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The full-field model of the 70-year-old Hugoton field (largest in NA) is a 

comprehensive lithologic and petrophysical view of a giant reservoir system in a 108-

million cell model covering 10,000-mi2 (26,000-km2).  It is a quantitative basis for 

evaluating remaining gas, particularly in low-permeability intervals, and will aid field 

management and enhance ultimate recovery.  The model is also a tool for developing 

depositional models and for understanding controls on sedimentation.  Both the 

knowledge gained and the techniques and workflow employed have implications for 

understanding and modeling similar reservoir systems worldwide. 

Accurate representation of lithofacies in the model is critical because water 

saturation from wireline logs is inaccurate due to filtrate invasion.  Lithofacies-based 

petrophysical properties are used to estimate water saturation.  Neural-network 

prediction of lithofacies using wireline logs and two geologic variables is effective in 

predicting lithofacies at wells.  Between wells, lithofacies and wireline-log porosity, 

corrected by lithofacies-dependent algorithms, are reliably represented by stochastic 

methods. Permeability, water saturation, and gas in place at the cell level are 

calculated by lithofacies- and porosity-dependent petrophysical transforms.  Based on 

the model, 963 billion m3 (34 tcf) of the produced gas represents 65-70% of original 

gas in place.  The reservoir is a layered, differentially depleted system, and most 

remaining gas is in intervals having lower permeability. 

The model illustrates shifting sedimentation patterns related to glacioeustacy 

on a large, stable, gently sloped ramp.  The 160-m reservoir comprises thirteen 
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upward-shoaling carbonate cycles vertically stacked in a low-relief setting. 

Lithofacies bodies are laterally extensive and reservoir storage and flow units, mostly 

grain-supported marine carbonate, exhibit broad lateral continuity.  Carbonate cycles 

are separated by fine-grained siliciclastic strata (mostly loess) deposited in a 

savannah-like setting.  Climate variability controlled sediment supply and delivery. 

Relatively dry conditions and low vegetative cover during low sea level allowed fine 

siliciclastic sediments to be delivered to the ramp by eolian processes where they 

were stabilized by vegetation in an aggradational landscape.  During high sea level 

wetter conditions and increased vegetation curtailed siliciclastic supply to a flooded, 

carbonate-dominated ramp.  The results illustrate new climate-controlled mechanisms 

for cyclicity in fine-grained siliciclastic strata. 
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CHAPTER 1 - Introduction 

 

Detailed cellular geomodels are important for reservoir management for large 

petroleum reservoir systems.  However, building such models has inhibited by the 

lack of efficient workflows for developing and managing large data sets.  North 

America’s largest gas field, the Hugoton, is an example. Only portions of 12,000 well 

field had been characterized and modeled before our 108-million cell, 10,000-mi2 

(26,000-km2) was built. The 3-D model is a tool for reservoir management of the 

mature reservoir that has produced 963 billion m3 (34 tcf) of gas. The workflow 

developed is an example that can be used for building similar models of other large 

reservoir systems worldwide.  

Digital data provide opportunities to explore geologic problems from different 

perspectives and more efficiently than was possible before the digital age.  

Geostatistical methods and their application are constantly being refined and 

expanded. One area of my investigation is the use of automated lithofacies 

recognition methods to classify lithofacies from wire-line logs to develop large-scale 

cellular geomodels (Chapters 2 and 4).  Stochastic cellular models are usually 

developed as tools for managing petroleum reservoir systems (Chapter 3); however, 

the three-dimensional views of lithofacies afforded by such models are useful in 

scientific investigations (Chapter 4). Three papers presented here cover the 

construction of a geomodel of a giant gas field designed to improve understanding of 

the reservoir system, and the use of the model as a tool in solving a problem dealing 

with climate and sea level control on cyclic sedimentation in Permian siliciclastic 

strata. 

The series of papers presented in this dissertation revolve around one principal 

goal: building a field-scale lithofacies and petrophysical model for the Hugoton field 

that is sufficiently robust to accurately represent rock properties, including lithofacies, 

at well, multi-well and larger scales. The geomodel, discussed in chapter three, was 

the result of a multi-disciplinary study with support from ten industry partners in the 
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Hugoton Asset Management Project (HAMP).  HAMP was a three-year study that 

ended in 2006.  Industry consortium partners provided funding and data in support of 

developing a geomodel for documenting the distribution of lithofacies, and the rock 

properties that control reserves and production in North America’s largest gas field. I 

was the principal investigator and manager of the project that involved the 

collaboration of four other scientists from the Kansas Geological Survey, three 

consultants, another graduate student, and several support staff. Chapters two and 

four were also a result of collaborative work and the roles of co-authors in all 

chapters are stated in the summaries of each chapter, below. 

 

Lithofacies classification 

In chapter two, a variety of multivariate statistical approaches for determining 

lithofacies on the basis of measured and derived properties were tested. Collaborators 

were Geoffrey C. Bohling, Kansas Geological Survey, and Swapan Chakrabarti, 

University of Kansas. Bohling provided support in computer programming and test 

design. Chakrabarti provided guidance on selection of classifiers to be tested. The 

chapter was written in a manuscript format for a peer-reviewed journal and is 

currently in press with Computers & Geosciences.  Lithofacies classification, 

assigning a rock type or class to specific rock samples on the basis of measured 

properties, is fundamental to many geologic investigations. Processing data 

efficiently for lithofacies information is critical when using large data sets to model 

large rock volumes (e.g., Hugoton modeling project). The conventional method of 

“manually” assigning lithofacies in half-foot (0.15 m) segments on a well-by-well 

basis was impractical in the Hugoton project due to the large data volume being 

considered (1600 wells).  Seven classifiers were selected for testing from a broad 

spectrum, and included three parametric and four non-parametric methods.  From the 

parametric multivariate family, classical methods using Bayes’ rule and linear, 

quadratic and Mahalanobis approaches were chosen. Non-parametric methods 

included fuzzy logic, two variations of k-nearest neighbor, and feed forward-back 
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propagating artificial neural network. Neural networks outperformed six other 

classification techniques and were the cornerstone for modeling the Hugoton field.  

 

Hugoton geomodel 

The Hugoton geomodel is a comprehensive lithologic and petrophysical view 

of a mature giant Permian gas system. Collaborators in chapter three were Alan P. 

Byrnes, Geoffrey C. Bohling, and John H. Doveton, all from the Kansas Geological 

Survey.  The chapter was written in a manuscript format for a peer-reviewed chapter 

in a book on giant reservoirs and was published (2006) in the American Association 

of Petroleum Geologists Memoir 88, Giant reservoirs of the world: From rocks to 

reservoir characterization and modeling, P. M. Harris and L. J. Weber, eds.  Byrnes 

established relationships between lithofacies and their core petrophysical properties, 

and developed algorithms for estimating permeability and water saturation.  Bohling 

wrote code for automated data processing, determined optimal neural network 

parameters, and guidance on model variogram selection.  Doveton developed 

algorithms for correcting wire-line log porosity.  Nathan Winters provided digital 

core descriptions for most Chase cores under my close supervision.  I described core 

for the Council Grove Group and some of the Chase Group.  I also managed the 

characterization and modeling team, determined lithofacies from digital core 

descriptions, trained, tested, and applied neural networks in estimating lithofacies, 

constructed the geomodel (using PetrelTM, a commercial modeling application), 

developed depositional models for the Chase and Council Grove Groups, and applied 

the geomodel to document the distribution of lithofacies and properties in the 

Hugoton field.  

The Hugoton field has yielded 34 tcf (963 billion m3) gas over a seventy-year 

period from 12,000 wells in the Kansas-Oklahoma portion of the field. Production is 

from thirteen carbonate-siliciclastic cyclothems in a 170 m interval in the 

Wolfcampian Chase and Council Grove Groups. Accurate determination of water 

saturations is problematic due to filtrate invasion, necessitating the use of lithofacies-
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based petrophysical properties to estimate water saturations. Core-based calibration of 

neural-net prediction of lithofacies using wireline-log signatures, coupled with 

geological constraining variables, provided lithofacies at wells. Wire-line porosity 

was corrected at wells based on lithofacies. Stochastic methods were employed to 

estimate lithofacies and porosity between wells. Permeability and water saturation 

were estimated in the cellular model through the use of petrophysical transform 

equations knowing lithofacies, porosity and height above free water level. An 

accurate lithofacies model, coupled with lithofacies-dependent petrophysical 

properties, allowed the construction of a 3-D geomodel that has been effective at the 

well, section (1mi2, 2.6 km2) and multi-section and field scales. The full-field model 

of the 10,000-mi2 (26,000-km2) study area provides an unprecedented 3-D view of 

shifting sedimentation patterns on a large stable ramp in response to climate change 

and sea-level oscillation. The large-scale view provides a means to document 

geological features in the sedimentary system related to reservoir performance that 

are not viewable at smaller scales. The model is a tool for predicting properties, water 

saturations, and initial gas in place. It is a quantitative basis for evaluating remaining 

gas in place, particularly in low-permeability intervals. The model and study also 

provide a “fast-forward” view of similar giant reservoir systems worldwide. 

 

Depositional and climate models for Wolfcampian siliciclastic strata 

Chapter four used the geomodel in conjunction with detailed facies analysis in 

core to explain depositional controls and accommodation for thick, poorly 

understood, continental siliciclastic intervals. Collaborators in chapter four, Robert H. 

Goldstein and Stephen T. Hasiotis, both from the University of Kansas, provided 

guidance on interpreting depositional environments and climate from the sedimentary 

record. Hasiotis identified adhesive meniscate burrows (AMB), trace fossils with 

significant climate and environmental implications. 

Siliciclastic strata in seven Wolfcampian carbonate-siliciclastic cyclothems 

have been suggested as the Hugoton field’s lateral seal that, when accompanied by a 

 19



Leonardian evaporite top seal, created a giant stratigraphic trap for the 

Hugoton gas field. Siliciclastic sediments accumulated and built relief well above sea 

level on the landward portion of a low-relief ramp is that would normally be 

considered above base level.  Data support the hypothesis that accommodation was 

the result of eolian loess being trapped and stabilized by vegetation and associated 

soil processes. Thinning and pinching out of marine carbonate coincident with thick 

underlying siliciclastic intervals is evidence for an aggradational landscape in the 

updip portion of the exposed carbonate ramp. Climate variability is reflected in 

climate sensitive sedimentary features in core, and grain size distribution and 

lithofacies body geometries observed in the geomodel. The succession of lithofacies 

in siliciclastic intervals in cyclothems was demonstrated to be cyclical itself and 

related to climate cycles that were related to glacial-interglacial cycles. Relatively 

arid conditions and sparse vegetative cover prevailed during sea-level lows, making 

fine siliciclastic sediment available for transport by eolian processes. Wind 

transported sediments to the exposed ramp by suspension and saltation where they 

were deposited and stabilized by vegetation and soil processes in a climate setting 

that was seasonally wetter. When sea level was high, a moister climate prevailed, 

eolian sediment supply was curtailed, and marine carbonate sedimentation dominated. 

