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Abstract 

Ground-penetrating radar (GPR) has become a useful tool for non-invasive imaging of 

the subsurface.  The high-resolution images that can be obtained with radar surveys 

suggest these data have a significant potential to constrain our understanding of 

groundwater flow and transport.  However, the qualitative nature of current methods for 

the interpretation of GPR makes it difficult to use in groundwater modeling applications, 

especially for problems where accounting for uncertainty is important.  Therefore, there 

exists a need for the development of quantitative tools for the analysis of GPR data.  In 

this thesis, this need is addressed using observational, theoretical, and computational 

approaches to explore how complex subsurface heterogeneities are expressed in GPR 

data.  This understanding of how radar samples the earth is exploited to suggest 

quantitative methods that can be used for interpreting radar data.  

 

In the first part of this thesis, radar facies analysis is examined as an approach to 

determine the large-scale architecture of the subsurface using GPR surface reflection 

data; it is often assumed that radar facies can act as a valuable proxy for defining 

hydrologic facies, given that both types of facies are related to lithology.  In the approach 

explored here, artificial neural networks are used to probabilistically segment the 

subsurface into radar facies based on characteristic signatures of the radar data.  

Specifically, radar texture – the pattern of reflections within a window of radar data – is 

used to discriminate between different radar facies.  Synthetic radar modeling and 

analyses of field data suggest that texture based approaches to facies identification will be 
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successful in cases where distinctive structural or depositional patterns, e.g., dipping 

beds, occur within lithofacies units that are large compared to the size of the radar 

wavelet.  It was also found that velocity variations and wave interference in highly 

heterogeneous environments can complicate a radar image, thereby confounding attempts 

at radar facies analysis. 

  

In the second part of this thesis, the nature of the relationship between dielectric constant, 

determined by GPR surveys, and water content, important in hydrologic investigations, is 

investigated.  Traditional approaches to rock physics attempt to relate the geophysical 

response of a rock to the physical properties of a rock.  In the field, however, many 

additional factors affect the properties determined by a geophysical survey, including 

complex averaging of heterogeneity at the scale of the survey and artifacts introduced by 

inversion.  By accounting for the way radar averages over heterogeneity using a 

stochastic averaging approach, it is demonstrated that field-scale dielectric constant-water 

content relationships are not necessarily equivalent to those measured in the laboratory.  

To overcome this problem, a numerical analog method for building field-scale rock 

physics relationships that accounts for heterogeneity, the physics of sampling, and 

geophysical survey design is proposed.  In synthetic studies, it was found that the 

accuracy of water content estimates obtained using the field-scale approach was 

significantly improved using the field-scale approach compared to that obtained using 

traditional rock physics concepts.  
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Chapter 1 
Thesis Overview 

 

1.1 Objective  

This thesis investigates techniques that allow ground-penetrating radar (GPR) to 

be used as a quantitative tool for hydrogeologic characterization of the subsurface.  Two 

specific questions are addressed: i) Can large-scale models of geologic heterogeneity be 

constrained by surface reflection data using pattern recognition techniques?, and ii) How 

does the manner that radar samples the subsurface impact the relationship between 

hydrologic and geophysical parameters?  To answer these questions, a variety of 

theoretical, empirical, and computational approaches are utilized, which help us 

understand and predict the complex relationships that exist between geologic 

heterogeneity and radar data. 

1.2 Motivation 

Because ground-penetrating radar can be used to non-invasively image large 

regions of the subsurface, it has become an attractive tool for use in hydrogeologic 

studies.  One common application of GPR has been to monitor processes occurring in the 

subsurface.  For example, Brewster and Annan (1994) report on a GPR reflection survey 

used to image the migration of organic contaminants (PCE), while tomographic surveys 

have been used by Day-Lewis et al. (2003) for time lapse imaging of a conductive solute 

plume and by Alumbaugh et al. (2002) for monitoring the infiltration of water through 



the vadose zone.  These types of studies are important because they can help us to 

understand the dynamics of hydrologic systems, in particular the impact of heterogeneity 

on flow and transport.  An alternative use of GPR is for the direct imaging of geologic 

heterogeneity.  Beres and Haeni (1991) and Asprion and Aigner (1999) provide good 

examples where radar reflection surveys are used to delineate regions with distinct 

reflection characteristics, i.e., radar facies, while Neal (2004) provides a comprehensive 

review of the use GPR for imaging sedimentary systems with an emphasis on radar 

stratigraphy.  The use of radar to directly image the large-scale architecture of the 

subsurface is particularly important because facies or structurally-based models of the 

subsurface have traditionally been used as a foundation for describing heterogeneity in 

groundwater models (e.g., Anderson, 1989; Klingbeil et al., 1999).  

While the use of radar in studies like those mentioned above has provided 

excellent qualitative information about subsurface heterogeneity, integrating this 

information quantitatively within the framework of a hydrogeologic study is not 

straightforward.  For example, several studies have used manual interpretations of radar 

reflection images to construct the architectural framework of a groundwater model (e.g., 

Rauber et al., 1998; Regli et al., 2002; Tronicke et al., 2002).  However, only a few of 

these have considered the uncertainty inherent in using geophysical data within the 

context of a hydrogeologic study.  As discussed by de Marsily et al. (1998), setting the 

geologic framework of a groundwater model prior to the modeling and calibration stage, 

where hydrologic data are used to constrain the model, calls into question the ability of 

these models to describe hydrogeologic processes in complex environments.  Therefore, 

methods are needed that can delineate the facies architecture of the subsurface from radar 
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data in an objective manner that assesses the uncertainty of the interpretation, making it 

one piece of evidence within a comprehensive set of hydrogeologic measurements used 

to constrain a groundwater model. 

Although defining the large-scale architecture of the subsurface is a key problem, 

estimating the magnitude of physical properties within those units, or throughout the 

subsurface in general, is another important problem that must be addressed if radar 

surveys are to be used for the quantitative analysis of hydrogeologic processes.  Within a 

tomographic context, Day-Lewis and Lane (2004) have demonstrated that the resolution 

of a radar survey has a significant impact on the correlation between hydrologic and 

geophysical variables.  The resolution of a radar survey is related to many factors, 

ranging from the frequency of the radar wavelet to the experimental design of the survey 

to the way that electromagnetic fields average geologic heterogeneity.  As a result, rock 

physics relationships, defined in a general fashion as a relationship between geophysical 

and hydrologic parameters of interest, must be able to account for all of these factors.    

1.3 Summary of Research 

This thesis addresses both of the approaches to using radar described above.  In 

Part I of this work (Chapters 2-4), some of the challenges faced in quantitative radar 

facies interpretation are addressed.  Part II of this thesis (Chapters 5-6) investigates how 

rock physics relationships are defined in heterogeneous environments. 

  In Chapter 1 pattern recognition using neural networks is described as a way to 

identify radar facies within radar data.  A supervised classification approach has been 

used in this work, meaning that a neural network is first trained on a limited set of 

training data before being used to classify a radar image.  We have taken a stochastic 
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approach to this work by using the neural network to assign the probability that a 

particular facies occurs at any given location in space, rather than performing a 

deterministic classification of the facies.  This is an important advance in radar facies 

interpretation, since it allows us to subsequently integrate the radar facies estimates with 

other data using geostatistical methods.  For example, in this chapter we demonstrate how 

sequential indicator simulation can be used to create facies models that are constrained by 

both radar data and core observations.  The importance of data integration is illustrated 

by showing how the uncertainty in predictions of flow and transport could be reduced 

when groundwater models are constrained by radar data.  This work utilizes both 

synthetic examples as well as data collected from the Borden aquifer, Ontario, by 

Richelle Allen-King (University at Buffalo-SUNY).  This chapter was published in 

Stochastic Environmental Research and Risk Assessment (Moysey et al., 2003). 

Chapter 2 explores whether radar texture, i.e., distinctive patterns of reflections 

within a radar image, can be used as the primary criteria for discriminating between radar 

facies.  To perform this analysis quantitatively, we introduce six transforms that can be 

applied to a window of radar data, each of which emphasizes a different aspect of texture.  

We then use these different transforms to perform a neural network based radar facies 

classification of a data set from the William River delta, Saskatchewan (Jol and Smith, 

1991).  By comparing the results of the texture-based classifications with the manual 

interpretation we can evaluate what textural properties of the radar image produce facies 

segmentation most similar to that obtained by a human interpreter.  A second data set 

collected over a point bar on Whiteman’s Creek, Ontario (Brunner, 2004), allows us to 

investigate an environment where radar texture provides only limited information about 
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radar facies.  In this case, a manual radar facies interpretation produced by Brunner 

(2004) relied on a significant amount of information beyond texture, including geologic 

reasoning, core data, and radar bounding surfaces.  We rely on both these analyses and 

numerical modeling of electromagnetic wave propagation through a synthetic geologic 

model to assess the conditions under which texture may act as a primary indicator of 

radar facies.   

The details of an investigation exploring how sedimentary structures are 

represented in radar images are described in Chapter 4.  In this study, a cliff-face 

calibration experiment was performed at a sand quarry in sediments related to the Borden 

aquifer, Ontario.  The sedimentary structure of the subsurface was mapped and core 

samples collected over a region of the subsurface imaged by GPR.  The complexities that 

can arise in interpreting radar data due to variations in electromagnetic wave velocity of 

soils as well as interference of reflections in a complex environment are discussed in this 

chapter. 

Chapter 5 explores how rock physics relationships are impacted by the sampling 

physics of radar in heterogeneous environments.  Specifically, we investigate the 

relationship between dielectric constant and water content, as this relationship is of 

critical importance for obtaining water content estimates from GPR tomography surveys.  

Two different limits of electromagnetic wave behavior are considered in this study: the 

effective medium and ray theory limits.  Effective medium theory applies when the scale 

of heterogeneity is much smaller than the radar wavelength.  In this case, stochastic 

upscaling can be used to derive an analytical expression for field-scale rock physics 

relationships that includes how the electric field averages over small-scale heterogeneity.  
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In contrast, the ray theory limit applies when the scale of heterogeneity is greater than the 

radar wavelength.  In this case, we use numerical solutions of the eikonal equation to 

determine the apparent dielectric constant from the traveltime of a wave through a 

spatially correlated random media.  In this case, the field-scale rock physics relationship 

reflects the “fast-path effect”, or preferential sampling of fast zones through the medium.  

This work is an important theoretical result that demonstrates that heterogeneity below 

the scale of a single radar measurement can have an impact on rock physics relationships.  

This chapter has been published in Water Resources Research (Moysey and Knight, 

2004).  

The final chapter of this thesis, Chapter 6, extends the findings of Chapter 5 to 

present a flexible framework for building field-scale rock physics relationships.  The 

approach uses numerical analogs of a real field experiment to account for a wide array of 

factors that can affect estimates of properties in a geophysical survey, including survey 

design, non-linear sampling of heterogeneity, and artifacts introduced through data 

inversion.  We illustrate the methodology for a synthetic example where the distribution 

of water in the subsurface is estimated by GPR tomography.  The approach can be used 

to derive relationships that can be used to interpret real field data or to investigate the 

impact that different factors have on field-scale rock physics relationships.  The work has 

been accepted for publication in Geophysical Research Letters (Moysey et al., 2005).     

1.4 Recommendations for Future Work  

The work in this thesis reflects a current need for the development of quantitative 

tools for the interpretation of ground-penetrating radar data.  The use of pattern 

recognition and radar texture for facies classification provides an important first step 
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toward the fully automated interpretation of radar data.  Of special significance is our 

choice to ensure that these methods were developed in a probabilistic context that will 

allow structural information from radar reflection surveys to be integrated with multiple 

other types of data in future aquifer characterization studies.  An important finding in this 

work has been that, while radar texture is an important indicator, it alone is not sufficient 

to discriminate between facies in complex environments.  Future studies should focus on 

finding ways to integrate other information, like geologic relationships, core data, and 

especially radar bounding surfaces, within quantitative interpretation schemes.   

Perhaps the most significant finding in this thesis is that rock physics relationships 

are highly dependent of both geologic heterogeneity and experimental design.  The 

methodology for determining field-scale rock physics relationships that we describe in 

Chapter 6 has the potential to have major impacts on our ability to accurately estimate 

hydrologic properties from estimates of geophysical properties obtained from field 

surveys.  Examples of how this methodology can be applied to electrical resistivity 

tomography have been given by Singha and Moysey (2004) and Singha and Gorelick 

(2005) have applied it to improve estimates of concentrations obtained from electrical 

resistivity tomography in an experiment designed to monitor the migration of a 

conductive solute plume at the Massachusetts Military Reservation on Cape Cod, MA.  

Using this methodology to assess uncertainty in field-scale rock physics relationships will 

be an important extension of this work in the future. 

 

 7



1.5 References 

Alumbaugh, D. L., P. Y. Chang, L. Paprocki, J. R. Brainard, R. J. Glass and C. A. 

Rautman, 2002.  Estimating moisture contents in the vadose zone using cross-

borehole ground penetrating radar: a study of accuracy and repeatability, Water 

Resources Research, 38(12), 1309, doi: 10.1029/2001/WR000754. 

Anderson, M.P., 1989.  Hydrogeologic facies models to delineate large-scale spatial 

trends in glacial and glaciofluvial sediments.  GSA Bulletin, 101, 501-511. 

Aspiron, U., and T. Aigner, 1999.  Towards realistic aquifer models: three-dimensional 

georadar surveys of Quaternary gravel deltas (Singen Basin, SW Germany).  

Sedimentary Geology, 129, 281-297. 

Beres, M. Jr., and F.P. Haeni, 1991.  Application of ground-penetrating-radar methods in 

hydrogeologic studies.  Ground Water, 29, 375-386. 

Brewster, M.L., and A.P. Annan, 1994.  Ground-penetrating radar monitoring of a 

controlled DNAPL release: 200 MHz radar.  Geophysics, 59(8), 1211-1221. 

Day-Lewis, F.D., and J.W. Lane, 2004.  Assessing the resolution-dependent utility of 

tomograms for geostatistics, Geophys. Res. Lett., 31, doi: 

10.1029/2004GL019617.  

Day-Lewis, F.D., J.W. Lane Jr., J.M. Harris, and S.M. Gorelick, 2003.  Time-lapse 

imaging of saline-tracer transport in fractured rock using difference-attenuation 

radar tomography.  Water Resources Research, 39(10), 1290, 

doi:10.1029/2002WR001722. 

 8



de Marsily, G., F. Delay, V. Teles, M.T. Schafmeister, 1998.  Some current methods to 

represent the heterogeneity of natural media in hydrogeology.  Hydrogeology 

Journal, 6, 115-130. 

Jol, H.M., and Smith, D.G., 1991.  Ground penetrating radar of northern lacustrine deltas. 

Canadian Journal of Earth Sciences, 28, 1939-1947. 

Klingbeil, R., S. Kleineidam, U. Asprion, T. Aigner, G. Teutsch, 1999.  Relating 

lithofacies to hydrofacies: outcrop-based hydrogeological characterization of 

Quaternary gravel deposits.  Sedimentary Geology, 129, 299-310. 

Moysey, S., J. Caers, R. Knight, R.M. Allen-King, 2003.  Stochastic Estimation of facies 

using ground-penetrating radar data.  Stochastic Environmental Research and 

Risk Assessment, 17, 306-318, doi:10.1007/s00477-003-0152-6. 

Moysey, S., and R. Knight, 2004.  Modeling the field-scale relationship between 

dielectric constant and water content in heterogeneous systems.  Water Resources 

Research, 40, W03510, doi:10.1029/2003WR002589. 

Moysey, S., K. Singha, and R. Knight, 2005.  A framework for inferring field-scale rock 

physics relationships through numerical simulation.  Accepted for publication in 

Geophysical Research Letters. 

Neil, A., 2004.  Ground-penetrating radar and its use in sedimentology: principles, 

problems and progress.  Earth-Science Reviews, 66, 261-330, 

doi:10.1016/j.earscirev.2004.01.004. 

 9



Rauber, M., F. Stauffer, P. Huggenberger, T. Dracos, 1998.  A numerical three-

dimensional conditioned/unconditioned stochastic faces type model applied to a 

remediation well system.  Water Resources Research, 34, 2225-2233. 

Rea, J., and R. Knight, 1998.  Geostatistical analysis of ground penetrating radar data: A 

means of describing spatial variation in the subsurface.  Water Resources 

Research, 34, 329-339. 

Singha, K, and S. Moysey (2004), Application of a new Monte Carlo approach to 

calibrating rock physics relationships: Examples using electrical resistivity and 

ground penetrating radar tomography, in Symposium on the Application of 

Geophysics to Engineering and Environmental Problems (SAGEEP), Feb.22-26, 

Colorado Springs, CO, Proceedings: Environmental and Engineering Geophysical 

Society. 

Singha, K. and S. Gorelick, 2005.  Hydrogeophysical tracking of 3D tracer migration: 

Non-stationary conditioning of resistivity tomograms to simulated concentrations.  

Submitted to Water Resources Research.     

Tronicke, J., P. Dietrich, U. Wahlig, and E. Appel, 2002.  Integrating surface georadar 

and crosshole radar tomography: A validation experiment in braided stream 

deposits.  Geophysics, 67(5), 1516-1523, doi:10.1190/1.1512747. 

 10



Chapter 2 
Stochastic estimation of facies using ground 
penetrating radar data  

2.1 Abstract  

Explicitly defining large-scale heterogeneity is a necessary step of groundwater 

model calibration if accurate estimates of flow and transport are to be made.  In this 

work, neural networks are used to estimate radar facies probabilities from ground 

penetrating radar (GPR) images, yielding stochastic facies-based models that honour the 

large-scale architecture of the subsurface.  For synthetic GPR images, a neural network 

was able to correctly identify radar facies with an accuracy of approximately 90%.  

Manual interpretation of a set of 450 MHz GPR field data from the Borden aquifer 

resulted in the identification of four radar facies.  Of these, a neural network was able to 

identify two with an accuracy of near 80% and one with an accuracy of 44%.  The neural 

network was not able to identify the fourth facies, likely due to the choice of defining 

facies characteristics.  Sequential indicator simulation was used to generate facies 

realizations conditioned to the radar facies probabilities.  Numerical simulations indicate 

                                           

  This chapter has been reproduced from an article of the same name published in Stochastic Environmental 

Research and Risk Assessment (vol.17, pg.306-318, 2003) with the kind permission of Springer Science 

and Business Media.  Authors of the article are Stephen Moysey (principle author), Jef Caers, Rosemary 

Knight, and Richelle Allen-King.   
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that significant improvements in the prediction of solute transport are possible when GPR 

is used to constrain the facies model compared to using well data alone, especially when 

data are sparse.  

 

2.2 Introduction 

Accurately reproducing the large-scale architecture of the subsurface is a critical 

step in building a groundwater model, especially when prediction of contaminant fate and 

transport are of interest.  If direct hydrogeologic measurements are limited, it is common 

to rely on stochastic methods to enforce subsurface structure.  Typically, however, 

geostatistical and other stochastic methods do not produce models with realistic geologic 

continuity when data are sparse.  An alternative approach is to impose large-scale 

structure by considering a data source that can map the facies architecture of a study area.   

