training procedure uses a training and an independent testing set, it is of 

interest to examine three kinds of errors to evaluate the performance of a trained neural 

network. The first error is the average percent error in resistivity for the complete 

training set covering the extended range of interest (0.1 Qm to 100,000 Qm). The second 

error is the average percent error in resistivity for the training set in the range of interest 
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(1 Qm to 10,000 nm). The third error is the average percent error in resistivity for the 

testing set, which typically covers the range of interest (1 to 10,000 Qm). 

Table 10: Summary of the training results of the piecewise halfspace interpretation neural 
networks. Resistivity estimation only and for the HF-system with a coil 
separation of 8 m. 

PHINNs by 
Frequencies Used 

Number 
of RBF 

PEs 

Number of 
Second 
Hidden 

Layer PEs 

Iterations 
Trained 

Average % Error 
Resistivity 

for Training Range 
(0.1 Qm to 100,000 Qm) 

Average % Error 
Resistivity 

for Range of Interest 
(1 nm to 10,000 Qm) 

Average % Error 
Resistivity 

Testing 
(1 JJm to 10,000 Qm) 

31 kHz and 62 kHz 35 3 74,000 3.69 2.67 2.91 

62 kHz and 125 kHz 50 3 74,000 3.45 3.13 3.46 

125 kHz and 250 kHz 50 3 70,000 2.84 1.64 1.78 
250 kHz and 500 kHz 50 3 74,000 3.05 2.40 2.55 
SCO kHz and I MHz 50 3 96,000 2-79 1J9 1.75 
1 MHzand2MHz 50 3 96.000 3.07 1J6 1J7 

2 MHz and 4 MHz 50 3 100,000 3.22 1.32 1.35 
4 MHz and 8 MHz 80 3 176.000 9.10 8.21 8.16 
8 MHz and 16 MHz 65 5 72,000 8.40 2.92 3J9 

16 MHz and 32 MHz 65 3 60,000 8.66 2.72 3.93 

All PHINNs are trained with the hybrid RBF neural network architecture (chapter 3.2.1), 

using the delta learning rule, a hyperbolic tangent function, a learning rate of 0.9, a 

momentum of 0.6, and 3630 iterations during the initial unsupervised clustering phase of 

the RBF layer. The number of RBF PEs and the number of second layer hidden PEs are 

given in Table 10 together with the number of iterations trained and the errors described 

above. 

The training results presented in Table 10 show that nearly all the PHINNs have average 

percent errors below 4% in the range of interest. The notable exception is the PHINN 

using ellipticities for 4 MHz and 8 MHz which has an error just above 8%. The higher 

error may be related to the fact that the system set-up demands two different transmitter 

heights for the forward modeling to create the training set (Table 2) which makes it 
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harder for the network to estimate the function of the underlying problem. Overall it is 

observed that the PHINNs using the highest three frequencies have the highest errors 

which might also be related to the lower transmitter elevation. But Table 10 does not tell 

the whole story, because the errors depend very much on the model itself. Therefore 

Table 11 shows the average percent errors in resistivity for the training set broken up into 

the six decades. 

Table II: Average percent resistivity error, calculated for the training sets of the 
piecewise halfspace resistivity only interpretation neural networks. The numbers 
in bold indicate errors larger than 7%. 

Average % Error Resistivity. Calculated for the Training Set over Specified Resistivity Range 

PHINNs by 
Frequencies Used 

O.l (2m to 
100.000 Om 

I Qmto 
10.000 Qm 

O.l Qmto 
1 Qm 

I £2mto 
10 Qm 

lOQmto 
100 Qm 

lOOQmtc 
1000 Qm 

1000 Qm to 
10000 Qm 

10000 Qm to 
100000 Qm 

31 kHz and 62 kHz 3.69 2.67 6.87 6.67 2.27 0.84 0.81 439 

62 kHz and 12S kHz 3.45 3.13 337 6.70 4.07 0.63 1.08 435 

125 kHz and 250 kHz 2.84 1.64 533 336 1.88 030 0.96 4.90 

250 kHz and 500 kHz 3.05 2.40 437 1.48 634 1.05 0.67 4.10 

SCO kHz and 1 MHz 2.79 1J9 5.13 0.40 3.86 132 0.73 4.87 

1 MHz and 2 MHz 3.07 1.56 4.61 1.28 3.05 0.92 0.87 7.11 
2MHzand4MIb 3.22 IJ2 3.01 0J2 1.09 0.57 3.03 10.85 

4 MHz and 8 MHz 9.10 8.21 3-95 0.61 0.99 5.10 2533 18.14 
8 MHz and 16 MHz 8.40 192 20.87 1.06 2.18 2.76 5.68 1636 
16 MHz and 32 MHz 8.66 2.72 7.74 3.18 2.76 1.16 3.78 3238 

Table 11 can be used to obtain a rough error estimate for a sounding interpreted with the 

PHINNs. For almost all PHINNs, the errors attached to the decades extending beyond the 

range of interest are higher than for the four decades of the range of interest. This 

justiHes training a neural network with an extended range of interest to increase the 

accuracy of the neural network estimates within the range of interest itself. Another way 

of looking at the training results is presented in Figures 35 and 36. 
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actual trainiiig results to the desired results 
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Figure 35: Training results for the 2 MHz and 4 MHz PHINN, presented as comparison 
between the desired and actual training results. 

Figure 35 shows the excellent training results of the 2 MHz and 4 MHz PHINN by 

comparing the desired with the actual resistivity output. A close look; reveals some minor 

deviations, especially in the first and last decade of the plotting range (also Table 11), 

which corresponds to the extensions of the training range. In contrast to the training 

results of the best PHINN (Figure 35) the training results of the 4 MHz and 8 MHz 

PHINN are presented in Figure 36 (also Table 10). 
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Figure 36: Training results for the 4 MHz and 8 MHz PHINN, presented as comparison 
between the desired and actual training results. 

In Figure 36 some signiHcant oscillations are observed for resistivities greater than 2000 

Qm contributing to the increased errors for the last two decades (see also Table II). 

Graphs such as those shown in Figure 35 and 36 can also be used to estimate the error 

associated with PHINN results interpreting field soundings. 

3.3.1.1 Advantages and limitations 

The advantages of the PHINNs are related to their speed which enables them to be used in 

an almost real-time in-Held interpretation and their ability to detect, enhance, and 

visualize anomalies by concatenating the results of the 10 PHINNs to pseudo-depth 
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sections. The PHINNs are an interpretation technique capable of enhancing the 

anomalies in resistivity depth sections and providing additional information for the 

detection and localization of an object as will be demonstrated in several examples in 

chapter 4. It is important to realize that the quantitative results of the PHINNs are 

meaningless for 3D data sets. In a 3D case they must be used for qualitative 

interpretation only - as anomaly detectors. This raises the question as to whether PHINNs 

produce meaningful quantitative results in a layered-earth (ID) situation. Therefore a set 

of two-layer models was calculated (Figure 38) and the estimated resistivities of the 

PHINNs are analyzed in the next section. 

0.0 

R = 8m| 
-0.1 

= 10 

-OJ 

T. = 0.188A).0225m 

-0.6 • 
1 Ohmm f.OI Ohmm 

10 Ohmm 19.95 Ohmm 
-0.7 -

50.12 Ohmm -o-199J2 Ohmm 

501.18 Ohmm 1000 Ohmm 
-0.8 -

5011.87 Ohnun 10000 Ohmm 

!E+7 

Frequency [Hz] 

Figure 37: Ten ellipticity curves calculated for and used in the training set of the 
piecewise halfspace resistivity only interpretation neural networks. 
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Figure 37 shows ten halfspace models from 1 to 10,000 Qm. All models are 

included in the training set used to train the PHINNs. The ellipticides are calculated only 

for the eleven discrete HF-system frequencies. 

One important observation in Figure 37 is that for frequencies below or equal to 2 MHz 

ellipticity values are never smaller than approximately -0.45. ff sounding data contain 

ellipticity values in that frequency range below that threshold value it can be a assumed 

that the sounding location is not a simple halfspace. The PHINNs are now tested with the 

10 two-layer models shown in Figure 38, which show ellipticity values below -0.45. 

0.0 

.0.1 -
e,i = 10 

.0 J -

.0.4 -

T. = 0.188/0.0225 m 

4l.fi • 

.0.7 

200 500 1000 5000 10000 

-1.0 

lE+8 
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Figure 38: Ellipticity curves calculated for 10 two-layer models with varying top layer 
resistivity p/, P2 = 100 ihn, Eri = Eri = 10, a top layer thickness T, -2 m, and 
the  s t andard  HF-sys tem co i l  conf igura t ion  fo r  a  separa t ion  of  R  =  8m.  
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A comparison of the ellipiicity curves in Figures 37 and 38 highlights several similarities 

in the general shape of the curves. However individual ellipticity values are quite 

different. Using the PHINNs to estimate piecewise haifspace resistivities for the 10 two-

layer models shown in Figure 38 leads to the results shown in Table 12. The results in 

the shaded areas of Table 12 will be discussed in more detail in the next paragraph. 

Table 12: Piecewise haifspace resistivity neural network estimates for the ten two-layer 
models shown in Figure 38, sorted by the top layer resistivity. For the 
significance of the shaded areas see text below. 

Top-Layer Resistivity [nm] 
PHDWsby 

Frequencies Used 
200 I 500 I 1000 I 5000 

31 kHz and 62 km 

62 kHz and 125 klfe 1343 164.0 179.1 193.0 

125 kHz and 250 kHz 

250 kHz and 500 kHz 219.3 198.8 

500 kHz and 1 MHz 237.6 

I MHz and 2 MHz 

2 MHz and 4 MHz 

4 MHz and 8 MHz 

8 MHz and 16 MEfe 

16 MHz and 32 MHe 

The lightest gray shaded area in the bottom left of Table 12 shows PHINN estimates that 

are approximately equal to the top layer resistivity. This happens only for the very 

conductive top layers and only for the PHINNs using the higher frequencies. This can be 

explained by the fact that the very conductive top layers highly attenuate the 

electromagnetic waves so that no information about the second layer is contained in the 

measured fields and consequently not in ellipticity. This can also been seen by comparing 

Figure 37 and Figure 38 for the models and frequency range that is shaded light black in 
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Table 12. There are two rows of cells white on black background. The top one 

designates the estimates for the 31 kHz and 62 kHz PHINN. All the estimates are higher 

than the top layer resistivity for the conductive over resistive models (first five) and lower 

for the resistive over conductive models Gast five). This shows that the ellipticity data at 

these frequencies contain significant information about the bottom layer, because the 

estimated value can always be explained as some kind of average between both 

resistivities. The white on black cells for the 1 MHz and 2 MHz PHINN demonstrate the 

same behavior as previously discussed, but only for the resistive over conductive models, 

indicating that with the decreasing attenuation of the electromagnetic field, which 

requires an increased top layer resistivity, some information about the bottom layer 

becomes visible at these frequencies. The non-shaded cells typically show an estimate 

that appears to be some sort of average between the two resistivities. The gray shaded 

cells of Table 12 show resistivity estimates that are either higher or lower than both of the 

layers resistivities. These numbers can not be justified with an electromagnetic 

explanation and must be explained with a limitation of the PHINN itself. Figure 39 was 

created to investigate this problem in greater detail. 
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Figure 39: Ellipticity versus halfspace resistivity for the training input data of the 250 kHz 
and 500 kHz PHINN (continuous curves) compared to the ellipticities of the 
two-layer models shown in Figure 38 at these frequencies. To plot these 
ellipticities the top layer resistivity is used as x coordinate value. 

To analyze the behavior of the 250 kHz and 500 kHz PHINN, Figure 39 and the fourth 

row of Table 12 have to be considered together. The two continuous curves in Figure 39 

explain why at least two ellipticity values are necessary to estimate the correct resistivity. 

A single curve would always have a one too many mapping of one ellipticity value to two 

possible models. The first two inputs for the two-layer testing of this PHINN are the 

symbols plotted at p = I Qm. The PHINN estimates the halfspace resistivity for this 

input pair as 1.8 Qm, which is a bit surprising, because the difference is smaller than for 

the 1 Qm halfspace models. The next three two-layer models are very interesting, plotted 
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at p = 5, 10, and 20 Qm. Almost all the ellipticities are below the values that can be 

expected for halfspace models and the PHINN estimates resistivities around 15 Qm. It 

appears that the PHINN picks the resistivity in the vicinity of the minima of both 

continuous curves if it encounters values that exceed the ellipticity input range of the 

training process. Continuing along the x axis to the 50 Qm over 100 Qm two-layer 

model, plotted at 50 Qm, it is observed that the ellipticities are very close to the 

ellipticities for the halfspace resistivity models, and therefore the estimate of 56.4 Qm is 

very reasonable. The last five two-layer model ellipticities show an almost constant 

difference while slightly increasing in value. This is reflected in the PHINN estimates by 

a slighdy increasing halfspace resistivity estimate (Table 12). Since the ellipticity values 

are all between -O.I and -0.25, which is typical for halfspace resistivity models between 

100 Qm and 300 Qm (Figure 39), the estimates are all within that resistivity range. 

3.3.1.2 Summary 

The last discussion clearly demonstrates that the resistivity estimates of the PHINNs will 

only represent the true resistivity under specific circumstances. Each estimate must be 

carefully interpreted and fit into the whole picture of all PHINN estimates of one 

sounding and neighboring stations. In a real-world, layered-earth environment (ID), or 

even a 2D or 3D environment, the estimated apparent resistivities will not accurately 

reflect the true electrical properties of the earth, but will still reflect changes in electrical 

properties throughout the site. There is a considerable amount of information contained 

in the PHINN estimates but it is not easy to extract. Low training errors will enable the 
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PHINNs to produce consistent results even on soundings over non-halfspaces. One 

graphical way of using this information is to construct 2D resistivity sections (Figure 34). 

Interpreting these visualized results will be discussed in chapter 4. 

3.3.2 Resistivity and relative dielectric constant estimation 
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Figure 40: Schematic showing the input break-up of an ellipticity sounding curve for the 
piecewise halfspace resistivity and halfspace relative dielectric constant 
interpretation neural networks and how their results are concatenated to 
construct resistivity or relative dielectric constant pseudodepth sections. 

Those PHINNs which estimate resistivity and relative dielectric constant are designed in a 

very similar fashion to PHINNs which estimate only the resistivity, as discussed in the 

previous section. The three input values are again the two scaled ellipticities from 

adjacent frequencies as sketched in Figure 40 and a third input parameter indicating the 

sign of the slope from one frequency to the next. A significant difference between the 
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two PHINN classes is that now the lowest frequency used is 500 kHz, because ellipticities 

at lower frequencies do not provide information about the relative dielectric constant, as 

shown for example in Figure 13 in chapter 2.4.2. The two outputs are the apparent 

resistivity and the apparent relative dielectric constant for the two frequencies used. 

Again the absolute value of the first two inputs and both outputs are scaled with the 

logarithm to base 10, while the slope is again represented by a positive or negative one 

(chapter 3.3.1). 

The PHINNs are not trained with an extended range of interest. This keeps the number of 

training patterns small and decreases the training time. In addition, as will be discussed 

soon there are other factors that will limit the resolvable range even further. The training 

• set containing 1681 halfspace examples was created using the forward modeling program 

EMID, the HF-system parameters (Table 2), 10 halfspace resistivity values per decade 

from 1 Qm to 10,000 ftm, and 20 halfspace relative dielectric constant values per decade 

from 1 to 100, both equally spaced in logarithmic space. A testing set containing 3111 

different halfspace models was created with the same parameters as the training set, 

except that the test models are sampled with 30 points per resistivity decade and 25 points 

per relative dielectric constant decade. The entire distribution of the training models 

throughout model space is visualized in Figure 41, where each open circle represents one 

model included in the training set. 
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Figure 41: Relative dielectric constant versus resistivity for halfspace models. Circles 
indicate the desired halfspace model output while the crosses indicate the actual 
PHINN (500 kHz and I MHz) estimated halfspace model parameters. 

All PHINNs are trained for 200,000 iterations with the hybrid RBF neural network 

architecture (chapter 3.2.1), using the delta learning rule, a hyperbolic tangent function, a 

learning rate of 0.9, a momentum of 0.6, and 50430 iterations during the initial 

unsupervised clustering phase of the RBF layer. The number of RBF PEs and the number 

of second layer hidden PEs are given in Table 13 together with final training and testing 

errors. 
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Table 13: Summary of the training results of the piecewise halfspace interpretation neural 
networks. Resistivity and relative dielectric constant estimation and for the HF-
system with a coil separation of 8 m. 

PHINNs by 
Frequendes Used 

Number 
ofRBF 

PEs 

Number of 
Second 
Hidden 

Layer PEs 

Average % 
Error Resistivity 

for Traiu'ng 
(I Qm to 

10,000 Qm) 

Average % 
Error Resistivity 

for Testing 
(1 nm to 

10,000 Qm) 

Average % Error 
Relative Dielectric 

Constant for 
Training 
(1 to 100) 

Average % Error 
Relative Dielectric 

Constant for 
Testing 

(1 to 100) 

500 kHz and I MHz 40 7 7.11 1.07 83.25 82.86 

1 MHz and 2 MHz SO 7 1132 11.19 8Z34 82.85 

2 MHz and4MHz 50 6 29.04 28.81 85.66 84.81 

4MHzandgMHz 50 7 83.48 84.50 89.34 88.28 

8 MHz and 16 MHz 55 6 88J3 88.34 90.46 90.90 

16 MHz and 32 MHz 55 6 86.39 90.39 82.66 87.76 

The training results presented in Table 13 appear unsatisfactory with two exceptions: the 

resistivity estimates for the two PHINNs using 1 MHz have an acceptable error. But even 

if the overall training and testing errors shown are not altogether encouraging there are 

some areas in model space that can be resolved. In the following paragraphs the causes 

for the rather disappointing results will be examined. In addition, it will be shown that 

several regions of the model space can be interpreted despite the poor training results. 

Initially, the results for the 500 kHz and 1 MHz PHINN will be examined. 

The actual estimates of the 500 kHz and 1 MHz PHINN are plotted versus the desired 

model parameters in Figure 41. The whole plot area shows the model space with 

resistivity on the x-axis and relative dielectric constant on the y-axis. This plot provides 

tremendous insight into model space and indicates which regions of model space can be 

resolved. A 100% perfect training result would be achieved if each desired model 

represented by one cross would be plotted in the center of a circle representing one 
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desired training model. The resistivity estimates are acceptable, which can be seen in the 

vertical line pattern in the actual estimated models. These vertical patterns are equally 

spaced and to some extent overlying the desired resistivity values, showing that the neural 

network was able to extract the desired resistivity information. The estimation of the 

resistivity is not as good as that found for the PHINNs which estimate the resistivity only, 

but they cover only the part of model space with a relative dielectric constant of 10, 

which is one horizontal line in Figure 41. From the same figure it also appears that it is 

easier to estimate £r = 10 than any other &-

Figure 41 also shows that the relative dielectric constant is completely unresolved for 

resistivities below approximately 50 Qm, while for higher resistivities the estimated 

models begin to cover the whole relative dielectric constant range. The answer to why 

this area can not be resolved can be found in Figures 18 and 19. As previously discussed 

in chapter 2.4.2, it is not possible to gain information from ellipticity at these two 

frequencies about the relative dielectric constant for resistivities below approximately 50 

Qm. Two other areas are completely unresolved, first for relative dielectric constants 

below approximately 3 and second for relative dielectric constants greater than 

approximately 50 and resistivities above approximately 5000 tim. The answer to why 

these models can not be resolved can be found in the sensitivity analysis in chapter 2.4.2. 

Figure 13 shows that the ellipticity differences become very small for small relative 

dielectric constants and Figure 12 shows that the ellipticity differences for highly resistive 
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models become small as well. Therefore, the ellipticity data do not provide sufficient 

information to resolve the last two mentioned areas. Di addition. Figures 18 and 19 

indicate no horizontal patterns for relative dielectric constants below approximately 3, 

suggesting that it cannot be resolved, fo addition no vertical patterns can be found for 

high resistivities, indicating that the resistivity can not be resolved in that area (chapter 

2.4.2). 

This necessitates examining the errors presented in Table 13 from a different perspective. 

First, the errors will be sorted by decades for the resistivities and in four categories for the 

relative dielectric constant, bi addition a third error column is presented where the errors 

are calculated only for models with resistivities greater 50 Qm (Table 14). 

Table 14: Average percent resistivity errors calculated for the training set of the 500 kHz 
and I MHz piecewise halfspace resistivity and halfspace relative dielectric 
constant interpretation neural network. (a) shows the resistivity errors 
categorized by decades and (b) shows the relative dielectric constant errors 
divided into 4 ranges. Comparing errors for the whole training set with the 
whole training set minus all models with resistivities smaller than 50 Qm. 

Halfspace 
Resistivity 

Training Range 
[£ltn] 

Average Perccnt 
Resistivity Error 
of all Training 

Patterns 

I-IO 3.39 

10-100 7.82 

100-1000 6.01 

1000-10,000 11.44 

1-10.000 7.11 

(a) 

Halfspace Relative 
Dielectric Constant 

Training Range 

Average Perccnt 
Relative Dielectric 

Constant Enor 
of all Training Patterns 

Average Percent Relative 
Dielectric Constant Error 

of Training Patterns 
with p > 50.12 Om 

1-3 223.19 45.35 
3-10 46.53 22.98 

10-40 26.86 15.04 

40-100 41.83 17.45 

1-100 83.25 24.93 

3-40 36.81 18.66 
(b) 
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The errors of less than 8% for the resistivities shown in Table 14 (a) are acceptable with 

an increased error of 11.44% for the 1000 flm to 10,000 Qm range as expected from the 

previous discussion, fa Table 14 (b), the exclusion of the models with resistivities 

smaller or equal to 50 £2m reduces the errors to approximately 20%. The exception is the 

relative dielectric constant range from 1 to 3 with an error exceeding 45%. 