Thickness and lateral gradation in Wolfcampian siliciclastic strata support a westerly 

source and it is likely that sediments originated in the Ancestral Rocky Mountains. 

 

Appendix 

Appendix Section A summarizes core description methods, examples of 

digital core descriptions, and url links to the data on the Kansas geological Survey 

website.   Appendix Section B provides a brief summary of neural networks and 

details on their application in the model building workflow. Appendix Section C is a 

comparison between Geomod4, a later version of the Hugoton geomodel, and 

Geomod3, the version used in Chapter 3.  The models are very similar despite the 
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increase from 17 cores in Geomod3 to 28 in Geomod4. Appendix Section D 

documents slope and relief on the gently dipping ramp, the setting for the study area. 
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CHAPTER 2 - Comparison of Four Approaches to a Rock Facies Classification 

Problem 

 

This chapter is currently in press. (Dubois, M. K., G. C. Bohling, and S. Chakrabarti, 

in press, Comparison of four approaches to a rock facies classification problem: 

Computers & Geosciences.) 

 

CHAPTER SUMMARY 

 

In this study seven classifiers based on four different approaches were tested 

in a rock facies classification problem: classical parametric methods using Bayes’ 

rule, and non-parametric methods using fuzzy logic, k-nearest neighbor, and feed 

forward-back propagating artificial neural network. Determining the most effective 

classifier for geologic facies prediction in wells without cores in the Panoma gas field 

in Southwest Kansas was the objective. Study data include 3600 samples with known 

rock facies class (from core) with each sample having either four or five measured 

properties (wire-line log curves), and two derived geologic properties (geologic 

constraining variables).  The sample set was divided into two subsets, one for training 

and one for testing the ability of the trained classifier to correctly assign classes.  

Artificial neural networks clearly outperformed all other classifiers and are effective 

tools for this particular classification problem.  Classical parametric models were 

inadequate due to the nature of the predictor variables (high dimensional and not 

linearly correlated), and feature space of the classes (overlapping). The other non-

parametric methods tested, k-nearest neighbor and fuzzy logic, would need 

considerable improvement to match the neural network effectiveness, but further 

work, possibly combining certain aspects of the three non-parametric methods, may 

be justified.  
 
INTRODUCTION 
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Facies classification, assigning a rock type or class to specific rock samples on 

the basis of measured properties, is fundamental in geologic investigations.   

Modeling the gas reservoir in the Panoma Field (Figure 2-1) is part of a long-term 

project of the Kansas Geological Survey and an industry consortium, studying the 

Hugoton and Panoma fields in southwest Kansas and northwest Oklahoma. Having 

produced 963 billion m3 (34 tcf) gas from > 12,000 wells, the fields constitute the 

largest gas producing area North American.  Gas from the Panoma is produced from 

the upper seven marine-continental sedimentary cycles of the Permian, Wolfcampian, 

Council Grove Group (Figure 2-2) and classifying these rocks is the subject of this 

paper.  

Classification of lithofacies and their accurate representation in a 3D cellular 

geologic model is critical to understanding the field because permeability and fluid 

saturations for a given porosity and height above free water vary considerably among 

lithofacies (Dubois et al., 2006). The best source of lithofacies information is core 

samples of reservoir rock from wells; however, cores are not commonly taken due to 

expense.  Because availability of core is limited compared to the number of wells in 

the field, a method for estimating lithofacies in wells without cores is necessary.  In 

this case, core lithofacies are extrapolated from cored wells (training wells) to 

uncored wells through comparison of physical rock properties measured by wire-line 

logs. 

The conventional method of manually assigning lithofacies in half-foot (0.15 

m) segments on a well-by-well basis is impractical in the Panoma modeling project 

due to the immense volume being considered (hundreds of wells sampling a 250-foot 

(75 m) interval, Figures 2-1 and 2-2). Applying cutoff rules to wire-line log curves by 

facies and cross plots of log curve data can augment the process, but even then it is a 

very tedious and time consuming process.  

A variety of multivariate statistical approaches to the problem of facies 

classification from wire-line log curve measurements have been applied over the past 
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few decades. Wolf and Pelissier-Combescure (1982) used principal component and 

cluster analysis in an automated process to determine facies, while Busch et al. (1987) 

and Delfiner et al. (1987) applied discriminant function analysis to estimate facies. 

Baldwin et al. (1990) and Rogers et al. (1992) stepped away from the classical 

multivariate statistical methods when they used non-parametric feed forward-back 

propagating neural networks for rock classification. Since then neural networks have 

been utilized in an increasing number of facies classification problems (e.g.: Kapur et 

al., 1998; Grotsch and Mercadier, 1999; Saggaf and Nebrija, 2000; Russell et al., 

2003).  Saggaf and Nebrija (2003) summarize the use of fuzzy mathematical 

techniques in geologic classification problems. Our preliminary work suggested that 

properly trained artificial neural networks (ANNs) are effective tools for assigning 

facies to Council Grove intervals on the basis of measured and derived properties and 

that facies estimation on a well-by-well basis can be efficiently accomplished through 

batch processing (Dubois et al., 2003a, b).  The object of this paper is to compare 

ANNs with other significantly different classification methods to see if facies 

classification could be improved. Other methods tested include classical multivariate 

discriminant analysis employing Bayes’ rule, and two non-parametric methods, fuzzy 

logic and k-nearest neighbor.  The Bayesian classifier parametrically defines 

boundaries between classes.  K-nearest neighbor is at the opposite end of the 

classification spectrum from parametric models (Hastie et al., 2001) and is simply a 

“look alike contest” where unknown objects are matched with the most similar 

objects having known class. Fuzzy logic addresses the natural fuzziness of data in an 

attempt to make discrete class assignments when faced with fuzzy predictor variables 

and fuzzy class boundaries (Saggaf and Nebrija, 2003). Neural networks are non-

linear statistical models where weights are iteratively adjusted to reduce error in class 

prediction. 

 

ROCK FACIES (CLASSES) AND THEIR FEATURES 
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Sedimentary rocks in this study are subdivided into eight rock facies (classes), 

and the term facies as used throughout this paper means lithofacies (lithology). Facies 

were distinguished on the basis of rock type (siliciclastic or carbonate) and texture 

(Folk (1954), grain size for siliciclastics, and Dunham (1962), classification for 

carbonates), and they represent a continuum that can be lumped or split in many 

ways.  We settled on eight classes (facies) by balancing three objectives: (1) 

maximum number of facies distinguishable by petrophysical wire-line log curves;  (2) 

minimum number of facies needed to accurately represent the physical variability of 

the reservoir; and (3) class distinction by core petrophysical properties (porosity-

permeability relationships and capillary pressure). Two facies are of continental 

origin, coarse siltstone (F1) and shaley fine siltstone (F2), and six are of marine 

origin, marine siltstone (F3), carbonate mudstone (F4), wackestone (F5), fine-

crystalline dolomite (F6), packstone (F7), and grainstone (F8). Facies codes 

generally, but not perfectly, reflect position in the continuum of facies and increasing 

permeability for a given porosity for marine facies codes F3-F8. In the nonmarine 

realm, F1 generally has higher permeability than F2 for a given porosity.  Adjacent 

facies codes are generally close neighbors in terms of petrophysical properties.  

 Rocks have numerous physical and chemical properties that can be used in 

classification, but the most readily available properties for rocks encountered in oil 

and gas wells are those measured by petrophysical logging tools lowered into the well 

bore on a wire-line after a well is drilled.  Digital measurements are recorded at half-

foot (0.15 m) increments from devices for a variety of physical properties, including, 

but not limited to, porosity, natural gamma radiation, resistivity, and photoelectric 

effect.  Measured properties and transforms thereof are potential elements of feature 

vectors. This study utilizes five feature elements derived from wire-line log 

measurements, including natural gamma ray radiation (GR), neutron and density 

porosity average (PHI), neutron porosity and density porosity difference (N-D), 

photoelectric effect (PE), and apparent true resistivity (Rta) (Figure 2-2).  These logs 

are commonly recorded in wells drilled since the 1970’s and are often used for facies 
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classification.  Different facies have characteristic wire-line log “signatures,” a 

combination of the responses measured by the petrophysical tools, which allow 

petroleum geologists to differentiate facies.  Two important additional feature 

elements derived from geologic data incorporate geologic knowledge in the variable 

mix. Formation or member tops (Figure 2-2) segregate the Council Grove into 

alternating nonmarine and marine half-cycles, fundamentally different depositional 

environments.  A nonmarine-marine (NM-M) depositional environment indicator 

variable is assigned to intervals on the basis of the depth of the top and base of 

stratigraphic formations or members.  Relative position (RPos) is the position of a 

particular sample with respect to the base of its respective nonmarine or marine 

(formation/member) interval. These two geologic constraining variables (GCV) are 

important because certain facies are restricted to broadly-defined depositional 

environments (nonmarine and marine), and facies in the Council Grove nonmarine-

marine cycles have predictable vertical stacking patterns (Dubois et al., 2003a, 

Dubois et al., 2006).   

The PE curve is available for only five of the eight wells in the training set 

shown in Figure 2-1, about the same ratio as in the set of 515 wells with unknown 

facies.  Since PE is a powerful facies discriminating variable, it is used where 

available. Thus two models for each classifier, one using the PE (PE) and one not 

using PE (NoPE), were developed and tested. 