Ground-penetrating radar (GPR) is a geophysical tool that can provide “images” 

of the subsurface over large areal extents (refer to Knight (2001) for a recent review on 

the use of GPR in environmental applications).  These images can be interpreted to 

provide subsurface models of radar facies, which are regions within a radar image that 

have similar features. The primary characteristics that define radar facies are: (i) 

reflection amplitude, (ii) reflection continuity, (iii) reflection configuration, and (iv) 

external form (i.e., geometry) (van Overmeeren, 1998).   

It is often possible to associate radar facies with particular geologic environments 

(van Overmeeren, 1998) or correlate them to specific sedimentary facies (Beres & Haeni, 

1991; van Heteren et al., 1994).  Based on this observation, Rauber et al. (1998) used 

radar facies they interpreted from a radar image as hard data for generating conditional 

groundwater transport models.  In general, however, the practicality of directly using 
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radar for groundwater model calibration is limited by: (i) the large amount of time and 

expertise required to interpret an extensive GPR data set, (ii) the deterministic nature of 

facies interpretations made by an expert and the associated lack of a quantitative 

uncertainty estimate, and (iii) unquantifiable bias introduced in an interpretation due to 

the experience or skill level of an expert.   

In this paper, we introduce an approach that overcomes these disadvantages by 

using artificial neural networks for the probabilistic interpretation of radar facies.  The 

neural network method results in radar facies interpretations that are minimally 

influenced by human bias, contain an inherent measure of uncertainty, and can be applied 

to a large volume of data with relatively little user interaction.  We also show how these 

radar facies probabilities can be used with existing geostatistical techniques, i.e., 

sequential indicator simulation, to integrate radar with other information sources to 

provide data rich realizations of a hydrologic system.  Finally, we illustrate the potential 

benefit of including GPR data as a data constraint on flow and transport models using a 

simple contaminant transport problem. 

 

2.3 General Methodology 

We take a two-stage process toward generating facies models.  First, we use a 

neural network to obtain facies probabilities at every location in the subsurface based on 

the local configuration and amplitudes of the GPR reflections.  Then, we use these facies 

probabilities as soft secondary information for generating facies realizations conditioned 

to both GPR and hard facies data from boreholes using sequential indicator simulation.  

We describe each of these steps in more detail below. 
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2.3.1 Modeling Facies Probabilities With Neural Networks 

Neural networks are regression models that provide a general way of non-linearly 

relating two sets of variables (Bishop, 1995), where one set of variables is considered to 

be a network input and the other is a network output.  For the problem of facies 

identification from radar data, we use the neural network as a pattern recognition device - 

information encoding facies in the radar image can be extracted to locally identify 

particular facies types (Figure 2.1).  A similar methodology has recently been used by 

Caers & Ma (2002) for the automated interpretation of facies from seismic data.     

 

 

Figure 2.1 Schematic diagram of the neural network approach.  A window of radar data, centered on 
location u0, is given to the neural network as an input vector x.  The outputs of the network are the set of 
facies probabilities at the location u0: p=[Pr(F1), Pr(F2), Pr(F3)].  These facies probabilities can be used to 
generate facies models of the subsurface. 

In our approach, we select a window of radar data around the spatial location u0 at 

which the facies type is to be determined.  The set of reflection amplitudes in this 

window define a ‘multiple point’ data event implicitly containing information about the 

continuity and configuration of reflections around the location of interest.  We define this 

ordered set of reflection amplitudes as the input vector to the neural network for the 

current spatial location; i.e., x(u0) = [x(u0), x(u1), x(u2),…, x(uN)], where x(ui) is the 
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reflection amplitude at location ui in a window of N points centered on u0.  The output of 

the neural network is designed to be a vector where each element is the probability that 

one of K predetermined facies types occurs at u0; i.e., p(u0) = [Pr{f(u0)=F1|x(u0)}, 

Pr{f(u0)=F2|x(u0)},…, Pr{f(u0)=FK|x(u0)}], where Pr{f(u0)=Fi|x(u0)} is the conditional 

probability that the facies type Fi occurs at u0 given the window of radar data x(u0).   

Using a feed-forward neural network, the input data x(u0) and output probabilities 

p(u0) are related through a series of linear transformations by weight matrices Q and W, 

and non-linear transforms by the functions T1(-) and T2(-):   

 

(( xWQp ⋅⋅= 12 TT ))          (1) 

 

This relation alone does not ensure that p represents valid conditional facies probabilities.  

In order for (1) to be considered a viable probability model, the conditions 0≤pi≤1 and 

 must hold for the elements of p.  In the general case, where K≥2, this can be 

accomplished by using the following function for T
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where the summation in the denominator is over all elements of the vector a to which ai 

belongs.  We have used a logistic function for T1. 
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Even though using (2) may allow (1) to be a valid form for a probability model, p can 

only be considered as a good estimate of the conditional facies probabilities when the 

weights in Q and W are chosen appropriately.  Choosing these weights is known as 

‘training’ the neural network.   

Neural network training is a non-linear optimization problem where Q and W are 

found using a data set for which both the facies types and collocated radar data are 

available.  In the data set used for training, outputs are specified by a 1-of-c coding (pg. 

225, Bishop, 1995), which is equivalent to the indicator coding used in geostatistics 

(Deutsch and Journel, 1998).  At a given spatial location, the element of the output data 

vector (t) corresponding to the observed facies type is assigned the value 1 and all other 

elements are set to 0, i.e., ti=δij where the observed facies type is facies j and δij is the 

Kronecker delta.  Given that Fj is the observed facies type at location u in the training 

data set, we use this coding to write: 
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where the superscript u denotes the data location and it is implied that the product is 

taken over each element of p.  If the data locations in the training set can be considered 

independent, for example if the data are randomly drawn from a large training set, the 

probability of observing the entire training data set is the product of the conditional 
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probabilities from (4) for all data locations.  Equivalently, we write the negative 

logarithm of this joint probability as: 
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where the total number of data locations in the training set is D.  Because the data in the 

training set has been observed, our estimate for the probability of its occurrence should 

be a maximum, thus (5) should be a minimum.  The objective function we minimize for 

the optimization of Q and W is therefore based on (5).  Interested readers should refer to 

Bishop (1995) for a more detailed explanation of neural network training. 

A neural network will only be able to identify facies types associated with GPR 

reflection patterns that are well represented in the training data.  Therefore, in the ideal 

case training would be based on data from a variety of well-studied field sites 

representing a wide range of facies types.  The trained network could then be used for 

facies interpretation at sites where data are limited.  In the absence of such field sites, it 

might be possible to train a network using the radar response predicted for a variety of 

geologically realistic synthetic facies models.  In both of these cases, however, we would 

need to depend on an assumption of stationarity, such that the radar response of facies 

observed for a few key sites (or models) be representative of sites where the trained 

network is to be applied.  An alternative approach to training would be to use collocated 

GPR and facies data obtained at the field site where the neural network is to be used.  The 

facies data in this case could come from sources such as core samples or the limited 

manual interpretation of a larger radar survey.  
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Although obtaining appropriate data for training is an important issue that will 

ultimately impact the success of the neural network approach, this is an ongoing topic of 

research and not the focus of this paper.  Instead, we demonstrate the feasibility of 

obtaining facies probabilities using neural networks through the following two synthetic 

examples and a case study from the Borden Aquifer. 

 

2.3.2 Synthetic examples 

To illustrate the feasibility of the automated facies identification concept, we 

present two synthetic models (Examples 1 and 2) based on the common facies 

architecture shown in Figure 2.2.  The specific examples we present were selected to 

demonstrate the ability of the neural network to distinguish facies with different types of 

heterogeneity contrasts.  To generate our models we populate each of the facies, by 

stochastic simulation, with a different set of hydrologic properties.  We then transformed 

these models using petrophysical relations to construct a map of the dielectric constant, 

which is the primary parameter that controls the response of GPR.  A simplified 

(convolutional) radar model was then used to obtain the radar response for the system.  

Independent data sets generated in a manner analogous to that used for creating the 

synthetic model were used to train the neural network; this approach is analogous to 

training the network at a separate well-characterized site with geology similar to the field 

site of interest.      
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Figure 2.2 Facies architecture used for synthetic examples. 

 

The synthetic radar response for Example 1 is shown in Figure 2.3a.  For this 

case, we chose the property values such that the contrast in radar response between the 

two facies is clearly distinguishable by eye; reflections in Facies 1 have higher 

amplitudes and are less continuous than those in Facies 2.  A window of 7 x 7 pixels 

scanned over the image was used as input to the neural network.  The probability of the 

occurrence of Facies 1 interpreted by the neural network is given in Figure 2.3b.  For 

display purposes, the output probabilities shown have been smoothed; smoothing the 

probabilities reduces noise resulting from the fact that the facies probabilities at adjacent 

locations are determined independently of each other.  The probability of Facies 2 can be 

obtained as 1-P(F1), where P(F1) is the probability of Facies 1.  We assessed the 

performance of the neural network by comparing the estimated facies model (Figure 

2.3c), obtained by classification using a maximum likelihood criterion, against the true 

model (Figure 2.2).  Locally, the neural network correctly classified 91% of Facies 1 and 

99% of Facies 2.  More importantly, the large-scale facies architecture is preserved in the 

final facies model. 
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Figure 2.3 Synthetic Example 1: a) Radar response, b) Probability of the occurrence of Facies 1 estimated 
by the neural network, c) Facies classification. 

 

We generated the second synthetic model, Example 2, such that the two radar 

facies contain reflections with similar amplitudes and continuity, but different 

orientations (10o dip in opposite directions).  The facies are much more difficult to 

identify by eye in the radar image for Example 2 (Figure 2.4a) than for Example 1 

(Figure 2.3a).  As before, a 7x7 pixel window was used as input data to the neural 

network.  The probabilities for Facies 1 are given in Figure 2.4b and maximum likelihood 

classifications in Figure 2.4c.  Local misclassification increased for this more complex 

model compared to that for Example 1, but the network was still able to correctly identify 

97% of Facies 1 and 86% of Facies 2.  As before, the large-scale facies architecture is 

preserved.   
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Figure 2.4 Synthetic Example 2: a) Radar response, b) Probability of the occurrence of Facies 1 estimated 
by the neural network, c) Facies classification. 

 

2.3.3 Field study: Borden Aquifer 

To test the automated facies classification technique using an actual radar image, 

we obtained a 20 m line of 450 MHz GPR data from the Borden Aquifer (CFB Borden, 

Ontario, Canada).  The radar data were processed using standard techniques (dewow, 

trace stacking and AGC gain).  We also applied a synthetic aperture image reconstruction 

technique to minimize the presence of diffraction hyperbolae in the image, caused by 

energy scattering from localized anomalies such as large rocks.  All radar processing was 

performed using Sensors & Software’s pulseEKKO Tools (v2.0).  Figure 2.5a shows the 

section of radar data used for the testing of the network and the radar facies model 

obtained by manual interpretation.  We identified four radar facies types by manual 

interpretation: 1) flat-lying reflections, 2) dipping reflections, 3) massive (distinct 
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reflections are absent or signal was lost due to attenuation), and 4) complex or reverse dip 

reflections. 

A window of 7 x 7 pixels (1.4 ns x 35 cm) was used as input to the neural 

network.  Unlike the synthetic cases, an independent radar image was not available for 

training the neural network.  Direct calibration to core data was also not possible since 

none of the wells at the site were collocated with the radar section.  Therefore, for the 

purposes of the test we generated the training data set by randomly selecting samples 

from the manually interpreted image that reflect approximately 5% of the total radar data.  

This amount of training data is approximately equivalent to the volume that would be 

sampled by 3 fully penetrating wells.  After training on this limited data set, we used the 

network to classify the entire radar image.  The resulting probability maps for each facies 

type are given in Figure 2.5b and the maximum likelihood classification in Figure 2.5c.  

The Bayesian confusion matrix in Table 1 gives a summary of classification accuracy.   

Both Facies 1 (i.e., flat-lying reflections) and Facies 3 (i.e., massive regions) were 

identified with reasonable accuracy.  For many of the areas where misclassification of 

these two facies occurred, re-inspection of the radar image indicates that the error may be 

related to inconsistencies in the original manual interpretation, rather than the 

interpretation produced by the neural network.  

The classification accuracy for Facies 2 was relatively low, especially considering 

the distinctive dipping characteristic observed for the reflections.  It is possible that the 

window size used in this example was too small to clearly distinguish the orientation of 

these reflections from the flat-lying reflections of Facies 1.  Alternatively, the fact that the 

majority of the diffraction hyperbolae, which were removed from the image by pre-
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processing, occur in this facies is a piece of information that was not used to aid in the 

automated classification but was available to the manual interpreter.  To determine 

whether the diffraction hyperbolae are important characteristics defining Facies 2, the 

classification was repeated using the original radar data to which the synthetic aperture 

image reconstruction process had not been applied.  Correct identification of Facies 2 

increased from 44%, without diffractions, to 55% when the diffractions were retained.  

This increase emphasizes that the specific characteristics important for defining particular 

radar facies, e.g., diffractions, are facies specific.   

 

 

Figure 2.5 Borden Aquifer example: a) Radar response and manual facies interpretation, Facies 1: flat 
reflections, Facies 2: dipping reflections, Facies 3: massive, Facies 4: complex reflections, b) Facies 
probabilities estimated by the neural network, c) Facies classification. 
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Table 2.1 Bayesian confusion matrix summarizing facies misclassification for the Borden radar section.  
For example, the entry in row 1 and column 3 is the percentage of Facies 1 classified as Facies 3, i.e., 13%.  
Ideally this matrix should be diagonally dominant, indicating that all facies are correctly identified.   
 Facies 1 Facies 2 Facies 3 Facies 4 
Facies 1 84 3 13 0 
Facies 2 56 44 0 0 
Facies 3 28 0 72 0 
Facies 4 87 11 0 2 

 

The neural network did not distinguish the complex/reverse dip reflections in 

Facies 4 from the flat-lying reflections of Facies 1.  One possible explanation may be 

related to under-representation of this facies in the training set, since it composes a 

relatively small fraction of the overall image.  Alternatively, perhaps a better choice of 

defining characteristics for this facies, other than a simple window of reflection 

amplitudes, must be given if it is to be distinguished from Facies 1.   

 

2.3.4 Simulation of Conditional Facies Realizations 

An important advantage of the neural network technique over traditional radar 

interpretation is that geostatistical methods can be used to simulate facies realizations 

constrained to the radar data.  In contrast to geostatistical estimation, where a smoothed 

subsurface model is produced, the realizations derived from geostatistical simulation 

retain small-scale heterogeneity and can be used for purposes such as predicting flow and 

transport under a Monte Carlo framework.  Allowing for uncertainty in the radar 

interpretation is especially important if it is to be used for groundwater model calibration, 

since GPR does not provide a direct measurement of hydrologic properties.  Additionally, 

using a geostatistical approach, multiple data types can be integrated in conditional 

realizations to yield models that are maximally constrained by available data. 
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Even though a significant amount of large-scale structural information is apparent 

in the facies probabilities interpreted by the neural network (e.g., Figure 2.4b), there is no 

explicit constraint on the smoothness of the facies.  As a result, in addition to the facies 

probabilities, generation of realizations conditional to the radar data also requires the 

inference of a correlation model or variogram based on hard data or a priori information.  

For example, the decision to draw facies realizations directly from the facies probabilities 

is equivalent to using a variogram indicative of a complete lack of spatial correlation in 

the subsurface (i.e., a pure nugget effect), resulting in the simulation of highly 

discontinuous facies models (e.g., Figure 2.6a).   

We use sequential indicator simulation (Goovaerts, 1997) to integrate the 

structural information supplied by the facies probabilities and a variogram inferred from 

core data, for example.  At each step in the simulation of a particular realization, indicator 

co-kriging is used to estimate the conditional facies probabilities at a given location 

subject to the facies types observed at nearby wells, previously simulated nodes, and the 

radar facies probabilities.  The facies type assigned to this location for the current 

realization is drawn from the resulting conditional facies probabilities.  The simulation of 

the facies realization continues by moving to a different node and repeating this process, 

until all locations have been visited.   

To perform co-kriging, three variogram models must be determined: one for the 

facies model to be simulated γI(h) (primary indicator variable), one for the radar facies 

probabilities γY(h) (secondary variable), and a cross-variogram that describes the 

relationship between these variables γIY(h).  The direct inference of all of these 

variograms can be difficult.  If the same model is chosen for all three variograms, 
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however, then the co-kriging step becomes equivalent to kriging and the radar facies 

probabilities will not be updated by neighboring facies information (Deutsch and Journel, 

1998).  To simplify the inference of the variogram models, we use the Markov-Bayes 

hypothesis described by Goovaerts (1997) to obtain the last two variograms (i.e., 

secondary variable and cross-variograms) by calibration to the facies variogram (i.e., 

primary variable variogram). 
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Implementation of the Markov-Bayes hypothesis requires the selection of a calibration 

parameter, B.  In general, when the primary and secondary variables are positively 

correlated, B can vary between 0 and 1; if B=0 the secondary data are ignored and if B=1 

the secondary data are not updated by neighbouring hard or soft data. 

Figure 2.6 gives sample realizations created by sequential indicator simulation 

with the program SISIM (Deutsch and Journel, 1998) using a Markov-Bayes hypothesis.  

We conditioned these realizations using only the radar facies probabilities from Figure 

2.4b as soft secondary data.  Although in the field we would need to estimate the 

variogram from limited core data, in this example, we avoid the uncertainty related to 

inference by using the facies indicator variogram obtained from the exhaustive facies data 

set shown in Figure 2.2.  The exhaustive variogram is composed of an isotropic spherical 

variogram (correlation scale of 40 pixels and variance contribution of 0.14) nested with a 
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vertical hole effect model (range parameter of 70 pixels and variance contribution of 

0.11).  Note that the true facies model in Figure 2.2 is 200x200 pixels.   

 

a) 

b) 

c) 

Figure 2.6 Sample facies realizations generated using sequential indicator simulation under a Markov-
Bayes hypothesis; facies probabilities obtained by neural network interpretation of a radar image (Figure 
2.4) are used as conditioning data.  The value of the Markov-Bayes calibration parameter (B) used in the 
simulation is: a) B=1.00, prior radar probabilities are not updated by neighbouring facies values; b) B=0.46, 
value obtained by calibration with the exhaustive data set; c) B=0.10, the correlation structure from the 
variogram is given more weight relative to the radar data. 

Because we conditioned the simulations to the radar data, the large-scale 

architecture of the true facies model (Figure 2.2) is apparent in all three of the sample 

realizations shown in Figure 2.6.  However, the degree of local continuity differs strongly 

between them.  The difference between the realizations lies in the choice of the 

calibration parameter, B, required by the Markov-Bayes hypothesis.  The realization in 

Figure 2.6a, for which B=1, was generated by drawing a facies type from the radar facies 

probabilities at each location independently of the facies type drawn at neighboring 

locations.  As a result, significant local discontinuities exist in the model, even though the 

large-scale facies architecture is reproduced due to the existence of high and low 

probability zones for Facies 1 in Figure 2.4b.  Using the calibration technique described 

by Deutsch and Journel (1998) the value of B for the exhaustive data set is 0.46, which 
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yields the more locally continuous model in Figure 2.6b, though discontinuities are still 

apparent within the facies.  By decreasing B by a factor of four further, thereby lowering 

the relative importance of the radar data compared to the hard data, which in this case are 

the previously simulated nodes, very continuous facies models consistent with the true 

model can be generated (Figure 2.6c).   