It can now be concluded that the 500 kHz and 1 MHz PHINN estimates are much better 

than the first look at Table 13 indicated. The PHINN is not limited by a problem with the 

neural network architecture or the selection of the training set. It is rather a limitation 

given by the available ellipticity data set to resolve specific regions of the halfspace 

model space, as discussed above and in chapter 2.4.2. A careful look at the results in 

comparison with Figure 41 and the presented error tables should enable the user to put a 

confidence level on the PHINN estimates. 

The training results of the other five PHINNs are summarized on the following pages 

with figures similar to Figure 41 and tables similar to Table 14. 
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Table 15: Average percent resistivity errors calculated for the training set of the 1 MHz 
and 2 MHz piecewise halfspace resistivity and halfspace relative dielectric 
constant interpretation neural network. (a) shows the resistivity errors 
categorized by decades and (b) shows the relative dielectric constant errors 
divided into 4 ranges. Comparing errors for the whole training set with the 
whole training set minus all models with resistivities smaller than 50 Qm. 

Halfspace 
Resistivity 

Training Range 

[flm] 

' Average Pfcrccnt 
Resistivity Error 
of all Training 

Patterns 

I-IO 3.06 

10-100 9.03 

100-1000 15 J1 

1000-10.000 17.89 

1-10.000 11.32 

(a) 

Hal&pace Relative 
Dielectric Constant 
Training Range 

Average Percent 
Relative Dielectric 
Constant Error 

of all Training Patterns 

Average Percent Relative 
Dielectric Constant Error 
of Training Patterns 
with p>50.12£2m 

1-3 226.85 34.40 

3-10 43.45 15.12 

10-40 23.45 7.40 

40-100 4IJ6 13J8 

1-100 82.34 17.29 

3-40 33.76 10.94 

(b) 

o Desired Halfspace Models x Actual PHINN Estimatrd Halfspace Models (1 MHz and 2 MHz) 
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Figure 42: Relative dielectric constant versus resistivity for halfspace models. Circles 
indicate the desired halfspace model output while the crosses indicate the actual 
PHINN (1 MHz and 2 MHz) estimated halfspace model parameters. 
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Table 16: Average percent resistivity errors calculated for the training set of the 2 MHz 
and 4 MHz piecewise halfspace resistivity and halfspace relative dielectric 
constant interpretation neural network, (a) shows the resistivity errors 
categorized by decades and (b) shows the relative dielectric constant errors 
divided into 4 ranges, (a) Comparing errors for the whole training set with the 
whole training set minus all models with relative dielectric constants of 45 and 
more, (b) Comparing errors for the whole training set with the whole training 
set minus all models with resistivities smaller than 199 Qm. 

Halfspace 
Resistivity 

Training Range 
[Qml 

Average Percent 
Resistivity Error 

of all Training Patterns 

Average Percent 
Resistivity Error 

of Training Patterns 
with er< 45 

MO 9.23 5.52 

10-100 11.46 9J2 

100-1000 20.85 14.84 

1000-10.000 71.09 29.09 

1-10.000 29.04 14.68 
(a) 

Half^ace Relative 
Dielectric Constant 

Training Range 

Average Percent Relative 
Dielectric Constant Error 
of all Training Patterns 

Average Percent Relative 
Dielectric Constant Error 

of Training Patterns 
with p > 1993 Qm 

1-3 226.08 20.26 

3-10 40.89 8.00 

1040 33.83 19.90 

40-100 4654 19.87 

1-100 85.66 17.18 

3-W 38.22 14,91 
(b) 

o Desired HalCspace Models x Actual PHINNEstiiiialed.HiUfspace Models (2 MHz and 4 MHz) 
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Figure 43: Relative dielectric constant versus resistivity for halfspace models. Circles 
indicate the desired halfspace model output while the crosses indicate the acmal 
PHD>IN (2 MHz and 4 MHz) estimated halfspace model parameters. 
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Table 17: Average percent resistivity errors calculated for the training set of the 4 MHz 
and 8 MHz piecewise halfspace resistivity and halfspace relative dielectric 
constant interpretation neural network. (a) shows the resistivity errors 
categorized by decades and (b) shows the relative dielectric constant errors 
divided into 4 ranges. 

Halfspace Resistivity 
Training Range 

[£2m] 

Average Percent 
Resistivity Error 

of all Training Patterns 

I-IO 10.45 

10-100 108.53 

100-1000 156.51 

1000-10,000 55.21 

1-10,000 83.48 

(a) 

Halfspace Relative 
Dielectric Constant 

Training Range 

Average Percent Relative 
Dielectric Constant Error 
of all Training Patterns 

1-3 234.11 

3-10 43.25 

10-40 38.10 

40-100 47.36 

I-lOO 89.34 

3-40 40.99 
(b) 

o DesiKd HidEspace Models x Actual PHINNEstiiiiated Halfspace Models (4 MHz and 8 MHz) 
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Figure 44: Relative dielectric constant versus resistivity for halfspace models. Circles 
indicate the desired halfspace model output while the crosses indicate the actual 
PHINN (4 MHz and 8 MHz) estimated halfspace model parameters. 
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Table 18: Average percent resistivity errors calculated for the training set of the 8 MHz 
and 16 MHz piecewise halfspace resistivity and halfspace relative dielectric 
constant interpretation neural network, (a) shows the resistivity errors 
categorized by decades and (b) shows the relative dielectric constant errors 
divided into 4 ranges. 

Halfspace 
Resistivity 

Training Range 
[«m] 

Average Percent 
Resistivity Error 

of all Training Patterns 

I-IO 9.46 

10-100 151.97 

100-1000 142.30 

1000-10,000 52.31 

1-10,000 88.33 

(a) 

H^fspace Relative 
Dielectric Constant 

Training Range 

Average Percent Relative 
Dielectric Constant Error 
of all Training Patterns 

1-3 238.47 

3-10 42.53 

10-40 39.97 

40-100 45.06 

1-100 90.46 

3-40 41.90 
(b) 

o Desired HaUispace Models x Actual PHINN Estimated Htdbpace Models (8 MHz and 16 MHz) 
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Figure 45: Relative dielectric constant versus resistivity for halfspace models. Circles 
indicate the desired halfspace model output while the crosses indicate the actual 
PHINN (8 MHz and 16 MHz) estimated halfspace model parameters. 
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Table 19: Average percent resistivity errors calculated for the training set of the 16 MHz 
and 32 MHz piecewise halfspace resistivity and halfspace relative dielectric 
constant interpretation neural network. (a) shows the resistivity errors 
categorized by decades and (b) shows the relative dielectric constant errors 
divided into 4 ranges. 

Halfspace 
Resistivity 

Training Range 
[Qm] 

Average Percent 
Resistivity Error 
of all Training 

Patterns 

l-IO 41.43 

10-100 105.88 

100-1000 141.97 

1000-10,000 57.11 

1-10,000 86.39 

(a) 

Halfspace Relative 
Dielectric Constant 

Training Range 

Average Percent Relative 
Dielectric Constant Error 
of ail Training Panems 

1-3 168.60 

3-10 69.17 

10-40 48.86 

40-100 47.86 

1-100 82.66 

3-40 57.39 
(b) 

o Desired HalCspace Models x Actual PHINN Estimated HalCipace Models (16 MBz and 32 MHz) 
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Figure 46: Relative dielectric constant versus resistivity for halfspace models. Circles 
indicate the desired halfspace model output while the crosses indicate the actual 
PHINN (16 MHz and 32 MHz) estimated halfspace model parameters. 
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The training results for the 1 MHz and 2 MHz PHINN summarized in Figure 42 and 

Table 15 show that the resistivity error increases with increasing resistivity range, which 

can be explained with fewer horizontal patterns in Figures 19 and 20. Again the relative 

dielectric constant can not be resolved for €r below approximately 3 and resistivities 

below approximately 50 flm. This is because the ellipticity does not provide the 

necessary information, as can be seen in the exclusively vertical patterns in Figures 19 

and 20 in these model parameter regions. 

Figure 43 and Table 16, which summarize the training results for the 2 MHz and 4 MHz 

PHINN, show very similar results with two major differences. The resolvable resistivity 

area becomes smaller because it can not be resolved for Br above approximately 45. The 

resolvable relative dielectric constant area also becomes smaller. Even after eliminating 

resistivities below 199.5 £2m, the average errors are still almost 20% (Table 16). Both 

changes can be explained with Figure 21, in which the area of vertical patterns shifts to 

over 100 flm compared to the previous figures and there is an absence of vertical patterns 

for high resistive high relative dielectric constant models. 

In chapter 2.4.2 it was found that, starting with 8 MHz, some regions of strong ellipticity 

gradients in model space are introduced (Figures 22 to 24). These regions may be the 

reason why the last three PHINNs, which use the 8 MHz, 16 MHz, and 32 MHz data, do 
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not train very well. Figures 44 to 46 indicate only small regions of resolvable halfspace 

models, as supported by the high average percent errors found in Tables 17 to 19. 

3.3.2.1 Summary 

The halfspace resistivity and halfspace relative dielectric constant PHINNs are able to 

extract information about the relative dielectric constant from ellipticity data in a 

frequency range above 250 kHz. The resolvable areas of model space are highly 

dependent on the selected frequencies and the coil separation. The various pieces of 

information about the relative dielectric constant contained in the different frequencies 

need to be carefully extracted and confidence levels need to be evaluated using Figures 14 

to 24, Figures 41 to 46, and Tables 14 to 19. 

3.4 Layered-Earth Interpretation Neural Networks 

Training a neural network to learn any arbitrary three-layer case requires three resistivity 

values in the range of interest sampled with only 10 points per decade, the same for the 

relative dielectric constant, and layer thicknesses from 0.1 m to 5 m in 0.1 m intervals. 

This would lead to 41-41-41-21-21-21-50-50 = 1,595,693,452,500 u^aining examples. 

Obviously this huge number can not be dealt with in practice, due to insufficient 

computer software and hardware and problems with handling files of that size. Therefore 

a different approach is taken towards resolving layered-earth models. The interpretation 

of an ellipticity sounding is broken up into many parts, each using a small network which 

estimates one possible layered-earth model (chapter 3.1). There are currently seven 

different layered-earth interpretation neural networks available within EDIS (chapter 1.4) 
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as shown in Table 9. In chapter 3.4.1 the two one-layer networks are discussed and the 

three two-layer networks in chapter 3.4.2. 

3.4.1 One-Layer 

Two types of one-layer neural networks were designed (Table 9). The first network is 

called halfspace resistivity neural network estimating the halfspace resistivity only, using 

seven ellipticity inputs from 31 kHz to 2 MHz; it is discussed in chapter 3.4.1.1. The 

second network is the halfspace resistivity and halfspace relative dielectric constant 

neural network (chapter 3.4.1.2) estimating the halfspace resistivity and the halfspace 

relative dielectric constant using eight ellipticity inputs from 31 kHz to 4 MHz. 

3.4.1.1 Halfspace resistivity 

The interpretation neural network which determines only halfspace resistivity differs from 

the piecewise halfspace interpretation neural networks in the number of input values used 

to estimate the halfspace resistivity and in its application in the interpretation scheme. It 

provides information about what halfspace resistivity model gives the closest fit to the 

field sounding and is not used to create 2D sections. Seven inputs are used, which are the 

ellipticities of the frequencies from 31 kHz to 2 MHz. The single output is the halfspace 

resistivity. Both input and output are again scaled by the logarithm to base 10. The 

neural network is also trained with an extended resistivity range of interest, from 0.1 Qm 

to 100,000 Qm, for the same reasons as discussed in chapter 3.3.1. The training set 

containing 181 halfspace examples was created using the forward modeling program 
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EMID, the HF-system parameters (Table 2), a halfspace relative dielectric constant Sr = 

10, and 30 halfspace resistivity values per decade equally distributed in logarithmic space. 

A testing set containing 81 different halfspace models was created with the same 

parameters as the training set, except that the test models span the resistivity range of 

interest and are sampled with only 20 points per decade. A hybrid RBF neural network 

architecmre (chapter 3.2.1) was trained for 90,0(X) iterations, using the delta learning mle, 

a hyperbolic tangent function, a learning rate of 0.9, a momentum of 0.6, 3 output layer 

PEs, and 5430 iterations during the initial unsupervised clustering phase of the BIBF layer 

containing 35 PEs. The excellent training and testing results are summarized in Table 20 

and Figure 47. 

Table 20: Average percent resistivity error calculated for the training and testing sets of 
the halfspace resistivity only interpretation neural network and categorized by 
resistivity decades. 

Average Percent Errcff of 

Halfspace Resistivity 
Training Range 

[£2ni] 
Training Testing 

O.l-l 4.22 -

I-IO 0.68 0.49 

10-100 0.63 0.38 

lOO-IOOO 0.86 0.74 

1000-10,000 0.73 0.59 

10.000-100,000 4.40 -

0.1-100,000 1.96 0.55 

Table 20 shows that the extension of the training range leads to lower errors (less than 

1%) in the resistivity range of interest from 1 Qm to 10,000 Qm. The error is more than 

4 times greater in the Orst and the last resistivity decade. This neural network is thus a 
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very reliable one to identify the apparent halfspace resistivity range at a survey location as 

can be seen in Figure 47. 

Table 21: Testing results for the halfspace resistivity neural network for 10 two-layer 
models. 

Two-Layer Test Models 

Model 
Number 

Neural Network 
Estimated EblC^ce 

Resistivity [12m] 

Top Layer 
Resistivity 

[am] 

Second Layer 
Resistivity 

[Om] 

Top Layer 
Thicicness 

[m] 

I 2.02 I 100 2 

2 9-58 5 100 2 

3 22.49 10 100 2 

4 35.79 20 100 2 

5 66.14 50 100 2 

6 138.96 200 100 2 

7 181J2 501 too 2 

8 200.76 1000 100 2 

9 216.06 5012 100 2 

10 217.82 toooo 100 2 

e Actual Onlpat 

— Desired Output 
E  
a 

M •9 w ac 

l&l 
i&i 

Resistivity (Qnl 

Figure 47: Training results for the halfspace resistivity only interpretation neural network. 
Comparison between the desired and actual neural network estimates. 
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The halfspace resistivity neural network was also tested with 10 two-layer models as 

shown in Table 21. For a conductive over resistive layering the estimated halfspace 

resistivity is closer to the top layer resistivity while for resistive over conductive models 

the estimated halfspace resistivity is closer to the second layer resistivity. This can be 

explained by less attenuation of the electromagnetic signal with increasing resistivity of 

the top layer. For conductive top layers the second layer is masked while for increasing 

top layer resistivity the influence of the second layer increases. 

3.4.1.2 Halfspace resistivity and relative dielectric constant 

The goal of this interpretation neural network is to estimate not only a halfspace 

resistivity but also the halfspace relative dielectric constant information contained in the 

higher frequencies of the HF-system. Eight inputs are chosen, which are the ellipticities 

of the frequencies from 31 kHz to 4 MHz. The outputs are the halfspace resistivity and 

the halfspace relative dielectric constant of the corresponding forward model. Both input 

and output are again scaled by the logarithm to base 10. The training set containing 1681 

halfspace examples and was created using the forward modeling program EM ID, the HF-

system parameters (Table 2), 10 halfspace resistivity values per decade from 1 Qm to 

10,000 Qm, and 20 halfspace relative dielectric constant values per decade from 1 to 100, 

both equally distributed in logarithmic space. A testing set containing 1,785 different 

halfspace models was created with the same parameters as the training set but using a 

different sampling interval: 15 points per resistivity decade and 25 points per relative 

dielectric constant decade. The modular neural network architecture (chapter 3.2.2) was 
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chosen for the training, which ran for 110,(XX) iterations, using the delta learning rule, a 

hyperbolic tangent function, a learning rate of 0.9, a momentum of 0.6, 6 local expert 

networks with 70 hidden PEs each, and a gating network with 15 hidden PEs. The 

training results are summarized in Figure 48 and Table 22. 

lE*-2 

C  
2 (A s e 
U 

1e4'1 

1e40 

X Actual Ncnrat Network Estnntcd HaHmce Model o Desired Huimce Model 

o i l  
IS 

1E>0 lEi-l IE*1 

Resistivity [Qm] 

1E>3 le+4 

Figure 48: Relative dielectric constant versus resistivity for halfspace models. Circles 
indicate the desired training model output covering the whole model logarithmic 
space. The x indicate the actual neural network estimated model parameters. 

Figure 48 shows that the resistivity estimates are very good and that there are some 

problems with the relative dielectric constant estimates. The errors in Table 22 (a) for the 

resistivity are between 1% and 2.2%, approximately 1% higher than the interpretation 

neural network which estimates only resistivity (Table 20). However, the slightly larger 

errors for 1 Qm to 10 Qm and 1000 Qm to 10,000 Qm compared to the two decades in 
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between are satisfactory, especially since this network was not trained with an extended 

training range in an effort to keep the size of the training set small. It becomes obvious 

that the relative dielectric constant is completely unresolved for resistivities below 50 

Qm, indicated by an averaged estimate of Er - 10 in Figure 48. The relative dielectric 

constant values begin to be resolvable for models with resistivities greater than 10 Qm, 

meaning that they deviate from the average estimate of Er = 10. For resistivities greater 

than 50 Qm the relative dielectric constant estimates become reasonably close to the 

desired values. 

Table 22: Average percent resistivity errors calculated for the training set of the halfspace 
resistivity and halfspace relative dielectric constant interpretation neural 
network, (a) shows the resistivity errors categorized by decades and (b) shows 
the relative dielectric constant errors split up in 4 ranges with 3 to 40 being the 
range of interest. Also comparing errors for the whole training set with the 
whole training set minus all models with resistivities of 50 Qm and less. 

Halfspace 

Resistivity 

Training Range 

[Sim] 

Average Percent 

Resistivity Error 

ofTraining 
Patterns 

I-IO 2.18 

10-100 1.09 

100-1000 1.45 

1000-10,000 1.83 

1-10,000 1.96 

(a) 

Halfspace Relative 

Dielectric Constant 

Training Range 

Average Percent 

Resistivity Error 

of all Training Patterns 

Average Percent 

Resistivity Error 

ofTraining Patterns 

with p > 50 Qm 

1-3 198.87 23.61 

3-10 36.95 10.55 

10-40 24.00 7.68 

40-100 38.70 9.96 

1-100 7332 12.92 

3-40 30.77 8.56 

(b) 

Therefore the average percent error of the halfspace relative dielectric constant in Table 

22 is calculated for the whole training set and compared to the errors by excluding all 

models with resistivities less than 50 Qm. The errors drop drastically from a range of 

24% to almost 200% down to a range from 7.5% to 24% (Table 22 (b)). The high error 
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of 32.61% for low relative dielectric constants, even after eliminating models with 

resistivities below 50 Qm, is due to die fact that there is not enough information 

contained in the ellipticity data to resolve these kind of models (Figure 13). 

It can be concluded that the halfspace resistivity and halfspace relative dielectric constant 

interpretation neural network will provide a reliable estimate of the resistivities over the 

entire range of interest, while the accuracy of the relative dielectric constant estimates 

should be judged based on the resistivity of the estimated model. For models with 

resistivities of less than 50 Qm, the relative dielectric constant estimates are only 

averaged and therefore meaningless, while for higher resistivities and a relative dielectric 

constant greater than 3 the estimates are within 10%. This neural network provides a 

reliable indication of the resistivity and relative dielectric constant ranges, especially for 

high-frequency ellipticity soundings which are required to resolve dielectric information. 

The testing on 10 two-layer models shows the same results (Table 23) as found in the 

previous section. The estimated halfspace resistivity fits the top layer model resistivity 

closer for conductive over resistive models, while it fits the second layer resistivity better 

for resistive over conductive layering. It is interesting to note that the estimated relative 

dielectric constant decreases with increasing top layer model resistivity (except model 5 

in Table 23). 
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Table 23: Testing results for the halfspace resistivity and relative dielectric constant 
neural network for 10 two-layer models. 

Two-Layer Test Models 

Model 
Number 

Neural Network 
Estimated Halfspace 

Resistivity [Qm] 

Neural Network 
Estimated Halfspace 
Relative Dielectric 

Constant 

Top Layer 
Resistivity 

[Sim] 

Second Layer 
Resistivity 

tami 

Top Layer 
Thickness 

[ml 

I 0.59 11.49 1 100 2 

2 7.16 8.63 5 100 2 

3 16.75 4.37 10 100 2 

4 34.01 3.16 20 100 2 

5 69.44 7.27 50 100 2 

6 124.28 3.90 200 100 2 

7 149.99 1.28 501 100 2 

8 162.09 0.63 1000 100 2 

9 173.38 0.30 5012 100 2 

10 174.87 0.27 10000 100 2 

3.4.2 Two-Layers 

Three types of two-layer neural networks were designed (Table 9). Two of these two-

layer interpretation neural networks use eight frequencies from 31 kHz to 4 MHz to 

estimate the resistivities of both layers and the thickness of the top layer. These two 

networks are trained with models using an average relative dielectric constant of 10. 