 

Fuzziness of classes and feature vector elements 

This project involves fuzziness at many levels, but the final desired output, 

facies class, is crisp (discrete).  Although facies definition is theoretically objective, 

with facies having distinctly defined boundaries in basic rock type and texture, in 

practice, the assignment of facies in cores is a subjective process in the absence of 

objective measurements (e.g.: x-ray diffraction and point counts). Rocks in this 

system are composed of varying amounts of four mineral components, calcite, 

dolomite, quartz, and clay, and the relative proportion of these minerals determines 
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basic rock type.  Texture is the relative proportion of grains to mud in carbonate rocks 

and the principal grain size in siliciclastic rocks, both exhibiting continuous rather 

than discrete variation. Furthermore, facies can vary at the centimeter scale but facies 

are assigned at the half-foot (0.15 m) scale.  Thus, crisp class boundaries that 

theoretically could be enforced by objective measurements are subjective and fuzzy 

in practice. It is at boundaries between classes that error in class assignment is most 

likely. Fortunately, classes are broad enough that the majority of the samples are not 

at class boundaries and relatively error-free class distinctions can be made in core.  

Properties measured by wire-line logs are fuzzy on three levels.  First, for 

each class (segment of the facies continuum) there is a fairly wide range of responses 

for each measured property and feature spaces of each property have significant 

overlap between classes (Figures 2-3, 2-4 and Table 2-1).  Second, wire-line log 

measurements recorded at half-foot (0.15 m) intervals are actually weighted averages 

of properties over a much larger interval (several feet, meter), a physical limitation 

inherent in wire-line tools.  Third, varying borehole conditions within and between 

wells influence measurements by wire-line tools and effects of these perturbations 

cannot be effectively corrected within a well bore or easily normalized between well 

bores. 

 

APPROACH 

 

This study uses a facies classification training set from eight wells (Figure 2-

1), collected and organized in conjunction with the Hugoton and Panoma modeling 

project (Dubois et al., 2003a; Dubois, et al., 2006). As indicated earlier, only five of 

the eight wells have the PE predictor variable, therefore classification models for both 

situations, with PE and without PE, were developed for each of the four classifiers 

tested. The experiment involved the following steps:  (1) prepare data; (2) design, 

train and test classifiers; and (3) analyze and compare results using metrics designed 

to meet the objectives of the classification problem.  From the parametric multivariate 
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family we have chosen to evaluate linear, quadratic and Mahalanobis discriminators. 

From the non-parametric arena, fuzzy logic, k-nearest neighbor and artificial neural 

network classifiers were selected. In all cases, classes were predicted by the 

classifiers for both the test set (1/3) and the set of data used in training the classifier 

(2/3). 

 

Data Preparation 

Training data includes 3647 examples at half-foot (0.15 m) intervals having 

known, core-defined facies that are associated with feature vectors of either six or 

seven elements (GR, PHI, N-D, Rta, NM-M, Rpos, and PE when available).  Two of 

the feature vector elements (GR and Rta) have wide ranges but are approximately 

log-normally distributed, so base 10 logarithms of these values were used instead of 

measured values.  Equalization of class counts by facies was considered, particularly 

for ANNs.  However, we chose not to equalize the data sets because test results on 

equalized data sets showed no improvement in prediction accuracy compared to data 

that was not equalized. An eight-well subset of wells having core were chosen from a 

larger pool on the basis of stratigraphic and geographic coverage, availability of 

appropriate wire-line logs, and availability of core analysis data.  The subset chosen is 

believed to be the minimum training set required to represent all major facies and 

their variations across the study area. The 3647 examples were randomly split as a 

group (2/3 -training, 1/3 -testing) and the same set splits were used for training and 

testing all classifiers.  Ratios for the eight facies were approximately the same for 

both the training and testing set.  An alternative approach would have been to 

crossvalidate on a well-by-well basis, removing each well in turn from the training 

data and then predicting on that well. The classifiers are likely to have been less 

successful overall had the well-by-well approach been taken because the training set 

would not include examples from that particular locale, geologic and well bore 

setting. We do not believe that a particular classifier had a distinct advantage over 

another in the random-split approach and success relative to one another is what we 
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investigated. We chose random splitting for simplicity in comparing the large number 

of classifiers. 

 

Measures of success 

Because facies boundaries are fuzzy rather than crisp, measured properties for 

different classes overlap in feature space, and measuring devices tend to average, a 

high degree of absolutely correct classification should not be anticipated.  Having a 

facies classification that is close to the actual (within one facies in the continuum) 

may be deemed satisfactory because properties of the adjacent facies are relatively 

close to those of the actual facies (Dubois et al., 2006). In addition to being correct or 

nearly correct, it is important that the number of a particular facies predicted by any 

classifier be relatively close to that in the overall population in order that the ultimate 

model accurately represents the volumetric distribution of facies.  Because the main 

gas pay facies (F6, F7 and F8) are the most important in terms of gas storage and flow 

capacity, their accurate representation is critical. To judge whether the objectives 

were met and to compare classifiers six metrics were used: 

1. Correct – all facies    

2. Correct – facies 6, 7, and 8       

3. Close (within one facies) – all facies 

4. Close (within one facies) – facies 6, 7 and 8 

5. Representation – all facies 

6. Representation – facies 6, 7 and 8 

 

Metrics 1 and 2 are absolute correct measures, 3 and 4 are “close” measures, and 5 

and 6 are measures of facies representation measured in two different ways.  Metric 

five is the standard deviation in eight ratios of predicted versus actual facies counts 

for the eight classes.  Metric six is the ratio of predicted versus actual facies counts 

for facies 6, 7 and 8 combined.  Because the facies codes do not perfectly reflect a 

continuum, special rules need to be applied in the determination of the “close” metric 
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for certain facies. F2 (shaley fine siltstone) is not considered one facies from F3 

(marine siltstone) and vice versa, mainly due to differences in depositional 

environment; F8 (grainstone) is considered one facies from both F7 (packstone) and 

F6 (fine-crystalline dolomite), on the basis of physical properties; and F7 is 

considered one facies from F5 (wackestone), F6 and F8, on the basis of physical 

properties. 

 

CLASSIFIERS TESTED 

 

Classical multivariate  

Three traditional discriminant classifiers incorporating Bayes’ rule, available 

as functions in MATLABTM, were utilized in the study.  The linear discriminant 

analysis classifier uses a common covariance matrix for all classes and establishes 

linear boundaries between classes while the quadratic form uses different covariance 

matrices for each class and fits quadratic surfaces between classes.  Both linear and 

quadratic approaches use multivariate normal (MVN) density functions. The 

Mahalanobis distance classifier assigns each sample to the closest class as measured 

by the Mahalanobis distance from the sample’s feature vector to each class mean.  

The Mahalanobis distances are also computed using different covariance matrices for 

each class.  Since we are using equal prior probabilities, the Mahalanobis distance 

approaches quadratic discriminant analysis (QDA) and would give the same results 

except that QDA also accounts for differing sizes of group-specific covariance 

matrices as measured by their determinants.  In this group of classifiers, training is the 

computation of group means and covariances from the training set, and testing is the 

estimation of the class for all examples in the test set based on training set statistics. 

Four runs were made for each classifier, PE and NoPE, test and training data.  

Results illustrated by the six success metrics in Tables 2-2 and 2-3 indicate 

that the classical multivariate classifiers had mixed results.  Generally, predicted 

classes were within one facies (“close” metric), but key facies 6-7-8 were 
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significantly over-predicted in two of the three classifiers. None of the three was very 

effective at predicting correct facies, and facies tended to be either significantly over- 

or under-predicted (Pred/Actual in Table 2-3). Of the three classical approaches, the 

quadratic discriminator was most effective, although it was still quite erratic in the 

representation metric. 

 

Fuzzy logic 

The classification problem in this study seems ideal for a fuzzy logic classifier 

(FzLC) approach due to the fuzzy nature of the data.  The method used here is similar 

to that used by Saggaf and Nebrija (2003), where crisp input data (electric log 

property variables) were fuzzied (degree of membership of log variable to the classes) 

and “passed through” an operator that processed the now fuzzy data and made a 

decision on class (crisp output) based on a set of rules.  

Possibly the most critical part of developing the FzLC is defining the feature 

space associated with each variable for each class.  The advantage of fuzzy logic over 

more traditional classifiers (e.g.: Bayes and other discriminant analysis) is that in 

problems where the variable space is irregular, overlapping, and generally fuzzy, the 

space can be defined with a high degree of precision, provided there is sufficient data. 

Membership functions for each predictor variable or feature element (j), for each 

facies or class (k), in the training set (2/3rd of data) were generated using a kernel 

density function (MATLABTM ksdensity function) with 100 divisions in the feature 

space (Figure 2-4).  The feature space encompassed the entire range of values for 

each predictor variable (feature element) in the training data set.  

Figure 2-5 shows schematically the FzLC used in this study. For each test set 

observation (i) the degree of membership (DM) for each feature element (j) to the 

membership function for each class (k) was determined by linear interpolation 

between points in the membership function (jk).  For data including the PE, input is a 

seven-element feature vector and output has 56 elements, eight values for the degree 

of membership to each class for each input value. Where PE is not available, the DM 

 32



is zero for that element in the output vectors.  The output vectors form a 3D array 

(DMijk) where i indexes the DM for variable j in class k.   

The fuzzy decision module rules chosen for this exercise are simple.  The 

degree of membership values in each output vector were summed by class, reducing 

the vector to 1D (1X8), and the predicted class was determined to be the one with the 

maximum summed DM, that is the degree of belonging (DB) to a class.  Although 

simple, this is a logical approach since the degree of belongingness to a class is 

intuitively a function of the summed DM of that observation to the membership 

functions associated with that class in the training set. DMs were weighted by 

multiplying the associated DM of selected predictor variables by a constant (Table 2-

4). 

 

Optimize parameters 

In this FzLC, two parameters are optimized, the smoothing window (u) in the 

ksdensity function used to generate membership functions, and the weights applied to 

DM by predictor variable (j). The default smoothing window width for the seven 

predictor variables varied from approximately 0.02 to 0.04 of the range of the data. 

Membership functions for a series of u values as a function of range were evaluated 

visually for all variables. The u chosen were those having corresponding membership 

functions that were moderately smooth but maintained some of the character 

reflecting the non-normal distribution of the data. Examples for one of the variables 

(PE) for different u are shown in Figure 2-6. Weights were adjusted using expert 

knowledge (understanding which variables tend to be most important in facies 

determination) and by trial and error using percent correct classification as the 

determining metric. An example where knowledge is employed is in assigning a 

weight of 2 to the NM-M variable.  Certain facies only occur in either the marine or 

nonmarine environments, thus weighting the environmental indicator variable heavily 

helps segregate facies from different environments that have similar feature vectors. 