In practical field applications, where the true subsurface structure is not known a 

priori, the choice of B must be made using as objective criteria as possible, such as the 

calibration procedure recommended by Deutsch and Journel (1998).  However, as shown 

in this example, it is possible that in some cases a better model of the subsurface could be 

obtained by placing less emphasis on the radar data compared to the hard data.       

 

2.4 Implications for groundwater modeling 

Explicitly capturing large-scale heterogeneity in groundwater models is critical 

for accurate modeling of hydrogeologic processes, especially contaminant transport.  

Geostatistical approaches can only reproduce these features when sufficient data are 

available to overcome the limitations of stationarity.  Since at many sites the number of 

direct data available from core or wells is typically very limited, the large-scale 

information captured by GPR can potentially be very valuable.  

To aid in the assessment of the value of radar data relative to direct facies 

observations, we take the facies map shown in Figure 2.2 as a reference model and use 

particle tracking to simulate conservative solute transport through it.  We gave the facies 

a hydraulic conductivity (K) contrast of two orders of magnitude; facies 1 was assigned a 

hydraulic conductivity typical of a silty sand (K=10-5m/s) and facies 2 that of a clean 
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sand (K=10-3m/s) (Freeze & Cherry, 1979).  Only the advective part of transport was 

simulated.  We set flow to be steady state, from right to left in Figure 2.2, under a 

uniform mean hydraulic head gradient.  The top and bottom of the domain were set as 

zero flux boundaries.  Particles were released as an instantaneous line source along the 

right-hand model boundary. 

The design of this numerical experiment was deliberately simple, e.g., we 

assumed that the conductivity is known and constant within the facies, to highlight the 

influence of capturing the large-scale aquifer architecture on the prediction of 

contaminant transport.  Although not addressed by this work, we recognize that 

identifying the magnitude of hydrologic parameters, like the hydraulic conductivity, and 

their spatial distribution within hydrofacies is a key step in building any groundwater 

model.  Additionally, investigating the link between hydrofacies, which are largely 

responsible for controlling flow and transport, and radar facies, which are imaged by 

GPR, is currently an active area of research. 

We generated twenty facies realizations using sequential indicator simulation for 

each of the following six data constraint scenarios: unconditional, conditioned to 1, 3 and 

5 wells, conditioned to radar, and conditioned to 5 wells and radar.  To simulate the 

collection of well data, we took the true facies types at the locations shown in Figure 2.7 

to be known.  The radar conditioning data we used are the facies probabilities from 

Figure 2.4b.  Again, for the purpose of this example, we have used the exhaustive facies 

variogram from Figure 2.2.  The transport behaviour for each of the scenarios, as 

captured by the cumulative breakthrough curve, is compared to the true model in Figure 

2.8.        
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Figure 2.7 Well locations used as conditioning data relative to true facies model (wells are shown as light 
colored bars).  When conditioning to only 1 well, the center well was used while the wells at the center and 
extreme right and left edges were used to condition to three wells. 

 

Figure 2.8 Breakthrough curve for a conservative solute given the true model (heavy solid line), compared 
to the breakthrough curves for 20 realizations (dashed lines) conditioned to: no data (unconditional), 1 well, 
3 wells, 5 wells, radar alone, and radar with 5 wells.   

 

The inability of the unconditional realizations to consistently capture the 

preferential pathways created by the continuity of the facies in the true model is apparent 

from the delayed initial breakthrough times and underestimation of the relative solute 
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breakthrough at later times in Figure 2.8.  By conditioning to well data, the locations of 

which are shown in Figure 2.7, the match between the estimated and true breakthrough 

curves is improved.  The use of radar as conditioning data results in the best match to the 

true breakthough curve for the scenarios shown in Figure 2.8.  Additionally, the degree of 

uncertainty in the solute breakthrough, i.e., variability between the curves for individual 

realizations, is substantially reduced as more conditioning data are used.  Conditioning 

the simulations to the radar data makes the most significant impact on reducing the 

uncertainty in the solute transport.  In general, the relative worth of radar compared to 

other data and the resulting reduction of uncertainty obtained will depend on the quality 

of the radar data available, which is highly dependent on the geologic environment.   

 

2.5 Conclusions 

A critical part of calibrating groundwater flow and transport models lies in 

identifying the large-scale architecture of the subsurface.  Since GPR is able to capture 

the large-scale patterns of subsurface heterogeneity, it can play an important role in 

practical field applications, especially when hard data are sparse.  By using a quantitative 

technique for the interpretation of the radar data, in this case a neural network, it is 

possible to invoke a geostatistical framework for incorporating the radar data into the 

hydrogeologic problem.  Using a stochastic approach, it is straightforward to account for 

uncertainty in the radar data, transfer this uncertainty to hydrogeologic predictions, and 

integrate the radar data with other information to make optimal use of all available data.  

Additionally, the relative importance of the radar data can be continually reassessed as 

new data become available.  As a result, not only can the quantitative integration of radar 

 31



data into the calibration of groundwater models lead to improved prediction of 

groundwater flow and transport, but it can also help to optimize the design of data 

collection schemes.   
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Chapter 3 
Texture based classification of ground-penetrating 
radar images 

 

3.1 Abstract 

Dividing the subsurface into radar facies is a powerful way of describing the 

large-scale heterogeneities imaged by ground-penetrating radar.  In this paper we explore 

the conditions under which radar texture, i.e., distinctive patterns of reflections within a 

region of a radar image, can discriminate between different radar facies using a neural 

network classification technique.  When radar texture is the primary indicator of radar 

facies, we have found that classifications based on measures of texture capturing the 

spatial arrangement of amplitudes within a window of radar data, e.g., covariance, are in 

good agreement with manual interpretations of the data.  However, in cases where other 

types of information, such as geologic reasoning, radar bounding surfaces, or core data, 

are used as the primary guides for the manual interpretation, poor agreement between 

texture-based and manual interpretations may result.  Therefore, the automated 

interpretation of radar data will ultimately rely on the development of techniques that can 

integrate these additional types of information into the analysis of radar facies.  Our work 

in describing radar texture provides an important first step in defining quantitative criteria 

that can be used to aid the classification of radar data.   
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3.2 Introduction 

Modeling subsurface heterogeneity is a problem faced in many areas of the earth 

sciences and engineering.  This problem is difficult because we are often forced to base 

our understanding of the subsurface at a particular site on limited direct data, such as well 

logs, or geologic analogs, such as outcrops.  Reflection-based imaging methods, like 

ground-penetrating radar (GPR), therefore have a significant potential to improve our 

ability to characterize heterogeneity due to the large volumes of the subsurface they 

sample.   

In particular, radar data is increasingly being used to segment the subsurface into 

distinct architectural units.  A common approach to this problem is to divide a radar 

image into radar facies, where the reflections that define a particular facies have a 

characteristic signature (Jol and Bristow, 2003).  For example, in the radar image shown 

in Figure 3.1, Jol and Smith (1991) identified three different radar facies based on the 

distinctive patterns of reflections observed in the data.   

 

Figure 3.1 Radar section from William River Delta.  The interpretation of the section by an expert is 
illustrated by dashed lines; the facies are uppershore face (top), lower shoreface (middle), and transitional 
sand and muds (bottom).  The vertical lines (white and black) show the location of pseudo-wells used for 
training of neural network. 
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Pattern based interpretation of radar facies has been common in the literature  

(e.g., Beres and Haeni, 1991; van Heteren et al., 1994; Asprion and Aigner, 1999; Beres 

et al., 1999; Regli et al., 2002).  These studies have relied on patterns related to 

characteristics like reflection amplitude, continuity, configuration, and external form (i.e., 

the shape of a radar unit) to help discriminate between different radar facies in an image 

(van Overmeeren, 1998).  When these characteristics occur in a unique repeatable pattern 

within a given radar facies, this pattern defines a ‘radar texture’. 

Texture is one of the key properties used by humans to perceive and discriminate 

between objects  (Tuceryan and Jain, 1998).  As a result, texture is often used in image 

analysis applications.  In a geophysical context, texture has also recently become popular 

as a tool to assist in the classification of remote sensing data (e.g., Atkinson and Lewis, 

2000; Curran, 2001).  Building on concepts from the field of image analysis, Gao (2004) 

described a procedure that compares texture within a seismic data cube to a reference set 

of ‘texels’, thereby producing textural attribute volumes that can be used to aid in seismic 

facies interpretation.  In an analogous fashion, we suggest that image analysis tools could 

be used as a means to quantify texture in radar data.             

In this paper we use the artificial neural network classification method described 

by Moysey et al. (2003) to investigate whether different measures of texture can be used 

to discriminate between radar facies.  Our study focuses on two data sets that differ from 

each other with respect to the relative scales of geologic heterogeneity that characterize 

each field site.  The resulting facies classifications at each site are compared with manual 

interpretations of the radar data to help us understand what information is used in an 

expert interpretation that is not captured by texture.  We hope that this analysis will 

 37



provide a first step toward defining quantitative criteria that can be used to optimize the 

automated classification of radar data. 

 

3.3 Background 

3.3.1 Relationships Between Lithology and Radar Texture 

Many features in the subsurface can produce radar reflections, including 

boundaries between major lithologic units and small-scale geologic variations related to 

sub-facies structures, e.g., dipping foreset beds in a delta; note that in this work, we 

loosely define “lithology” to include unconsolidated sediments.  When these structures do 

produce reflections, it is because the contrasts in lithologic properties associated with 

them are also associated with changes in electromagnetic properties.  For example, the 

preferential deposition of magnetic minerals (e.g., magnetite) along bedding planes can 

produce variations in magnetic permeability that could cause radar reflections.  Studies 

by van Dam and Schlager (2000) and van Dam et al. (2002), however, have suggested 

that in most cases the primary cause of radar reflections is a change in dielectric constant 

related to spatial variations in water content.  One of the key properties that controls the 

ability of a material to retain water is its grain size distribution.  Because grain size is also 

one of the key properties used to define lithology, it is generally agreed that the 

reflections observed in a radar image can typically be related to the lithologic 

organization of the subsurface (Neal, 2004).   

The expression of lithologic variations in a radar image is not unique.  For 

example, in Figure 3.2 we have used a finite difference-time domain model of radar wave 

propagation to demonstrate how GPR’s view of two lithologic facies, one consisting of 
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dipping beds and the other consisting of flat lying beds, develops as the radar frequency 

is changed from 25MHz to 900MHz.  At the lowest frequency shown (25MHz) the 

wavelength of the radar wavelet (λ) is much larger than the thickness (t) of the thin beds 

within the facies, i.e., λ/t=18.8, and strong reflections are observed only from the top and 

bottom of the heterogeneous region of the model.  The internal structure of the 

lithofacies, including the boundary between them, is not imaged in this case because 

wave interference causes reflections that occur within the lithofacies to cancel each other 

out.  As the radar frequency increases, the internal structure of the lithofacies becomes 

increasingly apparent in the radar image.  At 100MHz the ratio λ/t is about 5 and the 

dipping and flat laying beds within the lithofacies begin to appear as two distinct radar 

textures, though the strong reflection from the boundary between these regions is still the 

primary demarcation between radar facies.  By 900MHz, at which point λ/t=0.5, the 

primary distinction between regions in the image is the contrast in radar texture (i.e., 

orientation of reflections) between the different regions of the image.   

We note that in this example, both reflection multiples and diffractions play a role 

in defining the reflection patterns observed in the radar data.  For instance, interference 

from multiples makes the observed reflection patterns at later times, during the arrival of 

reflections from the flat lying beds, complex compared to the distinctive patterns 

observed for the reflections from the dipping layers.  We have retained these arrivals in 

our example to demonstrate that effects other than primary reflections can also impact the 

character of radar reflections.  For example, Beres et al. (1999) used the presence of 

diffractions in a radar image as a criterion for defining and identifying radar facies.  We 

therefore suggest that the need for processing of radar data, using techniques like 
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migration, should be considered within the context of the study prior to the interpretation 

of radar data or the evaluation of radar textures. 

In general, if radar texture is to be used to characterize radar facies with the 

ultimate goal of relating radar facies to lithofacies, then three criteria must be met.  First, 

geologic regularity that could potentially produce a characteristic reflection pattern in the 

radar data, e.g., a set of dipping beds, must exist within a lithofacies unit and be 

distinctive from that in adjacent lithofacies units.  Second, the scale of the radar wavelet 

must be small enough to resolve the internal structure of a lithofacies so as to create a 

distinctive radar texture in a radar image.  Finally, complications in the radar data caused 

by phenomena like multiples, diffractions, and velocity variations cannot be so severe as 

to obscure the primary reflections originating from lithologic contrasts.  An exception to 

the first two generalities may occur when wave interference between reflections from the 

top and bottom of a thin bed creates a distinctive, identifiable reflection that is 

characteristic of that bed.  We point out that radar facies that are defined solely by the 

arrangement of bounding surfaces cannot be identified using radar texture.       

 

 40



 

 

 

 

 

Figure 3.2 Demonstration of how the radar signature of a set of dipping and flat lying beds changes as a 
function of frequency.  In all examples the thickness of the layers is 20cm, resulting in a total package 
thickness of 4m for both sets of beds. 
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3.3.2 Measures of texture in radar images 

We have defined radar texture as a characteristic spatial organization of 

amplitudes resulting from the GPR imaging process.  Broadly defined, however, texture 

in a grayscale image describes the spatial variation of the pixel intensities, i.e., grayscale 

values, within a region of an image (Tuceryan and Jain, 1998).  By treating a radar image 

like a grayscale image, where the grayscale value at each pixel corresponds to the 

reflection amplitude at a given observation time and position in the radar data, we can 

build on the descriptions of texture that have been developed in the field of image 

analysis to quantify radar texture.  

Texture is inherently a property of areas.  Therefore, in this paper we define a 

window of radar data centered on the location xo,yo within the radar image A(x,y) as   

 

yyxxoo nynnxnyxAyxa ≤≤−≤≤−∀=  ,        ),(),(     (1) 

 

where nx and ny are half the size of the radar window in each direction covering the 

rectangular region Ω.  The information within this window can be summarized using 

different transforms of the data.  Making these transforms reduces the dimensionality of 

the texture classification problem, thereby reducing the potential for the misclassification 

of noisy signals.  Many of the transforms we will consider in this work are traditional 

measures of texture used in image analysis problems (i.e., variance, covariance, Fourier-

Mellin transform, principle component analysis), others are commonly used in 

geophysical applications (i.e., instantaneous envelope and frequency), and one we have 
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specifically developed in this work for the analysis of radar reflection data (i.e., a Radon 

based transform).   
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where ma and N are the mean and total number of pixels in the window, respectively.  

While properties like the variance describe the magnitude of amplitude variations, they 

lose all information about the spatial arrangement of values in the window.  To 

demonstrate this, consider the four windows of radar data shown in Figure 3.3; each was 

originally sampled from different regions in the radar image given in Figure 3.1.  The 

first three windows (A-C) clearly have strong coherent reflections, the key difference 

between them being the dip of the reflections.  The variance of amplitude within each of 

these windows is nearly identical, however, making it impossible to discriminate between 

them.  The fourth window (D) does not contain coherent reflections and also has a 

variance of about half the value of the other three.  Therefore, a classification algorithm 

would be able to discriminate this sample from the other three, but not based on the 

obvious geometrical criteria we immediately perceive by looking at the images. 

A common measure of spatial correlation used in multivariate analysis is the 

spatial covariance, C(h).  This quantity provides a measure of the similarity between two 

points located a distance 22
yx hh +=h  from each other, where h=[hx,hy] is a lag vector 

that describes the relative location of two points in the window. 
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Here N(hx,hy) is the total number of pairs of points in the window that are separated by 

the vector h.  The covariance maps for the radar windows are also shown in Figure 3.2.  

Looking at the covariances, the dipping reflectors are now clearly distinguishable from 
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each other because the direction of maximum correlation is aligned with the direction of 

dip.  The third window, with incoherent reflections, does not exhibit preferential 

correlation in any direction, thereby yielding the distinctive isotropic covariance shown.   

Because covariance is based on the relative distance between the points in an 

image, one of the key benefits of using this measure over using the actual data window is 

that it is invariant to translation.  This can be demonstrated using the properties of the 

Fourier transform.  Consider two functions that are identical except for a translation by 

(xo,yo): 

 

( ) ( oo yyxxfyxf −−= ,, 12 )

)

        (4) 

 

Using the shift theorem, the Fourier transform of these two functions is given by (see 

Bracewell, 2000): 

 

( ) ( ) ( vuFevuF oo vyux ,, 1
2

2
+−= πζ         (5) 

 

where we use ζ to represent the imaginary number (-1)1/2 and u and v represent spatial 

frequency in each principle direction.  The magnitude of the exponential in Equation 5 is 

always equal to 1.  Therefore, the Fourier magnitudes, which are equivalent to the Fourier 

transform of covariance, are equal for the two functions, indicating that these quantities 

are invariant under translation.   
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2

2 == +− πζ       (6) 

 45



 

We demonstrate the importance of this property of covariance to our work in 

Figure 3.4.  This plot shows the root mean square difference (RMSD) between radar 

sample A from Figure 3.3 and a circularly shifted version of itself; a circular shift results 

in amplitudes at the bottom of the image to be moved to the top as the image is shifted, 

thereby not losing any of the original information from the window.  The RMSD in 

Figure 3.4 becomes quite large when we shift the original radar window relative to itself.  

This indicates that two regions that are perceptually very similar, i.e., dipping reflections, 

are in fact quite different from each other mathematically.  Using a mean square 

difference criterion, this single pattern of reflections would likely be classified as two 

different types of facies whenever the reflections in the windows are out of phase.  In 

practice, this implies that two windows of data separated by approximately half a GPR 

wavelength in the radar image will appear mathematically dissimilar due to the relative 

phase shift introduced by sampling, even if they sample a region with uniform 

reflections.  In contrast, the RMSD between the covariance of the original radar window 

and that of the shifted version are identical.  Similar conclusions can be made using 

correlation between two windows of radar data as the measure of similarity. 
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Figure 3.4 Error resulting from a circular shift (i.e., phase shift) of the radar data window. 

 

Although correlation is a measure of texture that is invariant to translation, it is 

not invariant to rotation or scaling.  If two functions are related by scaling of the principle 

Cartesian axis with factors (sx,sy) and a rotation of angle θo we can write the relationship 

between them in polar coordinates as: 

 

( ) ( okff )θθρθρ −= ,, 12         (7) 
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where ( ) ( )oyox ssk θθθθ −+−= 2222 cossin  is a coefficient that accounts for the scaling 

factors.  By taking the logarithm of the radial axis, we can write both the scaling and 

rotation as translations in the new coordinate space:  

 

( ) ( okff )θθρθρ −+= ,lnln,ln 12        (8) 

 

As before, the magnitudes of the Fourier transforms of these functions will be 

invariant to translation in the new log-polar space (see Eq. 6), which is equivalent to 

invariance with regard to rotation and scaling in Cartesian coordinates.  This is 

sometimes referred to as the Fourier-Mellin transform in the literature (e.g., Wood, 1996; 

Reddy and Chatterji, 1996).  If we apply this transform to the covariance of a radar 

window, we obtain a measure of texture that is invariant to scaling, rotation, and 

translation.  An example of this is shown for the samples of radar data in Figure 3.3.  