They differ with respect to the layering; one estimates two-layer models that have a 

resistive over conductive layering (chapter 3.4.2.1) and the second one estimates models 

that have a conductive over resistive layering (chapter 3.4.2.2). The third two-layer 

interpretation neural networks uses nine frequencies from 31 kHz to 8 MHz to estimate 

the resistivities and the relative dielectric constants of both layers for a fixed thickness 
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(chapter 3.4.2.3). This leads to a total of 24 of these networks, one for each thickness 

between 0.2 m and 4.8 m in 0.2 m intervals (Table 7). 

3.4.2.1 Resistive over conductive 

The resistive over conductive (RQ two-layer interpretation neural network estimates the 

resistivities of both layers and the thickness of the top layer using eight ellipticities in a 

frequency range from 31 kHz to 4 MHz for models in which the top layer is more 

resistive than the second layer. The eight ellipticity values are expanded to 14 inputs 

overall. In addition to the eight ellipticities, the minimum of the ellipticity values and its 

frequency location is added. The ll*** and 12''* input are the differences between the 

minimum ellipticity and the two ellipticities at adjacent frequencies. The 13"' input is the 

difference between the minimum ellipticities and the ellipticity of 4 MHz. The last input 

is the area between the frequency axis and the ellipticity curve in a ellipticity versus 

frequency coordinate system. All input values, except for the frequency number of the 

minimum ellipticity, are calculated in logarithmic space (chapter 3.4.1.1), meaning that 

they are based on the logarithm to base ten of the absolute value of the eight ellipticities. 

The frequency number of the minimum ellipticity is set to one for 31 kHz, to two for 61 

kHz and so on up to eight for 4 MHz. The three output values are the logarithm to base 

10 of the resistivities of both layers and the thickness of the top layer. A variety of data 

representations for the input patterns were investigated, including Fourier transform, 

maximum entropy method calculations, using derivatives of the sounding curves, and 

using only the ellipticity values in logarithmic space. None of these approaches resulted 
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in as accurate estimates as the approach described above. The approach of expanding the 

eight ellipticity values to 14 input values is based on the idea that the minimum of the 

ellipticity curve contains more information about the underlying model than the other 

ellipticities. Therefore the Hrst 5 of the additional 6 input parameters emphasize this 

minimum value or even just repeat it like the 9"* input. 

The training set containing 12,000 RC examples was created using the forward modeling 

program EMID, the HF-system parameters (Table 2), a halfspace relative dielectric 

constant £r = 10, thicknesses T from 0.125 m to 5 m in 0.125 m increments, and 8 

resistivity values per decade equally distributed in logarithmic space for both resistivities 

from 1 Qm to 1000 ftm. fa general it was found that the more conductive layer was 

always easier to resolve. These results together with the results of the sensitivity analysis 

in chapter 2.4.3, especially Figure 16 and 18, indicated that the upper boundary of the 

resistivity range of interest for this RC two-layer interpretation neural network should be 

set at only 1000 £2m. The only other condition of the RC model was that the top layer 

resistivity p/ had to be more resistive than the second layer resistivity pj. No extra testing 

set was created, because of the large number of training examples the evaluation of the 

network training was done with the training set itself. The two resistivity outputs are also 

transformed to logarithmic space, while T was kept in linear space, because the range 

from 0.125 to 5 is already comparable to the ranges of the resistivity and relative 

dielectric constant in logarithmic space (chapter 3.4.1.1). 
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A modular neural network (chapter 3.2.2) was trained for 1,200,000 iterations, using the 

delta learning rule, a hyperbolic tangent fiinction, a learning rate of 0.9, a momentum of 

0.6, 3 local expert networks with 21 hidden layer PEs each, and the gating network uses 4 

hidden layer PEs. The training results are summarized in Figures 49 to 54. 
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Figure 49: Training results showing the estimates of the two-layer resistive over 
conductive interpretation neural network for the top layer resistivity. 
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Figure 50: Training results showing the estimates of the two-layer resistive over 
conductive interpretation neural network for the second layer resistivity. 
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Figure 51: Training results showing the estimates of the two-layer resistive over 
conductive interpretation neural network for the top layer thickness. 
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Figure 53: Average percent errors for the three output parameters of the two-layer 
resistive over conductive interpretation neural network. Estimated models are 
sorted by the desired resistivity contrast. 
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Figure 54: Average percent error of top layer thickness for all training models of the two-
layer resistive over conductive interpretation neural network sorted by the top 
layer thickness. 

Figures 49 to 51 present the training results of the three neural network estimated 

parameters versus the desired training output of that parameter in scatter plots. The 

average percent error of the whole training set for p/ is 41.59%, for p? is 12.72%, and for 

T is 64.02%. The best resolved parameter is the conductive second layer. For models 

with p2 < 10 Qm it is very difficult to resolve pz (Figure 50), while most of the error is 

introduced for models with thicknesses less than 0.5 m and greater than 3.5 m (Figure 

52). The other two model parameters show a wide scattering around the desired training 

values and very high average percent errors (Figures 49 and 51). The top layer resistivity 
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PI is always overestimated for values smaller than approximately 10 Qm, while for larger 

values a significant number of models drastically underestimate p/ (Figure 49). 

As mentioned in the discussion of the piecewise halfspace resistivity and relative 

dielectric constant interpretation neural network in chapter 3.3.2, looking at the overall 

errors averaging the whole model space of interest, represented by the training set, is not 

sufficient to analyze the performance of the network. Therefore the average percent 

errors are broken down in different categories to identify areas of the model space which 

are predominantly responsible for the high overall errors and areas which provide 

reasonable estimates. 

Figure 52 shows the average percent error for the two resistivities sorted into 0.5 m thick 

intervals of the model thickness. It can be seen that the models with the thicker top layers 

(> 3.5 m) are responsible for the higher errors of pa. The average percent error of the top 

layer resistivity p/ shows a different behavior versus the thickness intervals in Figure 52. 

The smallest percent errors are observed for thick top layers. One explanation is diat the 

ellipticity provides less information about pz and more about p/ with increasing T as seen 

in the sensitivity analysis (Figures 14 and 15), because of the shallow depth of 

investigation of the HF-system. 
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Figure 54 shows how the average percent error in thickness is related to the thickness 

itself. The graph indicates that the models with r< Im introduce most of the error, while 

the errors for models with thicknesses between 1.5 m and 5 m are acceptable between 

approximately 8% and 15%. Another interesting aspect is shown in Figure 53, which 

shows the average percent error for the three model parameters as a function of the 

resistivity contrast. The average percent errors for p2 are rather constant between 

approximately 9% and 16% for contrasts from I to 600, with a slight increase for higher 

contrasts. Conversely, the average percent errors for pi is highly dependent on the 

resistivity contrast. The errors are much larger for small contrasts below 10 than for 

contrast above 10. Models with a resistivity contrast greater than 10 will have an average 

percent error of approximately 25% (Figure 53), which is more acceptable than the 

41.59% overall error (Figure 49). A similar strong dependence on the resistivity contrast 

is observed for the thickness errors. But even for models with a resistivity contrast 

greater than 10 the average percent error for T will still be above 50%. 

In summary, it was found during the analysis of the training results that the second 

conductive layer could be resolved very well, within 12.72%. The large overall average 

percent errors for the other two model parameters T and pj are not satisfactory. 

Nevertheless particular areas of the model space can be identified and will be resolved 

with an acceptable and much smaller error. The error is strongly dependent on the 
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thickness of the top layer and the resistivity contrast- In general, T and p/ can be better 

resolved for models with thicker top layers and a higher resistivity contrast 

Table 24: Testing results for the RC neural network for 20 one and two-layer models. 
Shaded cells indicate errors below 25%. 

True Model RCI 

Est 
4eurai Network 
imated Model 

Percent Error for 

Model 
Number 

Top Layer 
Resistivity 

[£linl 

Second 
Layer 

Resistivity 
[Qml 

Top Layer 
Thickness 

[m] 

Top Layer 
Resistivity 

[am] 

Second 
Layer 

Resistivity 
[Qml 

TopLagrer 
Thicimess 

[ml 

Top Layer 
Resistivity 

Second 
Layer 

Resistivity 
(see») 

Top Layer 
Thickness 

1 1.0 100 2 1.0 0.7 3.21 03 99.3 60.7 

2 5.0 100 2 2.6 2.1 5J4 47.1 97.9 167.2 

3 10.0 100 2 iro 4.1 5.20 19;« _ : 95.9 159.9 

4 20.0 100 2 131.7 795 0.75 559.9 - j 6Z1 

5 50.1 100 2 80J 78.2 2.52 60.2 25.9 

6 199J 100 2 275.7 101.0 1.87 38.2 . 63 
7 501.2 too 2 571.3 117.0 1.59 MjO 17.0 . ; 703 
8 lOOO.O 100 2 782.8 122.5 131 2in . 223 , 

9 5012.0 100 2 1043.7 124.3 1J7 79.2 24J 31.4 

10 10000.0 100 2 1083J 124.2 1J5 89.2 . 24.2 . 323 

11 I.O - - 13J 0.9 1.02 1228.1 "9.7 -

12 5.0 - - 5.4 2.7 2.83 TA 47.1 -

13 10.0 - - 13.5 5J 2.83 35.2 47.0 -

14 20.0 - - 41.6 19.2 2.65 108.7 . ,-3.5- -

15 50.1 - - 80.9 45.9 2.73 61J SA -

16 100.0 - - 124.2 85.4 2.59 24  ̂ 14.6 -

17 199.5 - - 253.8 168.2 1.95 112 -

18 501.2 - - 675.0 417.6 2.10 34.7 16.7. -

19 562.0 - - 741.9 453.9 2.27 32.0 \ I9i -

20 1000.0 - - 1088.8 631.1 3.13 8:? 36.9 -

* The percent error for the second layer resistivity (halfspace models only) is calculated with the true top layer model resistivity. 

The network was also tested on twenty forward models, ten one-layer models and the ten 

two-layer models (Figure 38), which are the same models used to test the piecewise 

halfspace resistivity interpretation neural networks in chapter 3.3.1. The percent errors 

presented in Table 24 are calculated for models that are not included in the training set. 

All parameters that are estimated with an error of 25% or less are indicated by the shaded 
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cells in Table 24. The percent error for the second layer resistivity is below 25% for all 

true RC models (models 6 to 10). The percent errors for the top layer resistivity and 

thickness are also below 25% for the RC models with good resistivity contrast and 

resistivities below 5(X)0 Qm (models 7 and 8). In general, a RC neural network estimate 

for a CR model (models 1 to 5) shows very high errors, which is expected, since the RC 

neural network is not trained to recognize CR models. 

The RC neural network estimates for halfspace models (models 11 to 20) are very 

interesting. The second layer resistivity is within 20% of the halfspace resistivity value 

for the halfspace models 11 and 14 to 19. Contrast this to models 12, 16, and 20, where 

the estimated top layer resistivity is within 25% of the halfspace model resistivity. The 

resistivity contrast between the two estimated resistivities for the halfspace models is less 

than 2, except for some very conductive halfspace models (models 11 to 14). This shows 

that the RC neural network will also be able to give reasonable estimates for halfspace 

models. 

3.4.2.2 Conductive over resistive 

The conductive over resistive (CR) two-layer interpretation neural network estimates the 

resistivities of both layers and the thickness of the top layer using the same eight 

ellipticities in a frequency range from 31 kHz to 4 MHz for models in which the top layer 

is more conductive than the second layer. The eight ellipticity values are again expanded 

to 14 inputs overall, following the method described in chapter 3.4.2.1. The three output 
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values are the logarithm to base 10 of the resistivities of both layers and the thickness of 

the top layer in linear space. The training set was created as it was for the RC network, 

with the exception that the top layer resistivity p/ had to be more conductive than the 

second layer resistivity p2 to make up a CR model. Again no extra testing set was created 

(chapter 3.4.2.1). 

A. modular neural network (chapter 3.2.2) was trained for 4,000,000 iterations, using the 

delta learning rule, a hyperbolic tangent function, a learning rate of 0.9, a momentum of 

0.6, 3 local expert networks each with 21 hidden layer PEs, the gating network uses 4 

hidden layer PEs. The training results are summarized in Figures 55 to 60. 

Figure 55: Training results showing the estimates of the two-layer conductive over 
resistive interpretation neural network for the top layer resistivity. 

Desired Top Layer Resistivily [flmi 
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Figure 56: Training results showing the estimates of the two-layer conductive over 
resistive interpretation neural network for the second layer resistivity. 
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Figure 57: Training results showing the estimates of the two-layer conductive over 
resistive interpretation neural network for the top layer thickness. 
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Figure 58: Average percent errors for both resistivities sorted into top layer thickness 
intervals. Based on training results of the two-layer conductive over resistive 
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Figure 60: Average percent error of top layer thickness for all training models of the two-
layer conductive over resistive interpretation neural network sorted by the top 
layer thickness. 

Figures 55 to 57 show a graphical representation of the training results of the three neural 

network estimated model parameters versus the desired training output. The average 

percent errors of the entire training set for p/ is 13.41%, for pa is 104.46%, and for T is 

43.24%. Again the best resolved parameter is the conductive layer, this time p/. The 

majority of the errors are introduced through models with top layer thicknesses less than 

or equal to 0.5 m (Figure 58). The second layer resistivity p2 is hardly resolved at all. 

The neural network estimated values of p2 are widely scattered, both over- and 

underestimating the desired training values. Figure 58 indicates that p2 is best resolved 
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for models with thicknesses less than or equal to 1 m, which is intuitive, because the 

ellipticity data will contain more information about pi with smaller T. Another very 

interesting relationship between pz and the resistivity contrast shown in Figure 59 

indicates that pz can be best resolved for models with contrasts between 0.01 and 0.03. 

This is somewhat surprising, because it is expected that it will be easier to resolve pz for 

smaller contrasts. The third model parameter, the thickness of the top layer T, can be 

resolved with a reasonably average percent error below 20% for a thickness range greater 

than 1.125 m (Figure 60) and less than approximately 30% for models with a resistivity 

contrast less than 0.2 (Figure 59). 

In summary it was found that the top layer resistivity can be most accurately resolved, 

within an overall average percent error of 13.41%. The large average percent errors for 

Pz and T are unsatisfactory. Only very small areas of model space can be resolved with a 

reasonable error attached to the estimate. Again the errors strongly depend on the 

thickness of the top layer and the resistivity contrast between the two layers. 

The CR neural network was tested on the same twenty models as the RC neural network. 

All parameters that are estimated with an error of 24% or less are indicated by the shaded 

cells in Table 25. As expected, the CR neural network performs very well (error less than 

12%) on the top layer resistivity for true CR models (models 1 to 5), while the errors for 

the estimates of RC models (models 6 to 10) are unreasonably high. The top layer 
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thickness for CR models provide reasonable estimates as well, while the second layer 

resistivity is always overestimated. These observations tie into the discussion of the 

training results in previous paragraphs. As was the case for the RC neural network in the 

previous chapter, the CR neural network is able to provide some indications of the true 

resistivities for halfspace models (models 11 to 20). 

Table 25: Testing results for the CR neural network for 20 one and two-layer models. 
Shaded cells indicate errors below 24%. 

Trae Model 
CR Neural Network 

Estimated Model 
Percent Error for 

Model 
Number 

Top Layer 
Resistivity 

[nm] 

Second 
Layer 

Resistivity 
[OmJ 

Top Layer 
Thickness 

[ml 

Top Layer 
Resistivity 

Second 
Layer 

Resistivity 
[Qm] 

Top Layer 
Thickness 

[m] 

Top Layer 
Resistivity 

Second 
Layer 

Resistivity 
(see*) 

Top Layer 
Thickness 

1 l.O 100 2 1.1 145.0 2.14 7S 45.0 7.1 
2 5.0 100 2 4.6 143.1 2.09  ̂ _717 43.1 4.7 
3 10.0 100 2 9.7 153.8 1.91 I XS . . 53.8 : *3 
4 20.0 100 2 17.7 156.2 2.00 56.2 02 
5 50.1 too 2 50.1 121.8 1.59 20:6 
6 199.5 100 2 146.8 190.0 5.27 26.4 90.0 163.5 
7 501.2 100 2 468.9 739.7 5J9 6A 639.7 179.3 
8 1000.0 100 2 606.4 863J 5.59 39.4 763J 179.7 
9 5012.0 100 2 720.6 924.4 5.60 85.6 824.4 179.8 
10 10000.0 100 2 734.4 931.0 5.60 92J 831.0 179.8 
11 1.0 - - l.I 11.9 432 1085.6 -

12 5.0 - - 4.7 30.6 4.23 SA - 511.1 -

13 10.0 - - 10.8 56.1 4J8 461.1 -

14 20.0 - - 18.6 77.2 4.38 £8 > 286.7 -

15 50.1 - - 47.3 59.4 3.28 : 5Jv- . > 18.6 -

16 100.0 - - 86.0 80.8 3.11 ,19.2 -

17 199.5 - - 161.6 241.7 2.91 fe 2ri -

18 501.2 - - 383.4 571.5 2.72 rV 14.0 • -

19 562.0 - - 411.4 579.5 2.51 26.8 -

20 1000.0 - - 521.2 542.2 1.50 *7.9 45.8 -

* The percent error for the second layer resistivity (hal&pace models only) is calculated with the true top layer model resistivity. 

It appears that for conductive halfspace models (models 11 to 15), the top layer resistivity 

is a very good estimate of the halfspace resistivity, showing errors below 10%. For more 
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resistive halfspace models (models 16 to 19) the resistivity estimates for both layers 

become very similar and are both within 24% of the true halfspace resistivity. The 1000 

£2m halfspace model (model 20) shows high errors, which is to be expected. The training 

set does not include models with a top layer resistivity that high (Figure 55). 

Furthermore, the estimates for the second layer resistivity for very high resistivities are 

poor as shown in Figure 56. Overall it can be said that the CR neural network will 

provide reasonable estimates for halfspace models, especially for conductive models. 

3.4.2.3 Resistivity and relative dielectric constant 

The two-layer fixed thickness interpretation neural networks (FTINNs) take a different 

approach in interpreting a two-layer model than the two previously discussed neural 

networks. The FTINNs do not assume a fixed relative dielectric constant fir = 10 for each 

layer. Instead, they use a fixed top layer thickness and instead of training only one neural 

network for one constant thickness, a series of 24 neural networks is trained, each 

network estimating the resistivities and relative dielectric constants of both layers for a 

constant top layer thickness T. The FTINNs have a more complicated relationship to 

leam, because they must estimate four model parameters instead of three as in the RC and 

CR neural networks. Each of the 24 FTINNs is trained to recognize patterns from layers 

with one particular thickness. A thickness interval of 20 cm is used, with a minimum 

layer thickness of 20 cm and a maximum layer thickness of 4.8 m. A 4.8 m thick top 

layer is very likely to approximate a halfspace, because in most cases the depth of 
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investigation for a 8 m coil separation will be shallower in most cases (Hgures 15, 119, 

and 120). 

The FTINNs are trained using 10 ellipticities in the frequency range from 31 kHz to 16 

MHz. The ellipticities from 32 MHz are actually included in the input pattern, but 

learning is disabled for that frequency within the neural network. Such an approach 

allows the FTINNs to be easily retrained to include 32 MHz when accurate field data are 

collected at that frequency (Sternberg, 1997) by simply enabling the input corresponding 

to 32 MHz within the neural network. The input values are the raw ellipticity data and 

not transformed to logarithmic space, due to the reduced range of resistivity. The four 

output parameters, however, are transformed to logarithmic space (chapter 3.4.1.1). The 

resistivity range of interest is limited from 10 flm to 1000 Qm and the range of the 

relative dielectric constant is set from 1 to 80 in order to keep the size of the training flies 

manageable. Using only five resistivities per decade and four relative dielectric constants 

per decade still leads to 7,040 patterns in the training file per fixed thickness, even after 

pruning all models having the same resistivity in both layers. For the creation of the 

training examples the forward modeling program EMID and the HF-system parameters 

(Table 2) were used. 

For each of the 24 thicknesses from 0.2 m to 4.8 m a modular neural network architecture 

(chapter 3.2.2) was trained for 500,0(K) iterations, using the delta learning rule, a 

hyperbolic tangent function, a learning rate of 0.9, a momentum of 0.6, 4 local expert 



176 

networks each with 7 hidden layer PEs, the gating network uses 6 hidden layer PEs. The 

training results for the 24 FTINNs are displayed in Figure 61. 
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Figure 61; Average percent error for the four model parameters to be resolved by the 
fixed thickness interpretation neural networks versus the fixed thickness. 

The average percent errors for both resistivities in Figure 61 are well below 25%. This is 

an improvement compared to the errors for the resistive layer of the CR and RC neural 

networks (Figures 49 and 56). The errors for the top layer resistivity pi are naturally 

decreasing with increasing fixed top layer thickness, while the error of second layer 

resistivity p2 increases with increasing fixed thickness. Nevertheless, the average percent 

error for p2 is always less than 25% and for p/ below 20% if the top layer is at least 1 m 

thick. Compared to the RC and CR neural network results, a more consistent resistivity 
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result can be expected from the FTINNs. Licluding the relative dielectric constant in the 

FTINNs as output parameters and holding the thickness fixed improves the resistivity 

estimates and also provides limited dielectric information. However, the estimates for the 

relative dielectric constants are only acceptable for Bri and top layer thicknesses of over 2 

m (Figure 61). The two relative dielectric constants show the same error dependence as 

the corresponding resistivities compared to the fixed thicknesses. 
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Figure 62: Comparison of the fixed thickness interpretation neural network estimate to (a) 
a RC interpretation neural network estimate for a RC two-layer model and (b) a 
CR interpretation neural network estimate for a CR two-layer model. 