Optimal values for the smoothing window and weights are shown in Table 2-4. 
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Implementation and results 

Training the FzLC is essentially developing membership functions from the 

training data. Due to the structure of the classifier both PE and NoPE data can be used 

in training simultaneously.  Once “trained,” the training pattern (2/3rd) and the test 

pattern (1/3rd) were both classified by the FzLC program and results are tabulated in 

Tables 2-2 and 2-5. Some general comments can be made about the success metrics: 

1. The six measures of success vary little across the three tests, PE, NoPE and 

mixed (combined). 

2. FzLC is fairly good on the close metric (within one class), scoring in the 90% 

range for all facies and for key facies 6-7-8. 

3. Facies 6-7-8 are consistently over-predicted. 

4. The facies predicted do not represent proportions of actual facies very well as 

indicated by high standard deviations of the ratio of predicted to actual by 

class. 

 

A pivot table (Table 2-5) provides a closer look at the data behind the statistics in 

Table 2-2.  It is evident that this FzLC is not effective in classifying certain facies, 

especially classes 4, 6 and 8.  Facies 4 is significantly under-represented at only 11% 

of actual predicted while class 6 is significantly over-represented at 217%.  Class 8 is 

more closely represented, but the number correct for this class is quite low (14 of 51). 

Overall, the FzLC tested in this study is ineffective.   

 

K-nearest neighbor 

In classification problems having relatively high-dimensional feature space 

without a priori statistical knowledge of objects being classified, the k-nearest 

neighbor (k-nn) approach provides simplicity and ease of use.  Feature vectors of test 

set examples were compared with those of all examples in the training set for 

similarity and the twenty most similar examples from the training set (k=20) were 
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segregated for determining likely class in each test example case.  The most frequent 

class associated with the twenty examples was determined to be the most likely class 

of the example being considered (majority rules) with occasional ties being divided 

equally between the classes involved in ties.   

Because many elements of the feature vectors have wide-ranging values that 

are not normally distributed (Figure 2-4) determining similarities by using simple 

distance metrics between raw or normalized elements is not appropriate.   We tested 

two different methods for transforming the predictor variables to numeric values 

between zero and one, an approach using a cumulative density function (CDF) 

transform and a method using a fuzzy transform. In the first approach, a CDF for each 

of the six or seven elements (NoPE or PE) in the training set was generated, and each 

element of each example vector was transformed by “mapping” the element onto the 

probability axis of the appropriate CDF by interpolation, yielding transformed 

variables that are approximately uniformly distributed between 0 and 1.  An 

exception is that we assigned the value of 0 for the nonmarine examples and 1 for the 

marine examples for the NM-M predictor variable.  In the fuzzy approach we 

“borrowed” already transformed vectors from the fuzzy logic classifier, the eight-

element Degree of Belonging (DB) to the class vectors (Figure 2-5). This approach 

might be considered fuzzy k-nearest neighbor. Nearest neighbors for both CDF and 

DB k-nn were determined by calculating the distance of each test example’s vector to 

each training example vector by summing the absolute difference between the vectors 

considered, element-by-element.  The class determined for each test example was the 

class having the most occurrences in the twenty training set examples with the 

shortest calculated distance to the test example (lowest summed absolute differences).  

Results shown in Tables 2-2 and 2-6 illustrate improvement in classification 

using k-nn over previous classifiers in most metric categories and overall, although 

absolute correctness for facies 6-7-8 is lower.  Classification success is about the 

same between the two k-nn classifiers, although k-nn CDF was better in the all-facies 

representation metric while k-nn DB was better in facies 6-7-8 representation metric. 
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Both k-nn classifiers had difficulty recognizing facies 4, 6 and 8, but in most cases 

were at least close (within one facies class). 

 

Artificial neural network 

A conventional feed-forward back-propagating artificial neural network 

(ANN) that is included in Kipling, an ExcelTM add-in developed by Bohling and 

Doveton (2000), was used for this portion of the study. The neural network tool uses 

a simple single hidden-layer neural network with k softmax-transformed outputs 

representing probabilities of membership in k different classes, and a categorical 

prediction, using a “winner-take-all” rule.  The ANN used in this exercise (Figure 2-

7) has either seven (with PE) or six (without PE) input nodes, a hidden layer with a 

variable number of nodes, and an output layer with eight nodes, one for each class 

(facies).  Weights are randomly initialized and adjusted in the feed forward-back 

propagating training exercise with a cross-entropy objective function as the metric for 

training.  Duda et al. (2001) and Hastie et al. (2001) provide good explanations of the 

use of the softmax transform, cross-entropy objective function, and neural networks 

in general.  The optimal number of hidden layer nodes (50) and damping parameter 

(0.1) were determined by cross validation (Figure 2-8).  The damping parameter 

constrains the magnitude of the network weights to help prevent overtraining.  

Models were allowed to iterate (feed forward and back propagate) one hundred times 

during training.   

Unlike the previous classifiers where training is deterministic resulting in a 

single realization, with ANNs, each training session on the same training set results in 

a new unique realization when used to predict classes on an identical test set. We 

therefore trained and tested five ANNs (Table 2-7) for each case (PE and NoPE) and 

averaged the results of the class predictions for and the training (2/3rd) and test (1/3rd) 

sets for comparison with other classifiers (Table 2-2).  Table 2-7 shows very low 

variability between the five trained ANNs for each case (PE and NoPE).  
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Results for the ANN classifiers shown in Tables 2-2 and 2-8 are similar for all 

cases and metrics; however, subtle, persistent and parallel trends exist.  The PE curve 

does improve predictions overall, as one might expect, and classification accuracy for 

the training data is substantially better than that for the test data. Considering only 

classification of the test data (NoPE and PE), the following can be said: 

1. The ANN classifiers do a good job on the close metric (within one class), 

scoring 93% and 94% (NoPE and PE) for all facies and 86% for key facies 6-

7-8. 

2. Key facies 6-7-8 are well represented in the predicted set (104% and 100% of 

actual). 

3. The proportion of predicted facies to actual facies across the entire facies 

spectrum is fairly good as indicated by the low standard deviation of the ratio 

of predicted to actual by class (19% and 21%). 

4. The absolute correct metric for facies 6-7-8 is fairly low (53% and 66%).  

5. The disparity between NoPE and PE in the observation in 4, above, is not 

evident in the “close” metric for facies 6-7-8. 

 

In general, the ANN does a good job of facies prediction if the required accuracy 

is within one class or facies.  The PE curve does help significantly on the absolute 

accuracy metric, but not having a PE curve is not deleterious when considering the 

“close” metric.  Facies proportions predicted are fairly good overall, but pivot tables 

(Table 2-2 through 2-8) show that facies 4 and 8 continue to be difficult to accurately 

predict, with many of 4 being predicted as 5 and facies 8 often predicted as facies 7 

(within one facies). 

 

RESULTS AND DISCUSSION 

 
Effectiveness of the classifiers should be based on all metrics taken 

collectively rather than individually.  Absolute correctness is important and desirable; 

however, considering the fuzzy nature of the facies and inherent error in the data, 
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being close (within one facies) is nearly as good as being precise. Having a facies 

model that approximates the relative proportions and distribution of facies is another 

key objective.  Facies 6, 7, and 8 are the more critical facies since they are the most 

significant in terms of reservoir storage and flow.  

The artificial neural network is the clear winner in this study, ranking highest 

in five of six metrics for examples with PE and three of six metrics for examples 

without PE (Table 2-9).  Total score, the sum of all metrics, separates the ANNs from 

other classifiers. The two nearest neighbor classifiers (second and third ranking 

classifiers) are close to each other and distinguish themselves from the remaining 

classifiers in most metrics except for correctly classifying facies 6-7-8, where they 

did not perform very well.  Fuzzy logic and the three parametric classifiers, linear, 

quadratic and Mahalanobis, were clearly inferior when compared to the top three 

classifiers.  Where the fuzzy logic and Mahalanobis appeared to be more effective 

than ANNs in correct and close metrics for facies 6-7-8, it was mainly due to these 

facies being over predicted (see Tables 2-2, 2-3 and 2-5). Variance in the ratios of 

predicted/actual (representation-all facies) may indicate a high level of instability in 

those classifiers, while relatively low variance between classes in the ANN and k-nn 

indicates that they are fairly effective at least getting close in most facies classes. 

Results illustrated graphically in Figures 2-9 and 2-10 are results for facies 

predictions of examples in test sets (1/3rd withheld from training) using NoPE data.  

Where the PE curve is available the classifications were better, however the results 

without PE were similar and paralleled the PE results with all four classifiers (see 

earlier tables).   

None of the classifiers effectively predict facies 4 and 8, possibly due in part 

to their small class size.  Fortunately the predicted facies, when wrong, is usually 

within one facies.  The nonmarine-marine predictor variable, a geologic constraining 

variable, is very effective in helping all classifiers segregate nonmarine facies (1 and 

2) from the marine facies (3-8) as very few examples were miss-categorized by any 

classifier.  Using the PE curve when available improves classification an average of 
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2.5% across the spectrum of classifiers and data sets (testing and training sets). The 

neural network seems to make best use of the PE variable as it shows the most 

improvement, an average increase of 4.6% per metric. 

Most results illustrated are those for predicting the class of examples in the 

test set, but we did predict the class of examples in the training set using the same 

trained classifiers. One might expect that classification of objects in the training set 

would be more successful than classifying those in the test set. That is the case for the 

non-parametric, pattern matching classifiers (fuzzy logic, k-nearest neighbor, and the 

neural network) where success metrics were better than that on the test set by 5.2% on 

average. However, it is not the case for parametric classifiers (linear, quadratic and 

Mahalanobis) where the performance was the same, albeit poor.  Here, group means 

and covariances determined from the training data are also reasonably representative 

of the groups in the test data because of the way that the data set was split.  Among 

non-parametric classifiers the difference was greatest for neural networks (Table 2-2) 

where training set class prediction metrics were better by an average of 8.7%.  

Differences in classification success between test and training data for the non-

parametric pattern matching classifiers indicates that training sessions were positive 

learning experiences, and the relatively small differences may suggest that the 

classifiers are not over-trained. 