After applying the Fourier-Mellin transform to the covariance function, the radar 

windows with coherent reflections (A-C) all have a transform that is similar regardless of 

dip.  In contrast, the widow that had chaotic reflection amplitudes (D) also has a 

significantly different transform.  Throughout this paper, will denote the Fourier-Mellin 

transform of the covariance as FM(x,y). 
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Figure 3.5 Schematic illustrating the radon based transform used in this paper.  The one-dimensional 
function g(ξ,θ) is the radon transform of the radar window.  The measure R(θ) used in this paper is the 
summation of g(ξ,θ)2 along the ξ axis. 

We have developed the next measure of texture to be sensitive to the dip of 

reflections in the radar image.  Because reflections in the radar image consist of both 

positive and negative polarities, by summing along an axis parallel to the dip of the 

reflections, the amplitudes would add constructively producing a large overall value for 

the sum (Figure 3.5).  Summing over the opposite direction, perpendicular to the dip, the 

positive and negative values along the trajectory would cancel each other, resulting in a 

small number for the sum.  Performing this summation for many different angles, we can 

obtain a measure that is sensitive to both the orientation and continuity of reflections in 

the radar window.  We use the Radon transform, g(ξ,θ), to perform this summation.  For 

arbitrary the function f(x,y), the Radon transform for the angle θ is given by: 

 

( ) ( ) ( )∫ ∫
∞

∞−

∞
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where δ(-) is the Dirac delta function and ξ is the coordinate along the axis perpendicular 

to the direction of integration (see Bracewell, 2000 for details).  To obtain our dip 

detecting transform, we next sum along ξ, after squaring the values of the Radon 

transform, to get an overall magnitude of reflection continuity in the direction θ: 

 

( ) ( )[ ] ξθξθ dgRa

2

,∫
∞

∞−
=         (10) 

 

In this paper, we will refer to this quantity as the R-transform of the radar window 

a(x,y).  Figure 3.6a shows this transform for the four windows of radar data given in 

Figure 3.2.  The R-transforms for the 3 samples with coherent reflections (A-C) clearly 

have peaks at their corresponding dip angles.  In contrast, the magnitude of this transform 

is approximately constant at all angles for the chaotic sample (D).  In order to obtain a 

form of this transform that is sensitive to dip angle but not dip direction, we can add the 

R-transform to a mirror image of itself, i.e.: 

 

( ) ( ) ( )θθθ −+= aaa RRR*        (11) 

 

An example of this modified version of the R-transform is shown in Figure 3.6b.  This 

transform peaks at similar angles for the windows with steeply dipping reflections (A and 

C), but at other angles for the other two windows (B and D). 
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Figure 3.6 Examples of the R and R* transform obtained for the four sample radar windows shown in 
Figure 3.2.  Note that R* is only sensitive to the angle of reflector dip, not the dip direction. 

 

The final transform we consider in this paper is the projection of the radar 

windows onto sets of basis images, within which each individual basis image, Vψ(x,y), 

represents a different dominant type of reflection heterogeneity in the image.  We 

determine the set of basis images specifically for the radar data set using principle 

components analysis (PCA). 
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3.3.3 Classification of radar data 

The method we use for the classification of radar facies is based on the work of 

Caers and Ma (2002).  These authors use feed-forward artificial neural networks to model 

the probability of facies conditional to observed patterns in seismic data.  Moysey et al. 

(2003) extended the technique for the textural analysis of radar data.  Readers are referred 

to these works for details of the method or to Bishop (1995) for an overview of pattern 

recognition using neural networks. 

Feed-forward neural networks use a set of weights, Q and W, and non-linear 

transfer functions, T1(-) and T2(-), to relate an input vector, x, to an output vector, p (Eq. 

13).  In our application, the input vector x represents the window of radar data (or the 

data transformed using one of the measures of texture given above) sampled at a given 

location in the radar image, i.e., rearranging the amplitudes from the window a(xoyo) into 

a vector yields x.  The output of the network is a vector of radar facies probabilities, 

where each element of the vector, pf, is the probability that facies f occurs at that location. 

 

( )( ) ( )*WQxWQp ⋅=⋅⋅= 212 TTT        (13) 

 

The number of weights in Q and W depend on the number elements contained in 

the input vector x, the number of facies in the output vector p, and the number of nodes in 

the hidden layer of the network, i.e., the inner dimension of the product .  In this 

study we found that the classification accuracy was relatively insensitive to the size of the 

hidden layer once a minimum size threshold was achieved, so for all of the examples 

presented here we use 25 nodes.   

*WQ ⋅
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There are several requirements that must be met to ensure that p represents valid 

conditional facies probabilities.  First, to ensure that the probabilities fall within the range 

0-1 and sum to unity, we use a softmax function for T2(-), i.e., T2(αi) = exp(αi)/Σexp(αj) 

where the sum is performed over the elements of the output vector.  Second, the weights 

Q and W must be inferred by training the network on a set of data where both the radar 

data and radar facies types are available.  Additionally, the relationship between the radar 

texture and radar facies in the training data set must be representative for all future data to 

be classified using the neural network. 

After training the neural network at locations where the radar facies classes are 

known, e.g., in a region where manual interpretation of the data was performed or from 

an analog site, it can then be used to estimate radar facies probabilities at locations where 

the radar facies type is not known.  We use a maximum likelihood criterion to assign the 

radar facies class that has the highest probability of occurring to a given location.  In this 

paper, we discuss the results of these maximum likelihood classifications. 

 

3.4 Example 1: William River Delta 

The first example where we explore radar texture as a discriminator of radar 

facies is from the William River delta, Saskatchewan, Canada (Figure 3.1).  We chose to 

work with this data because it has several radar facies units with distinctive radar textures 

that are easily distinguishable by eye.  The first part of this section describes the geologic 

setting of the area and the expert interpretation of the radar data.  In the second part of 

this section we use pseudo-wells to perform cross-validation tests that quantitatively 

evaluate the effectiveness of radar texture for radar facies discrimination in this data.  
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Finally, we qualitatively compare the radar facies maps classified by a neural network 

based on textural attributes to the expert interpretation of the radar data to examine the 

reasons for the success or failure of the automated classification.  

 

3.4.1 Geologic Background & Expert Radar Interpretation 

Jol and Smith (1991) describe the William River delta as a 12-18m thick sand-

dominated lobate sheet on the southern shore of Lake Athabasca.  The sand-rich delta is 

prograding into the lake over lacustrine muds.  Three sedimentary facies make up the 

internal structure of the delta.  Immediately above the mud is a transitional facies 

composed of sands and muds that is several meters thick.  Above this lies a 10-14m thick 

unit of sands with inclined bedding representative of a lower-to-middle shoreface 

environment.  The upper 4-6m portion of the delta consists of low-angle cross-

laminations and planar tabular ripples. 

The 50MHz radar image of the River William delta given in Figure 3.1 also 

shows the manual facies interpretation of Jol and Smith (1991).  These authors identified 

three distinct radar facies in the data based on radar texture: the lower radar facies has 

horizontally continuous reflections, the middle radar facies is characterized by low-angle 

inclined reflections, while the reflections in the upper facies are discontinuous and wavy.  

In this paper our goal is to investigate the ability of radar texture to discriminate between 

radar facies.  However, we note that Smith and Jol (1991) were able to use their geologic 

understanding of the region to establish an associative relationship between the radar 

facies observed in the radar data and the sedimentologic facies described above.  
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3.4.2 Cross-Validation Tests 

The data used for the cross-validation tests are obtained from the four pseudo-

wells indicated in Figure 3.1.  We use the radar data and manual radar facies 

classifications at these locations to train the neural network.  To perform the cross-

validation test we classify radar facies, subject to the radar data, at one of the pseudo-well 

locations using a neural network that has been trained on the data from the other three 

locations.  The classification accuracy is defined as the fraction of locations along the 

pseudo-well where the neural network correctly classifies the facies type, using the expert 

interpretation as ‘truth’.  The classification accuracy that we report is obtained by 

averaging the accuracies obtained by repeating the neural network training and 

classification for each of the pseudo-wells.  

Figure 3.7 shows the classification accuracies obtained using each of the measures 

of radar texture described in Section 2.  For this test, we used a 33.6 ns x 31.5 m (21x21 

pixel) window of the radar data to calculate the textural attributes.  For comparison, we 

also show the classification accuracy obtained using instantaneous amplitude and 

frequency, which are defined at points in the image (1.6 ns x 1.5 m), rather than by 

windows (see Taner et al., 1979).  
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Figure 3.7  Accuracy of cross-validation tests using different information from the radar image.  A – 
amplitude window, E – instantaneous envelope, F – instantaneous frequency, S – window variance, C – 
covariance, FM – Fourier-Mellin based transform, R – radon based transform, PC – image basis functions. 

 

Radar facies classification based on windows of the radar data, without any 

transform, results in an average classification accuracy of 87%, though there is 

considerable variation in the classification accuracy for each facies (Figure 3.7).  The 

instantaneous attributes (envelope and frequency) perform poorly (<65% accuracy).  The 

variance of the radar window was also a relatively poor discriminator of the facies, with a 

classification accuracy of only 68%.  In contrast, the transforms that preserve information 

about the spatial organization of amplitude variations in the window (i.e., orientation, 

configuration, continuity, etc.) performed very well, all having a total classification 

accuracy of over 93%.  The transform methods outperform the classification based on the 
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raw radar data window because they emphasize the information that was used in 

manually interpreting the data, i.e., texture. 

To further investigate how radar texture is represented in the radar image, we 

repeated the cross-validation test for windows of several different sizes (Figure 3.8).  In 

this case, we only compare the results for the raw amplitude windows and the covariance 

of these windows; covariance performed best for the 33.6 ns x 31.5 m window with a 

classification accuracy of 99%.  The results indicate that a minimum window size of 

about 25.6 ns x 24 m is required before the textural properties that define the radar facies 

are captured.  Before this threshold is reached, the classifications based on the window of 

radar data are superior to those with obtained using the covariance transform.  This is 

likely related to the fact that it is not possible to obtain statistically meaningful measures 

of covariance with such small data widows. 

Automated interpretation schemes in the petroleum industry sometimes use trace 

shape as a criteria for the classification of seismic data (Coléou et al., 2003).  Therefore, 

we also show the radar facies classification results obtained using various 1D windows in 

Figure 3.8.  In this example, using the textural information available in a 2D window 

yields more accurate radar facies estimates than can be attained using a 1D window.  

Additionally, to obtain an equivalent estimation accuracy, the maximum dimension of the 

window in 2D is much smaller than in 1D, indicating that radar facies estimates can be 

made at higher resolutions using the 2D window. 
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 Figure 3.8 Radar facies classification accuracy as a function of window size. 

 

3.4.3 Facies Maps 

Although the classification accuracy was similar for each of the measures of 

texture used in the cross-validation tests, this does not mean that the measures are 

equivalent.  Figure 3.9 shows the facies maps obtained when the entire radar image is 

classified after training on the four white pseudo-wells shown in Figure 3.1.  There are 

key differences between each of the images.  For example, the ability to identify the radar 

facies located in the top 100ns of the radar data as a continuous facies unit is significantly 

different for each measure of radar texture.  The wedge on the right hand side of the radar 

image, at approximately 300 ns, is also classified differently using the different 

transforms.   
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Figure 3.9 Classification of radar section in Figure 3.1 using different measures of texture.  S – variance, C 
– covariance, FM – Fourier-Mellin based transform, R – radon based transform, R* - directionally invariant 
radon based transform, PC – image basis functions. 

The region of downward dipping reflections on the bottom left side of the image 

also provides an interesting example.  In this case, only the rotationally invariant 

measures, i.e., FM and R*, correctly classify the radar facies in this area.  The other 
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transforms fail to yield the correct classification because this type of dip was not 

represented in the radar data used to train the neural network.  Expanding the training 

data by adding a pseudo-well that includes this reflection pattern vastly improves the 

classification result in this area (Figure 3.10).  This demonstrates that proper selection of 

training data, such that it is representative of the entire radar data set to be classified, is a 

critical problem that must be overcome if good radar facies classification results are to be 

obtained. 

 

 

Figure 3.10 Classification of radar section using covariance after training neural network using both the 
white and black pseudo-wells shown in Figure 3.1.   

 

3.5 Example 2: Whiteman’s Creek, Ontario 

The second example we present is from a 3D set of GPR lines collected over a 

point bar in southern Ontario, Canada.  Compared to the previous example, the geology 

at this site is relatively complicated.  In addition, data from 26 boreholes drilled within 

the 48m x 170m study area were available to assist in a manual interpretation of the radar 

data performed by Brunner (2004).  As a result, comparing the radar facies interpretation 

by Brunner (2004) to that obtained through an analysis of radar texture allows us the 
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opportunity to explore what information is used by an expert interpreter in building a 

facies model beyond the texture of a radar image.   

 

3.5.1 Geologic Background and Expert Radar Interpretation 

The sediments associated with the Whiteman’s Creek study area range from silty, 

fine-grained materials, primarily related to floodplain deposits, to coarse gravel bars 

originally deposited within the channel.  Based on an integrated understanding of 

geologic processes, core observations, and the radar data, Bruner (2004) was able to 

identify 20 radar facies units that he used to reconstruct the geologic evolution of the 

point bar.  Both the textural properties of the reflections as well bounding surfaces were 

relied on in the interpretation of the radar data.  Using measurements of hydraulic 

conductivity performed on core samples, Brunner (2004) was then able to identify four 

hydrologically relevant lithofacies: i) overbank sands and silts, ii) interbedded sands and 

gravels, iii) channel gravels, and, iv) channel sands.  The radar facies interpretation was 

then simplified by merging radar facies units that were suggested to be of the same 

lithofacies type by core data.  

  In this work, we focus on data from a small region of Brunner’s (2004) study 

area, which includes three sections of 100MHz radar data (Line 3, 4, and 5) from the grid 

shown in Figure 3.11.  These radar sections are shown in Figure 3.12 along with 

Brunner’s expert interpretation of the radar data.  Core data suggests that the two 

dominant radar facies in these sections are related to channel gravels (left side of image) 

and interbedded sands and gravels (right side of image).  We note that core data were not 

available to associate one of the 20 radar facies units originally interpreted in this region 
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by Brunner (2004) (shown as the internal uncolored region in Figure 3.11) to either of 

these lithofacies types, though from its positioning it is likely associated with the radar 

facies on the left, which is probably composed of channel gravels.         

 

Figure 3.11 Region of Whiteman’s Creek pointbar data used in this study is shown in the boxed region.  
The mesh of lines indicate the survey grid used for the colletion of radar data.  Black dots indicate core 
locations.  (Modified from Bruner, 2004). 

 

3.5.2 Classification Results 

Using 500 randomly selected sample locations along Line 3, we trained the neural 

network to recognize three radar facies in Figure 3.11.  These include the two dominant 

radar facies discussed above as well as the underlying region where the radar signal is 

attenuated, which Brunner (2004) suggests may be associated with glacial till.  The 
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measure of texture we use for this example is the covariance of a 30ns x 4.5m window of 

radar data; we did not find that using different measures of texture or the radar window 

itself significantly improved the classification results.  After training on this limited set of 

data, we use the neural network to classify the three sections.  The resulting radar facies 

classifications are shown in Figure 3.12. 

 

Radar    Expert   Automated 

Line 3 
 
 
 
 
Line 4 
 
 
 
 
 
 
Line 5 
 

Figure 3.12  Left – radar sections, center – expert interpretation of radar data, right – automated 
intepretation of radar section using covariance.  The neural network was trained using data from Line 3. 

 

The classification of Line 3 by the neural network is very similar to the manual 

facies interpretation.  This result is due to the fact that Line 3 was also used for training 

the neural network.  In contrast, the facies model obtained by the neural network 

classification of Line 4 does not accurately capture the shape of the radar facies, though it 

does reflect the predominance of the “gravel” facies on the left of the image and “sand 

and gravel” facies on the right.  The neural network’s ability to discriminate between the 
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two dominant radar facies in Line 5 is very poor.  In all three lines, the region with low 

amplitude signal is clearly distinguished from the region with strong reflections.  

 

Figure 3.13a Lithology along lines shown in Figure 3.12 inferred from core logs. 

 

Figure 3.13b Radar section collected perpendicular to lines shown in Figure 3.12 showing a distinct 
bounding reflection that suggests the presence of a continuous lithologic facies on the right-hand side of the 
radar images in Figure 3.12. 

 

In contrast to the case for the William River delta, where texture was an excellent 

tool for identifying radar facies, this example gives us an opportunity to explore an 

environment where radar texture may not be a good tool for discriminating between radar 
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facies.  There are at least three important pieces of information that were available to the 

expert interpreter that are not captured in the classification based on radar texture.  First, 

Brunner (2004) utilized his geologic understanding of point bar systems to guide his 

radar facies analysis to consider both the external shape of the units he determined as 

well as the relation of those individual units to each other.  Second, core data strongly 

suggests a transition between lithofacies across the study area (Figure 3.13a).  Third, a 

bounding surface between the radar facies can be observed in Sections 3 and 4 (Figure 

3.12).  This bounding surface is obscured in Section 5, but a strong reflection observed in 

radar sections collected in a perpendicular direction (Figure 3.13b) suggests continuity 

across the region.  None of this information can be captured by radar texture.  Therefore, 

because Brunner (2004) was able to guide his interpretation using these important details, 

his interpretation differs significantly from our classification based on radar texture alone.   

Also, the ratio of the depth of investigation of this survey (~6m) was six times the 

wavelength of the 100MHz radar wavelet (~1m) used to probe the ground.  In contrast, 

for the study of the River William delta the depth of investigation (~20m) was almost 

fourteen times larger than the wavelength of the 50MHz radar used (~1.4m).  This 

suggests another reason why the texture based classification approach was more 

successful for the William River delta than at Whiteman’s Creek.  Specifically, since 

more individual reflections could be recorded over the depth interval studied at the 

William River delta, there existed more potential to create different regions with distinct 

radar textures.  While the ratio of investigation depth to the size of the wavelet may be an 

important factor for allowing the generation of radar texture, we emphasize that this 
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criteria alone is not enough to determine whether radar texture will be a useful tool for 

characterizing radar facies in any given study.  

 

3.6 Conclusions 

Radar texture, i.e., distinct patterns of reflections within a radar image, can be an 

important characteristic for defining radar facies in the subsurface.  The creation of radar 

texture in a radar image, however, will depend on multiple factors, including the presence 

of lithologic structures that could produce patterns of reflections, the scale of geologic 

heterogeneity relative to the size of the radar wavelet, and the quality of the radar data.  

When radar facies do have distinctive radar textures, classification techniques, like neural 

networks, can be used to quantitatively map out radar facies in a radar image.   To aid in 

this classification, we have discussed six different transforms that can be applied to a 

window of radar data that each emphasize a different aspect of radar texture.   

Radar data collected from the William River delta, SK, and a point bar on 

Whiteman’s Creek, ON, were used to investigate the conditions under which radar 

texture can effectively be used to identify radar facies.  For the William River data, where 

the internal structure of the sediments were visible in the radar image, we found that radar 

texture produced classification results that were in excellent correspondence with a 

manual interpretation of radar facies.  However, for the case of Whiteman’s Creek we 

found that the use of radar texture as a discriminator did not yield a radar facies 

classification that compared favorably with a manual interpretation of the data.  The fact 

that the expert interpreter relied on information that is not captured by radar texture, e.g., 
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geologic reasoning, lithologic data from cores, and bounding surfaces in the radar data, 

were primary reasons for the discrepancy. 