Figure 62 shows the improvements in fits to synthetic two-layer cases by including the 

relative dielectric constant in the estimate of the FTINN. Figure 62 (a) shows that the RC 

neural network estimated model of p; = 268 Qm, e^/ = 3, I.l m thick, p2 = 29.5 Qm, and 
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Sri = 12, is a good fit to the synthetic RC model of pi = 150 Qm, 1 m thick, and pi = 30 

Qm, disregarding the relative dielectric constants. The fit is better for the lower 

frequencies with stronger deviations starting at 500 kHz. As expected, the resistive top 

layer estimate is not as good as the estimate for the second conductive layer. The FTINN 

estimated model of p; = 167 Qm, Sri - 2.7, 1 m thick, p2 = 30 Qm, Srz = 7.5 is the model 

that showed the best fit of all 24 Fl lNNs and is an excellent fit especially compared to 

the RC neural network estimate. In Figure 62 (b) another example is shown of a good fit 

between a CR neural network estimated model of p/ = 39.9 Qm, 0.5 m thick, and pi = 

306 Qm is again a good fit to the synthetic CR model of pi = 60 Qm, £r/ = 3, 1 m thick, 

P2 = 300 Qm, and = 12. The fit is better for the lower frequencies with stronger 

deviations starting at I MHz. The FTINN estimated model of p/ = 63.5 Qm, €ri = 3.5, 1 

m thick, p2 = 345 Qm, er2 - 6.8 is the model that showed the best fit of all 24 FTINNs 

and is again a very good fit to the synthetic model. It fits much better at higher 

frequencies compared to the CR neural network estimate. A similar example for a 4 m 

coil separation is discussed in Birken and Poulton (1997a) and the evaluation of the 

FTINNs for the 4 m coil separation can be foimd in Sternberg and Poulton (1997). 

3.4.3 Testing on field data 

In this chapter the neural network estimates for two field surveys are compared to results 

from the Geonics EM-39 well logging tool (McNeill, 1986) and to some laboratory 

measurements of the resistivity and relative dielectric constant firom soil samples taken 

from the survey site (Levitskaya and Sternberg, 1995). Di general it is difficult to find 
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ground truth, which would allow the comparison of the ellipticity data and their 

interpretations to a true model of the surveyed area. The following two examples are 

from the Avra Valley Geophysical Test Site near Tucson, Arizona. 

3.4.3.1 Deep well in cell CI of the Avra Valley Geophysical Test Site 
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Figure 63: MF and HF ellipticity field data taken at the same location near the deep well 
in cell CI of the Avra Valley Geophysical Test Site at two different dates. The 8 
m arrays were aligned east-west (receiver-transmitter) with the center point of 
the anay located 4 m north of the well. 

Figure 63 shows that the MF and HF ellipticity field data at this survey location match 

very well in the overlapping frequency range from 31 kHz to 500 kHz. The ellipticity for 

1 MHz of the MF-system is omitted because of some interference from a radio station. 

The ellipticities for 16 MHz and 32 MHz of the HF-system are omitted as well due to 
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electric field interference (Sternberg, 1997). The HF eilipticity data are now used as 

inputs to the layered-earth neural networks, which estimate ID earth models. These 

models are then used again to calculate a forward model sounding curve that can be 

compared with the HF sounding curve in Figure 63 as shown in Figure 64. Figure 65 

compares the HF field sounding to two models derived from a Geonics EM-39 well log, 

which are available on file. 
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Figure 64: Comparison of eilipticity curves derived from layered-earth neural network 
interpretations to the HF field data from Figure 63. The frequency range used is 
from 31 kHz to 4 MHz, depending on the neural network. 

The two halfspace neural network estimations shown in Figure 64 are an excellent fit to 

the field data. Both estimate the halfspace resistivity at approximately 69 ilm. The 

halfspace resistivity and relative dielectric constant neural network estimate for the 
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relative dielectric constant is Er = 4.31. Since an independent measurement of Sr is 

unavailable, the focus will be on comparing the resistivities. The RC neural network 

estimate shows unreasonable resistivity values, as can be seen in Figure 64, where the RC 

estimated ellipticity curve obviously does not fit the field data. The CR neural network 

estimated model does not fit the field data as well as the two halfspace estimating neural 

networks. It underestimates the ellipticities for frequencies below 1 MHz. But overall it 

provides a reasonable fit to the Held data and a reasonable model compared to the models 

derived from the well log, which are shown in Figure 65. 
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Figure 65: Comparison of ellipticity curves derived from Geonics EM-39 well logs to the 
HF field data from Figure 63. The frequency range used is from 31 kHz to 4 
MHz. 
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Combining the information from the neural network interpretations and the well logs it 

can be concluded that the apparent halfspace resistivity is approximately 69 Qm, as 

estimated by both halfspace neural network estimates. The well logs and the CR neural 

network estimates suggest that a two-layer model with a slightly higher resistivity (e.g. 80 

S2m) in a 2.5 m thick top layer and a slightly lower resistivity than 69 Qm in the second 

layer (e.g. 50 Qm) would describe the field situation as well. The two problems 

encountered with this comparison are (1) that the well log is unreliable in the first meter 

below the surface, because the transmitter is located in the top of the 1.33 m long tool 

(McNeill et al., 1986) and (2) that the resistivity is measured at 39 kHz, which might only 

be a good approximation for the low frequencies of the HF-system (Levitskaya and 

Stemberg, 1995). These two limitations and the fact that the Geonics EM-39 does not 

provide any dielectric information made it necessary to, in the next field example, to make 

use of laboratory measurements of the resistivity and relative dielectric constant on soil 

samples in addition to a well log. 

3.4.3.2 Well 10 of the injection pool at the Avra Valley Geophysical Test Site 

The design and use of the injection pool in cell E)4 of the Avra Valley Geophysical Test 

Site is described in Stemberg (1993). This example compares ellipticity field data, 

Geonics EM-39 well logs, and laboratory measurements of the resistivity and relative 

dielectric constant from soil samples taken at the field site. The 8 m HF-system was 

aligned approximately north-south with the center point of the array located very close to 

well 10 of the injection pool (Stemberg, 1993), which is where the soil samples were 
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taken. The ellipticity field sounding is corrected for electric field interference (Sternberg, 

1997). The Geonics EM-39 well logs are shown in Figure 66. 
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Figure 66: Geonics EM-39 well log taken on July 9th 1996 in well 10 in cell D4 of the 
Avra Valley Geophysical Test Site. 

Unfortunately the well log does not provide reliable measurements in the first meter 

below the surface (chapter 3.4.3.1) which would be desirable for a comparison with the 

HF-system. It is questionable if a more resistive top layer is present or if the increase of 

the resistivity towards the surface is due to parts of the tool being closer to the air. The 

well logs in Figure 66 suggest the following five-layer model: p/ = unknown until 

approximately 1.3 m depth, p2 - 41 J2m, 0.8 m thick, ps = 47 flm, 0.7 m thick, = 38 

Qm, 0.4 m thick, and ps - 28 Qm. Based on these results three forward models were 
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calculated using p/ values of 41 Qra, 100 170 flm and plotted in comparison to the 

field ellipticity data in Figure 67. 
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Figure 67: Fit of three five-layer models with varying top layer resistivity to the field data 
sounding curve taken near well 10. Models are derived from Geonics EM-39 
well logs shown in Figure 66 and described in the text. 

The results plotted in Figure 67 suggest strongly that the resistivity of the first 1.3 m is 

approximately 41 Qm. The well log derived five-layer model using 41 Qm as top layer 

resistivity fits the field sounding curve much better than the ones using the higher top 

layer resistivities. The extremely good fit up to 8 MHz suggests that the well logs (Figure 

66) provide an acceptable model for the field data, considering the low frequency of the 

Geonics EM-39 measurements and that no dielectric information was used. Thus, the 
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relative dielectnc constant values for each layer was set to 10 (Figure 11) for the forward 

model calculations. 
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Figure 68: Fit of the best three neural network estimates to the field data sounding curve 
taken near well 10. The models are described in the text. 

The field data were routed through all layered-earth interpretation neural networks and 

the best three fits are plotted in Figure 68. The ellipticity of 32 MHz was pruned, because 

none of the implemented interpretation neural networks use it as an input to estimate a 

layered-earth model. Another interesting observation is that the measured ellipticity for 2 

MHz does not fit into the general pattern of the sounding curve, suggesting some 

problems with the data acquisition for this particular frequency only. Fortunately, 
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estimates of the interpretation neural networks shown are not disturbed by the bad data 

point, as can be seen by the Hts in Figure 68. 

The halfspace resistivity only, which uses a fixed relative dielectric constant of 10, 

estimates a resistivity of 39.7 £2m. The curve fits the field data very well up to 500 kHz 

before deviating for 1 MHz and 2 MHz. This indicates that either the relative dielectric 

constant of 10 is not an appropriate assumption or that some layering alters the model. 

The halfspace resistivity and relative dielectric constant interpretation neural network 

suggests a very similar resistivity of 40.1 iim with an unrealistically low relative 

dielectric constant of 0.9. Therefore it is assumed that some kind of layering is present. 

The 4.4 m fixed thickness interpretation neural network estimated model of p/ = 43.1 

Qm, Eri = 0.2, P2 = 27.1 J2m, and Era = 6.6 does fit the field data better up to 8 MHz, 

with some deviations for 125 kHz and 250 kHz. All diree interpretations suggest a top 

layer resistivity between 39.7 Jim and 43.1 flm which also matches the well log derived 

model top layer resistivity of 41 Qm as discussed earlier. The question remains as to the 

reliability of the relative dielectric constant estimates. Obviously, the estimates around 

one are unreasonable, while the second layer estimate with 6.6 remains unconfirmed. 

In order to confirm the dielectric information at the survey site some soil samples were 

taken at six different depths from 0.5 m to 3 m near the center point of the HF-system 

array, which was located just east of well 10 in the injection pool (Sternberg, 1993). Two 
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kinds of laboratory measurements were performed using these samples. The electrical 

properties were calculated from impedance measurements using a parallel and a series 

equivalent circuit as described in Levitskaya and Sternberg (1995). For the comparison to 

the field data only the results of the parallel equivalent circuit will be used. 

Table 26: Three-layer models derived from laboratory measurements using a parallel 
equivalent circuit for each of the HF-system frequencies. 

Frequency pi Wml 6rl T,[m] Pi [flm] er2 Tilm] P3 [QmJ 

32 MHz 92.2 7.3 0.75 30.3 9.5 I 24.1 9.1 

16 MHz 109.5 8.0 0.75 34.3 10.7 1 26.8 10.5 

8 MHz 131.6 9.3 0.75 38.2 12.8 1 29.3 12.9 

4MHz 147.2 10.7 0.75 40.5 15.4 1 30.8 15.8 

2MHz 164.7 15.2 0.75 43.0 26.8 1 32.4 30.1 
IMHz 164.7 15.2 0.75 43.0 26.8 1 32.4 30.1 

500 kHz 167.1 18.7 0.75 43.6 37.1 1 32.9 43.7 

250 kHz 168.8 23.1 0.75 44.0 47.0 1 33.2 60.4 

125 kHz 171.9 46.6 0.75 44.8 106.7 I 33.8 135.2 
62 kHz 173.9 92.7 0.75 45.2 198.4 1 34.1 252.7 
31kHz 175.5 171.1 0.75 45.5 339-7 1 34.3 427.2 

The three-layer models shown in Table 26 are derived from unpublished laboratory 

measurements using the soil samples taken near well 10 (Levitskaya, 1997). The final 

numbers for the models shown in Table 26 are derived from the laboratory measurements 

by interpolating from the measured frequencies to the HF-system frequencies and by 

averaging over several samples from the same depth interval. It is observed that the 

relative dielectric constant and the resistiviQr decrease with increasing frequency. The 

relative dielectric constant values become quite large for the lower frequencies, where 

their impact on the forward modeling results is minimal (Figures 11 and 13). The 

resistivities for the second and third layer are very similar to the results found in the 
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previous discussion of this chapter. The thin top layer shows very high resistivities, 

which as seen in Figure 67, does not match the field data. As a result this two model 

curves are compared to the field data in Rgure 69. First, a three-layer model curve 

calculated using the model parameters shown in Table 26, one model for each frequency. 

Second, a two-layer model uses a top layer thickness of 1.75 m but not the parameters of 

the first layer in Table 26. 
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Figure 69: Comparison of a three-layer model, a two-layer model, and the field data taken 
near well 10 up to 8 MHz. The models are derived from laboratory 
measurements of the electric properties from soil samples taken near well 10, as 
explained in the text. The model parameters are shown in Table 26. 

As expected, the two-layer model fits the field data much better than the three-layer 

model with the thin resistive top layer. The fit of the two-layer model is extremely good 
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up to 8 MHz and would match the Geonics EM-39 resistivity results discussed earlier. 

However, it is difficult be explain the high resistivities (Table 26) of the laboratory 

measurements from soil samples very close to the surface. These high resistivity values 

lead to the unsatisfactory fit of the three-layer model to the field data in Figure 69. None 

of the other data sets used in this chapter indicate a thin resistive layer. Another problem 

is the large variations in relative dielectric constant according to the laboratory results. 

These huge variations can not be accounted for in any of the neural networks discussed 

(see discussion in next chapter 3.5). The primary cause the poor fit between the three-

layer model and the field data is not the relative dielectric constant, but rather the 

resistivity as shown by the excellent fit of the two-layer model. 

3.5 Summary 

It has been sufficiently demonstrated that the various interpretation neural networks are 

capable of estimating specialized earth models from ellipticity field data. The neural 

network results can be used for an almost real-time first look at the field data during a 

survey. The quality and reliability of any neural network estimated model must be 

determined by the interpreter using information from the training evaluation and from the 

sensitivity analysis, as demonstrated in the discussion of each of the interpretation neural 

networks in this chapter. This is because there are areas of model space that can not be 

resolved due to either insufficient information in the input data or due to the specialized 

interpretation neural network not having been trained for the encountered field situation. 

It was found that the interpretation neural networks using the relative dielectric constant 
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as output produce better estimates than the resistivity only neural networks, as illustrated 

in Figure 62. 

Two kinds of limitations were found. First, the number of training examples for models 

with more than two-layers lends to be very large. This makes the training process and the 

training evaluation slow, requires very good computer resources, and makes the file 

management difficult. The second problem is not neural network related, but rather 

related to the input data. The available input data do not always provide enough 

information for the model to be resolved. 

A test was performed, with the conductive over resistive interpretation neural network, 

which attempts to illustrate both of these problems. The sampling of the model 

parameters in the training file was cut in half from 8 points per decade to 4 points per 

decade. Then the same neural network architecture was trained with the coarser model 

space sampling. It turned out that the network was able to learn the function described by 

the coarser training set faster and better, based on the training results. But when the new 

network was tested with the training set with the denser sampling, to see how good the 

generalization of the underlying function was, the resulting errors were higher than the 

ones described in chapter 3.4.2.2. The conclusion follows that for training a neural 

network to leam the problem of inverting high-frequency ellipticity data to multi-layer 

earth models, an even denser sampling of the model space would be necessary, increasing 

the number of training examples and consequently the size of the training file. 
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This problem of inverting high-frequency ellipticity data to determine multi-layer earth 

models is, in general, computationally intense (Alumbau^ and Newman, 1997a,b; 

Newman and Alumbaugh, 1997). The function describing the relationship between 

ellipticity and the model parameters is highly non-linear (e.g. Figures 14 to 24). In such 

cases it is desirable to have at least as many data parameters as model parameters to 

overcome the ambiguity in the ellipticity data to model parameter mapping. Consider the 

following example: three model parameters, the top layer resistivity and thickness and the 

second layer resistivity, and one data parameter ellipticity for one frequency. The 

ellipticity is calculated for each combination of these three parameters and plotted in a 3D 

volume. All models that will provide the same ellipticity can be found on an isosurface 

within the 3D volume. An ellipticity from a second frequency will produce a similar 

isosurface for the same model. Combining both isosurfaces will limit the models to all 

models along a curve which is the intersection of the two isosurfaces. Therefore a third 

data parameter is necessary to resolve the one model in question. Keep in mind that this 

example was only for a two-layer model neglecting the relative dielectric constant. 

To further complicate the matter, both model parameters - the resistivity and the relative 

dielectric constant - are highly frequency dependent (Table 26). The dispersion effects 

must be included in the forward modeling to take these frequency dependencies into 

account. Otherwise, the ambiguity can not be resolved with ellipticity data from different 
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frequencies and can only be overcome by using ellipticity data at one frequency for 

different coil separations. 

Nevertheless, the interpretation neural networks provide a first estimate of the field 

situation which can further be used as starting models for inversion programs. In chapter 

5.1 an interpretation example shows that under certain conditions the neural networks 

will provide results that are almost identical to inversion results. Another advantage of 

the neural network approach is that the neural network can overcome noise in the field 

data, as shown for example in Figure 68 for 2 MHz. 
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4. NEURAL NETWORK INTERPRETATION OF 3D DATA SETS 

This chapter focuses on the detection and localization of small conductive 3D targets 

from ellipticity data sets using neural networks. the absence of multi-dimensional 

numerical interpretation tools (chapter 2.2) two different neural network approaches to 

detect anomalies or potential targets, contained in 3D data sets, are investigated. To 

demonstrate both approaches, data from physical modeling experiments which provide 

3D ellipticity data sets in a controlled environment are used. The experiments discussed 

in this chapter were all conducted at the Avra Valley Geophysical Test Site near Tucson. 

The first approach uses the piecewise halfspace resistivity neural networks described in 

the previous chapter to create 2D resistivity depth sections. It will be shown that 

halfspace and layered-earth (ID) neural networks provide a reasonable fit to sounding 

curves which are influenced by shallow conductive 3D objects. But quantitative results 

of these ID neural networks are not used for 3D data sets. They are used for qualitative 

interpretation only, as anomaly detectors. Piecewise halfspace resistivity neural networks 

are an interpretation technique capable of enhancing the anomalies in resistivity depth 

sections and providing additional information for the detection and localization of the 

object, in almost real-time during a field survey. The resulting resistivity sections are 

compared to percent difference ellipticity sections, which can be created after the data 

collection for a profile is completed. The visualization of the results is very important 

since small targets will show up as subtle anomalies. 
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The second approach uses classification neural networks. Based on observations of 

ellipticity sounding curves and proflles, neural networks are trained to classify target 

responses versus background responses for specific sites. These classitication neural 

networks can be extended and retrained with data from a new field site to create a more 

robust classification neural network for the new and future field sites. 

4.1 Anomaly Detection with Piecewise Halfspace Neural Networks 

In this chapter it is shown that a careful use of a ID interpretation technique, such as the 

piecewise halfspace resistivity neural networks, is able to detect anomalies caused by 3D 

targets. The technique is demonstrated using data from several physical modeling 

experiments, which are described and interpreted in the following five sub-chapters. 

4.1.1 Thin galvanized steel sheet (east-west profiles) 

The first example uses an extended data set with 225 ellipticity soundings in a 15 m by 15 

m area, which is equivalent to one sounding per square-meter. The area is located in the 

south-west comer of cell D1 of the Avra Valley Geophysical test Site. In the center of 

this area a 3 m by 5 m thin galvanized steel sheet was buried at a depth of 1 m (Figure 

70). The origin (x = 0 m, y = 0 m) of the local coordinate system is in the center of the 

steel sheet with x positive towards the east. In this chapter, profiles running from east to 

west will be discussed. 
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Figure 70: Schematic showing the location and dimensions of the buried galvanized steel 
sheet and the survey set-up in cell D4 of the Avra Valley Geophysical Test Site. 

The first series of data plots (Figures 71 to 78) show the raw ellipticity data for individual 

frequencies from 125 kHz to 16 MHz in a plan view over the sheet area. The actual 

location of the sheet at 1 m depth is outlined in black. At the same time, the Held data are 

compared to EMIDSH forward modeling results, using the system configuration shown 

in Figure 70, the HF-system parameters listed in Table 2, and a sheet conductance of 

200,000 S. Because the sheet material is steel it would be desirable to model the relative 

permeability as well, but as pointed out in chapter 2.2, none of the available forward 

modeling programs allows for the variation of this parameter. Since the sheet is very thin 

it is expected that the effect of the permeability is not significant. The sheet is embedded 

in an 80 £2m halfspace, which is empirically derived by matching the background 

ellipticity values of the field data for 125 kHz with EMIDSH model ellipticities (Figure 

71) and interpreting background sounding curves away from the sheet, e.g. at position (-
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7,0) (Figure 81 (a)). 125 kHz was selected as the lowest usable frequency, because the 

two lower HF-system frequencies 31 kHz and 62 kHz were too noisy. The frequency 125 

kHz is sufficiently low so as not to be effected by dielectric effects (chapter 2.1). The 

stations from x = -3 m to -6 m of the profile y = -4 m show an anomaly which is due to 

some known problems with the data acquisition on only these particular stations. After it 

was observed that at least one of the three channels was saturated, the gain of the 

channels were corrected to collect valid data again for 31 kHz, 62 kHz, 125 kHz, and 250 

kHz. 