It is easier to explain why classic multivariate classifiers were ineffective than 

it is to explain why the neural network was so much more successful than fuzzy logic 

or k-nearest neighbor.  The classical approaches are parametric discriminant analysis 

tools that should not be expected to perform well in classification problems where 

classes are not separable by global linear or quadratic boundaries.  Earlier tables and 

figures demonstrate that the eight facies classes have overlapping feature spaces in 

three dimensions (Figure 2-3).  At higher dimensions the hypothetical surface that 

separates classes is extremely difficult to represent with a simple parametric model, 

explaining why a non-parametric approach is probably a more appropriate choice in 

this classification problem.  Fuzzy logic and k-nearest neighbor classifiers that we 
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designed are very similar in that they attempt to match characteristics of the example 

being classified with characteristics of known objects (k-nn) or of the class in general 

(FzLC).  The neural network can also be considered pattern matching, but training is 

more complex and there is a different realization for each training session.   The 

neural network approach lies somewhere between the parametric and nearest-

neighbor approaches in that it draws boundaries by summing the sigmoid basis 

functions developed by the hidden-layer nodes.  In general, this should provide a 

better representation of local detail than global boundaries drawn by parametric 

methods and a better ability to generalize than the nearest-neighbor approach.  Due to 

the fuzzy nature of the predictor variables, the problem would seem to be a natural 

one for a fuzzy logic classifier. However, as we designed it, FzLC was not as 

effective as the ANN or k-nn.  Improvements in FzLC performance might be gained 

through additional work on the decision module, either on predictor variable weights 

or through the use of a t-conorm that penalizes examples with low class membership 

values for individual vector elements.  Incorporating fuzzied predictor variables in the 

k-nearest neighbor provided an effective solution for normalization of high 

dimensional features, but was no more effective than using a cumulative distribution 

function.  Improvements might be gained through weight modifications or decision 

rule changes, and further study may be warranted for the “fuzzy” k-nearest neighbor 

classifier. To match the effectiveness of the neural network improvements in any of 

the alternative techniques would need to be substantial.   

In addition to being the most effective classifier considered, the neural 

network is attractive because of the ease with which it can be deployed. ANNs 

require minimal variable transformation, unlike k-nn and FzLC where options are 

practically limitless.  ANNs having a different realization for each training session 

and different solution does not appear to be an obstacle in this particular problem 

since different ANNs yield similar results (Table 2-7).  
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CONCLUSIONS  

 
Artificial neural networks outperformed all other classifiers designed and 

tested in this rock facies classification problem, including three parametric classical 

multivariate classifiers, and three other nonparametric classifiers (fuzzy logic, and 

two k-nearest neighbor classifiers). Traditional parametric discriminant analysis 

techniques are not appropriate for this classification problem due to the non-linearity 

and high dimensionality of the data, and are not as effective as the non-parametric 

pattern matching techniques of other classifiers tested.  Although it would be difficult 

to improve k-nearest neighbor and fuzzy logic to the point that they were competitive 

with the ANN, further study of these techniques may be merited, particularly 

investigations that would blend aspects of the non-parametric classifiers. Considering 

the nature of the data and objectives, an artificial neural network is the classification 

tool of choice for predicting rock facies in wells without cores in the Panoma field in 

southwest Kansas.   
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Facies Code Count Mean StdDev Mean StdDev Mean StdDev Mean StdDev Mean StdDev Mean StdDev Mean StdDev

1 950 70.47 12.63 12.84 3.78 5.58 4.66 3.21 0.38 3.72 1.35 1 0 0.48 0.24
2 817 78.62 14.45 16.18 5.19 6.81 5.78 3.30 0.49 3.85 1.28 1 0 0.56 0.32
3 280 87.20 45.21 11.77 3.03 6.05 3.62 3.73 0.49 6.27 2.09 2 0 0.40 0.19
4 251 59.43 36.16 8.58 3.38 5.17 3.92 4.09 0.54 7.86 2.98 2 0 0.58 0.28
5 600 53.04 30.67 7.90 3.31 2.96 3.51 4.25 0.64 8.30 4.60 2 0 0.51 0.28
6 147 42.24 18.41 13.01 4.69 6.30 3.93 3.77 0.56 3.30 1.59 2 0 0.67 0.24
7 459 40.16 30.39 9.03 4.08 2.37 3.78 4.61 0.66 8.76 7.80 2 0 0.58 0.30
8 143 36.89 15.81 10.50 4.36 1.22 6.41 4.44 1.00 6.09 4.60 2 0 0.56 0.32

ALL 3647 63.68 29.48 11.84 5.06 4.89 4.93 3.75 0.76 5.69 4.30 NA NA 0.53 0.28

Rta NM-M RPosGR PHI N-D PE

 
 
Table 2-1. Combined test and training set facies (class) counts and feature vector 
mean and standard deviation by element. 
 
 

All 
Facies

Facies 
678

All 
Facies

Facies 
678

All 
Facies

Facies 
678

Linear NoPE 0.60 0.47 0.88 0.83 0.37 1.18
PE 0.60 0.47 0.89 0.84 0.35 1.18

Quadratic NoPE 0.63 0.50 0.88 0.79 0.41 1.00
PE 0.62 0.51 0.91 0.82 0.44 1.04

Mahalanobis NoPE 0.59 0.56 0.87 0.87 0.67 1.52
PE 0.60 0.55 0.89 0.86 0.63 1.43

FzLC Mixed 0.61 0.50 0.89 0.90 0.51 1.15
NoPE 0.60 0.49 0.88 0.90 0.56 1.21
PE 0.62 0.49 0.89 0.92 0.53 1.14

k- nn CDF NoPE 0.67 0.45 0.93 0.85 0.29 0.94
PE 0.67 0.42 0.93 0.88 0.25 0.87

k- nn DB NoPE 0.63 0.44 0.91 0.85 0.35 1.03
PE 0.66 0.41 0.91 0.83 0.36 0.96

ANN      (test) NoPE 0.68 0.53 0.93 0.87 0.19 1.04
PE 0.78 0.66 0.94 0.86 0.21 1.00

(train) NoPE 0.77 0.68 0.95 0.92 0.17 0.93
PE 0.89 0.82 0.98 0.96 0.08 0.93

Correct Close (+ 1 Facies) Representation

 
 
Table 2-2. Results of class prediction (facies) in test data (1/3rd withheld) by 
classifiers trained on 2/3rd of data. “Winners” for each metrics are shaded for both PE 
and NoPE cases. Classifiers include linear, quadratic and Mahalanobis, fuzzy logic 
(FzLC), k-nearest neighbor, one using a cumulative density function (k-NN CDF) and 
another using a “degree of belonging” transform (k-NN DB), and artificial neural 
network (ANN).   Success metrics are shown as ratios predicted / actual) except for 
“All Facies” in representation category where value is standard deviation of predicted 
/ actual ratio for all 8 facies.  Due to the nature of FzLC classifier, class predictions 
for examples having PE and those without PE are tested simultaneously and 
combined results are identified in table as "mixed." Results of PE and NoPE 
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examples are split for comparison.  Classes were also predicted for all training sets 
(2/3rd), but only results for those tests for ANN are shown. 
 
Linear-NoPE
Count Pred F Predicted Facies
Core Facies 1 2 3 4 5 6 7 8 Grand Total

1 243 68 311 100%
2 80 205 285 100%
3 80 4 11 3 1 1 100 84%
4 21 22 16 6 12 2 79 75%
5 26 32 70 13 32 28 201 57%
6 4 2 39 4 4 53 85%
7 16 10 15 17 55 23 136 81%
8 1 3 3 8 17 19 51 86%

Grand Total 323 273 148 71 117 86 121 77 1216
Pred/Actual 104% 96% 148% 90% 58% 162% 89% 151% ALL F 88%

Quadratic-NoPE
Count Pred F Predicted Facies
Core Facies 1 2 3 4 5 6 7 8 Grand Total

1 261 50 311 100%
2 95 190 285 100%
3 81 11 3 2 2 1 100 92%
4 15 40 9 7 5 3 79 81%
5 31 48 69 17 18 18 201 67%
6 3 4 3 40 2 1 53 85%
7 9 19 21 16 60 11 136 79%
8 6 9 6 11 19 51 71%

Grand Total 356 240 139 128 114 88 98 53 1216
Pred/Actual 114% 84% 139% 162% 57% 166% 72% 104% ALL F 88%

Mahalanobis-NoPE
Count Pred F Predicted Facies
Core Facies 1 2 3 4 5 6 7 8 Grand Total

1 201 110 311 100%
2 42 243 285 100%
3 52 21 7 2 10 8 100 73%
4 3 29 10 5 19 13 79 53%
5 10 39 53 14 43 42 201 53%
6 1 2 35 2 13 53 74%
7 3 11 11 13 70 28 136 90%
8 2 1 5 13 30 51 94%

Grand Total 243 353 69 102 84 74 157 134 1216
Pred/Actual 78% 124% 69% 129% 42% 140% 115% 263% ALL F 87%

Within 1 
Facies

Within 1 
Facies

Within 1 
Facies

 
 
Table 2-3.  Pivot tables of counts, actual facies and predicted facies, for three 
classifiers using Bayes’ rule classifier (linear, quadratic and Mahalanobis), to classify 
examples from test set (1/3rd withheld) for case without PE (NoPE). Numbers on 
diagonal are examples that were predicted correctly. “Within 1 Facies” is percent 
predicted within 1 facies, as defined in text, and “Pred/Actual” is ratio of predicted 
facies to actual facies by class expressed in percent.  PE results are similar. 
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Range 
Factor Width (u) Weight

GR 0.04 0.06 1

PHI 0.02 0.6 1

N-D 0.04 1 0.8

PE 0.02 0.125 1

Rta 0.04 0.068 0.8

NM-M 0.10 0.1 2

Rpos 0.04 0.04 1.2  
 
Table 2-4.  Kernel density function smoothing window width (u) and weights applied 
to degree of membership by predictor variable determined to be “optimal.”  
Smoothing window widths are equal to range factor multiplied times range for 
variable.  GR is natural log of gamma ray, PHI is average of density and neutron 
porosity, N-D is difference between neutron and density porosity, PE is photoelectric 
effect, Rta is natural log of apparent true resisitivity, NM-M is nonmarine-marine 
indicator, and Rpos is relative position to base of marine or nonmarine half-cycles. 
 