Although our analyses suggest that radar texture can be a powerful criterion for 

defining radar facies, additional information may be required to assist in radar facies 

analysis.  In particular, finding techniques to identify bounding surfaces in radar data is of 

the utmost importance to the advancement of automated radar interpretation techniques.  

Regardless, radar texture will be a useful criterion for the identification of radar facies in 

many environments.  As a result, this work makes an important step in the advancement 

of automated radar interpretation. 

 

 67



3.7 References 

Aspiron, U. and Aigner, T., 1999.  Towards realistic aquifer models: three-dimensional 

georadar surveys of Quaternary gravel deltas (Singen Basin, SW Germany).  

Sedimentary Geology 129, 281-297.  

Atkinson, P.M., and Lewis, P., 2000.  Geostatistical classification for remote sensing: an 

introduction.  Computers and Geosciences 26(4), 361-371. 

Bracewell, R.N., 2000.  The Fourier Transform and Its Applications.  McGraw-Hill, 

Boston, pp. 616. 

Beres, M. Jr. and Haeni, F.P., 1991.  Application of ground-penetrating-radar methods in 

hydrogeologic studies.  GroundWater 29, 375–386. 

Beres, M., Huggenberger, P., Green, A.G., Horstmeyer, H., 1999.  Using two- and three-

dimensional georadar methods to characterize glaciofluvial architecture.  

Sedimentary Geology 129, 1-24. 

Bishop, C.M., 1995.  Neural Networks for Pattern Recognition.  Oxford University Press, 

Oxford, pp.482. 

Bruner, D, 2004.  Application of Transition Probability Geostatistics to a 3D Ground-

Penetrating Radar Dataset in a Highly Heterogeneous Fluvial Setting, 

Whiteman’s Creek, Ontario, M.Sc. Thesis, University of Waterloo.  

Caers, J., and Ma, X., 2002.  Modeling conditional distributions of facies from seismic 

using neural nets.  Mathematical Geology 34, 139-163. 

 68



Coléou, T., Poupon, M., and Azbel, K., 2003.  Unsupervised seismic facies classification: 

A review and comparison of techniques and implementation.  The Leading Edge 

22(10), 942-953. 

Corbeanu, R.M., McMechan, G.A., Szerbiak, R.B., and Soegaard, K., 2002.  Prediction 

of 3-D fluid permeability and mudstone distributions from ground-penetrating 

radar (GPR) attributes: Examples from the Cretaceous Ferron Sandstone Member, 

east-central Utah.  Geophysics 67 (5), 1495-1504. 

Curran, P.J., 2001.  Remote sensing: Using the spatial domain.  Environmental and 

Ecological Statistics 8(4), 331-344. 

Gao, D., 2004.  Texture model regression for effective feature discrimination: 

Application to seismic facies visualization and interpretation.  Geophysics 69(4), 

958-967. 

Jol, H.M., and Bristow, C.S., 2003.  GPR in sediments: advice on data collection, basic 

processing and interpretation, a good practice guide.  In: Bristow, C.S. and Jol, 

H.M. (eds.) Ground Penetrating Radar in Sediments, Geological Society of 

London, London, pp. 9-27. 

Jol, H.M., and Smith, D.G., 1991.  Ground penetrating radar of northern lacustrine deltas. 

Canadian Journal of Earth Sciences, 28, 1939-1947. 

Moysey, S., Caers, J., Knight, R., Allen-King, R.M., 2003.  Stochastic estimation of 

facies using ground penetrating radar data.  Stochastic Environmental Research 

and Risk Assessment 17, 306-318. 

 69



Neal, A., 2004.  Ground-penetrating radar and its use in sedimentology: principles, 

problems and progress.  Earth-Science Reviews, 66, 261-330, 

doi:10.1016/j.earscirev.2004.01.004. 

Reddy, B.S., and Chatterji, B.N., 1996.  An FFT-based technique for translation, rotation, 

and scale-invariant image registration.  IEEE Transactions of Image Processing 

5(8), 1266-1271. 

Regli, C., Huggenberger, P., and Rauber, M., 2002.  Interpretation of drill core and 

georadar data of coarse gravel deposits.  Journal of Hydrology 255, 234-252. 

Taner, M.T., Koehler, F., and Sheriff, R.E., 1979.  Complex seismic trace analysis.  

Geophysics 44(6), 1041-1063. 

Tuceryan, M., and Jain, A.K., 1999.  Texture Analysis.  In: Chen, C.H., Pau, L.F., and 

Wang, P.S.P. (eds.) The Handbook of Pattern Recognition and Computer Vision 

(2nd edition), World Scientific Publishing, Hackensack, NJ, pp. 207-248. 

van Dam, R.L. and Schlager, W., 2000.  Identifying causes of ground-penetrating radar 

reflections using time-domain reflectometry and sedimentological analyses.  

Sedimentology, 47(2), 435-449. 

van Dam, R.L., Schlager, W., Dekkers, M.J., and Huisman, J.A., 2002.  Iron oxides as a 

cause of GPR reflections.  Geophysics, 67(2), 536-545. 

 70



van Heteren, S, FitzGerald, DM, McKinlay, PA, 1994.  Application of ground 

penetrating radar in coastal stratigraphic studies. In: Redman D (ed.) Proceedings 

of the Fifth International Conference on Ground Penetrating Radar, Waterloo 

Centre for Groundwater Research, Waterloo, Canada, pp. 869-881. 

van Overmeeren, R.A., 1998.  Radar facies of unconsolidated sediments in The 

Netherlands: A radar straigraphy interpretation method for hydrogeology.  

Journal of Applied Geophysics 40, 1-18. 

Wood, J., 1996.  Invariant pattern recognition: A review.  Pattern Recognition 29(1), 1-

17. 

 

 

 71



Chapter 4 
Investigating the Link Between Lithofacies and 
GPR Reflection Data: A Case Study From 
Borden, Ontario 

  

4. 1 Introduction 

In most field experiments the available direct data, such as core logs, sample a 

very limited volume of the subsurface.  Having such a limited amount of data can make it 

difficult to assess how the information recorded in a radar section is related to the 

properties of the sediments at a site.  This is particularly true for assessing how spatial 

variations in geologic materials, including dipping beds or complex depositional 

structures, are reproduced in a radar section.     

To address this problem, we performed an experiment where we excavated a 

region of the subsurface subsequent to imaging it with radar.  This approach allows for 

direct comparison between the arrangement of sediments in the subsurface and our 

interpretation of their expression in a radar image.  Using our understanding of the 

physics of wave propagation and numerical modeling we can explore how 

electromagnetic waves interact with a geologic environment to produce the radar image 

we ultimately record.  In particular, it is possible to begin to assess how velocity 

variations, resulting from heterogeneity of material properties, and wave interference, 

related to the concurrent arrival of energy at a receiver antenna from multiple reflectors in 

the subsurface, can lead to complexity in a radar image.  Understanding how these 
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different factors influence what is imaged by a radar reflection survey is important for 

helping to guide our future advances in the automated interpretation of radar data.    

 

4.2 Description of Experiment 

The excavation experiment was located in a sand quarry at Canadian Forces Base 

(CFB) Borden, Ontario, hereafter referred to as the Borden sand pit.  Several sections of 

radar data were collected along a 20m line near an active face in the sand pit; a 200 MHz 

section was collected using a Sensors and Software pulseEKKO100 system while a 

pulseEKKO1000 system was used to collect 450 and 900MHz sections.  After collecting 

the radar sections, a backhoe was used to expose the face along the plane where the radar 

data were collected.  The excavation was performed in two steps where about a 2m 

section of the face was exposed in each step.  Immediately after each excavation, the 

exposed sediments were mapped by David Gaylord (Washington State University) and 

core samples were collected for further measurements.  Between the first and second 

excavation of the face, a second section of 900MHz data was collected at a depth of 

approximately 2m. 

 

4.3 Description of the Study Area 

The sand pit we investigated is located in an unsaturated region of glacio-fluvial 

sediments related to glacial lake Algonquin.  Building on the work of Bohla (1986) and 

Allen-King et al. (1998), a set of eleven lithofacies have been developed for the site and 

are summarized in Table 2 (personal communication Allen-King, 2004).  Figure 4.1 

shows a photo collage of the exposed face.  A simplified lithofacies map of the 
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sediments, where only major boundaries between lithofacies have been indicated, is 

given in Figure 4.2.   

The lithofacies are distinguished from each other based on differences in grain 

size, sorting, lamination thickness, lamination dip, and composition, particularly the 

presence or absence of dark minerals within the laminations (Table 2).  These textural 

and compositional differences suggest that there is a good potential for radar reflections 

to occur between and within lithofacies.  Additionally, twenty-two mini-core samples 

were collected to determine water contents within the section (Table 1).  Although these 

data are limited, they suggest that the lithofacies can be organized into at least two 

distinct groups, one with high water contents (CPXS, XSS, Z) and one with low water 

contents (MFG, DPL, MCG, LPXS, FPL, DS).  Several hundred additional core samples 

have been collected at the site and in future will provide an opportunity to explore the 

water retention characteristics of the different lithofacies in greater detail.  The groupings 

found in this work will be used to aid in the gross understanding of the radar reflection 

characteristics of the site.            

 

Table 4.1 Volumetric Water Content (%) Grouped By Facies 

  MFG FPL DPL MCG LPXS CPXS/XSS Z DS 
  6.6 9.1 12 3.8 6.4 29.5 24.4 2.7 
  6.9 11.8 6.8 5.8 8.5 18.6 24.9   
  5 11.7 7.2   38.5 23.6   
    7.1 5.5           
Mean 6.2 9.9 7.9 4.8 7.5 28.9 24.3 2.7 
St. Dev. 1.0 2.3 2.8 1.4 1.5 10.0 0.7 - 
         
 Group 1: MFG, DPL, MCG, LPXS, FPL, DS Mean Water Content = 6.5 
 Group 2: CPXS/XSS, Z  Mean Water Content = 26.6 
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Figure 4.1 Composite photograph of face in sand pit investigated at Borden. 



 
Figure 4.2 Lithofacies map of sediments in sand pit face. 
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4.4 Radar Data 

4.4.1 Initial Assessment 

The radar sections collected along the surface of the sand pit are shown in Figure 

4.3.  To facilitate comparison between these images and the lithofacies map shown in 

Figure 4.2, topography corrections have been applied using a velocity of 0.10m/ns 

determined by a common midpoint (CMP) survey at an adjacent site.  An initial 

assessment of the radar suggests that data quality is good due the low apparent signal 

attenuation at this site; coherent signals are obtained from as deep as 3m in the 900 MHz 

data and the arrivals of major reflections in the data appear to be consistent between the 

three frequencies.  However, the correlations between the lithofacies map shown in 

Figure 4.2 and the radar images in Figure 4.3 are not straightforward.   

For example, a 0.5m thick unit of distinct plane laminated sediments (DPL – refer 

to Table 4.2 for a list of lithofacies codes) is prominent across the site between the depths 

of approximately 0.5-1.2m.  In the radar section, there is a strong reflection arriving at 

around 30-40ns across most of the site.  We interpret the first arrival of this strong 

reflection to be associated with the top of the DPL unit, but there is not a perfect 

correlation between these features.  The reflection in the radar section is not flat like the 

DPL unit in the lithofacies map, particularly between 10-11m along the section where the 

reflection bulges upward toward the surface.  Variations in electromagnetic wave velocity 

across the site are one possible explanation for this apparent inconsistency between the 

radar data and the lithofacies map.  In Section 4.4.2, we will explore what impact the 

expected degree of velocity variation at the site could have on the radar images.   

 



 

 

Figure 4.3 Ground penetrating radar sections collected along the surface of Borden sand pit: a) 200 MHz, 
b) 450 MHz, c) 900 MHz.  

A second example where a correlation can be made is between the large region of 

deformed sediments (depth of approximately 0-0.5m, see Figure 4.2) and the low 

amplitude region immediately above the strong reflection just discussed.  Low amplitudes 
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also characterize other regions in the section, however, such as the zone of LPXS and 

HPXS sediments immediately under the ground surface on the extreme left side of the 

survey.  This implies that there may be non-uniqueness in the radar characteristics of 

different lithofacies.  This is significant because it could ultimately impact our ability to 

classify the radar section using automated techniques.  In Section 4.4.3 we look at 

specific examples from the data to explore how different lithofacies in this study are 

expressed within the radar data.  

The final point in this preliminary assessment of the data is the lack of obvious 

reflections from the large structural features located below approximately 1.5m depth in 

the section.  The reason why these very obvious sedimentary features are not apparent in 

the radar is unclear.  One reason could be related to the interference between reflections 

in this complicated environment.  In Section 4.4.3, we use finite difference-time domain 

(FDTD) modeling of radar wave propagation to investigate how interference between the 

many reflections that occur in this heterogeneous part of the subsurface impact what is 

observed in the radar image. 

 

4.4.1 Velocity Variations 

Radar data is a record of reflected energy arriving at an antenna as a function of 

time.  Therefore, to compare a radar reflection image to the lithofacies map in spatial 

coordinates it is necessary to convert time to depth (or elevation) using the velocity of an 

electromagnetic (EM) wave in the subsurface.  The most common way of determining 

wave velocities for radar is by using common midpoint (CMP) surveys.  In this study, we 



performed a CMP survey at an adjacent site where we found the wave velocity through 

the sediments to be approximately 0.10m/ns.  

It is common practice to assume that EM wave velocity is approximately constant 

at a site (Jol and Bristow, 2003).  However, if the velocity of an electromagnetic wave is 

variable throughout the subsurface, due to variations in material properties, then 

reflections from the same depth may arrive at different times or the representation of 

geologic reflectors in a radar image may appear distorted.  One of the primary controls on 

EM wave velocity, v, in environments with low electrical conductivity is the dielectric 

constant, κ, ( κcv = , c = 0.3m/ns), which is primarily controlled by water content, θ.  

As a result, variations in water content in the subsurface can cause distortions in the 

appearance of geologic reflectors in a radar image.  This effect is most likely responsible 

for the discrepancy between the shape of the flat lying DPL unit observed in the section 

and the undulating reflection identified in the radar image. 
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To test whether water content variations are a feasible explanation for this 

discrepancy, we estimate the distribution of EM wave velocity across the site as the ratio 

of the depth to the top of the DPL unit, shown in Figure 4.4a, divided by the one-way 

travel time to the associated reflection identified in Figure 4.4b.  The resulting one-

dimensional velocity model is given in Figure 4.5.  The estimated velocities fall between 

0.08 and 0.14 m/ns.  These velocities cover a broad range that is representative of typical 

values for saturated and unsaturated sands, respectively (e.g., Neal, 2004).  To assess 

whether such a large range in velocity is reasonable for this site, we converted the water 

content measurements from Table 1 to dielectric constants using the empirical 

relationship (Topp et al., 1980): 



 

32 70.7600.14630.903.3 θθθκ −++≈       (1) 

 

and then converted these to velocities.  The average velocities calculated in this way are 

0.08±0.01m/ns and 0.14±0.01m/ns for the wet and dry group of sediments in Table 1, 

respectively.  These values bound the high and low velocities estimated using the top of 

the DPL unit as a reference (Figure 4.5).  This is quite a good match given that the 

dielectric constant-water content relationship was not calibrated specifically for this site.  

An RMS velocity of 0.11 m/ns, which is very similar to the value of 0.10 m/ns estimated 

from the CMP survey, results if we assume that the study area has an equal volume of 

wet and dry materials.       
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Figure 4.4 Depth and traveltime to the top of DPL unit and the associated reflection, respectively.   The 
average velocity above the DPL unit is calculated at each position across the section from these values.   



Figure 4.6 shows a close-up image of the region above the DPL unit located about 

8.5-13m along the section, near one of the positions where high velocities are shown in 

Figure 4.5.  Moving across this part of the section, there is a transition from massive fine-

grained sands (Z) to sands and deformed sands (CPXS and DS) and back to fine-grained 

sands (Z).  Since the fine-grained sediments are better able to retain water, this change in 

lithology could mark a distinction between relatively dry sediments from 10-12m and wet 

sediments in the surrounding region.  As a result, this dry zone could be responsible for 

the velocity ‘pull-up’ observed for the reflection associated with the top of the DPL layer. 
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Figure 4.5 Velocity variation estimated across the section based on the lithologic marker.  The flat lines 
represent the average velocity for the high and low water content facies; dashed lines show one standard 
deviation from the mean for each group. 
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Figure 4.6 A possible dry zone between 10 and 12 m could be responsible for an increase in velocity in this 
region, resulting in the pull-up effect seen in the radar. 

 

Figure 4.7 shows the 450MHz radar section before and after correcting for the 

lateral velocity variations given in Figure 4.5.  Clearly, the DPL reflection has now been 

corrected so that is close to flat lying.  It is important to note, however, that because the 

velocities estimated in Figure 4.5 represent an average of values above the DPL layer, it 

is likely that reflections below the marker are not positioned correctly. 

In summary, velocity variations in the subsurface, likely related to changes in 

water content, provide a reasonable explanation for the observed displacement of 

reflections in the radar image relative to the position of the associated reflectors in the 

true geologic section.  Furthermore, the velocity of 0.10m/ns estimated from a CMP 

survey at an adjacent site is consistent with the velocities determined to the top of the 

DLP unit as well as those calculated based on the water content samples.  We conclude 

that 0.10m/ns is therefore a reasonable value to use as a representative velocity for this 

site if a 2D velocity model is not available. 
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Figure 4.7 Before and after velocity correction using the 1D model in Figure 4.5.  Note that the lower 
amplitudes in the after image are a result of reduced reflection coherency. 

 
4.4.2 Radar Signature of Lithofacies 

In this section, we explore in detail how the sediments in the sand pit are imaged 

by GPR at two positions along the section.  The first region is located at a position 

between 0.3 and 1.5m.  A photograph of the excavated face of the sand pit and the 

associated radar data from the area are shown in Figure 4.8.  In this case, time was 

converted to depth using a velocity of 0.14 m/ns because this produced the best match 

between the photo of the cliff face and our interpretation of the radar images.  This 

relatively high velocity is also consistent with the field observation that the area 

contained very dry sediments; low volumetric water contents (~6%) were measured in 

five core samples from the region. 
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Our interpretation of the radar data is based on a comparison between the 

lithofacies map and the reflections in the radar image.  Figure 4.8 illustrates some of our 

interpretations of the radar data, which are discussed briefly below: 

1) Direct arrivals through the air and ground and that do not reflect geologic 

structures.   

2) The low-angle planar laminations of the LPXS lithofacies appear as flat-lying 

reflections of weak strength and are distinct from the surrounding reflections.   

3) A zone of HPXS consisting of steeply dipping internal laminations.  The dip 

of the laminations is partially imaged in the 900MHz data and appears as a 

discontinuity in the 450MHz data.   

4) A very cohesive package with strong laminations identified as LPXS produces 

a strong reflection in the radar data.  The orientation of the reflection is 

consistent with that of the LPXS package in the sedimentary section.   