Overall, a very good match between the field and model data was achieved, indicating 

that the HF-system can be simulated with EMIDSH and that EMIDSH calculates results 

that can be verified with the HF-system. This is valid for the lower frequencies of the 

HF-system, as discussed earlier in chapters 2.1 and 2.2.2. One common difference 

between the field data and the model data at several fi«quencies seems to be that the 

minimum ellipticity of the model data is always lower than the corresponding field data 

ellipticity value, while the maximum ellipticity matches rather well. The good match of 

the field and model data further indicates that any effects due to disturbing the soil during 

the burying of the steel sheet do not significandy alter the field data for a conductive 

target of this size. 
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Figure 71: Plan maps of ellipticity for 125 kHz over steel sheet (Figure 70). Coil 
separation of 4 m for (a) field data versus (b) EMIDSH 3D-model results. 
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Figure 72: Plan maps of ellipticity for 250 kHz over steel sheet (Figure 70). Coil 
separation of 4 m for (a) field data versus (b) EMIDSH 3D-model results. 
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Figure 73: Plan maps of ellipticity for 500 kHz over steel sheet (Figure 70). Coil 
separation of 4 m for (a) field data versus (b) EMIDSH 3D-model results. 
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Figure 74: Plan maps of ellipticity for 1 MHz over steel sheet (Figure 70). Coil 
separation of 4 m for (a) field data versus (b) EMIDSH 3D-modeI results. 
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Figures 71 to 74 show an excellent correspondence for the anomaly over the sheet 

comparing the Held data with the model data for each ft-equency. The results for the 

profiles north and south of the profiles adjacent to the sheet are not quite as robust The 

patterns which appear in the model data disappear in the background variations of the 

field data, addition some significant background variations are recorded in the Held 

data south of the sheet, which shows lower ellipticities (more conductive), and west of the 

sheet, where higher ellipticities (more resistive) were measured. 
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Figure 75: Plan maps of ellipticity for 2 MHz over steel sheet (Figure 70). Coil 
separation of 4 m for (a) field data versus (b) EMIDSH 3D-model results. 
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Figure 76: Plan maps of ellipticity for 4 MHz over steel sheet (Figure 70). 
separation of 4 m for (a) field data versus (b) O/IIDSH 3D-model results. 
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Figure 77: Plan maps of ellipticity for 8 MHz over steel sheet (Figure 70). Coil 
separation of 4 m for (a) field data versus (b) EMIDSH 3D-model results. 
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Figure 78: Plan maps of ellipticity for 16 MHz over steel sheet (Figure 70). Coil 
separation of 4 m for (a) field data versus (b) EMIDSH 3D-model results. 

The background match between field and model data is not as good starting with 2 MHz 

(Figure 75). The differences become more pronounced with increasing frequency, 

because EMIDSH neglects the displacement currents (chapter 2.2.2). But in the three 

profiles crossing over the sheet the anomaly can still be clearly identified. An additional 

complication is that the noise level of the measurements seems to increase with 

increasing frequency, a phenomenon related to an increase in electric field interference 

(Sternberg, 1997) and greater sensitivity to the coil position (chapter 2.3). Consequently 

the anomaly in the 16 MHz data set (Figure 78) can hardly be identified, it tends to 

disappear in the background variations. 
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To apply the piecewise halfspace resistivity neural network technique to this data set, 

several profiles across the steel sheet are investigated in greater detail. Figure 79 shows 

ellipticity profiles for 6 selected frequencies over the center of the sheet (y=0) compared 

to the background profiles for the same firequencies (y=7). 
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Figure 79: Ellipticity profiles (solid symbols) for 125 kHz, 250 kHz, 500 kHz, 1 MHz, 2 
MHz, 4 MHz over the long side of a 5 m by 3 m steel sheet buried at I m depth 
(Figure 70). These profiles are compared to ellipticity profiles at the same 
frequencies, parallel, 7 m north of the center of the sheet. Soundings were 
collected with a 4 m coil separation and the survey was ran from east to west. 

Assuming a ID interpretation of the soundings along the profiles in Figure 79, it is expected 

that going from east to west, the resistivity with respect to the background will decrease to a 

minimum at x = 2 m with decreasing ellipticity. After crossing the center point of the 

anomaly, the ellipticity (and therefore the resistivity), increases to a maximum at x = -1 m 
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before leveling off to the background values again. Figure 80 presents an additional way of 

looking at the variety of sounding curves encountered along this profile. 
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Figure 80: Five ellipticity sounding curves showing the variety encountered along a 
profile over a shallow conductive steel sheet. The five stations are selected from 
the profile shown in Figure 79. 

A comparison of the sounding curves at the five stations along this profile indicates great 

variations (Figure 80), primarily because the target is a relatively large, shallow 

conductor. ID halfspace and layered-earth neural network interpretations were found to 

provide reasonable fits to the field data and confirm the changes in ellipticity already 

discussed along the profile. But the resulting earth models can only be used in a 

qualitative manner, because the quantitative results (Figure 81) do not accurately 

represent the real situation. 
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Figure 81: Four graphics showing ID neural network estimates for four stations along the 
profile shown in Figure 80. Field data versus neural network estimated model 
for stations at (a) x ^ 7 m, (b) x = 2 m, (c) x = 0 m, and (d) x = -2 m. Data for 
16 MHz and 32 MHz are omitted because of possible electric field interference. 

The only reasonable quantitative model found is the tit to the sounding at the east end of the 

center profile (x = 7 m) (Figure 81 (a)), which can already be considered as a background 

sounding, meaning that a ID interpretation is quantitatively applicable. The best ID two-

layer neural network interpretations for three stations which are strongly influenced by 3D 
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effects, caused by the steel sheet, show a very good but quantitatively unreasonable fit to the 

field data (Figures 81 (b), 81 (c), and 81(d)). 

In Figure 81 (a) a background sounding at the station x = 7 m is interpreted as a 80 

halfspace with increasing relative dielectric constant with depth. At the station x = 2 m 

(Figure 81 (b)) the ellipticity profiles reach their minimum (Figure 79) and as predicted, a 

two-layer conductive over resistive model fits the field data very well. As soon as the 

ellipticity increases in the profiles (Figure 79) a two-layer resistive over conductive model 

fits the field data better (Figures 81 (c) and 81 (d)) for the stations at x = 0 m and x = -2 m. 

Observing these kinds of varying model estimates, combined with the anomaly observed in 

the ellipticity profiles (Figure 79), gives a clear indication that the ID halfspace and layered 

earth models are not a valid quantitative interpretation method in a range over the target 

plus approximately half of the separation on either side. However, the piecewise resistivity 

neural network interpretation technique reflects these high-low resistivity patterns, as shown 

in the following examples of resistivity depth sections (Figures 83 and 84), and provide a 

consistent qualitative interpretation that could not be achieved by creating a resistivity depth 

section patching layered-earth models together. 

Figures 82 to 84 show resistivity depth sections created with the piecewise halfspace 

resistivity neural network technique. The plots use ellipticity data from 62 kHz to 16 

MHz, generating eight piecewise halfspace resistivity neural network estimates which are 

assigned to eight different depths (chapter 3.3.1). The depths of investigation are 
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estimated using an algorithm by Thomas (1996a) as discussed in chapter 2.4.1. Di each 

Hgure the fleld data section is compared to a resistivity section created using ellipticity 

sounding curves generated by EMIDSH. Both sections are processed in exactly the same 

way. For all three figures the same grayscale is used to allow a direct comparison across 

profiles. 
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Figure 82: Resistivity depth sections created with the piecewise halfspace resistivity 
neural network technique. Background proHles y = 7 m, created from (a) field 
data and (b) model data 7 m north of the center of the 3 m by 5 m sheet (Figure 
70) with a conductance of 2 x 10^ S in an 80 Qm halfspace. The vertical 
exaggeration is approximately two times. 

The first pair (Figure 82) compares the results of the piecewise halfspace resistivity 

neural network technique applied to Held and model data for the background profile at y 

W Rx-
HF4m •Tx E 

Distance x [m] 

15 MA 157 22N 2^9 .̂ 70 

Resistivity [f̂ m] 

= 7 m. Both sections show a very good match, with some noise present in the field data 
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section, especially in the higher tequencies which correspond to the shallower resistivity 

estimates. Another reason for differences between the field and model data sections is 

that EMIDSH neglects displacement currents. 
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Figure 83: Resistivity depth sections created with the piecewise halfspace resistivity 
neural network technique. Center profiles y = 0 m, created from (a) field data 
and (b) model data over the center of the 3 m by 5 m sheet (Figure 70) with a 
conductance of 2 x 10^ S in an 80 Qm halfspace. The vertical exaggeration is 
approximately two times. 

The second pair (Figure 83) compares the results for the center profile over the sheet at y 

= 0 m. Again a good agreement can be observed comparing Figure 83 (a) with Figure 83 

(b). The general pattern shows a resistive high on the west side of the target and a 

conductive anomaly east of it, as predicted earlier. Some larger differences can be 

observed between 0 m and 3 m for the deepest resistivity estimates. These discrepancies 
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are due to an acquisition problem as discussed earlier and as indicated in Figures 81 (b) 

and 81 (c). There it is observed that the ellipticities for 62 kHz, 125 kHz, and 250 kHz do 

not follow the expected pattern for this fipequency range which is decreasing with 

increasing frequency. Therefore, another comparison is presented (Figure 84) showing 

the piecewise halfspace resistivity neural network estimated resistivities for the adjacent 

profile to the south at y = -1 m. 
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Figure 84: Resistivity depth sections created with the piecewise halfspace resistivity 
neural network technique. 1 m south (y - -1 m) parallel to the center profiles, 
created from (a) field data and (b) model data over the center of the 3 m by 5 m 
sheet (Figure 70) with a conductance of 2 x 10® S in an 80 Qm halfspace. The 
vertical exaggeration is approximately two times. 

Figure 84 compares the results for the profile over the sheet at y = -1 m. Again a good 

agreement can be observed comparing Figure 84 (a) with Figure 84 (b). The expected 
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general pattern that shows a resistive high on the west side of the target and a conductive 

anomaly east of it is observed. The anomalies are weaker than in Figure 83, because the 

ellipticity anomalies are also weaker for the two profiles over the edges of the sheet (y = I 

m and y = -1 m), as can be seen in Figures 71 to 78. 
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Figure 85: Change in (a) field data and (b) model data resistivity versus depth sections, 
created by subtracting the background resistivity sections (y = 7 m) shown in 
Figure 82 from the ones shown in Figure 83 for the profile y = 0 m. The vertical 
exaggeration is approximately three times. 
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Figure 86: Change in (a) field data and (b) model data resistivity versus depth sections, 
created by subtracting the background resistivity sections (y = 7 m) shown in 
Figure 82 from the ones shown in Figure 84 for the profile y = -1 m. The vertical 
exaggeration is approximately three times. 

Another way of enhancing the high-low anomaly pattern is shown in Figures 85 and 86. 

These figures show changes in resistivity versus estimated depth of investigation. The 

change in resistivity is calculated by subtracting the background resistivity sections (y = 7 

m) shown in Figure 82 from the ones shown in Figure 83 or 84, respectively. The 

overlaying contour lines in Figures 85 and 86 clearly accentuate the resistive high 
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between -4 m and 0 m and the relatively weaker resistive low between 1 m and 4 m. 

Figures 85 (a) and 86 (a) further show that the resistivity estimates for the highest 

frequency pair at 0.45 m depth is rather noisy, which is due to the increased noise level at 

16 MHz as pointed out earlier in Figure 78. 

The detailed analysis of the extensive ellipticity data set over the steel sheet in this 

chapter showed that the piecewise halfspace resistivity neural network technique is an 

excellent anomaly detector. The resistivity depth sections can be interpreted in a 

qualitative manner if 3D effects do influence the ellipticity soundings. For ID ellipticity 

soundings, the piecewise halfspace resistivity neural network estimates are also a 

quantitative interpretation tool. This can be seen be comparing the results for example 

from the border soundings in Figures 83 and 84 or the resistivity section shown in Figure 

82 with Figure 81a. In the following sub-chapters, more examples demonstrating the 

effectiveness of the piecewise halfspace resistivity neural network technique are 

presented. 
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4.1.2 Thin galvanized steel sheet (south-north profiles) 

The data presented in this section are acquired along profiles from south to north across 

the same steel sheet discussed in the previous chapter (Figure 70). The difference from 

the previous chapter is that only one profile (x = 0 m) is investigated, and is done under 

three different conditions: first, no modeling data are used; second, two different coil 

separations, 4 m and 8 m, are compared; and third, background profiles are available. 

The background profiles were acquired before the steel sheet was buried in its location 

and allows a subtraction of the background data from the steel sheet data. 

The raw ellipticity data is no longer presented in profile plots, but rather in ellipticity-

frequency-sections. These pseudo-depth sections assume that each frequency provides 

information from a different earth volume, with lower frequencies being less attenuated. 

For visualization purposes it is more convenient to transform ellipticity to logarithmic 

space, which prevents the plots firom being dominated by the typically higher ellipticities 

at higher frequencies. 



213 

s Tx HEIiHRX^ N 

8 MHz 
4 MHz-
2 MHz -
1MHz 

500 kHz 

-j«. «. . 

250 kHz 
125 kHz 
62 kHz 

16 MHz 
8 MHz 
4 MHz 
2 MHz 
1 MHz 

 ̂500 kHz 
l<  ̂ 250 kHz 

125 kHz 
62 kHz 

6 8 10 12 14 16 18 20 
Distance y [m] 

•2.0 .1.4 .0.8 4>.2 
Log^Ellipticity 

Figure 87: Frequency versus profile distance sections showing the logarithm of the raw 
ellipticity data for the profiles over (a) the background and (b) the steel sheet 
located between -1.5 m and 1.5 m. 

Figure 87 compares two raw log-ellipticity data sections acquired with a 4 m coil 

separation. Figure 87 (a) shows almost constant values along the profiles for different 

frequencies, as expected for a background survey over undisturbed ground. Figure 87 (b) 

shows the same profile after the steel sheet was put in place. Note the strong anomaly at 

approximately 0 m extending ft^om about -6 m to 6 m. The general anomaly pattern 

indicates a high at approximately -2 m and a low at approximately 2 m. 
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Figure 88: Frequency versus profile distance sections showing (a) the difference in the 
logarithm of the raw ellipticity data between the steel sheet profile and the 
background profile and (b) the percent difference in ellipticity to the average 
ellipticity at each frequency of the profile over the steel sheet. 

In Figure 88 (a) (the difference between Figure 87 (a) and Figure 87 (b)) a clear anomaly 

is detected between -3.5 m and 3.5 m. The 7 m width of the anomaly matches the 

expected anomaly width of a shallow target such as this steel sheet perfectly. The profile 

is acquired with a 4 m coil separation and crosses the 3 m steel sheet centered at 0 m. 
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Since the data are plotted in a way that the centerpoint of the array is the location of the 

station, the anomaly should extend half the separation on either side of the anomaly, to 

ensure that both coils are off the target. 

For those cases in which background proHles are unavailable to create di^erence plots, 

another technique can be used if an ellipticity background can be established in the 

following way. The section in Figure 87 (b) is extended to the north by 10 additional 

meters, clearly establishing a background. This allows the interpreter to calculate the 

percent difference in ellipticity based on an average or background value for each 

individual frequency. In Figure 88 (b) this technique is applied to the data shown in 

Figure 87 (b), showing an anomaly that is qualitatively identical to the one shown in 

Figure 88 (a). This technique also clearly identifies the anomaly but without using a 

background profile. The primary disadvantages of this technique is that the background 

needs to be established before the percent di^erences can be calculated. Therefore, its 

use is not practical as a real-time in-field anomaly detection technique, but rather as a 

technique used after completing a survey profile. The reference for calculating the 

percent differences can be the average of the profile for a particular frequency, but it 

could also be a reference value based on another criterion, such as repeatable value at a 

known background station at the beginning of a profile. It must be ensured that not one 

of the anomalous values of a particular frequency profile is used. 



216 

TxJlElSiRx 

(0 
O) 

(0 
0) 
> 

-0.52-
•0.66-

•0.80-

-1.08-

1.36-

-0.36-
•0.52-
•0.66-

-1.08 -

1.36-

CL 
O 
o 
•o 
o 

*•> 
(0 

E 

M 
lU 

2 4 6 8 
Distance y [m] 

I I I I I 

10 70 130 190 250 
Resistivity [flm] 

•0.38 -
•0.52-
•0.66 -

-0.80 -
•0.94-
-1.08 -

-1.22-

-1.36-

/  V "J 

C J I 

I 
-10 

I 
4 •6 <4 .2 

I 
0 

I 
2 

I 
6 

I 
8 10 

I 
12 

I 
14 

T 
16 

I 
18 

r 
20 

Distance y [m] 

• 1 7 0  ^ 0  a s  1 7 0  
Resistivity Cliange [nm] (Target-Baclcground) 

Figure 89: Resistivity depth sections, created with the piecewise halfspace neural network 
technique, for (a) the background section (Figure 87 (a)) and (b) the steel sheet 
section (Figure 87 (b)). (c) shows the resistivity difference between section (b) 
and (a). 
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Figxire 89 illustrates the piecewise haifspace neural network technique applied to the 

sections in Figure 87. Figure 89 (a) shows a rather homogeneous earth with resistivities 

between 40 and 80 Qm, which is also a qualitative indication as well, since it can be 

considered a ID situation. An interesting aspect to point out is that even without a steel 

sheet in place, a small 80 £2m anomaly appears at a depth of 2 m. The resistivity depth 

section with the steel sheet (Figure 89 (b)) in place displays three main features. The 

strongest feature is a resistive anomaly at 2 m. there is also a conductive anomaly at -2 

m, and a noisier top layer compared to that in Figure 89 (a). But again the bipolar 

anomaly centered around 0 m extends from -3.5 m to 3.5 m, which perfectly mirrors the 

expected width of the anomaly. The advantage of this piecewise haifspace neural 

network technique is that it is based on individual soundings. Thus, it can be used as a 

real-time in-field anomaly detection technique. The anomaly in Figure 89 (b) is not as 

clearly defined as the one in Figure 89 (c), but is able to detect the same general anomaly 

during the survey. Di field cases where background profiles are available, the difference 

between the resistivity sections will enhance the anomaly as shown in Figure 89 (c). 

No background profile was collected for the 8 m coil separation south-north profile. 

Figure 90 summarizes the results of this survey and shows that the techniques applied 

earlier to the 4 m separation data lead to comparable results. 
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Figure 90: Frequency versus profile distance sections showing (a) Logarithm of the raw 
ellipticity data and (b) the percent di^erence in ellipticity to the average 
ellipticity at each frequency of the 8 m profile over the steel sheet. (c) 
Resistivity depth sections, created with the piecewise halfspace neural network 
technique. 
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In Figure 90 (a) the raw eilipticity data are shown in a log-ellipticity section. An anomaly 

can be found between -6 m and 6 m, while the soundings between 10 m and 20 m 

establish a background. The anomaly has the same appearance as for the 4 m data set 

(Figure 87 (b)). Note that the grayscale is reversed to enhance the area of interest. Since 

a background could be clearly established, the percent difference in eilipticity section 

(Figure 90 (b)) detects the anomaly nicely between -5.5 m and 5.5 m. Some minor 

anomalies are present in the higher frequencies, which are due to the inherent higher 

noise level of these frequencies. The 11 m width of the bipolar anomaly again matches 

the expected width of the shallow steel sheet. Consider that it was surveyed with an 8 m 

separation across 3 m of steel sheet plus half a separation extended anomaly on either side 

of the center of the steel sheet (0 m). The anomaly pattern is closely related to the one 

found for the 4 m survey (Figure 89 (b)). The resistivity section created by the piecewise 

halfspace neural network technique (Figure 90 (c)) shows a large resistive anomaly 

between -3.5 m and 5.5 m, fading into background values at greater depths. The 

background resistivities are on the order of 60 Qm for y > 8 m. As in Figure 89 (b), a 

smaller conductive anomaly appears south of the resistive anomaly and the top layer is 

again significantly noisier. The bipolar anomaly extends from -5.5 m to 5.5 m as 

expected, putting the center of the conductive target at 0 m, with an extension of 1.5 m in 

either direction after subtracting half the coil separation on either side. 

In this chapter it was shown that the piecewise halfspace neural network technique is 

capable of detecting anomalies in eilipticity data acquired with different coil separations. 
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with two main advantages over the percent difference in ellipticity technique.: the 

resulting resistivity sections can provide qualitative results for background regions (ID 

situations) and the technique can be used for real-time anomaly detection during a survey. 

4.1.3 Ten barrels 
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Figure 91: Schematic showing the location and dimensions of the ten buried barrels in 
relationship to the survey profile. 

In this chapter the data collected in a HP-survey perpendicular to ten barrels is discussed 

as sketched in Figure 91. The ellipticity data were acquired along a west-east profile with 

a 4 m coil separation. The 10 barrels are buried I m deep next to each other, laying on 

their sides, and touching each other at the top and bottom. They make up an 8.5 m long 

row of barrels similar to a pipe. The ten barrels are centered in the north-south direction 

at 0 m, which is the point where the HF-system crosses the ten barrels in the west-east 

direction. 

Before burying the barrels, a background profile was surveyed along the profile over 

undisturbed ground. The ellipticity data for this background profile and the profiles over 

the ten barrels are presented in Figure 92. 
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Figure 92: Frequency versus profile distance sections showing the logarithm of the raw 
ellipticity data for the proHles over (a) the background and (b) the ten barrels 
located ^tween -0.29 m and 0.29 m. 

Comparing the ellipticity sections in Figure 92 shows that the background is rather 

constant and that a signiHcant anomaly from about -4.5 m to 2.5 m is present in the 

section over the barrels. The general anomaly pattern indicates a high at approximately I 

m and a low at approximately -2 m. 