 
 
 
FzLC NoPE
Count of Pred F Predicted facies
Core Facies 1 2 3 4 5 6 7 8 Grand Total

1 246 63 2 311 99%
2 101 184 285 100%
3 62 1 20 10 5 2 100 63%
4 8 6 44 5 9 7 79 73%
5 17 2 114 27 30 11 201 71%
6 5 1 38 5 4 53 83%
7 8 33 23 66 6 136 94%
8 1 7 12 17 14 51 84%

Grand Total 347 247 101 9 221 115 132 44 1216
Pred/Actual 112% 87% 101% 11% 110% 217% 97% 86% ALL F 88%

Within 1 
Facies

’ 
 
Table 2-5. Pivot table of counts, actual facies and predicted facies, for fuzzy logic 
classifier, classifying examples from NoPE test set (1/3rd withheld). Numbers on 
diagonal are examples that were predicted correctly. “Within 1 Facies” is percent 
predicted within 1 facies, as defined in text, and “Pred/Actual” is ratio of predicted 
facies to actual facies by class expressed in percent.  PE results were similar, but 
better overall. 
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k -nn CDF NoPE
Count Pred F Predicted Facies
Core Facies 1 2 3 4 5 6 7 8 Grand Total

1 260 51 311 100%
2 71 214 285 100%
3 83 2 9 2 4 100 85%
4 7 32 25 3 11 1 79 81%
5 14 22 116 5 40 4 201 71%
6 8 1 2 32 10 53 83%
7 10 3 46 8 67 2 136 90%
8 1 2 11 4 24 9 51 73%

Grand Total 331 265 123 62 209 54 156 16 1216
Pred/Actual 106% 93% 123% 78% 104% 102% 115% 31% ALL F 93%

k -nn DB NoPE
Count Pred F Predicted Facies
Core Facies 1 2 3 4 5 6 7 8 Grand Total

1 258 53 311 100%
2 96 189 285 100%
3 75 1 15 2 7 100 76%
4 10 21 27 3 18 79 73%
5 24 8 119 2 42 6 201 64%
6 8 2 6 21 11 5 53 72%
7 12 2 35 11 74 2 136 90%
8 1 7 32 11 51 84%

Grand Total 354 242 130 34 209 39 184 24 1216
Pred/Actual 114% 85% 130% 43% 104% 74% 135% 47% ALL F 91%

Within 1 
Facies

Within 1 
Facies

’ 
 
Table 2-6.  Pivot tables of counts, actual facies and predicted facies, for two k-nearest 
neighbor classifiers, one using a cumulative density function (CDF) and another using 
a “degree of belonging” transform (DB), classifying examples from test set (1/3rd 
withheld) for case without PE (NoPE).  Numbers on diagonal are examples that were 
predicted correctly. “Within 1 Facies” is percent predicted within 1 facies, as defined 
in text, by facies class and “Pred/Actual” is ratio of predicted facies to actual facies 
by class expressed in percent. PE results were similar, but better overall. 
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NoPE1 NoPE2 NoPE3 NoPE4 NoPE5 Mean StDev
Correct All 0.68 0.70 0.70 0.69 0.70 0.69 0.008

F678 Correct 0.53 0.55 0.56 0.54 0.53 0.54 0.012

Close (+1F) All 0.93 0.93 0.93 0.93 0.94 0.93 0.004

Close (+1F) F678 0.87 0.86 0.87 0.86 0.86 0.86 0.003

Representation All 0.19 0.24 0.16 0.19 0.23 0.20 0.034

Representation F678 1.04 0.99 1.02 1.02 0.99 1.01 0.022

PE1 PE2 PE3 PE4 PE5 Mean StDev
Correct All 0.77 0.78 0.78 0.77 0.78 0.78 0.006

F678 Correct 0.68 0.65 0.67 0.67 0.66 0.67 0.011

Close (+1F) All 0.95 0.95 0.95 0.96 0.96 0.95 0.003

Close (+1F) F678 0.92 0.92 0.92 0.94 0.92 0.92 0.011

Representation All 0.17 0.16 0.15 0.16 0.15 0.16 0.009

Representation F678 0.93 0.91 0.92 1.00 0.92 0.94 0.036  
 
Table 2-7.  Success metrics for ten artificial neural networks (ANNs), five NoPE and 
five PE.  Mean values for each case (NoPE and PE) were used for comparison with 
other classifiers.  Low standard deviation in each metric indicates that trained ANNs 
were all very similar. 
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ANN NoPE
Count Pred F Predicted Facies Within 1 
Facies 1 2 3 4 5 6 7 8 Grand Total

1 255 56 311 100%
2 74 210 1 2 100%
3 82 6 8 1 3 100 88%
4 4 31 27 2 12 3 79 78%
5 12 16 123 5 42 3 201 72%
6 2 4 3 32 9 3 53 83%
7 4 7 29 13 79 4 136 92%
8 1 11 4 18 17 51 76%

Grand Total 329 266 104 65 202 57 163 30 1216
Pred/Actual 106% 93% 104% 82% 100% 108% 120% 59% ALL F 93%

ANN PE
Count Pred F Predicted Facies Within 1 
Core Facies 1 2 3 4 5 6 7 8 Grand Total

1 145 27 172 100%
2 22 137 159 100%
3 52 1 5 3 61 87%
4 3 29 8 1 8 49 82%
5 5 12 108 14 4 143 84%
6 4 2 21 5 32 88%
7 2 3 9 1 54 2 71 93%
8 2 2 6 8 15 33 70%

Grand Total 167 164 68 47 138 23 92 21 720
Pred/Actual 97% 103% 111% 96% 97% 72% 130% 64% ALL F 94%

85

 
 
Table 2-8.  Pivot tables of counts, actual facies and predicted facies, for artificial 
neural network classifier, classifying examples from test set (1/3rd of data withheld 
from training) for data with PE and without PE (NoPE) curves. Numbers on diagonal 
are examples that were predicted correctly. “Within 1 Facies” is percent predicted 
within 1 facies, as defined in text, by facies class and “Pred/Actual” is ratio of 
predicted facies to actual facies by class expressed in percent. 
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NoPE All 
Facies

Facies 
678

All 
Facies

Facies 
678

All 
Facies

Facies 
678 Score Rank

Linear 5 5 6 6 4 5 31 6
Quadratic 4 3 4 7 5 1 24 4
Mahalanobis 7 1 7 2 7 7 31 6
FzLC 6 4 5 1 6 6 28 5
k -nn CDF 2 7 2 4 2 4 21 2
k -nn DB 3 6 3 5 3 2 22 3
ANN 1 2 1 3 1 3 11 1

PE All 
Facies

Facies 
678

All 
Facies

Facies 
678

All 
Facies

Facies 
678 Score Rank

Linear 7 5 6 5 3 6 32 6
Quadratic 4 3 4 7 5 3 26 4
Mahalanobis 6 2 7 4 7 7 33 7
FzLC 5 4 5 1 6 5 26 4
k -nn CDF 2 6 2 2 2 4 18 2
k -nn DB 3 7 3 6 4 2 25 3
ANN 1 1 1 3 1 1 8 1

Correct Close (+ 1 Facies) Representation

Correct Close (+ 1 Facies) Representation

 
 
Table 2-9.  Rankings for each classifier by success metric, total score and overall 
rank.  Artificial neural network (ANN) is clearly superior (lowest score), fuzzy logic 
and k-nearest neighbor are tied for second, and three classical methods, linear, 
quadratic and Mahalanobis discriminant analysis, are least desirable, assuming 
metrics are evenly weighted. 
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Figure 2-1. Map showing study area, outline of Hugoton and Panoma fields, location 
of approximately 515 wells with measured and derived predictor variables but no 
facies, and eight wells having continuous core and facies assigned (highlighted by 
triangles).   Eight wells with core are the object of this study that tests classifiers for 
estimating facies in wells without core. 
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(See caption on next page.) 
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Figure 2-2. Predictor variables (feature elements) for a 250-foot (75 m) portion of 
Council Grove Group. Illustrated are five wireline log curves: gamma ray (GR), 
resistivity (ILD), photoelectric effect (PE), neutron-density porosity difference 
(DELTAPHI), and average neutron-density porosity (PHIND); and two geologic 
constraining variables: nonmarine-marine indicator (NM-M) and relative position 
(RPOS).  Variables sampled at half-foot (0.15m) intervals are plotted against depth.  
Color indicates assigned facies, two are of continental origin, coarse siltstone (1) and 
shaley fine siltstone (2), and six are of marine origin, marine siltstone (3), carbonate 
mudstone (4), wackestone (5), fine-crystalline dolomite (6), packstone (7), and 
grainstone (8). Formation or member level tops are also boundaries of marine and 
continental half-cycles. 
 
 
 
 
 
 

 
 
Figure 2-3. Cross plot of three of the seven elements of data feature space, PE, 
PHIND (Porosity), and log of GR (LogGR).  Facies represented by colored dots form 
overlapping clouds in 3D space and are difficult to separate with parametrically 
defined boundaries. 
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Figure 2-4. Membership functions (MF) 
by class (k=8) for each of seven variables 
(j) using kernel density function with 
“optimal” smoothing window (u) for each 
variable.  MF space is divided by 100 and 
values at each point on y-axis (observation 
value) are stored in an I X 101 array.  
Facies key in first plot applies to all plots.  
Each variable has a unique feature space 
for each facies, although there is 
considerable overlap. 



 
 
Figure 2-5. Fuzzy logic schematic.  In this case a 7-element vector is fuzzied in  
“Fuzzifier” to a 56-element vector by determining degree of membership (DM) to all 
8 classes for each element.  DMs are summed by class and an 8-element degree of 
belonging (DB) vector is generated by  “Fuzzy Operator.”  Finally, the decision 
module determines discrete class as the one with the largest element in DB vector. 
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Figure 2-6. Examples of membership (density) functions for photoelectric effect 
predictor variable generated using MATLABTM ksdensity function with different 
smoothing windows (u).  Window u = 0.04 times range of values of data results in a 
membership function that is too smooth. A narrower u (0.02*Range) better represents 
data density and was selected.  An even narrower window (u=0.01*Range) would 
likely hurt model’s ability to generalize. 
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Figure 2-7. Schematic of ANN used in this study with seven (or six) nodes in input 
layer, fifty nodes in a single hidden layer and eight nodes in output layer, the 
probability for each class (k=8).   
 

 
 
Figure 2-8. Optimal damping parameter (0.1) and number of nodes in hidden layer 
(50) were determined by crossvalidation. Ten artificial neural networks were trained 
(2/3rd) and tested (1/3rd) for each scenario and the pair having lowest corresponding 
objective function value was chosen.  The pair 0.1 and 100 has very similar results, 
but 50-node option was chosen as being more likely to provide better generalization. 
Shown is the NoPE case. PE optimal parameters are the same. 
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Figure 2-9. Percentage of NoPE test set (1/3rd withheld) classified correctly for all 
facies and for facies 6, 7, and 8 (Facies678).  Artificial neural network (ANN) was 
most successful for “All Facies” and a close second for “Facies678.” 
 