5) A large nodule of cemented sediment appears as an anomaly in the radar data 

between the reflections interpreted to be associated with LPXS (4) and DPL 

(6) sediments.  Note that a strong diffraction hyperbola is not apparent.   

6) The transition from dipping laminations (LPXS) to flat-lying laminations 

containing dark minerals (DPL) produces a strong reflection (the small region 

of FPL identified between the LPXS and DPL packages is included within the 

DPL zone for the purposes of this interpretation).  The laminations in the 

upper part of the DPL zone dip slightly upward to the right, which is 

consistent with the orientation of the reflection identified as the boundary 

between the LPXS and DPL packages.  The internal laminations of this 
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lithofacies may lead to some reflections in this region, i.e., between 1.0-1.5m 

depth.  However, the inclusion of a small LPXS package likely dominates the 

appearance of the radar response in this region, particularly for the 900 MHz 

data.   

7) This strong reflection is interpreted as marking the boundary between the DPL 

package (6) and the underlying sediments.  Dipping reflections are imaged 

immediately below this boundary that reflect the structure of the lower 

sediments; these reflections are likely associated with the LPXS package on 

the far right side of the image.   

8) This region is marked by several distinct reflections that appear to be strongly 

correlated with dark streaks running through the sediments, rather than 

specific lithofacies.  The dark minerals in these streaks likely indicate the 

presence of magnetite (personal communication Allen-King, 2004), which 

could produce a strong radar response.   

9) A region of reflections with an orientation opposite to those in the surrounding 

area (especially apparent in the 900MHz data) could be related to the internal 

laminations of the LPXS package; these laminations have an orientation 

opposite to the dark streaks that appear to otherwise dominate the radar 

response in this region (8).   

10) Strong reflection produced at all frequencies by the unit consisting of silt (Z) 

or very fine sand.  The reflection is likely caused by a large contrast in water 

content between this unit and overlying sediments. 
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The majority of reflections identified in this part of the section are either related to 

boundaries between facies, represent thin facies units as a single reflection (e.g., LPXS 

package in interpretation #4), or are from singular distinct features (e.g., the black streaks 

in interpretation #8).  Relatively few examples exist in this data where reflection patterns 

can be linked to the internal structure of a facies (e.g., interpretation #3 and #9).  In 

general, there is a good correspondence between the sediments in the exposed sand pit 

face and the reflections in the radar image at this location.  However, small-scale features 

visible in the photograph are not directly represented in the radar image.  Instead, the 

integrated response of features significantly smaller the wavelength are recorded in the 

radar image.  This effect is especially apparent when comparing the radar response for 

the three different radar frequencies given in Figure 4.8.  For example, at 900MHz 

(wavelength ~ 16cm) the dipping character of the internal laminations in the LPXS 

package (interpretation #9) is mirrored in the dip of the reflections in the radar image.  At 

450MHz (wavelength ~ 31cm), a distinct set of reflections can be interpreted to correlate 

with the LPXS package, but they appear to be more likely related to the bounding 

surfaces of the package or an overall integrated response of the laminations, rather than to 

the character of the individual laminations.  When the frequency is decreased to 200MHz 

(wavelength ~ 70cm), the effect of the LPXS package on the radar image is difficult to 

distinguish.   

 



 

Figure 4.8 Comparison of radar and lithology at X=1m.  Velocity used for depth conversion = 0.14m/sns.  
See text for detailed explanation of interpretation. 

 

Figure 4.9 shows a close-up photograph and the related radar data for the region 

located between 4.5 and 5.5 m along the section.  In contrast to the previous example, the 

reflection image in this part of the section is very complicated.  For example, at all three 

frequencies, there are strong reflections near 0.75 m depth that appear to dip downward 

about half way through the sub-sections of radar data shown in Figure 4.9.  It is unlikely 

that this dip is geologic in nature as there are no dipping sediments in this area 

identifiable in the photo.  It is also unlikely that the dip could be associated with a 
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diffraction event, since the dip is not steep enough to reflect reasonable subsurface 

velocities.  

 

 

Figure 4.9 Comparison of radar and lithology at X=5m.  Velocity used for depth conversion = 0.10m/ns. 

 

A gradual decrease in velocity by 20% across the section, however, could be 

responsible for this effect.  A fine sand/silt zone (lithofacies Z, feature 2 in Figure 4.9), 

which is about 0.5 m thick on the right side of the section and nearly pinches out on the 

left, is a likely candidate for such a velocity change.  Figure 4.10 shows how this silt 
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could change the apparent velocity at several different depths as its thickness increases 

from 0-0.5m across the section.  If the silt were relatively wet (v=0.08m/ns) compared to 

the surrounding sediments (v=0.14m/ns), the 20% change in velocity could be easily 

explained.  If the contrast in velocities were not as large (e.g., 0.10 and 0.08 m/ns), a 

significant shift in velocity could still occur though the magnitude may not be as large as 

that observed in the data.   

A change in velocity caused by the silt could also be responsible for the behavior 

of the anomalous dips observed for reflections deeper in the section.  The discrepancy 

between the orientation of the reflectors in the sedimentary section and the reflections in 

the radar image decreases with increasing depth.  This can be explained by the fact that 

the relative change in apparent velocity is not as large at greater depths as indicated in 

Figure 4.10.  In addition to velocity shifts, it also seems that wave interference may 

obscure the relationship between the radar image and lithofacies map in this part of the 

section.  We explore this possibility at the scale of the survey in the next section.   
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Figure 4.10  The expected relative change in velocity (or travel time) at different observation depths as the 
thickness of a wet zone is increased from 0 to 0.5 m across the section in Figure 4.9.  Wet and dry 
velocities are assumed to be 0.08 and 0.14 m/ns respectively.   
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4.4.3 Assessing the Impact of Wave Interference 

The amplitudes recorded in a radar image represent the arrival of energy from 

reflections throughout the subsurface.  In many cases, especially studies focused on 

imaging subsurface stratigraphy, GPR has been used in environments where it is possible 

to correlate distinct sedimentary reflectors in the subsurface to reflections in a radar 

image (Jol and Bristow, 2003).  However, in complex environments it is possible that the 

radar amplitude recorded at any location in time and space within a radar image could 

represent the sum of energy returning from many different distinct reflectors.  To explore 

this scenario for the Borden data, we perform FDTD modeling of the radar signal through 

a simplified model of the site based on the lithofacies map given in Figure 4.2. 

The FDTD code for EM wave propagation used in this study is based on a 

2D finite difference representation of Maxwell's equations implemented in Matlab by 

James Irving.  To create a physical property model, we used the groupings in Table 4.1 to 

obtain a map of subsurface water contents based on the lithofacies map in Figure 4.2.  

These water contents were then converted to dielectric constants using Equation 1.  The 

resulting dielectric constant map is shown in Figure 4.11c.  Both the electrical 

conductivity and relative magnetic permeability were assumed to be homogeneous with 

values of 0 S/m and 1, respectively.  The survey parameters, i.e., step size, antennae 

separation, etc., used in the modeling were similar to those used in the field for the 

collection of the 450MHz data.  A 450MHz Blackman-Harris pulse was used to simulate 

the radar wavelet in the simulation.            

The results of the simulation, after applying an AGC gain and topography 

corrections, are shown in Figure 4.11a.  In this image, reflections from lithofacies 
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boundaries can be identified immediately below the surface and in regions where the 

lithofacies units are predominantly flat lying.  In general, however, there is a large degree 

of complexity that is introduced by the significant degree of lateral heterogeneity in the 

dielectric constant model.  In large portions of the radar image, diffraction tails interfere 

with primary reflections, making it difficult to identify the lithofacies boundaries.   

In radar studies, constant velocity migration is often considered to be sufficient to 

reduce the impact of scattering.  Therefore, we applied the constant velocity migration 

routine provided in the WinEKKO software package to the simulated radar image; the 

algorithm is based on Kirchhoff migration (personal communication Sensors and 

Software, 2005).  The resulting migrated image is shown in Figure 4.11b.  Note that 

migration has improved the clarity of the image.  However, it is still not possible to 

interpret the large structural features that exist between 1-2m depth and a position of 6-

12m in the model (Figure 4.11c).  The reason we fail to image these structures after 

migration is related to i) the use of a constant velocity for the migration in an 

environment with highly variable velocity, and ii) the fact that Kirchhoff migration 

should not be used in environments with significant lateral variation in velocity.              

Because of the many simplifications we used to create this model, we do not 

suggest that these results are directly representative of the true field data.  However, the 

lessons we have learned from this modeling exercise do suggest that we should be wary 

of over interpreting the Borden data, particularly at depth.  Obtaining a 2D velocity 

model for the cliff face should be a priority to allow for migration of the data prior to 

further interpretation.   



 

Figure 4.11 a. Radar simulation result obtained using FDTD modeling; b. Simulation result after 
migration; c. Dielectric constant model used for the simulation. 

 

4.5 Conclusions 

This chapter presents some results and interpretations of a study designed to 

investigate the relationship between lithofacies and reflections in a radar image.  Through 

a detailed comparison of the sedimentary deposits observed at a sand pit in Borden, ON.,  

to radar data collected over the same region, we have been able to illustrate that 

sedimentary structures and depositional patterns can lead to distinctive reflections in 

radar images.  We have also shown, however, that other factors, like velocity variations 
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and wave interference, can complicate a radar image, obscuring the correlation between 

lithofacies and the radar signal.  This can make interpretation of the data impossible 

without the use of advanced processing.   

Our findings in this chapter suggest that, in complex environments with large 

contrasts in properties, characterizing subsurface variations of EM wave velocity is 

essential.  When velocity information is available, it is possible to perform accurate time 

to depth conversions or, preferably, migrate the data.  In such situations, taking advantage 

of these kinds of processing techniques may be the only way that reliable geologic 

interpretations of the radar data may be made. 
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Chapter 5 
Modeling the field-scale relationship between 
dielectric constant and water content in 
heterogeneous systems 
 

5.1 Abstract 

Ground penetrating radar (GPR) can be used to obtain information about the 

variation in the dielectric constant of the subsurface.  The sensitivity of a soil’s dielectric 

constant to the presence of water therefore makes water content estimation by GPR 

possible.  The dielectric constant derived from GPR data, however, is also influenced by 

the geometric distribution of water in the subsurface.  We show that this causes the 

relationship between the dielectric constant and water content to become scale dependent 

in complex geologic systems.  We have derived dielectric constant-water content 

relationships that account for subsurface geometries in spatially correlated random media 

that can be characterized using geostatistics.  From these relationships we illustrate that 

the importance of scale effects are strongly dependent on the variance and the anisotropy 

of the water content in the subsurface; in some cases ignoring scale effects will not 

 

  This chapter represents an article of the same name published in Water Resources Research (vol.40, 

W03510, 2004, doi:10.1029/2003WR002589 – Copyright 2004 American Geophysical Union) that has 

been reproduced by permission of the American Geophysical Union.  Authors of the article are Stephen 

Moysey (principle author) and Rosemary Knight.    
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significantly impact the estimation of water content, while in other cases large biases can 

occur.  This work provides a conceptual framework for the predictive modeling of field-

scale dielectric constant-water content relationships. 

 

5.2 Introduction 

Ground penetrating radar (GPR) is an increasingly popular method for 

determining water distributions in the subsurface, as shown in a number of recent studies 

[Greaves et al., 1996; Hubbard et al., 1997; Eppstein and Dougherty, 1998; Parkin et al., 

2000; Binley et al., 2001; Tsoflias et al., 2001; Alumbaugh et al., 2002; Hubbard et al., 

2002; Stoffregen et al., 2002].  GPR data do not directly provide water content, however, 

but can be used to obtain the dielectric constant (κ) over a region of the subsurface.  To 

obtain water content (θ), the dielectric constant must be transformed using a κ−θ 

relationship.   

Experience with time domain reflectometry (TDR) has shown that κ−θ 

relationships should be calibrated for particular field conditions [Noborio, 2001; Yu et 

al., 1997] by making laboratory or field measurements of both κ and θ on the same 

volume of material.  Because the sample volume of GPR is large, it is not always possible 

to make direct measurements of water content at a scale comparable to that at which κ is 

determined.  Therefore, the κ−θ relationship typically cannot be directly calibrated for 

field-scale GPR data.  As an alternative, laboratory-scale measurements may be used to 

determine a κ−θ relationship, which could then be applied to field-scale GPR 

measurements [e.g., Alumbaugh et al., 2002].  However, due to the difference in scale 
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and spatial heterogeneity sampled by lab vs. field measurements, it is not clear that a κ−θ 

relationship obtained in the laboratory would be applicable to field-scale GPR.  In 

particular, geologic heterogeneity influencing the GPR response should be accounted for 

in the field-scale κ−θ relationship.  

Chan and Knight [1999, 2001] used laboratory measurements to demonstrate the 

way in which neglecting the structure of sub-measurement scale heterogeneity can lead to 

significant errors in water contents (over 0.1 vol./vol.) estimated from dielectric 

measurements.   However, because Chan and Knight [1999, 2001] considered only 

layered systems composed of two distinct soils, it is difficult to infer the general 

applicability of their results to more general cases, which could involve many different 

soil types and complex geometrical arrangements of water content. In addition, other 

studies have found a good agreement between κ−θ equations calibrated using TDR and 

GPR, even though these two measurement techniques sample different volumes of the 

subsurface [Huisman et al., 2001].  In order to improve our understanding of the scale 

dependence of the κ−θ relationship, we generalize the analysis of Chan and Knight 

[1999] to complex hydrologic scenarios where subsurface heterogeneity can be described 

with geostatistics using spatial correlation functions.     

The goals of this paper are to: i) illustrate that κ−θ relationships are not generally 

transferable between measurement scales, ii) develop a methodology for predicting a 

field-scale κ-θ relationship from a lab-scale κ-θ relationship, and iii) evaluate the amount 

of error expected in field-scale water content estimates made using GPR when only a lab-

scale κ−θ relationship is available.  



5.3 Background 

GPR operates by propagating an electromagnetic (EM) wave from a source to 

receiver antenna through the subsurface.  Davis and Annan [1989] give an introduction to 

the principles of GPR.  Because electric current flow causes the energy of an EM wave to 

dissipate, GPR is most successfully applied in environments where the electrical 

conductivity is low.  In this case, the dielectric constant, κ, can be assumed to be the 

dominant factor that affects EM wave propagation in geologic environments, and is the 

geophysical parameter that can be derived from GPR measurements.  Since water has a 

very high dielectric constant (κ~80) compared to air (κ=1) and minerals (κ~5-10), the 

dielectric constants obtained using GPR are sensitive to subsurface water content.  In 

practice, determining water content from dielectric constant measurements is typically 

accomplished using semi-empirical volumetric mixing formulas or purely empirical 

calibrations. 

Volumetric mixing models relate the dielectric constant of a composite medium 

(κ) to a weighted average of N component dielectric constants (κi), where the weights (fi) 

are the volume fraction for each component: 
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The exponent γ accounts for the geometrical arrangement of the components in the 

mixture.  When γ equals 1 or –1, respectively, the mixing equation (1) is an arithmetic or 
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harmonic average.  These bounding behaviors, often known as the Wiener bounds, apply 

when waves propagate through layers much thinner than the EM wavelength, in a 

direction perpendicular to layering (γ=1) or parallel to layering (γ=-1).  When γ equals 

0.5, (1) is often referred to as the complex refractive index model (CRIM), when the κi 

are complex valued, or the time propagation (TP) model, when the κi are real valued.  

The expressions for CRIM and the TP model correspond to the case where waves 

propagate perpendicular to layers thicker than the EM wavelength.   

For a three-component system, consisting of air, water and mineral grains, Yu et 

al. [1997] recognized that (1) can be rearranged to obtain a 3-parameter relationship 

between water content and dielectric constant: 

 

ba += γκθ           (2) 
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and φ is the soil porosity.  Equation (2) also applies to systems with more than three 

components, such as when a term for bound water is included, but in this case the 

definitions of the parameters a and b will change.  Also, since (2) was derived from (1), γ 
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can still be interpreted as a geometric factor, though in practice it is treated as a fitting 

parameter.  The most common values of γ measured on laboratory scale samples fall 

within the range 0.46-0.65 [Birchak, 1974; Dobson et al., 1985; Roth et al., 1990].   

In the empirical approach to modeling the κ−θ relationship, one attempts to fit an 

arbitrary mathematical function to a measured data set.  In a seminal paper, Topp et al. 

[1980] fit the following third-order polynomial to laboratory measurements of the 

dielectric constant and water content for a series of four soils:   

 

θ = −5.3 x 10-2 + 2.9 x 10-2 κ – 5.5 x 10-4 κ2 + 4.3 x 10-6 κ3    (4) 

 

This empirical relationship, commonly known as the Topp equation, has been one of the 

foundations for determining water content using TDR.  Ferre et al. [1996] showed that 

over a wide range of water contents, the Topp equation is approximately equivalent to  

 

1841.01181.0 −= κθ          (5) 

 

which is an equation of the form (2) with γ=0.5.   

 

5.4 Definition of the local and global scales 

Our objective is to model the dielectric constant-water content relationship at a 

scale relevant to GPR measurements.  We assume that we have, as a starting point, a 

valid laboratory-scale relationship.  Therefore, we consider two distinct spatial scales in 
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our analyses, which we refer to as local, corresponding to the lab-scale, and global, 

corresponding to the field-scale (Figure 5.1).   

 

Figure 5.1 At the global scale, effective property values represent some average of the local-scale 
properties over a given volume. 

 

In this work, we assume that properties at the local scale can be represented by 

continuous, spatially variable random fields, i.e., θ=θ(x) and κ=κ(x) where x is the 

position vector (x1,x2,x3).  Local-scale properties are characterized using geostatistics in 

terms of a mean value and a covariance function.  The covariance describes both the 

magnitude of property fluctuations, through the variance σ2, and the smoothness of the 

field, through the directional correlation lengths λ1, λ2, λ3.  Spatial variations of θ at the 

local scale are typically caused by changes in either soil texture or capillary pressure.  

The physical properties of soils (i.e., parameters of the soil characteristic curve) are 

commonly represented using statistically stationary models [e.g., Khaleel et al., 2002; 

Zhang and Winter, 1998].  Infiltration of water through the unsaturated zone, however, is 

often associated with a non-stationary capillary pressure distribution that drives flow.  An 

important and common exception to this case occurs during gravity-driven flow, where 
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the mean capillary pressure is constant.   In this case, the flow field, including the water 

content distribution, will be stationary [Zhang and Winter, 1998].  As a result, most 

approaches to stochastic modeling of unsaturated flow to date have assumed gravity-

dominated flow [Zhang and Winter, 1998].  Even when infiltration causes a complex 

evolution of the capillary pressure field, it may still be possible to consider the water 

content distribution to be locally stationary over a limited volume, e.g., over the 

averaging volume of a measurement.  For the purposes of this paper, we therefore assume 

that the water content and associated dielectric constant fields are stationary.  In addition, 

we also assume that the fields at the local scale are ergodic, such that our results will be 

related to the statistical structure of the random fields (i.e., water content covariance), 

rather than boundary effects and related sampling limitations.  