Both difference sections in Figure 93 enhance the anomaly and bound it from -3.5 m to 

2.5 m. The overall anomaly width of 6 m is slightly larger than the expected 4.58 m. 
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which corresponds to the diameter of the barrels plus half of the 4 m separation on either 

side of the target. Both sections show the expected bipolar pattern. It can be concluded 

that the anomaly due to the barrels would be detected even without a background profile. 

e.g. just based on Figure 93 (b). 
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Figure 93: Frequency versus proHle distance sections showing (a) the difference in tiie 
logarithm of the raw ellipticity data between the profile crossing the ten barrels 
and the background profile and (b) the percent difference in ellipticity to the 
average ellipticity at each frequency of the profile over the ten barrels. 
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Figure 94: Resistivity depth sections, created with the piecewise haifspace neural network 
technique, for (a) the background section (Figure 92 (a)) and (b) the section over 
the ten barrels (Figure 92 (b)). (c) shows the resistivity difference between 
section (b) and (a). 
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Figure 94 shows the results of the piecewise halfspace neural network technique applied 

to the sections in Rgure 92. The background resistivity section (Figure 94 (a)) shows a 

homogeneous layered-earth with resistivities from 40 Qm to 80 i2m. The resistivity 

section for the profile crossing the ten barrels indicates a bipolar anomaly between -3 m 

and 2.5 m. Figure 94 (b) does not show the anomaly as clearly as Figure 93 (b), but 

Figure 94 (b) can not be created during the surveying of the profile and does not provide 

any background resistivity information. Since there is a background profile available, the 

difference between the resistivity sections can be calculated which enhances and resolves 

the anomaly as shown in Figure 94 (c). 

4.1.4 Two metal office desks 
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Figure 95; Schematic showing the location and dimensions of the two buried metal office 
desks in relationship to the survey profile. 

The data discussed were acquired with a 4 m HF-system over two metal office desks as 

shown in Figure 95. The south-north profile crosses the center of the desks at 0 m. For 

this survey, the background data are not shown. The resistivity section of the background 

is shown in Birken and Poulton (1997b), but was not used in the following interpretion. 
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Figure 96: Frequency versus profile distance sections showing (a) Logarithm of the raw 
ellipticity data and (b) the percent difference in ellipticity to the average 
ellipticity at each frequency of the 4 m profile over the two metal office desks, 
(c) Resistivity depth sections, created with the piecewise halfspace neural 
network technique. 
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In Figure 96 (a) the raw ellipticity data are shown in a log-eilipticity section. An anomaly 

appears between -4 m and 4 m. This anomaly has a different appearance compared to the 

anomalies from previously discussed targets. Listead of a high-low anomaly, a double-

high pattern is observed. Since a background can be established, an anomaly is detected 

in the percent difference in ellipticity section between -2.5 m and 2.5 m, as shown in 

Figure 96 (b). Several additional insignificant anomalies are present in the highest and 

lowest frequencies as well, which are due to the inherent higher noise levels of these 

frequencies. The 5 m width of the anomaly matches the expected width of the shallow 

desks surveyed with a 4 m separation. Figure 96 (c) shows the resistivity section created 

with the piecewise halfspace neural network technique. The background resistivities are 

approximately 50 Cim for distances greater than 6 m. Two resistive anomalies are 

indicated at -2 m and 2 m. Compared to Figure 96 (b), the resistivity anomaly pattem is 

not bipolar, but has two highs with background in between them. It is assumed that the 

more complex geometry of the metal office desks has a significant influence on the data 

and the anomalies. Nevertheless, the anomalies present in Figures 96 (b) and (c) allow 

the interpreter to detect the target and to determine that the target location is centered 

around 0 m with an extent of not greater than 0.5 m to either side, after considering the 

influence of the 4 m coil separation. 
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4.1.5 Concrete pipe, MF-survey 
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Figure 97: Schematic showing the location and dimensions of the 27.43 m long 
reinforced concrete pipe in relationship to the survey profile. 

This last physical modeling example shows that the previously discussed techniques work 

as well for the MF-system. In this example, an 8 m MF-survey was conducted crossing 

the center of a 27.43 m long reinforced concrete pipe, buried at a depth of 2.16 m, surface 

to top of pipe as indicated in Figure 97. The profile was surveyed from west to east. 

Additional information concerning this physical modeling experiment (including some 

matching EMIDSH models) can be found in Yang (1997). 
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Figure 98: Frequency versus profile distance sections showing (a) Logarithm of the raw 
eilipticity data and (b) the percent difference in eilipticity to the average 
eilipticity at each frequency of the 8 m MF-profile over the reinforced concrete 
pipe, (c) Resistivity depth sections, created with the piecewise halfspace neural 
network technique 
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The raw ellipticity data in the log-ellipticity section in Figure 98 (a) shows a rather subtle 

anomaly between -8 m and 7 m. The pattern varies with frequency. A high-low-high 

anomaly is observed for the higher frequencies, while a low-high-low anomaly is 

observed in the lower frequencies. Since sufficient background is established at both 

ends of the profile, the percent difference in ellipticity with reference to the average 

ellipticity at each fr^equency was calculated and is shown in Figure 98 (b). The anomaly 

is not as clear as one would hope, but a closer examination shows an anomaly pattern 

from -7.5 m to 7.5 m that reflects the pattern found in Figure 98 (a). For the frequencies 

below 1 MHz a positive anomaly appears between -7.5 m and -3.5 m. It changes to a 

negative anomaly at 2.5 m, where the anomaly changes again at 7.5 m. The sign pattern 

is reversed and not quite so obvious for the frequencies above 500 kHz. 

In the resistivity section, created by using the piecewise halfspace neural network 

technique, shown in Figure 98 (c). A similar anomaly pattern is observed. The regions 

between -7.5 m to -2.5 m and 2.5 m to 7.5 m have the same appearance (70 Qm over 55 

Qm), while the region in between appears different; the same resistivities are shifted to 

shallower depths. Note that the resistivity numbers are only qualitative indicators, except 

at the profile ends, where a ground resistivity of approximately 70 Qm is estimated. Both 

Figures 98 (b) and (c) suggest that the center of the anomaly is at 0 m and 3.5 m wide in 

either direction, considering the coil separation of 8 m. Since the reinforced concrete 

pipe has a diameter of only 1.68 m, the difference in observed width of the target versus 
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the real width suggests that the ellipticity data contain depth information. The depth 

information may be related to the changes in the anomaly pattern with frequency. 

Data from several other physical modeling experiments conducted at the modeling tank 

facility (Thomas, 1996a; Sternberg and Poulton, 1997) likewise suggest that the acquired 

ellipticity data contain depth information. In these experiments the ellipticity responses 

for several small targets (sheet, metal pipe, and barrel) in water were investigated. The 

documentation and discussion of these experiments can be found in Sternberg and 

Poulton (1997). The authors suggest that depth information is present, especially in the 

ellipticity variations at the higher frequencies. For the same target at different depths it is 

observed that the size of the anomaly measured decreases with increasing target depth 

and that the shape of the anomalies changes as well. Unfortunately there are not enough 

data available with similar targets at different depths and in various background materials 

to pursue a more detailed analysis. The issue of extracting the depth information remains 

to be solved in the future. 

4.1.6 Summary 

In chapter 4.1 it was demonstrated that the piecewise halfspace resistivity neural network 

technique is an excellent anomaly detector. Several small conductive 3D objects have 

been detected applying this technique to data collected in controlled physical modeling 

experiments. The following list summarizes the steps involved in creating meaningful 
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resistivity pseudodepth sections and some guidelines on how to interpret them based on 

the findings in this chapter and chapter 5; 

a) Eliminate bad ellipticity sounding data based on fleld notes and by analyzing the 

shape of the sounding curves. Use ellipticity versus fr^equency plots. [x)ok for 

changes in the shape of the ellipticity sounding curves along the profile. Changes are 

the first indication of a target 

b) Plot the raw data in ellipticity profiles for each frequency. Use only one frequency 

per plot, because it is important that the ellipticity profile uses the maximum plotting 

range. Correct or eliminate obvious outliers. 

c) In field studies concerned with mapping larger geological boundaries a smoothing 

filter can be applied to the curves from a) or profiles from b). But never in field 

studies concerned with small conductive targets. 

d) Use EDIS to create ellipticity sections. 

e) Use EDIS to convert sections from c) to percent difference in ellipticity sections. 

These sections should give a first indication of existing anomalies. Look for 

horizontal or vertical pattems and patterns varying with frequency. 

f) Use EDIS to create resistivity sections using the piecewise halfspace resistivity neural 

networks. 

g) Use EDIS to estimate a depth scale for the section created in e) using the depth of 

investigation algorithm from Thomas (1996a). Make sure it is understood how the 

depth of investigation is derived and know the limitations of this algorithm. The 

limitations are that it is developed from ID model smdies neglecting displacement 
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currents and that 50% of the signal for the particular frequency comes from 

underneath the estimated depth. 

h) If multiple survey lines need to be compared it is useful to export the data of the 

sections created in e) and g) to another gridding and contouring software. This will 

allow the interpreter to use the same resistivity scale for each section making it easier 

to correlate the information obtained from the individual sections. 

i) Analyze all the resulting information from a) to h) together by identifying bipolar or 

more complex patterns in the sections. Try to establish vertical boundaries by 

keeping in mind that the coil separation is very important The coil separation will let 

the anomaly of a small conductive object appear half the separation wider on either 

side. Keep in mind also that the data point plotted is the center point of the array. 

4.2 Anomaly Detection Using QassiHcation Neural Networks 

A classification neural network (CNN) is a neural network that learns to classify the input 

data into two or more categories, represented by the output data. The idea of using a 

CNN to classify ellipticity sounding curves is based on the observation made in Figure 

80, which indicates significant differences in sounding curves for stations over the 

conductive target and away from it (background). Therefore it is believed that a CNN 

could learn the similar characteristics of sounding curves representing the background 

and therefore establish a background for a particular data set. Consequently a CNN will 

be able to classify each station as representing background or being different from the 

background, the latter of which will be called: target. The word target is used in a 
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general sense and needs to be clearly defined with respect to the data sets used, as will be 

explained later in this chapter. 

Two data sets were used from two different survey sites in a first attempt to train a CNN. 

The two sites are the Cold Test Pit at the Idaho National Engineering Laboratory and the 

Avra Valley Geophysical Test Site near Tucson, Arizona. Both data sets were collected 

with an 8 m HF-survey but the sites differ in geoelectric properties. The first data set 

collected at the Avra Valley Geophysical Test Site consists of 140 soundings from 4 

profiles. All profiles cross over two steel sheets buried 1 m depth each. The first 3 m by 

5 m steel sheet is the one illustrated in Figure 70. The second steel sheet is 5 m by 9 m 

buried 1 m deep. Each steel sheet is surveyed with two perpendicular profiles (east-west 

and south-north) crossing the center point of the sheets. Based on the findings in chapter 

4.1, that the width of the ellipticity anomaly for very shallow conductive targets is equal 

to the width of the target in the direction of the profile plus half the separation on either 

side, the soundings were divided into two categories: background and target. The 

background category contained all 110 soundings, where both coils are off the target. 

This left 30 soundings for the target category. Target is defined in this case as some part 

of the 8 m array between transmitter and receiver coil being over the sheet, reiterating the 

definition given above. 

A CNN was trained to leam this background-target classification problem. The neural 

network architecture used is a modular neural network with 5 local expert networks 
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containing a hidden layer with 13 processing elements. The gating network has 6 hidden 

layer processing elements. Other important parameter settings are: a learning-rate of 0.9, 

a momentum of 0.6, the delta-leaming-nile, and the hyperbolic tangent transfer function. 

The eleven input values are the ellipticities from the eleven frequencies of the HF-system 

at one sounding location. The two output values are a binary representation of two 

categories coded as follows: 01 = target and 10 = background. The whole training set 

contains 140 training patterns as discussed in the previous paragraph. After training the 

CNN for 7000 iterations, it learned to distinguish between the two categories and a 100% 

correct classification was achieved. 

The second data set collected at the Cold Test Pit site consists of 174 soundings from 9 

profiles (Figure 106). This data set was divided into two classes as well (Sternberg and 

Poulton, 1997). One hundred and two soundings were put in the background category, 

containing all soundings where both coils are off the target. The 72 remaining soundings 

were classified in the target category. Target here is deftned in the same way as it was 

for the first data set, as some part of the 8 m array between transmitter and receiver coil 

being over the Cold Test Pit. The target in this second example is not a conductive 

object, but rather the waste pit trench itself. 

A second CNN was trained to leam this classification problem using the same neural 

network architecture, parameters, and input-output coding as for the first CNN. The 

training set consisted of 174 training patterns as discussed in the previous paragraph. 
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After training the CNN for 15000 iterations, a 100% correct classification was again 

achieved. 

To test the ability of the CNNs to extrapolate from one site to the other, each CNN was 

tested with the data from the other site. The Avra Valley CNN was able to classify 61 of 

102 background soundings (60%) correctly, but only 17 of 72 target soundings (24%) 

from the Cold Test Pit data set. Overall the Avra Valley CNN was able to classify 45% 

of the soundings of the Cold Test Pit data set correctly. The Cold Test Pit CNN was able 

to classify 8 of the 30 target soundings (27%) correctly and 92 of the 110 background 

soundings (84%) from the Avra Valley data set. Overall the Cold Test Pit CNN was able 

to classify 77% of the soundings of the Avra Valley data set correctly. Neither of the 

overall results were deemed acceptable to use either CNN on a new survey site and be 

confident of the classifrcation results. 

The next step involved combining both training data sets to investigate whether a CNN 

could leam it. The newly trained neural network was now able to classify 100% of the 

data from both sites correctly. This perfect classification shows that the combined CNN 

is able to establish a sufficient number of similarities between the background soundings 

from both survey sites. The question remains; how many soundings from a new survey 

site must be included in the training of an existing CNN to provide reliable classifrcation 

information for the new survey site? 
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This question was addressed with the following study. The first CNN classifying the 

Avra Valley data set with 100% accuracy and the Cold Test Pit data set with 45% is used 

as the starting CNN. Additional soundings firom one Cold Test Pit profile at a time are 

added to the Avra Valley training set and then the CNN is retrained with the extended 

training set. The results of these CNNs are compared to CNNs trained only on the 

soundings added to the Avra Valley training set. This is done in order to determine 

whether the information contained in the Avra Valley soundings helps to classify new 

Cold Test Pit soundings. The neural networks used are all identical to the ones described 

earlier in this chapter. All of the retrained CNNs described in the following paragraphs 

are trained until they learned the classification with a 100% accuracy - typically in less 

than 15,000 iterations. The results of this study are summarized in Table 27. The Cold 

Test Pit profile codes are shown in Figure 106. 

Table 27: Correct Classification percentages comparing CNN results from the extended 
training sets of the Avra Valley training set versus results from CNNs trained on 
the extension profiles from the Cold Test Pit only. 

Prepaicd Avra Valley Training Set 
••-Parts of INEL Training Set 

Correct ClaBillcation 
tested on all 174 INEL soundings 

INEL Training Set 
Only 

Correct Classification 
tested on all 174 INEL soundings 

Avra Valley Traininf Set Only 45% (7S/I74) 

^-INELLineTJN 77* (I34A74) INEL Una 7 JN only 7»* (137/174) 

^•INELUneSSS tn% (IS2/I74) <»INELUiw55S §9* (I5Sn74) 

•t-INEI.Una2JS.70S IM« (174^74) 4-INELUMS2JS,70S 94% (163^74) 

• INEL Una 2JN, 25S IM« (174/174) i-INELUBas2JN,25S 99* (171/174) 

^an9INEI.IIoes IM« (I74fl74) aBftNELInes IW* (174/174) 

The first Cold Test Pit soundings added to the Avra Valley training set are the soundings 

from the profile 7.5N. The retrained CNN shows a significant improvement in correct 
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classifications for ail 174 Cold Test Pit soundings. The correct classiflcations improved 

from 45% to 77%. Comparing the 77% to the 79% which can be achieved by training a 

CNN only on the soundings from line 7.5N. No significant difference is observed 

comparing the results for both training sets. Next the Cold Test Pit profile 55S was added 

to the Avra Valley plus 7.5N training set and the CNN was retrained. The 87% accuracy 

achieved was not significantly different from the 89% achieved with a CNN trained only 

on the two Cold Test Pit profiles 7.5N and 55S. 

The next step involved extending the two existing training sets with two profiles at a 

time. The Cold Test Pit profiles 2.5S and 70S were added to both training sets. The 

CNN trained on the combined training set of Avra Valley and the four Cold Test Pit 

profiles was able to classify every sounding correctly (100% accuracy). While the CNN 

trained on the four Cold Test Pit profiles was able to classify 94% of all 174 soundings 

correctly only. Extending either training set with an additional two profiles (profiles 2.5N 

and 25S) still showed a slight advantage of the combined CNN (100% accuracy) over the 

CNN trained without the additional information of the Avra Valley soundings (99% 

accuracy). 

The conclusion of this study is that CNNs are able to accurately distinguish between 

background and non-background and that the general differences between both categories 

are present at different field sites. Therefore using existing soundings will increase the 

accuracy of the classification at a new field site. As data are collected at more sites and 
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added to the training set, the robustness of the classification improves, as shovm in the 

example summarized in Table 27. It would be desirable to have several more data sets 

from different field survey areas. It is believed that the classification improvements of 

combined training sets would then be more dramatic than shown above, which could 

ultimately lead to a CNN that will classify soundings from a new field site, without a 

single sounding from the new site being included in the training set. 

The procedure of using this CNN technique for surveys with similar goals is now outlined 

in a more general way, because this technique is by no means limited to ellipticity data. It 

can summarized in the following four steps: 

a) Prepare for a new survey by training a CNN using data for the training set from the 

following sources, depending on availability; 

• Field data acquired at different field locations. The survey goals should be the 

same, so that the non-background category does not conflict with the background 

category from another site. 

• Data from physical modeling experiments simulating the target-background 

relationship that is expected in the survey to be conducted. 

• A variety of numerical forward modeling data simulating the target-background 

relationship that is expected in the survey to be conducted. 
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b) At the beginning of the new survey, collect data in an area of the survey site where the 

most a-priori knowledge is available. At most survey sites a calibration area can be 

located in which to establish the background. 

c) While starting to survey the area of interest, the training set of the CNN prepared in a) 

is extended by the data collected in b). Then the CNN is retrained, which can be done 

reasonably fast in the field with existing computer technology. Only a few minutes 

are required on a 166 MHz pentium computer to retrain the CNNs shown in Table 27. 

d) During the survey, the retrained CNN can provide classification information of the 

incoming data in almost real-time for the new field site. This would provide optimal 

flexibility in adjusting the survey plan to the encountered situation (e.g. increasing the 

station density around a location where the CNN detected non-background). 

This technique of using neural networks to classify a geophysical data set into categories 

is not limited to two categories. As long as the data provide enough significant 

differences to distinguish between more than two categories, a neural network will be 

able to classify the input data. Possible categories are; 

• Different types of targets, such as defined by different shape or size. 

• Different target properties, which are reflected in the measured data, such as 

conductivity is reflected in ellipticity. 

• Targets at different depths. 
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Sternberg and Poulton (1997) present some CNN results on classifying the sounding data 

from the Cold Test Pit survey (chapter 5.2) into 5 categories, based on the type of objects 

buried at various locations in the Cold Test Pit. Another neural network approach 

discussed in Sternberg and Poulton (1997) shows that a neural network can be trained to 

estimate the location and depth of a conductive pipe in water (background), based on 

individual ellipticity sounding curves. The last two feasibility studies indicate that, with 

the availability of larger and more diverse data sets, neural networks can be used to help 

the interpreter extract information about target types and their depths. 
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5. CASEfflSTORffiS 

The first case history is a lest survey of the MF-system conducted fi-om September 13, 

1994, to September 15, 1994 near Rock Springs, Wyoming. This case history 

demonstrates the capabilities of the piecewise resistivity interpretation neural network by 

comparing its performances to an interpretation with inversion. 

The second case history is a demonstration survey of the HF-system conducted from 

November 28, 1995, through December 1, 1995 at the Idaho National Engineering 

Laboratory. The target was the so called Cold Test Pit, a simulated waste pit providing 

known target and waste forms. 

5.1 The "#9 Mine Fire" Survey In Wyoming 

Figure 99: Parts of the Rock Springs Quadrangle (Wyoming-Sweetwater County) 
topographic map, showing the location of the field site. 
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The survey was conducted in September 1994 near Rock Springs, Wyoming at the site of 

the abandoned Union Pacific #9 underground coal mine (Figure 99) using the MF-system. 

The goal of this investigation was to provide subsurface information on areas of 

subsidence, which were believed to be caused by an underground coal-seam fire. The 

exact location of the fire, its depth, and heading were unknown. Smoke was visible on 

the surface in some areas where fractures had allowed the fire to vent. The fire was 

believed to have started in a surface outcrop as a result of a lightning strike and then 

spread to the seams underground. 

N 
Estimated Boundary of #9 Mine Fire. 
Soulh-East Comer (Hauser, 1995) 
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Figure 100: Relative elevation map (elevation in feet) of the #9 mine survey area, the 
three MF-system survey lines, and the estimated south-west boundary of the 
underground mine fire (Hauser, 1995). 

The investigations were performed along three east-west lines as shown in Figure 100. 