 

 
Figure 2-10. Representation for NoPE case for facies predicted in test set (1/3rd). 
Shown are measures for representation for facies 6, 7, and 8 (count of predicted/count 
of actual -100% is optimal) and standard deviation of the collection of same metric 
taken individually for all eight classes  (low is optimal). Artificial neural network 
(ANN) is best when considering all facies (SD Pred/Actual All F) and very good 
(near 100%) when considering facies 6, 7, and 8 (F678 Pred/Actual), although it is 
third best in category, behind quadratic (Quad) and k-nearest neighbor DB (k-nnDB). 
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CHAPTER 3 - Multiscale geologic and petrophysical modeling of the giant 

Hugoton Gas Field (Permian), Kansas and Oklahoma 

 

This chapter is presented in its published format. (Dubois, M.K., A.P. Byrnes, G.C. 

Bohling, and J.H. Doveton, 2006, Multiscale geologic and petrophysical modeling of 

the giant Hugoton gas field (Permian), Kansas and Oklahoma, in P. M. Harris and L. 

J. Weber, eds., Giant reservoirs of the world: From rocks to reservoir characterization 

and modeling: American Association of Petroleum Geologists Memoir 88, p. 307-

353.) 

 

CHAPTER SUMMARY 

 

Reservoir characterization and modeling from pore to field scale of the 

Hugoton Field (central U.S.) provides a comprehensive view of a mature giant 

Permian gas system and is aiding in defining original gas in place, and the nature and 

distribution of gas saturation and reservoir properties.  Both the knowledge gained 

and the techniques and workflow employed have implications for understanding and 

modeling reservoir systems worldwide that have similar geologic age and reservoir 

architecture (e.g., Gwahar and North fields, Arabian Gulf).  The Kansas-Oklahoma 

portion of the field has yielded 963 billion m3 (34 tcf) gas over a seventy year period 

from over 12,000 wells. Most remaining gas is in lower permeability pay zones of the 

170-meter thick, differentially depleted, layered reservoir system. 

The main pay zones represent thirteen shoaling-upward, fourth-order marine-

continental cycles, comprising thin-bedded (2-10 meter), marine carbonate mudstone 

to grainstone and siltstones to very fine sandstones, and have remarkable lateral 

continuity. They are separated by low reservoir quality eolian and sabkha redbed. 

Petrophysical properties vary among eleven major lithofacies classes. Neural network 

procedures, stochastic modeling, and automation facilitated building a detailed full-

field 3D 108-million cell cellular reservoir model of the 10,000 mi2 (26,000 km2) area 
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using a four step workflow: 1) define lithofacies in core and correlate to electric log 

curves (training set), 2) train a neural network and predict lithofacies at non-cored 

wells, 3) populate a 3D cellular model with lithofacies using stochastic methods, and 

4) populate model with lithofacies-specific petrophysical properties and fluid 

saturations. 

 

INTRODUCTION 

 

The focus of this paper is on the definition and integration of core-defined 

lithofacies, core-derived petrophysical properties, wireline log response, and 

estimation of reservoir properties to characterize a giant reservoir system at the core-, 

well-, and field-scale.  Central to the effort is the use of core-defined lithofacies to 

“train” a neural network to predict lithofacies at wells without core.  We discuss each 

step of the workflow, many aspects of which could be applied in other settings.  The 

results and summary are an early view of work in progress that is part of the ongoing 

collaborative project. 

Importance of the Hugoton field study extends beyond the borders of Kansas 

and Oklahoma.  Both the knowledge gained and the techniques employed have 

implications for understanding and modeling reservoir systems worldwide that have 

similar geologic age, reservoir architecture, production characteristics, problems in 

determining water saturation, large data sets, split ownership, or maturity.  The full-

field model of the 10,000 mi2 (26,000 km2) reservoir area provides a detailed three-

dimensional view of thirteen shoaling upward cycles vertically stacked in a low relief 

shelf setting. The nature of the model and its construction provides a good analog for 

similar thin, stacked-cycles reservoir systems including the Aneth field in the Paradox 

basin (Weber et al., 1994; Grammer et al., 1996), fields in the prolific Permian basin 

of west Texas (Dutton et al., 2004), and the Khuff Formation in Gwahar and North 

fields in the Arabian Gulf (McGillivray and Husseini, 1992; Konnert et al., 2001).  

Fine-scale cellular models are particularly important for modeling thin-layered, 
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differentially-depleted reservoir systems, and methods used in building the model 

demonstrate the construction of a cellular petrophysical model for a giant field.  The 

project also demonstrates the benefits of pooling proprietary geologic and engineering 

data in settings where having split ownership (Sorenson, 2005).  As the world’s fields 

mature, high-resolution modeling at the full-field scale in data-rich environments will 

become increasingly important and we present a large-scale example for developing 

such models. 

 

Background 

The combined Kansas Hugoton and Panoma, Texas Hugoton and West 

Panhandle fields, with an estimated ultimate recovery of 75 tcf (2.1 trillion m3) gas 

(Sorenson, 2005) represent the largest gas field in North America. Covering 

southwest Kansas and portions of the Oklahoma and Texas panhandles, these fields 

are situated in the Hugoton embayment of the Anadarko basin (Figure 3-1).  Since 

discovery in 1922 and development in the 1950’s, thirty-four trillion standard cubic 

feet gas (tcf, 963 billion m3) have been produced from >12,000 wells over 6200 mi2  

(16,000 km3) in the Kansas and Oklahoma portion of the Hugoton field (Figure 3-2).  

Unless otherwise noted, the term “Hugoton” in this paper combines the Hugoton 

(Kansas), Panoma (Kansas and Oklahoma) and the Guymon-Hugoton (Oklahoma) 

fields. Production is from the lower Permian Chase Group and Council Grove Group 

(Figure 3-3).  In most areas inside the Panoma Boundary, the gas column is 

continuous between the two stratigraphic intervals (Pippin, 1970; Parhman and 

Campbell, 1993) and reaches a maximum thickness of 500 ft (150 m) in the west 

central part of the study area.  One exception may be in a relatively small portion of 

the field near the west margin in Morton County, Kansas that is described by Olson et 

al. (1997) as being compartmentalized by faults. In Oklahoma, production outlined as 

“other Council Grove” (Figure 3-1) is from intervals in the Council Grove that are up 

to 300 feet (100 m) below the lowest perforations in the Chase.  The reservoir is 

shallow, with depth to the top of the Chase ranging from 2100-2800 ft (640-850 m) 
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and lower and upper productive limits, referenced to sea level, of approximately +100 

ft (+30 m) on the east and +1250 ft (+380 m) on the western updip margin, 

respectively.  Original wellhead shut-in pressure in Kansas was 437 psi (3013 kPa) 

(Hemsell, 1939), significantly less than half of a seawater gradient, and similar, 

anomalous initial pressures were recorded in Oklahoma (Sorenson, 2005).  Average 

72-hour wellhead shut-in pressure in Kansas in 2003 was 32 psi (221 kPa). Annual 

production in 2004 was 265 billion cubic feet (BCF, 7.5 billion m3).  Early 

completions in the Chase were commonly open hole or used a slotted liner followed 

by a large acid treatment.  After 1960 typical completions commonly involve casing, 

perforation and acidizing as many as six zones separately, followed by a large 

hydraulic sand fracture treatment, sometimes exceeding 200,000 lb (91,000 kg) of 

sand, to the entire perforated interval (Hecker et al, 1995).  

Although much has been published on the Hugoton over the seventy-year life 

of the field, most of the studies were broad in scope (Hemsell, 1939; Mason, 1968; 

Pippin, 1970). Sorenson’s (2005) recent paper presents a paleostructural and pressure 

history for the reservoir system stretching from the Texas Panhandle to west central 

Kansas provides a good recent overview of the field history and prior work. Detailed 

studies involving reservoir characterization have been limited geographically and 

stratigraphically.  For example, Seimers and Ahr (1990) investigated the Chase in the 

Oklahoma panhandle, Olson et al. (1997) studied the Kansas Chase, and Heyer 

(1999) focused on the Council Grove in a small area of the Oklahoma Panhandle.. 

Following the Kansas Corporation Commission proration order permitting a second 

well in each unit, several studies on reservoir characterization (Seimers and Ahr; 

1990; Caldwell, 1991; Olson et al, 1997) and reservoir simulation (Fetkovitch et al, 

1994; Oberst et al, 1994) were published.  Past studies by industry have been 

generally confined to areas where they have assets and data.  This paper provides 

details of the most comprehensive reservoir characterization effort to date, both 

geographically and stratigraphically (the entire reservoir system, Chase and Council 

Grove groups). 
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Work related to this study is part of a collaborative, multidisciplinary study of 

the Hugoton field, supported by ten industry partners having gas resources in 

southwest Kansas and the Oklahoma Panhandle (Dubois et al., 2005).  The primary 

purpose of the two-year study is to develop a comprehensive, field-wide geologic 

model that can be used to quantify and locate remaining gas for improved reservoir 

management.  No field-scale model exists primarily due to: 1) the immense size of 

the field, and 2) most critical petrophysical data were proprietary. The current project 

was facilitated by creation of a cooperative geologic and engineering dataset amassed 

from participating companies, which allowed a comprehensive global view of the 

entire reservoir system. Although the field is very mature, individual companies 

possess excellent modern wireline log, core, and engineering data in their asset areas 

due to drilling for deeper production and the infill drilling program in the late 1980’s 

and early 1990’s. 

 

Problem and Approach 

A principal goal of the project is to quantify the nature and distribution of gas 

saturation and reservoir properties, and original and remaining gas in place. 

Determining the gas in place and its distribution is hampered by three significant 

obstacles: (1) accurate determination of water saturations using conventional wireline 

logs is not possible due to deep invasion by filtrate for typical drilling programs 

(Olson et al, 1997; George et al, 2004); (2) wellhead shut-in pressures (WHSIP) are 

strongly influenced by high-permeability interval properties and do not accurately 

represent all interval pressures; and (3) the reservoir is layered, differentially 

depleted, and data for individual layers are minimal. To define remaining gas in place 

we utilized an integrated approach using core, core-derived lithofacies-specific 

petrophysical relationships, and engineering data.   Because petrophysical property 

relationships (e.g., permeability-porosity, capillary pressure) differ among lithofacies, 

the construction of a geomodel with appropriate lithofacies is critical.  Since only a 

relatively small number of wells were cored, and the reservoir volume is immense, a 
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methodology was developed for predicting lithofacies from wireline log response at 

wells not cored and then between wells.  