The global scale is defined by the volume over which we average, or upscale, 

local properties to obtain a single effective property value; i.e., in obtaining an estimate 

of κ using a TDR or GPR measurement, the global scale is the scale at which we assign a 

single κ–value.  For example, the volume adjacent to the probes represents the global 

scale for a TDR measurement.  In contrast, the global scale for a GPR measurement 

might include the entire volume sampled along the path of a wave traveling between a 

source and receiver antenna.  In practice, the volume of the global scale for TDR is on the 

order of cm3, while for GPR the global scale is defined on the order of m3.  Throughout 

this paper we identify local-scale water contents and dielectric constants by either θ and 

κ, for the continuous case, or θi and κi for the discrete case.  The global-scale water 

content and dielectric constant are denoted as θg and κg. 



Predicting the relationship between dielectric constant and water content at the 

global scale requires that we know how κ depends on θ at the local scale and how the 

local-scale parameters are related to the global-scale parameters, i.e., how θ upscales to 

define θg and κ upscales to define κg.  These dependencies between the parameters are 

shown schematically in Figure 5.2.  In our analysis we relate the local-scale parameters κ 

and θ using a relationship of the form given in (2).  The global-scale water content is by 

definition the volumetric average over the local-scale water contents.  Under the 

assumption of ergodicity this can be written as θθ =g , where we use angular brackets 

to denote the statistical expectation operator.  The relationship between the local- and 

global-scale dielectric constant is considerably more complex since it depends on factors 

including subsurface spatial heterogeneity, measurement geometry, and EM wave 

frequency.  To simplify this relationship, we will consider the two frequency limits that 

characterize EM wave behavior: effective medium theory (EMT), which applies when the 

EM wavelength is large compared to the characteristic length scale of heterogeneity, and 

ray theory, which applies when the EM wavelength is small compared to the 

characteristic length scale of heterogeneity.  Chan and Knight [2001] and Schaap et al. 

[2003] present data in which the transition between the EMT and ray theory domains has 

been captured by laboratory measurements.  
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Figure 5.2 At every point in space, a rock physics equation describes the relationship between θ and κ at 
the local scale.  At the global scale, a different rock physics equation relates the effective block parameters 
κg and θg.  The upscaling of properties from the local to the global scale is problem specific, e.g., θg is the 
volumetric average of θ. 

 

5.5 The κg-θg relationship in the effective medium theory limit 

5.5.1 Analytical development of a global κg-θg relationship 

We first consider the effective medium theory (EMT) limit for EM wave 

propagation.  The EMT limit applies when the GPR wavelength is much larger than the 

characteristic length scale of heterogeneity in the subsurface.  In a laboratory study Chan 

and Knight [2001] found that the EMT limit was reached when the wavelength was six 

times the layer thickness in a system composed of layered sand and clay.  For reference, a 

medium with a dielectric constant of 16 will have a wavelength of about 1.5m at a 

frequency of 50MHz or 0.38m at 200MHz, and a medium with a dielectric constant of 25 

will have a wavelength of about 1.2m at 50 MHz or 0.3m at 200MHz.   
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When EMT can be applied, the electric field (E) is the gradient of voltage (V), 

i.e., E=∇V, and Maxwell’s equations can be simplified considerably when there are no 

current sources within the domain [e.g., Sihvola, 1999]: 

 

( ) 0=∇⋅∇ Vκ            (6) 

 

Vo ∇= κεD           (7) 

 

where D is the electric flux and εo is the permittivity of free space (8.9x10-12 C N-1 m-2).  

Note that the dielectric constant may be treated as complex-valued, though for the 

remainder of our discussion we will consider κ to be real-valued. 

We define the global dielectric constant (κg) to be the effective parameter that 

preserves the mean electric flux, D , for an applied mean electric field, V∇ : 

 

Vgo ∇= κεD          (8) 

 

The problem of finding an effective parameter, such as κg in (8), has been studied 

extensively in the past for problems governed by (6).  For example, Landau and Lifshitz 

[1960; pg.46] took this approach to find the effective dielectric constant when κ(x) is 

spatially uncorrelated.  We use the results of the perturbation approach outlined by 

Gelhar [1993; pg.109] to extend our analysis to problems where the spatial fluctuations of 
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the dielectric constant field are spatially correlated.  In this case, the effective dielectric 

constant in the ith principle direction, κg
ii, is given by:   

 

( ) ( )( )ii
ii
g g−+≅ 2

12
ln1lnexp κσκκ        (9) 

 

where ( κlnexp ) is the geometric average of the local dielectric constant field, the 

magnitude of κ variability is described by , and g2
lnκσ ii is a factor that depends on the 

statistical anisotropy of κ.  We note that (9) was derived for fields with weak 

heterogeneity (i.e., ) [Gelhar, 1993].  This criterion is not met in cases where the 

properties have strongly skewed distributions and the coefficient of variation (ξ = σ/µ) is 

large.  Because the dielectric constant is bounded by the values for air (1) and water (80), 

it is unlikely that the conditions required for (9) to fail will be met in practice. 

22
ln <κσ

In Appendix I, we describe how to combine the scaling conditions for κ and θ 

outlined above with the local κ−θ relationship in (2) to derive the following global-scale 

κg-θg relationship: 

 

( ) ba gg += γκθ *          (10) 

 

In this expression b and γ remain equal to the local-scale parameters from (2).  In 

contrast, a* is a global-scale parameter taking the value: 
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where σθ is the standard deviation of the local water content field.   

This result shows that the global dielectric constant (κg) cannot be predicted 

knowing only bulk properties of the subsurface, such as the global water content (θg).  

Rather, the underlying distribution of local water content (θ) plays an important role in 

determining the macroscopic κg-θg relation.  In particular, key properties describing 

heterogeneity are the range of water content and its geometric arrangement in the 

subsurface, which are quantified through  and g2
θσ ii, respectively (note that is a 

function of θ through (2), the local κ−θ relation).  

2
lnκσ

For simplicity in deriving our global κg-θg relation we have assumed that the 

parameters a, b and γ in (2) are spatially constant – although our analysis could be 

extended for spatially variable parameters.  We also note that our approach could be 

applied to upscale any local κ−θ relation and, therefore, is not limited to cases where the 

local relation takes the particular form given in (2).    

 We performed a number of numerical studies to validate the analytical κg-θg 

relationship given in (10).  In these tests, we: i) generated a local-scale water content field 

with a particular geostatistical structure; ii) transformed the field to dielectric constants 
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using a local κ-θ relationship; iii) determined κg using (8) after solving for the electric 

flux (7), given the potentials found by solving the local problem in (6) subject to 

boundary conditions reflecting a mean applied voltage gradient; iv) determined θg by 

taking the arithmetic average of the local water contents.  We performed this procedure 

for multiple realizations over a range of water contents, while varying both the 

geostatistical parameters of the field, i.e., variance and anisotropy, and the parameters a, 

b and γ in the local κ-θ relationship (2).   

In general, we found good agreement between the numerical simulations and the 

analytical κg-θg relationship.  We attribute the relatively small differences that were 

observed between the analytical and numerical results to non-ergodic behavior of the θ 

realizations, numerical accuracy, approximations made in the derivation of the analytical 

solutions (e.g., truncation errors), and boundary effects that affect the numerical solution 

[e.g., Paleologos et al., 1996; Durlofsky, 1991]. 

Although we have made several limiting assumptions in our analytical derivation 

of the global κg-θg relationship (10), many of these assumptions could be overcome by 

taking a strictly numerical approach.  For example, more complex geologic arrangements 

could be considered through data conditioning [e.g., Deutsch and Journel, 1998] and the 

use of multiple point geostatistics [Strebelle, 2002]; non-Gaussian water content 

distributions could be explored; spatially variable κ-θ relationships could be introduced at 

the local scale; and, perhaps most importantly, the effects of EM wave frequency could 

be investigated.  Moysey and Knight [2003] present a computationally based method that 

can account for these complex scenarios as well as other field-scale issues not discussed 



in this paper.   

    

5.5.2 Example: Scaling the Topp Equation 

To illustrate how spatial variability of θ at the local scale affects the global κg-θg 

relation, we consider the specific case where the Topp equation, approximated by (5), 

relates θ and κ at the local scale.  In this example, we choose to consider a 3D 

heterogeneous medium that is statistically isotropic in a plane (i.e., λ1=λ2>λ3, where the 

λi are directional correlation lengths).  For this scenario, Gelhar [1993; pg. 111] gives an 

analytical solution for gii:   
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where the anisotropy ratio (A) is defined by the ratio of the correlation lengths in and out 

of the isotropy plane, A=λ1/λ3, and satisfies the condition A>1.  The expressions for g11 

and g22 apply when wave propagation is perpendicular to the plane of isotropy, i.e., with 

the electric field applied parallel to layering.  When wave propagation is along the plane 

of isotropy (i.e., parallel to layering) and the electric field is applied perpendicular to the 

plane of isotropy (i.e., across layering), g33 applies.  For the 3D fully isotropic case (A=1; 

λ1=λ2=λ3) the geometric factor is given by gii=1/3 [Gelhar, 1993]. 
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In Figure 5.3 we have plotted the approximate Topp equation (5), which is the 

local-scale κ−θ relation in this example, and the upscaled κg-θg relation (10) for a variety 

of geologic scenarios with various levels of statistical anisotropy, A, and variance, σθ
2 

(specified in Figure 5.3 by the coefficient of variation, ξ=σθ/θg).  For comparison, we 

have also plotted the Wiener bounds, which are the bounding relationships obtained in 

the arithmetic and harmonic average limits for a perfectly layered system (i.e., A ∞).   

 

 

Figure 5.3  The macroscopic relationship between κg and θg depends on the structure of the subsurface at 
the local scale, i.e., the coefficient of variation (ξ) and statistical anisotropy (A) of the θ field.  The notation 
“perp.” and “par.” in the legend indicate the case for wave propagation perpendicular or parallel, 
respectively, to the maximum direction of correlation.  An example of the estimation error (δθ) is shown as 
the difference in θg estimated for a given κg using the local vs. global equation. 

 

When the medium is either approximately homogeneous (σθ
2 is small) or 

isotropic (A=1) the approximate Topp equation is a relatively good approximation for the 
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global-scale equation.  As the water content anisotropy and variance of the medium 

increase, however, the local relationship (the approximate Topp equation) becomes an 

increasingly poor representation of global-scale behavior.  At high levels of anisotropy 

the global-scale relationships approach the relationships associated with the Wiener 

bounds; these bounds are valid for layered media and they therefore describe the behavior 

of the system as anisotropy approaches infinity.  The global-scale relations in Figure 5.3 

fall above the local-scale equation when wave propagation is perpendicular to layering, 

and below when wave propagation is parallel to layering.   

In general, we have found that these kinds of differences between the local and 

global κ−θ relationship are not unique to the case where the Topp equation holds at the 

local scale.  Instead, similar behavior also occurs when other local relationships, based on 

(2), apply at the local scale.  The implication is that the local κ-θ equation is not scale 

independent and is therefore not directly useful for estimating θg from a κg measurement, 

such as might be obtained from GPR.  

 

5.5.3 Quantifying θg errors resulting from neglect of scale effects  

Under some scenarios in Figure 5.3 the local and global equations appear to be 

approximately equivalent, while for other scenarios they are not.  Therefore, it is useful to 

quantify the expected degree of error in water content that would result when estimating 

θg from κg using a local-scale (κ−θ) relation.  

We again provide the example where the local κ−θ relationship is the 

approximate Topp equation (5) and the medium’s correlation function is transversely 
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isotropic (λ1=λ2>λ3).  We define the water content estimation error, δθ, as the difference 

between the true global water content, θg, and that predicted from κg using the local-scale 

relationship.  In Figure 5.4 we plot δθ as a function of the local water content anisotropy 

A and coefficient of variation ξ, respectively, for θg of 0.2 and 0.5.  As before, the 

coefficient of variation is related to the local water content variability: ξ = σθ/θg. 

Figure 5.4a shows that as the water content distribution in a medium becomes 

increasingly anisotropic (A>>1), the estimation error grows until it becomes 

approximately constant for anisotropy ratios greater than about 10.  For an isotropic 

medium (A=1; λ1=λ2=λ3), Figure 5.4a shows that relatively little error results from using 

the local κ−θ relationship to estimate θg.  This is also shown in Figure 5.4b where the 

resulting water content estimation errors (δθ) are less than 0.01, even when there is a high 

degree of variability in water content (e.g., σθ=0.2).   

Figure 5.4b also indicates that for a homogeneous medium (σθ=ξ=0), the local 

κ−θ relationship can be applied at the global scale with no estimation error (δθ=0).  

However, as the medium becomes increasingly heterogeneous, by increasing ξ, the 

estimation error for θg also increases.  Because water content by definition falls within 

the range 0-1, δθ must be bounded.  In this example, we have chosen θ to follow a 

Gaussian distribution and have set σθ=ξθg.  Therefore, the upper bound of ξ=0.4 shown 

in Figure 5.4b ensures that the probability of local θ’s falling outside the 0-1 range is 

about 1% or less.  The maximum error we could expect for a medium with a Guassian 

distribution of water contents is a 0.1 underestimation of the true global water content 

when wave propagation is parallel to the maximum correlation direction.  When wave 



propagation is perpendicular to the maximum correlation direction, the maximum error 

we could expect is a 0.03 overestimation of the true global water content, again assuming 

that the local water contents can be represented using a Gaussian random field.         

  Finally, it is also apparent from Figure 5.4 that δθ also depends on the global 

water content, with larger absolute errors associated with higher water contents.  This 

effect is mainly due to the smaller degree of variability (σθ) that we have attributed to 

lower water contents by making comparisons at fixed values of ξ.   

 

 

Figure 5.4 The amount of error, δθ, that occurs when predicting the global water content using a local-scale 
κ−θ relationship – in this case the Topp equation – increases for both larger a) anisotropies, and b) 
variances (σθ=ξθg).  The notation “perp.” and “par.” in the legend indicates the case for wave propagation 
perpendicular or parallel, respectively, to the maximum direction of correlation.   
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5.5.4 The scalability of κ−θ relationships 

To complete our discussion of κ−θ scaling in the EMT limit, we consider the 

conditions required to allow a κ−θ relationship to be applicable at all scales, therefore 

making it scale independent.  We limit our analysis to cases where the global dielectric 

constant is related to the local scale κi field through a spatial power average (analogous to 

(1)): 
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         (14) 

 

where N is the number of local-scale spatial elements that compose the global scale.  In 

the context of our study, where κg is determined from the measurement of EM wave 

velocity, this average analytically describes several different scenarios, including: 

arithmetic and harmonic averaging (γ=1 and –1) when EM wave propagation is 

perpendicular and parallel to layering in a stratified medium, and geometric averaging 

(γ 0) when propagation is through a 2D statistically isotropic random medium.  

Although γ can be determined analytically for limited number of cases such as these, it 

follows from work by authors such as Desbarats [1992] that κg can still generally be 

related to the κi field using a power average, though the appropriate value of γ may not be 

known a priori.  

We further limit our analysis to consider only those cases where the 

κ−θ relationships are of the form (2), such the local and global relations are given by: 
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ba ii += ακθ           (15)  

 

dc gg += βκθ           (16) 

 

where a, b and α are local-scale parameters, and c, d and β apply at the global scale.  

 

Combining these relationships (14-16) with the definition of θg (the arithmetic 

average of θi), results in the following expression:  
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For the κ−θ relationships to be equivalent at the local and global scale requires that a=c, 

b=d and β=α .  Given these conditions, (17) can be simplified to: 
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The left and right hand side of this expression are equivalent, i.e., the κ−θ relationships at 

the local and global scales are equal, when: i) the subsurface is homogeneous or ii) 

γ=α (=β).   
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 Based on this result, one example where scaling can occur is the case where the 

system is layered, wave propagation is perpendicular to the layers, and the local 

relationship is such that α=1.  A second example is the case where the system is layered, 

wave propagation is parallel to the layers, and the local relationship is such that α=-1.  A 

third example is the case where the system is a 2D statistically isotropic random medium 

and the local relationship linearly relates θi and ln(κi), i.e., α 0.  

If the κ−θ relation is to be fully scale-independent, however, then the condition 

γ=α=β must hold not only when relating the local and global scales, but when relating the 

local scale to any smaller scale of interest, or the global scale to any larger scale of 

interest.  Therefore, a single value of the exponent γ in the power average (14) must apply 

at all scales.  Recalling that γ depends on subsurface geometry, this implies that a 

medium must be self-similar for the κ−θ relation to be scale-independent.  In practice, if 

this condition is met, it likely only applies over a limited range of scales.     

 

5.6 The κg−θg relationship in the ray theory limit 

To this point, we have only considered κ−θ scaling for cases where 

heterogeneities are small compared to the GPR wavelength.  In practical applications, 

however, an EM wave may encounter many length scales of heterogeneity as it passes 

from a GPR source to receiver antenna.  In this case, single dielectric constant values are 

still assigned to regions of the earth, even though the subsurface can no longer be 

described using the effective medium theory approximation.  As a step toward 



understanding the scaling behavior of the κ−θ relationship under these conditions, we use 

ray theory to develop a simple example. 

Ray theory, or geometric optics, describes the movement of an EM wavefront 

through a volume of material when the scale of heterogeneity is larger than the EM 

wavelength.  This is described by the eikonal equation [e.g., Born and Wolf, 1986]: 

 

( ) 2
2 1

v
T =∇           (19) 

 

which relates the traveltime (T) of a ray between two locations to the local velocity field 

(v), which is the speed at which an EM wave propagates through a given region of the 

subsurface.  We refer to the initial wave position as the source location and the final wave 

position as the receiver location.  Using the GPR low-loss assumption (i.e., the effect of 

electrical conductivity on EM wave propagation can be neglected), the local wave 

velocity at any location x is related to the dielectric constant by: 
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where co = 3x108 m/s is the velocity of light in free space.   

We are interested in the case where heterogeneity exists at a length scale larger 

than the GPR wavelength.  The local scale is therefore defined over some volume larger 

than the GPR wavelength, but much smaller that the field scale.  At the global scale, the 
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apparent velocity of a volume of the subsurface (vg) is the speed at which a wave would 

travel through the volume if it were homogeneous: 

 

r
g T

Lv =           (21) 

 

where L and Tr are the straight-ray path length and traveltime, respectively, for an EM 

wave traveling between a source and receiver location positioned on opposite sides of the 

volume defining the global scale.  The arrival time of the wave at the receiver location, 

Tr, can be found by solving the eikonal equation (19) for a given geologic model.  We 

then define the global dielectric constant as:   
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Figure 5.5 shows the upscaled κg-θg relationship for the case where the local κ−θ 

relationship is the approximate Topp equation (5).  To produce this figure, we used 

SGSIM [Deutsch and Journel, 1998] to obtain ten 400x400 2D realizations of θ for each 

θg shown.  We generated both isotropic and anisotropic realizations, in which case the 

anisotropy ratio A was set to either 4 or 10.  We also tested the effect that changing the 

degree of heterogeneity has on the results by setting ξ, the coefficient of variation of θ, to 

values of 0.2 and 0.4.  The global dielectric constant, κg, for each realization was 

determined from (22) after numerically solving the eikonal equation (19) using a finite 
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difference program written by J. Ajo-Franklin at Stanford University based on the 

approach of Sethian and Popovici [1999].     