The estimated boundary of the #9 mine fire was based on previously conducted 

geophysical surveys, mainly drilling results firom 1990 (Hauser, 1995), and surface 

observations made during the MF survey. The electromagnetic survey was conducted 
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with a transmitter-receiver coil separation of 32 m. Data at 94 stations were collected: 21 

stations along line 3S from 154 m to 54 m, 34 stations along 2S ft^om 284 m to 49 m, and 

39 stations along the baseline from 284 m to -96 m. Stations were 5 m apart for the line 

3S and 10 m apart for the baseline. Line 2S started out with stations 5 m apart and 

switched to a 10 m station interval at station 190 m of this line. The general elevation of 

the site is approximately 2,000 m and the whole survey area dips toward the west. The 

baseline drops steeply to a wash (5 m cliff) between stations -20 m and -50 m. The 

general geological layering at the site (Hauser, 1995) shows approximately 15 m of 

overburden consisting of sandstones and siltstones with some shale. A thin, rider coal 

seam exists underneath, approximately 9 m above the main coal seam, which is 2 m to 4 

m thick and at a depth of approximately 20 m. 

After eliminating stations with bad data quality (Poulton and Sternberg, 1995) the number 

of stations left for further interpretation was 16 out of 21 stations along line 38, 32 of 34 

for 2S, and 36 of 39 for the baseline. The highest two MF-system frequencies of 500 kHz 

and 1 MHz had a very low signal-to-noise ratio and did not record usable data throughout 

the survey. Figure 101 shows percent difference ellipticity sections (chapter 4) of the 

remaining raw ellipticity data. 
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Figure 101: Frequency versus proHIe distance showing the percent difference in ellipticity 
to the average ellipticity at each frequency of (a) the baseline, (b) line 2S, and (c) 
line 3S. 
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The remaining Held data are routed through the piecewise halfspace resistivity 

interpretation neural network (chapter 3.3.1) and the resulting resistivity depth sections 

(chapter 4) are compared to resistivity depths sections created using the results of a non

linear least-square inversion technique (Dennis et al., 1981). Li the inversions, the same 

ellipticity pairs of adjacent frequencies were inverted for a halfspace resistivity, meaning 

that both techniques - the inversions and the neural networks - made use of precisely the 

same information. Figures 102 to 104 show the comparison of the resulting sections of 

both techniques. All six sections were processed in exacdy the same way, scaled to the 

same resistivity interval, and created with the same gridding and contouring algorithm. 

(a) Inversion Results (b) Neural Network Results 
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Figure 102: Resistivity-depth sections for line 3S created from (a) piecewise inversion 
results and (b) piecewise halfspace resistivity interpretation neural networks 
results. Depth estimated by depth of investigations algorithm from Thomas 
(1996a). 
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Line 3S was believed to be outside the subsidence and underground mine area (Figure 

100), so the resistivities shown in the resistivity sections in Figures 102 are considered to 

represent the background resistivities. It is assumed that the resistivities of 40 Qm to 55 

Hm represent undisturbed ground (without subsidence). Both sections (Figure 102 (a) 

and (b)) show remarkable similarities. The top portions are approximately 40 Qm, while 

a slightly more resistive ground of 55 film shows up between stations 54 m and 100 m at 

a depth of 9.5 m. 

(a) Inversion Results (b) Neural Network Results 
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Figure 103: Resistivity-depth sections for line 2S created from (a) piecewise inversion 
results and (b) piecewise halfspace resistivity interpretation neural networks 
results. Depth estimated by depth of investigations algorithm from Thomas 
(1996a). 

Note that the resistivities do not necessarily represent the true ground resistivities (chapter 

4.1.1) and are only used to describe the different regions found in Figures 102 to 104. 

One interesting feature can be observed in Figure 102 and even better in Figure 101 (c). 
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The low frequencies (9 m to 10m depth) indicate a bipolar anomaly. The cause for this 

anomaly is currently unexplainable. 

The information gained from Figure 102 suggests that the west half of the resistivity 

section for line 2S (Figure 103) also shows an area without subsidence. The eastern 

portion of line 2S appears more conductive (15 J2m to 25 flm), suggesting that this is a 

fractured subsidence area. Surface fractures were observed during the survey in the low 

resistivity areas. Again, both sections (Figure 103 (a) and (b)) show remarkable 

similarities. Figure 101 (b) supports the interpretation of dividing the sections in Figure 

103 into two main regions with the boundary at approximately 175 m. The survey results 

from line 2S put the boundary about 25 m further to the west as indicated in the estimated 

boundary of the #9 mine fire by Hauser (1995) as shown in Figure 100. This could be 

explained with a movement of the boundary to the west over time, since Hauser's (1995) 

results are based on drilling results from 1990. 
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(a) Inversion Results 
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Figure 104: Resistivity-depth sections for the baseline created from (a) piecewise 
inversion results and (b) piecewise halfspace resistivity interpretation neural 
networks results. I>epth estimated by depth of investigations algorithm from 
Thomas (1996a). 

Finally, the comparison of the resistivity sections of the baseline (Figure 104) confirms 

that both techniques provide the same information for the interpretation, because both 

sections (Figure 104 (a) and (b)) show very similar resistivity distributions. The baseline 
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results show an undisturbed area in the center of the line from stations -40 m to 170 m. 

Both sections in Figure 104 indicate two potential subsidence areas between 170 m and 

270 m, and from -40 m to the easL The Hrst subsidence area is assumed to be due to the 

underground mine Hre and had some visible surface effects, while the second one 

corresponds to a topographic low with signs of ponded water in the past. A deeply-

incised drainage begins at the west end of the line. Figure 101 (a) supports the 

interpretation of dividing the sections in Figure 104 into three main parts as well, setting 

one boundary at -36 m and the second one at approximately 174 m. A comparison of the 

boundary location with the estimated boundary by Hauser (1995), as shown in Figure 

100, indicates that the boundary did not move much or at all to the west during the four 

years between the drilling results and the MF survey. 

This comparison demonstrated that neural networks are capable of giving equivalent 

results to inversion, but in a fraction of the time, when using the piecewise halfspace 

resistivity technique described in chapter 3.3.1. An interpretation-time comparison 

between using the neural networks versus the inversion algorithms gave the following 

results, using the same 90 MHz pentium computer. The neural networks needed less than 

one minute to estimate the resistivities for all 84 stations, while the inversions ran for an 

average 5 s for one ellipticity pair or 63 min for all 84 stations. Poulton and Sternberg 

(1995) give some examples which compare some of the inversion and neural network 

results for individual stations along the three survey lines. 
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5.2 The Idaho National Engineering Laboratory Cold Test Pit Survey 

TAM 

INEL 
Boise •mA, 

•B ICPP 
Pocsledo 

EBR I 

Figure 105; Location map of the Idaho National Engineering Laboratory (Jorgensen et al., 
1994). 

The HF-system demonstration survey was conducted from November 28, 1995, through 

December 1, 1995 at the Idaho National Engineering Laboratory (INEL) about 50 miles 

west of Idaho Falls, Idaho. The Very Early Time Electromagnetics project (Pellerin et al., 

1995), sponsored by the Department of Energy, has been conducting the electromagnetic 

integrated demonstration (Pellerin et al., 1997). This study compares several 

electromagnetic geophysical methods at the Cold Test Pit (CTP) located approximately 

100 m south of the Radioactive Waste Management Complex (RWMC) (Figure 105). 
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Figure 106: Schematic map of the Idaho National Engineering Laboratory Cold Test Pit 
(modified after Pellerin et al., 1997) and eight profiles surveyed by the HF-
system with an 8 m separation. 

The target area of the demonstration survey (Figure 106) was the so called Cold 

(nonradioactive) Test Pit, a simulated nonhazardous waste pit providing known target and 

waste forms for accurate evaluation and calibration of procedures, technologies, and 

equipment. 
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The local geology is briefly described in Pellerin et al. (1997) as follows. Generally the 

host material consists of Hne-grained eolian deposits of unconsolidated clay, sand, and 

silt overlying the Snake BUver flood basalts which compose the bedrock at a depth of 6 m 

to 10 m from the surface. Groundwater is in excess of 160 m deep. The CTP was 

excavated, filled with waste, and then covered with soil firom another area. There is a 

detectable contrast in electromagnetic properties between the native soil and the imported 

soil. The clay-rich cap material is 1 m to 2 m thick overlying the up to 3 m high waste 

seam. The southem part of the approximately 12 m wide CTP is segmented into areas of 

different waste. It contains stacked metal drums, stacked wooden boxes, and several 

larger objects such as a steel tank and a concrete filled steel pipe (Figure 106). 

Eight separate lines (Figure 106) with multiple transmitter-receiver offsets and different 

frequency ranges for a total of 16 survey lines were surveyed. Ellipticity soundings were 

collected at 307 stations across the CTP. A frequency range from 31 kHz to 32 MHz 

(HF-system) was used for data collection on 12 of the 16 lines and a range of 1 kHz to 1 

MHz (MF-system) was used for the remaining four lines. The survey lines are 

summarized in Table 28. After two initial surveys with the HF-system at 4 m separation 

it was found that the depth of investigation was not deep enough with this transmitter-

receiver separation so the remaining lines were profiled with an 8 m or 16 m (MF only) 

separation. It was necessary to translate the CTP survey grid, which is in feet (Pellerin et 

al., 1997) to a metric survey grid. Station 0 m is equivalent to station 40W on the local 

CTP grid, except for the NS line (Sternberg and Poulton, 1997). The west boundary of 
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the waste is at approximately 12.2 m and the east boundary is at approximately 24.4 m in 

the local metric coordinate system (Figure 106). 

Table 28: Summary of the LASI ellipticity survey lines (Sternberg and Poulton, 1997). 

Line Direction 
Start 

[ml 
End 

[ml 

Nnmberof 

Stations 

Station Spacing 

[m] 

Coil Separation 

[ml 
Ellipticity 

System 
Date 

7.5S W-E 0 36 37 I 4 EIF 11/28/95 

7.5N W-E 0 36 37 I 4 HF 11/29/95 

7.5N W-E 0 36 19 2 8 HF 11/29/95 

7.5S W-E 0 36 19 2 8 HF 11/29/95 

2JS W-E 0 36 19 2 8 HF 11/29/95 

2.5N W-E 0 36 19 2 8 HF 11/30/95 

70S W-E 0 36 19 2 8 HF 11/30/95 

55S W-E 0 36 19 2 8 HF 11/30/95 

40S W-E 0 36 19 2 8 HF 11/30/95 

40S W-E 0 36 10 4 8 HF 11/30/95 

25S W-E 0 36 19 2 8 HF 12/1/95 

NS N-S 0 42 22 2 8 HF 12/1/95 

70S W-E 0 36 10 4 8 MF 12/1/95 

40S W-E 0 36 19 2 8 MF 12/1/95 

40S W-E 0 36 10 4 16 MF 12/1/95 

70S W-E 0 36 10 4 16 MF 12/1/95 

The raw ellipticity data are documented in Stemberg and Poulton (1997) and are not 

repeated here, bistead percent difference ellipticity sections are presented in addition to 

new resistivity depth sections created from resistivity estimates of the piecewise halfspace 

resistivity only interpretation neural networks (chapter 3.3.1), for each of the HF profiles 

surveyed with a coil separation of 8 m (Table 28) (Figures 107 to 114). The resistivity 

sections from the INEL CTP shown in this dissertation differ from the sections in 

Stemberg and Poulton (1997). This is because the latest and most improved versions of 
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the piecewise halfspace resistivity only interpretation neural networks are used here. 

These new networks use a constant relative dielectric of 10 for all models as discussed in 

chapter 3.3.1, while the old networks used a forward modeling program which neglected 

the displacement currents completely, fii addition some apparent resistivity planes of the 

CTP, derived from the new piecewise halfspace resistivity only interpretation neural 

network results, are presented for seven frequency pairs from 31 kHz to 4 MHz (Figure 

115). The percent errors of the piecewise halfspace resistivity only interpretation neural 

network estimates compared to the field data are presented in Figures 117 and 118 for the 

frequencies from 31 kHz to I MHz. Percent errors for higher frequencies are not shown, 

because they are as expected higher. This is because dielectric effects have a strong 

influence on the ellipticities at these frequencies (chapter 2.4) and die piecewise halfspace 

resistivity only interpretation neural networks used do not take this into account (chapter 

3.3.1). Because of sUrong 3D-effects in the vicinity of the waste trench (Figures 116 to 

118) it is not possible to obtain quantitative layered-earth results, as shown in chapter 

4.1.1. Procedures to classify the ellipticity soundings from the INEL CTP survey into 

stations over waste and stations over background using neural networks were already 

discussed in detail in chapter 4.2. 



255 

tnr 8 m 

4MHZ1 

2MHZ-J 

1 MHzi 
o 
c 
tt 600 kHz-  ̂
a 
cr 250 kHz  ̂
k 
m m IL 126 kHz-̂  

62 kHzJ 

31 kHzH 

0 2 4 6 8 1012141618202224262830323436 
•M -30 0 30 <0 
%-Difference in Ellipticity 

Line 7.5N [m] (a) 

g -1J26 

5 66 12S 188 
Resistivity (|C2m] 

0 2 4 6 8 1012141618202224262830323436 
Line 7.5N [m] (b) 

Figure 107: Two sections showing: (a) the percent difference in ellipticity to the average 
ellipticity at each frequency and (b) the piecewise halfspace neural network 
estimated resistivity for line 7.5N of the INEL CTP. 
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Figure 108: Two sections showing: (a) the percent difference in ellipticity to the average 
ellipticity at each ft^equency and (b) the piecewise halfspace neural network 
estimated resistivity for line 2.5N of the ENEL CTP. 
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Figure 109: Two sections showing: (a) the percent difference in ellipticity to the average 
ellipticity at each frequency and (b) the piecewise halfspace neural network 
estimated resistivity for line 2.5S of the INEL CTP. 
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Figure 110: Two sections showing: (a) the percent difference in ellipticity to the average 
ellipticity at each frequency and (b) the piecewise halfspace neural network 
estimated resistivity for line 7.5S of the INEL CTP. 
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Figure 111: Two sections showing: (a) the percent di^erence in ellipticity to the average 
ellipticity at each frequency and (b) the piecewise halfspace neural network 
estimated resistivity for line 25S of the INEL CTP. 
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Figure 112: Two sections showing: (a) the percent difference in ellipticity to the average 
ellipticity at each frequency and (b) the piecewise halfspace neural network 
estimated resistivity for line 40S of the INEL CTP. 
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Figure 113: Two sections showing: (a) the percent difference in ellipticity to the average 
ellipticity at each frequency and (b) the piecewise halfspace neural network 
estimated resistivity for line 55S of the INEL CTP. 
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Figure 114: Two sections showing: (a) the percent difference in ellipticity to the average 
ellipticity at each frequency and (b) the piecewise halfspace neural network 
estimated resistivity for line 70S of the INEL CTP. 
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Figure 115: Resistivity planes for four northern most surveyed lines of the CTP. 
Resistivity is estimated by the piecewise halfspace resistivity only interpretation 
neural network using the frequencies: (a) 31 kHz and 62 kHz, (b) 63 kHz and 
125 kHz, (c) 125 kHz and 250 kHz, (d) 250 kHz and 500 kHz, (e) 500 kHz and 
1 MHz, (f) 1 MHz and 2 MHz, and (g) 2 MHz and 4 MHz. 
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Note that the same depth scale is used in Rgures 107 (b) to 114 (b) for all HF 8 m 

surveys for better comparison. This was possible because the resulting depths from the 

depth of investigation algorithm (chapter 2.4.1) were within a few centimeters for each of 

the sections. The resistivity sections are not gridded or smoothed. Since each 

interpretation at a station is done independently of surrounding stations, large changes in 

resistivity can occur. These changes are often meaningful and can be blurred or lost in 

the gridding process, especially since abrupt changes in properties are of interest. This 

makes the appearance of the sections very coarse, but provides a good picmre of the 

spatial resolution, which is defined by the station spacing and the coil separation. All 

sections shown in Figures 107 to 114 use frequencies from 31 kHz to 4 MHz, the 

ellipticity measurements of the higher frequencies were too noisy to be included, very 

likely due to strong electric field interference (Sternberg, 1997). 

The CTP was surveyed with the HP-system using an 8 m coil separation. Therefore, it is 

expected to see the following five regions develop, based on the location of the two coils. 

Starting from west to east: 

• First both coils will be over background west of the waste pit (stations 0 m to 8 m) 

• Second the transmitter will be still on background, while the receiver coil moved 

already over the waste pit (stations 10 m to 16 m) 

• Third both coils are over the waste pit (stations 18 m and 20 m) 

• Fourth the transmitter is still on the waste pit, while the receiver is east of it on 

background (stations 22m to 28 m) 
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• Fifth both coils are east of the waste pit area (stations 30 m to 36 m) 

The station at 16 m could also fall into the third category depending on the accuracy of 

the CTP design, because at this station the transmitter is very close to the west boundary 

of the waste pit. With this in mind. Figures 107 to 113 were examined for the location of 

the waste pit boundaries in the data. The following Table 29 summarizes the results. 

Table 29: Estimated location of west and east boundary of the CTP, based on sections 
shown in Figures 107 to 114. 

Line Figure 
CTP west 
boundary 

[m] 

CTP east 
boundary 

[m] 

Error 
[m] 

7.5N 107 11 24 1 
2.5N 108 11 24 1 
2.5S 109 11 24 1 
7.5S 110 11 25 1 
25S 111 11 26 I 
40S 112 11 25 I 
55S 113 10 24 1 

For the sections shown a vertical spatial resolution of 12 cm and a horizontal spatial 

resolution of 1 m is assumed. The spatial resolutions are assumed to be half the interval 

resulting from the depth of investigation algorithm or half the station spacing. All 

resistivity depth sections shown in Figures 107 (b) to 114 (b) indicate a resistive layer at -

1.26 m (+/- 0.12 m depth). This layer is an artifact of the resistivity estimation from the 1 

MHz and 2 MHz piecewise neural network which goes back to the raw data quality of the 

2 MHz ellipticity data. Figure 116 shows three typical ellipticity sounding curves from 

the INEL CTP HF-system survey from 31 kHz to 4 MHz. It can be seen that the 2 MHz 
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data appears too low in the usually smooth ellipticity curve in this frequency range (see 

also chapter 2.4). The artifact will not make the estimated resistivities, for the piecewise 

halfspace resistivity neural networks using the 2 MHz ellipticity data useless, they just 

seem to experience a shift to higher resistivities, but seem to keep a consistent pattern 

fitting into the overall interpretation. 
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Figure 116: Three ellipticity sounding curves from the INEL CTP line 2.5S. 

Originally, it was believed that the HF 8m survey lines were not able to determine the 

depth to the bottom of the CTP (Sternberg and Poulton, 1997). Based on observations 

made in the new data representations in Figures 107 to 114 it is suggested that the bottom 

of the waste pit can be resolved by the lowest three frequencies (31 kHz to 125 kHz). It is 

found that the percent difference in ellipticity in Figures 107 (a) to 114 (a) for 31 kHz to 

125 kHz shows significantly different patterns compared to the next higher frequencies. 

In Figure 110 (a) for example, from west to east, the lowest three frequencies show a low 

(-20%), then a high in the center of the section (+40%), and finally down to another low 

Line 2.5$ Station 0 m 

Line 2^ SlaliQa 4 m 

-•-LiBe2J5SCatiQii lOn 
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(-10%). The reverse panems can be observed for the frequencies from 250 kHz to 1 

MHz, A high in the west (20%), to a low in the center (-20%), and back up to 

approximately 10%. Very similar observations can be made for all the other lines as well. 

Now it could be argued that these lowest three frequencies respond different to the waste 

in the CTP than the next higher frequencies, but it could also be argued that this is more 

likely because the response is influenced by the host material underneath the CTP. 

Ignoring the estimated depth of investigation in Figures 107 (b) to 114 (b) for a moment, 

the following interpretation is clearly suggested by the anomalies shown in the resistivity 

sections. An anomaly in the center of all resistivity sections in Figures 107 (b) to 113 (b) 

which is surrounded by a background indicated with 30 flm. The neural network 

estimated resistivities from 31 kHz to 125 kHz are shown in the bottom two rows and do 

not change underneath the waste pit as they do for the next higher frequencies. This 

results in a sharp vertical resistivity change between the third and the second row from 

the bottom of each section in Figures 107 (b) to 113 (b). This further suggests that 250 

kHz does not penetrate deep enough to be influenced by the bottom of the waste pit, only 

by the waste pit area itself, while 125 kHz and the lower frequencies are influenced by the 

material below the bottom of the CTP. Now the question has to be raised why the depth 

of investigation does not provide a more reasonable depth estimate, because the CTP is 

surely deeper than 1.98 m (+/- 0.12 m). 
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Note that the depth of investigation is defined as the depth where 50% of the earth's 

influence is from material below the optimum depth and 50% of the influence is from 

material above the optimum depth. Therefore if the depth of investigation is doubled, one 

could argue that the ellipticity measurement for a particular frequency is not influenced 

by anything below that depth. If this rule is applied to 250 kHz which corresponds to a 

depth of investigation of approximately -1.86 m (Figures 107 (b) to 114 (b)), it can be 

assumed that the CTP is at least 3.72 m (+/- 0.24 m) deep. By applying this rule for 125 

kHz, which corresponds to a depth of investigation of approximately -2.10 m (Figures 

107 (b) to 114 (b)), it can be assumed that the CTP is less than 4.20 m (+/- 0.24 m) deep, 

since 125 kHz seem to be effected by the material below the waste area as discussed 

above. In conclusion, it is suggested that the HF-system survey over the CTP does 

resolve the bottom of the waste pit in a depth between 3.72 m and 4.20 m (+/- 0.24 m). 

Next, each survey line will be discussed briefly with respect to other features beside the 

horizontal and vertical boundaries of the CTP already discussed. 