 

Figure 5.5  In the ray theory regime, the local κ−θ relation (solid line) significantly underestimates θg.  
Open and closed symbols respectively indicate the global κg-θg relation for wave propagation perpendicular 
or parallel to the maximum direction of correlation, crosses are for an isotropic medium.  Dashed lines 
show the Wiener bounds – the upper and lower lines are for wave propagation perpendicular and parallel to 
the maximum correlation direction, respectively.  

There are large differences between the local and global κ−θ relationships shown 

in Figure 5.5.  The differences are much greater than those found for the EMT case under 

equivalent levels of heterogeneity (Figure 5.3).  As can be seen in Figure 5.5, the local 
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relationship lies above the global κg-θg relationships so that its use would always result in 

an underestimation of θg, given a κg measurement, regardless of measurement 

orientation.   

It is important to note that the global relationships no longer fall within the 

Wiener bounds as they did in the EMT case.  The reason for this behavior is related to 

what is known in the seismic literature as the “Wielandt effect”, “fast path effect”, or 

“velocity shift” [Mukerji et al., 1995].  When a wave travels through the subsurface, the 

first arrival time reflects the fastest path a wave can take between a source and receiver 

location.   Therefore, the ray path associated with the first arrival time follows a route 

through the medium that preferentially samples high-velocity zones and bends around 

low-velocity zones.  Because of the inverse relationship between dielectric constant and 

velocity (22), the fast velocity leads to lower apparent dielectric constants for the 

medium, causing the shift in the κ−θ relationship seen in Figure 5.5.  

 

5.7 Conclusions  

Our ability to accurately relate the dielectric constant to water content is an 

essential step for obtaining reliable field-scale estimates of water content using GPR or 

TDR measurements.  The complex spatial organization of geologic materials, however, 

plays a critical role in determining the apparent dielectric constant measured over a 

heterogeneous volume of the subsurface.  This geometry dependence must, therefore, be 

accounted for in the κ−θ relationship.  
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We have provided a conceptual framework for evaluating field-scale κ−θ 

relationships under arbitrary conditions.  We then considered the two specific cases 

where the spatial heterogeneity is much smaller than, and larger than, the GPR 

wavelength.   For the first case, we have developed an analytical expression for the field-

scale κ−θ relation in spatially correlated random media that accounts for the geometric 

structure of the subsurface in the effective medium limit.  We have found that the extent 

to which a change in scale affects the κ−θ relation depends strongly on the degree of 

heterogeneity in the subsurface and the geometric arrangement of water content in the 

subsurface.  For the second case, modeled numerically using ray theory, we found that 

the fast path effect can have a significant impact on the field scale relationship between 

water content and dielectric constant, causing it to fall outside of the Wiener bounds.  In 

practice, GPR will not be limited to either of these limiting cases, but will sample 

heterogeneity over a range of length scales.   

We stress that the goal of this work has not been to obtain a universal correction 

for water content measurements made using GPR.  Rather, our intent has been to 

illustrate the effects that heterogeneity can have on the relationship between dielectric 

constant and water content.  Accounting for these effects can help us make informed 

decisions regarding the expected accuracy of water content estimates under specific field 

conditions. 



5.8 Appendix: Derivation of the global κg−θg relationship 

We begin by substituting (2), with constant parameters, for κ in (9): 
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ln1 κσ .  (A1) can be rearranged to give the following expression: 
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Recall that  indicates the statistical expectation operator.  The logarithm in this 

expression can be expanded about b−θ  through the Taylor series: 
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Formally, this series is absolutely convergent when { }maxmin 2,min θθθ −<b  or 

{ minmax 2,max θθθ −>b }, where θmin and θmax are the minimum and maximum water 

contents of the θ field.  For most physically plausible conditions 0<b  and the relevant 

condition for convergence is therefore max2 θθ −<b , which is satisfied when the water 
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content variance is small compared to the mean water content.  The series expansion (A3) 

can be substituted in (A2), which upon manipulation gives: 
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Keeping the first 4 terms of the series, we have 
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We recognize that the numerators in the argument of the exponential function are the first 

four central statistical moments of the water content distribution.  The first term is zero 

due to the subtraction of the mean water content, µθ, from itself.  By definition, the 

second central moment is the variance, σθ
2.   

If we assume that the water content follows a Gaussian distribution, the third term is also 

zero and the forth term can be expressed as a function of the variance.  Therefore, (A5) 

can be simplified to: 
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In the nomenclature used in the text, we note that µθ=θg.   
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Therefore, after rearranging, we write the field-scale petrophysical equation (i.e., the 

upscaled version of (2)) as: 
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Chapter 6 
A framework for inferring field-scale rock physics 
relationships through numerical simulation 
 

6.1 Abstract 

Rock physics attempts to relate the geophysical response of a rock to geologic 

properties of interest, such as porosity, lithology, and fluid content.  The geophysical 

properties estimated by field-scale surveys, however, are impacted by additional factors, 

such as complex averaging of heterogeneity at the scale of the survey and artifacts 

introduced through data inversion, that are not addressed by traditional approaches to 

rock physics.  We account for these field-scale factors by creating numerical analogs to 

geophysical surveys via Monte Carlo simulation.    The analogs are used to develop field-

scale rock physics relationships that are appropriate for transforming the geophysical 

properties estimated from a survey into geologic properties.  We demonstrate the 

technique using a synthetic example where radar tomography is used to estimate water 

content.       
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6.2 Introduction  

Geophysical methods are important tools for characterizing the properties of the 

subsurface, particularly when direct data are sparse or unavailable.  In these 

investigations, rock physics is a key step to obtaining quantitative estimates of geologic 

properties of interest, such as porosity, water content or contaminant concentration, by 

establishing a relationship between geologic and geophysical properties.  While rock 

physics relationships can often be determined in the laboratory, the challenge is 

determining valid relationships to use at the field-scale.   

In Figure 6.1 we define the core scale and the field scale as two distinct scales of 

interest in determining rock physics relationships; the example shown is for the 

relationship between water content and dielectric constant.  At the core scale we assume 

that we can establish a relationship between geologic and geophysical properties, 

typically through laboratory studies.  The field scale is defined by the volume over which 

geophysical properties are obtained from a field survey.  This is the scale where an 

appropriate rock physics relationship must be found to obtain accurate estimates of 

geologic properties from the geophysical data.    Determining the valid field-scale 

relationship is difficult because it can be both scale-dependent and vary spatially 

throughout a study area.   

 



 

Figure 6.1 Conceptual schematic showing the relation between geophysical properties (dielectric constant) 
and geologic properties (water content) at the field and core scale.  Numbers refer to the steps taken to 
generate a field-scale rock physics relationship as described in the text. 

 

Chan and Knight (1999, 2001) and Moysey and Knight (2004) explored the scale 

dependence of the relationship between water content and dielectric constant for layered 

and spatially correlated media, respectively.  The authors used ray theory and effective 

medium theory to demonstrate that spatial heterogeneity below the scale of an individual 

geophysical measurement has a significant effect on rock physics relationships.  Because 

these effects depend on the details of the heterogeneity, this could cause the relationship 

to vary at a given location as the scale of the measurement increased from core scale to 

field scale, or to vary spatially as regions with different forms of heterogeneity are 

sampled.     

In a true field experiment, the geophysical properties determined at the field scale 

involve much more than is captured in the physics of upscaling by ray or effective 

medium theory.  Many aspects of a field experiment and the way in which the 

geophysical data are processed and inverted affect the values of the geophysical 

properties determined.  As a result, these factors also affect the relationship between 
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geophysical and geologic properties.  Day-Lewis and Lane (2004) and Day-Lewis et al. 

(2005) illustrated this problem for tomographic surveys using random-field averaging.  In 

their work, these authors analytically showed how the spatial resolution of a tomography 

experiment affects the correlation between geologic and geophysical variables.  Moysey 

and Knight (2003) and Singha and Moysey (2004) tackled this problem by taking a 

numerical approach that allowed them to show how a number of factors, including 

geologic  heterogeneity, survey design, and the inversion of the geophysical data, can all 

impact rock physics relationships.  Both the analytical and numerical studies indicated 

that field-scale rock relationships could vary with spatial location.   

In this paper, we build on these previous studies to develop a methodology for 

determining field scale rock physics relationships that could account for all factors 

influencing the link between the field-scale geologic property of interest and the field-

scale geophysical property measured.  Although we will describe this methodology 

within the context of GPR tomography, we emphasize to the reader that the approach is 

general and could be applied to many different geophysical problems.   

 

6.3 Method for Building Field-Scale Rock Physics Relationships 

Our technique for determining field-scale rock physics relationships uses Monte 

Carlo simulations to generate a set of site-specific numerical analogs of the geophysical 

survey.  The analogs account for core-scale rock properties, the sampling physics of the 

geophysical measurements, survey design, and choices related to the inversion of the 

survey data.  The procedure we use for creating the analogs can be described in five 

steps, each of which is also shown for a single analog model in Figure 6.1. 
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1) Core-Scale Property Simulation: A set of realizations of the geologic property of 

interest is created at the core scale using a technique that honors both the available data 

and conceptual model for the field site, e.g., geostatistical simulation. 

 

2) Core-Scale Rock Physics and Geophysical Properties: Site-specific laboratory 

measurements and/or rock physics theories are used to determine relationships between 

the geologic and geophysical properties under investigation.  Geophysical property 

realizations can then be obtained from the geologic property realizations generated in step 

1 using the core-scale rock physics relationship.       

 

3) Generation of Field-Scale Geophysical Analogs: Creating field-scale analogs of the 

geophysical properties from the core-scale simulations follows a two-part process – 

forward and inverse modeling – that emulates the field experiment and recovery of the 

geophysical property values. 

a. Forward Modeling – A numerical analog to the experiment executed in the field 

is performed on each geophysical property realization. The numerical experiment 

should parallel as closely as possible the real field experiment in both experimental 

design (e.g. survey geometry, data acquisition parameters) and representation of the 

relevant physical processes. 

b. Inverse Modeling – The synthetic observations obtained through forward 

modeling in the previous step are inverted. The inversion of the synthetic data 

should mimic the inversion of the real field data (acquired in the real field 
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experiment), including the parameterization (e.g., model grid) and selection of 

regularization criteria.   

 

4) Generation of Field-Scale Geologic Analogs: Each geologic property realization is 

upscaled from the core scale to the field scale using an appropriate spatial weighting 

function (Figure 6.1).  This step can be carried out using volumetric averaging if the 

geologic properties of interest are volumetric properties, e.g., water content.  

 

5) Field-Scale Rock Physics:  The sets of field-scale analogs are used to infer a 

relationship between the geophysical and geologic properties at each model cell.  These 

relationships can then be used to post-process the real-world geophysical properties to 

obtain an estimate of the geologic properties for the actual field site.  

 

Both error and uncertainty can be addressed within each step of our Monte Carlo 

framework.  For example, the impact of alternative conceptual models of spatial 

heterogeneity (Step 1), uncertainty in the core-scale rock physics (Step 2), systematic or 

random errors in antennae position (Step 3), or simplifying physical assumptions made in 

the inversion (e.g., straight ray paths) could all be investigated.  Additionally, the field-

scale rock physics relationship obtained in Step 5 could be modeled either 

deterministically or stochastically, e.g., as a joint probability density function.  The reader 

should recognize, however, that if a large degree of error or uncertainty exists in any of 

the steps, e.g., if the appropriate model for spatial heterogeneity were unknown or chosen 
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incorrectly, then the resulting field-scale rock physics relationships could likewise have 

large uncertainties associated with them or could potentially yield misleading results.   

We note that our technique can be integrated with work being pursued in 

statistical rock physics (Mukerji et al., 2001), which is also aimed at improving field-

scale estimates of rock physics relationships, but does not address field-scale issues such 

as sampling physics or inversion artifacts.   

 

6.4 Radar Tomography Example 

Although the concepts discussed in this paper are applicable to general 

geophysical estimation problems, we demonstrate our calibration technique for a specific 

synthetic example where radar tomography is used to estimate a spatially heterogeneous 

distribution of water content. 

 

6.4.1 Reference Problem Description 

The reference water content distribution, which represents the ‘real’ field site in 

this example, is shown in Figure 6.2a.  This model was generated using SGSim (Deutsch 

and Journel, 1998) as an unconditional realization of a Gaussian random field with mean 

water content of 0.25 (vol./vol.), standard deviation of 0.05 (vol./vol.), and a spherical 

variogram (horizontal range = 8.4 m, vertical range = 2.8 m).  The size of the model 

domain is 14m x 31.4m with a 48 cm cell spacing (i.e., 29 x 65 cells).  Dielectric 

constants, κ, for the reference case were calculated from the water content, θ, at each cell 

using the Topp equation (Topp et al., 1980).  Electromagnetic wave velocity, v, was then 

determined from the dielectric constants (i.e., v = co/(κ)1/2 , co = 3x108m/s).        



The radar tomography survey was simulated for this velocity model by 

calculating the fastest possible travel time between source and receiver positions in 

boreholes located on either side of the model domain (x=0 and 14m); travel time 

calculations were performed using a numerical solution of the eikonal equation based on 

the work of Sethian and Popovici (1999).  Source and receiver locations were positioned 

at 1m intervals in the boreholes, resulting in a total of 961 travel time measurements.   

 

 

Figure 6.2 a. True field-scale water content.  Estimated water content distributions obtained using: b. the 
Topp equation, c. numerical analogs, d. average of water content realizations.  Plots of true vs. estimated 
water content illustrate the accuracy of the estimates obtained using: e. the Topp equation, f. numerical 
analogs, g. average of water content realizations; accurate estimates fall along the 1:1 line (solid).  The 
dashed lines indicate a water content of 0.25 (vol/vol), which is the mean of the reference field. 

 

The travel time data were inverted assuming straight-rays between source and 

receiver locations.  The inversion was performed using damped-least squares (e.g., 

Menke, 1989) with a regularization constraint that penalizes deviations of the estimated 
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velocities away from the mean slowness (1/v).  To simulate the differences in scale that 

occur in the field, we chose to perform the inversion using a coarser grid (20 x 40 cells) 

than the reference model (29 x 65 cells).   

 

6.4.2 Estimating Water Content  

Geostatistical interpolation (e.g., kriging) can be used to estimate water content 

values between the well locations without using the geophysical data.  We approximated 

the kriging estimate by averaging 50 conditional water content realizations (Figure 6.2b).  

Because the realizations are conditioned to data at the well locations (i.e., x=0 and 14m) 

the accuracy of the water content estimates is best there and decreases toward the center 

of the model, where they revert to the a priori mean value for the domain.  As a result, 

the large-scale patterns of heterogeneity across the model are not captured by kriging.   

Radar tomography does a much better job of capturing the continuity of the large-

scale heterogeneities.  However, the high and low values of the field-scale water content 

estimated using the Topp equation (Figure 6.2c) are damped compared to the true values 

(Figure 6.2a), even though the Topp equation was the core-scale rock physics relationship 

used to create the reference case.  This occurs because the inversion was designed to 

penalize large variations from the mean of the estimated slowness.  In addition, a bias is 

introduced toward higher velocities, i.e., lower water contents, because the travel times 

we record represent the fastest path through the medium.  Although this bias is relatively 

small in Figure 6.2f (the mean water content is underestimated by 0.01 (vol/vol)), in 

experiments where we increased the variance of the water content for the reference field 

we have found that the bias becomes significant; the mean water content was 
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underestimated by 0.1 (vol/vol) when the variance of the water content field was 

increased to 0.15 (vol/vol).  Because effects like preferential sampling along ray paths 

and inversion artifacts are a consequence of the global properties of the experiment, they 

cannot be addressed by traditional rock physics approaches, which focus on the local 

properties of a medium.     

Figure 6.2d shows the water contents estimated with field-scale rock physics 

relationships determined using the analog approach described earlier.  Specifically, the 

analog models in this example were created by generating 50 realizations of core-scale 

water content conditional to known values at the well locations (i.e., x=0 and 14m).  The 

realizations were simulated using the same model of spatial variability, i.e., variogram, as 

in the reference case.  The water content values in these realizations were transformed to 

dielectric constants using the Topp equation.  Each dielectric constant realization was 

then used to forward model the geophysical survey, as described for the reference case.  

The data for each realization were inverted to obtain apparent dielectric constants on the 

same coarse grid used for the inversion of the reference case, while water contents were 

upscaled to this grid by arithmetic averaging.  At every stage in the generation of the 

analogs, we used the same parameters and methods to perform the simulations as for the 

reference case.  Finally, to determine the field-scale rock physics relationships from the 

analogs we fit a linear relationship to each set of 50 dielectric constant and water content 

pairs, one pair from each realization, at every spatial location in the domain.  At each 

point in space, the resulting relation for that location was then used to transform the 

dielectric constant to water content for the reference case, i.e., the ‘real’ field data, the 

results of which are shown in Figure 6.2d.  The field-scale rock physics relationships 
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yield an estimate that better reproduces both the large-scale patterns of heterogeneity and 

local magnitudes of water content than either of the other two methods (i.e., the Topp 

equation or kriging).  The local accuracy of the water content estimates can be quantified 

by the root mean square error (RMSE).  The RMSE of the water content estimates 

obtained using the field-scale approach (0.025 vol./vol.) is significantly lower than that 

obtained with either of the other two approaches, both of which have an RMSE of 0.039 

(vol./vol.).  

 

6.5 Discussion and Conclusions 

We have outlined an approach that uses numerical analogs to derive rock physics 

relationships accounting for both rock properties and additional factors influencing field-

scale geophysical estimates.  A major advantage of the technique is that it takes into 

account the spatial variability of these factors by performing calibrations as a function of 

spatial location.  Additionally, the approach is very flexible, as it is based on Monte Carlo 

simulation, and can be used to investigate field-scale rock physics relationships for a 

wide array of problems.  Overall, our approach is similar to traditional rock physics in 

that it attempts to locally relate geophysical and geologic properties, but differs since our 

approach also depends on global properties of the field experiment.   

There are some similarities between the mechanics of our approach and Monte 

Carlo based inversion.  However, the goal of inversion, to select realizations with 

predictions that best match the true field data, is different from our goal, which is to 

produce field-scale relationships between geophysical properties and other properties of 

interest.  In both cases, the ability to account for complex scenarios and non-linear 
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behaviors are significant strengths over comparable methods.  However, because Monte 

Carlo inversion techniques determine the goodness of each realization using a global 

measure, i.e., data misfit, a disadvantage of these inverse methods is that they can 

potentially require thousands of realizations to obtain a satisfactory result (Peck et al., 

1988).  In contrast, the local, spatially variable relationships produced using the field-

scale rock physics approach described here can capture the local impact of global 

processes in a relatively low number of realizations.  As a result, our approach to field-

scale rock physics, coupled with an appropriate inversion scheme, makes it possible to 

draw upon the strengths of a Monte Carlo inversion while reducing the computational 

effort. 

We have presented an example where using field-scale rock physics relationships 

lowered the RMSE of the water contents estimated by a radar tomography survey by 35% 

compared to the use of traditional rock physics or geostatistics (i.e., kriging).  Our 

intention in this paper, however, is not to suggest that the proposed field-scale rock 

physics technique will always improve estimation accuracy.  Instead, we wish to illustrate 

the principle that numerical analogs can be useful tools for investigating relationships 

between field-scale variables.  This calibration technique is not a replacement for 

inversion, but rather a supplement that improves the local accuracy of geologic property 

estimates obtained using geophysical methods.      
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