Lines 7.5N and 2.5N are discussed together, because both lines cross the CTP over metal 

dmms, stacked 1, 3, 4, and 5 tiers high (Figure 106). Figures 107 and 108 show very 

similar patterns in the percent difference in ellipticity and the resistivity sections. It 

appears that the stations from 16 m to 20 m provide information about the content of the 

waste pit, e.g. about the dmms. A vertical high-low pattern can be found at depths from -

1.26 m to -1.98 m at these stations. The pattern is slighdy different for the station at 20 
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m, suggesting that the number of stacked drums varies along the proHle line or that there 

is a significant change in the material contained in the drums. 

Lines 2.5S and 7.5S are also discussed together, because these two lines cross the CTP 

over wooden boxes 2 tiers high filled with metal, asphalt, and concrete (Figure 106). 

Figures 109 and 110 show again very similar patterns in the percent difference in 

ellipticity and the resistivity sections. Again, the stations from 16 m to 20 m provide 

information about the content of the waste pit, this time about the wooden boxes. A 

similar vertical high-low pattern as found for the previous two lines is observed at depths 

from -1.50 m to -1.98 m at these stations. This anomaly pattern appears deeper and 

weaker than in the previously two sections suggesting that the wooden boxes are not 

stacked as high as the drums and/or contain less conductive material. 

The results for line 25S are shown in Figure 111. It appears that the stations from 16 m to 

22 m provide information about some more wooden boxes (Figure 106). In comparison 

to the previously discussed sections the very low conductivity area (approximately 5 Qm) 

disappeared and one solid resistive anomaly appears instead. This would indicate that 

either no wooden boxes are buried in the shallower region, or that they are not as 

conductive as the buried drums, possibly because of non-metallic content. 

The results for line 40S, shown in Figure 112, are very different from the previous ones. 

The survey line is supposed to cross a stack of drums centered at approximately 15 m and 
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a concrete Hlled steel pipe at approximately 19 m (Figure 106). From the sections in 

Figure 112 it appears that the stations from 16 m to 22 m will provide information about 

these two targets, but possibly also the station at 12 m. This last station appears as a 

vertical anomaly, which happens to occur when the receiver is located just above the 

drum stack. There is no signiHcant anomaly due to the concrete Hlled steel pipe, which 

could be due to the small target size and/or the large station interval of 2 m. In Figure 

112 an additional anomaly appears at the end of the profile (stations 30 m to 36 m), which 

can not be explained based on the available information about the CTP. 

Survey line 55S is supposed to cross some crushed dmms, followed by a steel tank, just 

missing some isolated drums, before crossing steel casing laying over concrete vaults 

(Figure 106). A very strong vertical bipolar anomaly between the stations at 10 m and 20 

m can be found in Figure 113 (b), very similar to the one observed in Figures 107 (b) and 

108 (b). One big difference is that no anomaly is indicated in the center of the percent 

difference in ellipticity section in Figure 113 (a), while the sections in Figures 107 (a) and 

108 (a) show a strong anomaly pattern. It appears diat there is no distinction between the 

targets possible, they all combine to one large strong anomaly. As in the previous 

sections from line 40S in Figure 112, again a strong unexplained anomaly appears at the 

east end of line 55S (stations 28 m to 36 m). 

The last HF-system line that was surveyed with an 8 m coil separation was the most 

southern line 70S, which is supposed to be approximately 3 m south of the estimated 
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south boundary of the CTP (Rgure 106). Therefore the line does not cross the CTP and 

does not cross any buried objects. Surprisingly, Figure 114 (b) indicates a shallow 

anomaly (-1.26 m to -1.50 m) between the stations at 12 m and 20 m. The anomaly could 

be due to the large combined anomaly of the crushed drums and the steel tank, which are 

only 3 m away from the line 70S (Figure 106). But the typical five regions discussed 

above are not observed any more, see Figure 111 (b) for a good example. As found in the 

previous two survey lines a strong anomaly is present at the east end of line 70S. In all 

three lines 40S, 55S, and 70S the lowest three frequencies are not only effected by the 

mysterious anomaly but also by the underlying material. Therefore it is suggested that the 

object causing the anomaly is shallower than 4.2 m (+/- 0.24 m), based on the same 

argument as discussed earlier for the possible depth of the bottom of the CTP. But the 

anomaly is also rather wide, since it spans over three survey lines covering approximately 

10 m. 

Since the survey line spacing is a minimum of approximately 4.5 m between the lines 

7.5S, 25S, 40S, 55S, and 70S (Figure 106) no horizontal correlation is expected between 

these lines, because of the 3D effects caused by the small individual targets. But the four 

northern most lines 7.5N, 2.5N, 2.5S, and 7.5S are only spaced approximately 1.5 m apart 

and they cross very similar targets that are supposed to fill the entire CTP in that area. 

For these lines, the results, presented in Figures 107 (b) to 110 (b), are plotted in 

horizontal resistivity planes, one for each frequency pair as shown in Figure 115. 
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Figure 115 shows that different frequencies respond very differently to the CTP. Figures 

115 (a) and (b) appear very homogeneous with some light indications of an anomaly 

between 14 m and 24 m. In Figure 115 (c) a strong conductive anomaly appears between 

15 m and 23 m with two intermediate areas of approximately 4 m on either side. This 

observation supports the assumption that ellipticity data from 250 kHz are exclusively 

influenced by the waste pit and not by the underljdng material. So far no differences 

within the waste pit area have been observed. This changes with Figure 115 (d) which 

indicates the same vertical boundaries as Figure 115 (c), but within the waste pit area two 

regions can be clearly distinguished. This is an indication that the frequencies 250 kHz 

and 500 kHz respond differently to the different targets within that CTP area. There 

seems to be a distinction between the lines over the stacked drums and over the stacked 

wooden boxes. But since the containers are stacked to different heights and contain 

different materials, more information is needed to correlate the anomaly patterns in 

Figure 115 (d) with more detailed target information. Figure 115 (e) indicates the same 

vertical boundaries, but the anomaly within the CTP area changed its appearance 

compared to Figure 115 (d). Now it appears as a very strong high showing some slight 

differences between the two northern and southern lines. Figure 115 (f) shows a similar 

but not as strong a pattern within the CTP area but seems to lose the vertical boundaries. 

It appears that the frequencies between 250 kHz and 2 MHz contain information that can 

be used to distinguish between the different targets. But with the uncertainty of the 

content of the containers and their precise positions, it is not possible to draw any further 

conclusions. Figure 115 (g) appears to be very different from the other six planes. No 
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clear vertical boundary is observed and some smaller local anomalies appear. This 

suggests that the two frequencies used to create this resistivity plane are not primarily 

influenced by the waste in the CTP, meaning that they contain more information about 

the overlying cap. With the same argument used before, for the bottom of the CTP and 

the mysterious anomaly in the south-east, it can be concluded that the waste is buried at 

least 1.8 m (+/- 0.24 m) below the surface assuming that 4 MHz has a depth of 

investigation of approximately 90 cm. 

The percent errors of the piecewise halfspace resistivity only interpretation neural 

network estimates compared to the field data are presented in Figures 117 and 118. The 

majority of the fits are within 10% of the measured ellipticity. A few isolated values 

exceed 50%. In Figures 117 (a) to (d) it can be seen that the errors increase above 10% 

for frequencies from 125 kHz to 500 kHz for stations located above the waste trench (12 

m to 24 m). The increased errors are expected, because these frequencies are strongly 

influenced by the waste material (Figure 115). These 3D effects alter the ellipticity 

curves so that they cannot fit a reasonable ID model. This explains why the piecewise 

neural network estimates have higher percent errors in these areas. 
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Figure 117: Percent errors of the piecewise halfspace resistivity only interpretation neural 
network estimates compared to the field data for the survey lines (a) 7.5N, (b) 
2.5N, (c) 2.5S, and (d) 7.5S. 
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Figure 118: Percent errors of the piece wise halfspace resistivity only interpretation neural 
network estimates compared to the Held data for the survey lines (a) 25S, (b) 
40S, (c) 55S, and (d) 70S. 
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Figure 118 (a) to (d) shows the errors for the four survey lines across the large object pit 

(Figure 106). While the fits over the waste trench are better for these lines compared to 

the lines presented in Figure 117, the error increases for the frequencies of 5(X) kHz and I 

MHz at the east end of the profiles (Figures 118 (b) to (d)). This can be explained with 

the mysterious anomaly discussed earlier, which again introduces 3D effects in the 

ellipticity data that can not be fit with a reasonable ID model. 

Line 25S over wodden boxes has a weak anomaly similar to line 7.5S. The errors are 

lower in Figure 118 (a) which may indicate less of a 3D effect and therefore a less 

conductive target. Line 40S shows one pixel with a high error that corresponds spatially 

with the buried concrete filled steel pipe (Item 5, Figure 106). Line 55S only shows large 

errors near the surface. The anomaly corresponding to the mysterious anomaly in Figure 

113, however, is also shallower. Line 70S has small errors near the surface especially at 

the east end of the profile, again corresponding to the mysterious anomaly. The lack of 

higher errors at lower frequencies seems to be indicating a lack of buried targets or 

insensitivity to the target. 

The resistivity estimates from the piecewise halfspace resistivity only interpretation 

neural networks were checked against ID inversion results, which inverted ellipticity 

pairs to halfspace resistivities as documented in detail in chapter 5.1. The piecewise 

halfspace resistivity inversions lead to resistivity sections showing the same general 
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structures as observed with the piecewise neural network technique. Some examples are 

shown and discussed in Sternberg and Poulton (1997). 

So far, all the interpretations, except the boundaries of the waste pit were of a qualitative 

nature. &i Sternberg and Poulton (1997) some qualitative results are presented. There it 

is shown that layered-earth neural network interpretations only show good fits to field 

data in true layered situations, which can only be found away from the CTP (see also 

chapter 4.1.1). In addition the authors present the results from two-layer and three-layer 

ID inversions for each sounding using at least two different starting models. 



278 

6. SUMMARY, CONCLUSIONS. AND OUTLOOK 

This dissertation documents the successfiil development of a new real-time in-field 

interpretation and visualization scheme using neural networks for the detection and 

localization of buried waste, <ind the boundaries of waste sites. Two new high-frequency (1 

kHz to 1 MHz and 31 kHz to 32 MHz) electromagnetic ellipticity systems, developed at the 

Laboratory for Advanced Subsurface Imaging at the University of Arizona, were used to 

acquire the necessary field data. The ellipticity systems were especially designed for non

destructive environmental and engineering geophysical studies to fill the gap between two 

existing geophysical methods, the near-surface ground penetrating radar technique and the 

deeper-penetrating electromagnetic techniques. Real-time in-field results are produced by 

neural networks and displayed by the visualization software. These results provide 

important information for adjustments to survey parameters (e.g. station spacing) and for 

data quality control during an actual survey. This approach is completely new and makes 

the ellipticity systems the first EM geophysical systems that use a real-time in-field neural 

network interpretation. 

The ellipticity systems are numerically simulated with a one-dimensional layered-earth 

program that takes displacement currents into account. The program EM ID is utilized to 

understand the sensitivity of the measured ellipticity to geometric system parameters and 

geological parameters. Changes to coil misaligiunent in standard operating mode of the 

ellipticity systems are typically just 1% to 2%. Changes due to variations in electrical 

parameters are typically at least one order of magnitude higher than variations in the 
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system parameters, which makes it clearly possible to resolve values of resistivity p and 

relative dielectric constant Br- It will be possible to resolve halfspace p and £r, two-layer 

earth models (f/, pi, pz, Sri, and Erz), and other multi-layer earth models with the frequency 

range of the ellipticity systems from I kHz to 32 MHz and coil separations from 2 m to 32 

m. In cases where the number of layers increases it will be more difficult to resolve some of 

the model parameters, especially Sr for deeper layers. Furthermore, for very conductive 

models (p < 50 Qm) it will be hard to determine Sr and for models with high Sr it will be 

very hard to determine p, especially if p is very resistive. 

The results of the sensitivity analysis contribute considerably to the training of several 

neural networks to determine the electrical properties - resistivity and relative dielectric 

constant - of the subsurface. The two classes of artificial neural network paradigms utilized 

in this study are the radial basis fimction and the modular neural network algorithms. 

It has been sufficiently demonstrated that the various ID interpretation neural networks 

are capable of estimating specialized earth models from ellipticity field data. The quality 

and reliability of any neural network estimated model must be determined by the 

interpreter using information from the training evaluation and from the sensitivity 

analysis. This is because there are areas of model space that can not be resolved due to 

either insufficient information in the input data (ellipticity data) or due to a specialized 

interpretation neural network not having been trained for the encountered field situation. 
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It is found that the interpretation neural networks using the relative dielectric constant as 

output produce better estimates than the resistivity only neural networks. 

Two kinds of limitations are found. First, the number of training examples for models 

with more than two-layers tends to be very large. This makes the training process and the 

training evaluation slow, requires very good computer resources, and makes the file 

management difficult. The second problem is not neural network related, but rather 

related to the input data. The available ellipticity data do not always provide enough 

information for the model to be resolved. Nevertheless, the interpretation neural 

networks provide a first estimate of the field situation which can be very close to a final 

inversion results, as shown in the Wyoming case history. The neural network results can 

further be used as starting models for multi-dimensional inversion programs. That neural 

networks can overcome noise in the field data is an additional advantage which is 

demonstrated. 

The three-dimensional localization of metallic objects is done by visualizing the results of 

the piecewise halfspace neural network technique. It is demonstrated that the piecewise 

halfspace resistivity neural network technique is an excellent anomaly detector. Several 

small conductive 3D objects have been detected applying this technique to data collected 

in controlled physical modeling experiments. A larger case study documents the 

successful characterization of a simulated hazardous waste pit at the Idaho National 

Engineering Laboratory using this technique. 
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Qassification neural networics are trained on field data to categorize ellipticity soundings 

into either a target or a background class. Qassification neural networks are able to 

accurately distinguish between background and non-background and that the general 

differences between both categories are present at different field sites if the categories are 

defined consistently. Therefore using existing soundings will increase the accuracy of the 

classification at a new field site. As data are collected at more sites and added to the 

training set, the robustness of the classification improves. 

The problem of inverting high-fi:equency ellipticity data to determine multi-layer earth 

models is, in general, computationally intense. The function describing the relationship 

between ellipticity and the model parameters is highly non-linear and complex. In such 

cases it is desirable to have at least as many data parameters as model parameters to 

overcome the ambiguity in the ellipticity data to model parameter mapping. To further 

complicate the matter, both model parameters - the resistivity and the relative dielectric 

constant - are highly fi-equency dependent. The dispersion effects must be included in the 

forward modeling to take these frequency dependencies into account. Otherwise, the 

ambiguity can not be resolved with ellipticity data from different frequencies and may 

only be overcome by using ellipticity data at one frequency for different coil separations. 
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APPENDIX A: HALFSPACE MODEL PLOTS FOR SENSITIVITY ANALYSIS 

1.0 

0.8 -

0.6 -

1000 Qm 

SOJ) 

ioam< 
•OA 

ISOOm 
.0.6 

100 am 

|5000am| 

-1.0 

lE-f3 lE-<4 IE-f5 lE-t-7 lE+S 
Frequency [K(] 

Figure 119: Ellipticity versus frequency for six different halfspace resistivities. 
Diamonds 0 on bottom of plot show frequency coverage of HP system. 
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Figure 120: Ellipticity versus frequency for six different halfspace resistivities. 
Diamonds 0 on bottom of plot show frequency coverage of HP system. 
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Figure 121: EUipticity versus frequency for six different halfspace resistivities. 
Diamonds 0 on bottom of plot show frequency coverage of MF system. 
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Figure 122: EUipticity versus frequency for six different halfspace resistivities. 
Diamonds 0 on bottom of plot show frequency coverage of MF system. 
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Figure 123: Ellipticity versus frequency for six different halfspace resistivities. 
Diamonds 0 on bottom of plot show frequency coverage of the ellipticity 
systems. 
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Figure 124: Ellipticity versus frequency for six different halfspace resistivities. 
Diamonds 0 on bottom of plot show frequency coverage of the ellipticity 
systems. 
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Figure 125: Ellipticity versus frequency for six different halfspace resistivities. 
Diamonds 0 on bottom of plot show frequency coverage of the ellipticity 
systems. 
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Figure 126: Ellipticity versus frequency for six different halfspace resistivities. 
Diamonds 0 on bottom of plot show frequency coverage of the ellipticity 
systems. 
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Figure 127: Ellipticity versus frequency for five different halfspace relative dielectric 
constants. Diamonds 0 on bottom of plot show frequency coverage of HP 
system. 
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Figure 128: Ellipticity versus firequency for five different halfspace relative dielectric 
constants. Diamonds 0 on bottom of plot show fr^equency coverage of HP 
system. 
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Figure 129; Ellipticity versus frequency for five different halfspace relative dielectric 
constants. Diamonds 0 on bottom of plot show frequency coverage of MF 
system. 
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Figure 130: Ellipticity versus fi«quency for five different halfspace relative dielectric 
constants. Diamonds 0 on bottom of plot show frequency coverage of MF 
system. 
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Figure 131: Ellipticity versus frequency for five different halfspace relative dielectric 
constants. Diamonds 0 on bottom of plot show frequency coverage of the 
ellipticity systems. 
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Figure 132: Ellipticity versus frequency for five different halfspace relative dielectric 
constants. Diamonds 0 on bottom of plot show frequency coverage of the 
ellipticity systems. 
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APPENDIX B: TWO-LAYER MODEL PLOTS FOR SENSITIVITY ANALYSIS 
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Figure 133: Ellipticity versus frequency for five two-layer models with varying top layer 
thickness; also compared to halfspace model of top layer parameters (circles o). 
Diamonds 0 on bottom of plot show frequency coverage of the HF system. 
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Figure 134: Ellipticity versus frequency for five two-layer models with varying top layer 
thickness; also compared to halfspace model of top layer parameters (circles o). 
Diamonds 0 on bottom of plot show frequency coverage of the HF system. 
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Figure 135: Ellipticity versus frequency for six two-layer models with varying top layer 
resistivity. Diamonds 0 on bottom of plot show frequency coverage of the HF 
system. 
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Figure 136: Ellipticity versus firequency for five two-layer models with varying top layer 
resistivity. Diamonds 0 on bottom of plot show frequency coverage of the HF 
system. 
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Figure 137: Ellipticity versus frequency for six two-layer models with varying top layer 
relative dielectric constant. Diamonds 0 on bottom of plot show frequency 
coverage of the HP system. 
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Figure 138: Ellipticity versus frequency for five two-layer models with varying top layer 
relative dielectric constant. Diamonds 0 on bottom of plot show frequency 
coverage of the HP system. 
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Figure 139: Ellipticity versus frequency for six two-layer models with varying second 
layer resistivity. Diamonds 0 on bottom of plot show frequency coverage of the 
HP system. 
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Figure 140: Ellipticity versus frequency for five two-layer models with varying second 
layer resistivity. Diamonds 0 on bottom of plot show frequency coverage of the 
HP system. 
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Figure 141: Ellipticity versus frequency for six two-layer models with varying second 
layer relative dielectric constant. Diamonds 0 on bottom of plot show frequency 
coverage of the HP system. 
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Figure 142: Ellipticity versus frequency for five two-layer models with varying second 
layer relative dielectric constant. Diamonds 0 on bottom of plot show frequency 
coverage of the HP system. 
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APPENDIX C: DERIVATION OF THE MODULAR NEURAL NETWORK WEIGHT 

UPDATE EQUATIONS 

This appendix is devoted to the derivation of the modular neural network weight update 

equations (36) to (39). Equation (36) describes the weight change of the weights 

between the hidden and the output layer of the k* local expert network (Figure 32). The 

derivation starts out with the partial derivative of the objective function shown in 

equation (25) with respect to the 

d  l {Y ' ' \g )  yKY ' ' \g )  d  
dm" , ' '  

(41) 

(42) 

J I ifaw 6 k 

;j v<*) 

Now the partial derivative from equation (43) will be examined: 

a y"' 
a 

7 

A 

Substituting the final result of equation (44) into equation (43) leads to: 
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(45) 

Finally we have to substitute equations (42) and (45) into equation (41): 

(46) 

The weight change AG^*'in equation (36) follows now immediately from equation (46) 

by applying a leaming-rate T] and equation (28). 

Equation (37) describes the weight change of the weights between the input and the 

hidden layer of the k'^ local expert network (Figure 32). The derivation starts out with the 

partial derivative of the objective function from equation (25) with respect to the 

The weight change Aw"'in equation (37) follows now immediately from equation (47) by 

applying a leaming-rate t] and summation over all inputs n. 

Equation (38) describes the weight change of the weights between the hidden and the 

output layer of the gating network (Figure 33). This time the derivation starts out with 

the partial derivative of the objective function from equation (25) with respect to the : 

a  3 3  y ' "  ̂  s ' . "  ^  

a  i v i "  d  r , "  a  > • ; "  a  s \ "  a  4 * '  
(47) 

(29) 
(45) 
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, )  

This can be further simpliHed to: 
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Finally we have to substitute equations (51) and (49) into equation (48): 

d  l (Y ' ' \g )  ^  ,  . _ 

(51) 

(52) 

The weight change AG^*'in equation (38) follows now immediately from equation (52) 

by applying a learning-rate r] and equation (30). 

Equation (39) describes the weight change of the weights between the input and the 

hidden layer of the gating network (Figure 33). The derivation starts out with the partial 

derivative of the objective function from equation (25) with respect to the : 
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The weight change Aoj^in equation (39) follows now immediately from equation (53) by 

app ly ing  a  l eaming- ra t e  r /  and  summat ion  ove r  a l l  l oca l  expe r t s  k .  
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