 

RESERVOIR GEOLOGY 

 

Regional geology 

The Hugoton field lies on the west side of the Hugoton embayment of the 

Anadarko basin and is bounded to the northwest by the Las Animas arch and to the 

northeast by the Central Kansas uplift. The Anadarko basin is an asymmetric foreland 

basin associated with the early Pennsylvanian Ouchita-Marathon orogeny, and the 

Hugoton Embayment and the rest of the Kansas shelf form the flatter side of the 

asymmetry (Figure 3-5). The Anadarko basin was initiated, and had its greatest 

subsidence, in Pennsylvanian Morrowan time with subsidence rates decreasing 

through the Permian. The basin was nearly filled by the end of Wolfcampian time 

when the Anadarko basin was covered by shelf carbonates (Kluth and Coney, 1981; 

Rascoe and Adler, 1983; Kluth, 1986; Perry, 1989).  

Marine carbonate reservoirs thin towards the updip margin and many pinch 

out at, or just west of, the field margin, particularly in the Council Grove. Red 

continental rocks, primarily very fine to coarse siltstones, are thickest at the margin 

and thin basinward across the shelf (Figure 3-6). The redbeds have been thought by 

many to be the lateral seal that, when accompanied by a Leonardian-age evaporite top 

seal, created a giant stratigraphic trap (Garlough and Taylor, 1941; Mason, 1968; 

Pippin, 1970; Parhman and Campbell, 1993). However, laterally continuous, high-

porosity and permeability, marine- and continental sandstones are common at the 

updip margin in the northwest part of the field. These rocks are gas productive inside 

the field boundaries and water saturated outside the field despite being in a higher 

structural position and without evidence of a physical barrier. These conditions argue 

against these rocks being a lateral seal and suggest that mechanisms other than 

lithofacies change alone are responsible for trapping (Dubois and Goldstein, 2005).  
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Present-day structure of Wolfcampian-age rocks was strongly influenced by a 

Laramide-age eastward tilt (Figure 3-7) whereas the Wolfcampian isopach (Figure 3-

8) better reflects the shelf geometry.  From the west field margin the Wolfcampian 

strata thicken basinward at a rate of approximately 1.2 ft/mi (0.24 m/km) to location 

on the shelf where the rate of thickening increases by a factor of 10. The axis of 

thickening is coincident with an area of present-day steep dip and may mark a shelf 

margin or the axis of a steepened slope and is also nearly coincident with the edge of 

a Virgillian-age starved basin and the transition from marine carbonate to marine 

shale (Rascoe, 1968; Rascoe and Adler, 1983). Dubois and Goldstein (2005) 

estimated the maximum relief across the Kansas portion of the shelf during Council 

Grove deposition to have been 100 feet (30 m) with a slope of approximately 1 ft/mi 

(0.2 m/km).  Notable is the absence on the Hugoton shelf of dark, fissile shale on the 

Hugoton shelf, a common deep-water lithofacies in the Wolfcampian in outcrop in 

eastern Kansas and northeast Oklahoma (Boardman and Nestell, 2000; Mazzullo, 

1995), suggesting that water depths on the Hugoton shelf were less than those at the 

present day outcrop 300 miles (480 km) to the east. The closest equivalent to the 

typical deep water lithofacies in Hugoton core are dark marine siltstones found near 

the base of the marine carbonate intervals in four cycles, the Grenola (C_LM), 

Funston (A1_LM), Wreford, and Ft. Riley.  For this paper we will refer to most of the 

extremely gently sloping area as shelf and the area of steeper dip and stratigraphic 

thickening as the shelf margin. 

 

Reservoir Lithofacies  

The Hugoton in Kansas and Oklahoma produces gas from thirteen fourth-

order marine-continental (carbonate-siliciclastic) sedimentary cycles (Figure 3-4), six 

in the Chase and seven in the Council Grove, reflecting rapid glacio-eustatic sea level 

fluctuations (Olson et al., 1997; Heyer, 1999, Boardman et al., 2000, Olszewski and 

Patzowsky, 2003).  The marine and continental lithologic units are laterally 

continuous and can be traced across the shallow shelf to the outcrop in eastern 
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Kansas. The main pay zones are thirteen thin (mean thickness 6-70 ft, 2-21 m) 

marine, mainly carbonate intervals, deposited during sea-level highstands. Pay zones 

are separated by continental, mainly siltstone (redbed) intervals (mean thickness 6-25 

ft, 2-8 m) deposited during sea level lowstands, when most of the shelf was exposed.  

The siltstones generally have poor reservoir quality and vertically isolate, or restrict 

communication among, the thirteen pay intervals (Seimers and Ahr, 1990; Ryan et al, 

1994; Oberst et al, 1994; Olson et al, 1997). The principle factor in determining the 

reservoir storage and flow capacity (hydrocarbon pore volume and permeability) of 

Hugoton reservoir rock is primary depositional texture.  Diagenesis, both early and 

after burial, including leaching of grains and cements and early and late 

dolomitization, played important roles in enhancing or reducing porosity (Seimers 

and Ahr, 1990; Luczaj and Goldstein, 2000; Olson et al, 1997),  However, the 

dominant reservoir rocks are marine carbonate with grain-supported textures and, to a 

lesser extent, siliciclastic sandstone (Seimers and Ahr, 1990; Caldwell, 1991; Olson et 

al, 1997; Heyer, 1999; Dubois et al, 2003).  

 

Depositional model 

Climate, shelf geometry and glacially-forced sea level changes all influenced 

sediment supply, depositional patterns, accommodation and stabilization of both the 

marine and continental sediments. The Hugoton shelf was near the paleo-equator 

(Figure 3-5) and monsoonal climate conditions are likely to have prevailed at the 

annual scale (Parrish and Peterson, 1988). Generally arid conditions accompanied 

glacially induced sea-level lowstands with more humid conditions and high sea level 

present during interglacial periods (Rankey, 1997; Soreghan, 2002). Prevailing winds 

are thought to have been from the present-day west during winter and east during 

summer (Parrish and Peterson, 1988). Extremely low relief enabled rapid migration 

of the shoreline position and changes in shelf hydrodynamics with only minimal 

relative changes in sea level (as little as 30 m).  These conditions set the stage for the 
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vertical succession of lithofacies repeated from one sedimentary cycle to the next as 

well as the remarkable lateral continuity of thin lithofacies units within each cycle. 

The cyclical nature of the Council Grove and Chase is widely recognized 

(Seimers and Ahr, 1990; Caldwell, 1991; Puckette et al, 1995; Olson et al, 1997).  

Vertical succession of lithofacies in a shoaling upward pattern in both the Council 

Grove and Chase (Figure 3-9) is a result of depositional environments changing 

across the shelf in response to rapid sea level fluctuation.  Differences in the style 

(symmetry) and pattern (lithofacies) among the Chase cycles recognized by Olson et 

al. (1997) are confirmed for the most part in our study.  Exceptions are that we do see 

fine-grained sandstone of marginal marine origin at both the top and base of the 

Towanda and Winfield near the updip margin of the field, although it is more 

common to find the situation as they depicted elsewhere (sandstone at the base of the 

Towanda and top of the Winfield).  Although similar in many respects, the Council 

Grove cycles are typically more asymmetric than the Chase cycles and tend to have 

better developed, thin, packstone-grainstone lithofacies at the base of the marine half-

cycle. Figure 3-10 presents a composite of the vertical distribution of lithofacies from 

model node wells that also help illustrate the difference in symmetry between a 

Council Grove and Chase cycle. 

Intervals were defined within a simple cyclic rather than a sequence 

stratigraphic framework. Existing formation or member tops are half-cycle 

boundaries between marine and continental intervals  represent a sequence boundary 

and flooding surface.  Since the transgressive system tract (flooding surface to 

maximum flooding) is relatively thin and consistent in the majority of the cycles, little 

is gained by correlation of an additional surface for sequence stratigraphic 

classification. 

Idealized depositional models (Figure 3-11) for the Council Grove Chase and 

Chase are generally similar, but differ due to gradual changes in climate, ambient sea 

level position and sea level fluctuation rate.  Differences may be related to a shift 

from more icehouse to more greenhouse conditions in the Permian (Parrish, 1995; 
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Olszewski and Patzkowsky, 2003). The entire Hugoton shelf was above sea level 

during maximum lowstand for all studied Council Grove cycles and continental 

redbed siliciclastics accumulated and were stabilized by vegetation and built relief 

preferentially near the field’s west updip margin (Dubois and Goldstein, 2005). 

Accommodation for the carbonate sediments of the overlying marine half-cycle was 

reduced, leading to non-deposition, or pinchouts, of several marine intervals in the 

Council Grove at that position.  

At the end of each lowstand, a relatively rapid sea-level rise resulted in 

deposition of a thin (1-4 ft, 0.3-1.2 m) transgressive carbonate-siliciclastic interval at 

the base of each marine half-cycle.  Only in the Funston (A1-LM) and Neva (C-LM) 

cycles are well-developed marine siliciclastics (shaly siltstone) deposited during 

maximum flooding.  Post-maximum flooding, shallowing accompanied by conditions 

that fostered increased carbonate production resulted in a shoaling-upward lithofacies 

stacking pattern. A fall in relative sea level caused progradation of broad facies belts 

(e.g., carbonate sand shoals) resulting in laterally extensive lithofacies bodies. With 

continued sea level fall, continental sabkha, coastal plain and savannah environments 

followed the retreating shoreline and covered the carbonate surface. Evidence for 

prolonged direct subaerial exposure and erosion of the carbonate surface is absent in 

all seven Council Grove cycles in the nine cores examined. Instead of calcretes, 

microkarst, erosion or other indicators of prolonged exposure in the upper portion of 

the marine carbonate there is a vertical succession of lithofacies that suggests 

continuous sedimentation that accompanied a sea level fall and withdrawal: subtidal 

carbonate, tidal flat carbonate, red siltstone and muddy siltstone with anhydrite 

(sabkha) and finally red siltstone with paleosols (coastal plain or savannah).  

Although Chase deposition was similarly influenced by sea level it differs 

from the Council Grove in significant ways.  Specifically, during Chase lowstand, the 

lateral extent of subaerial exposure on the shelf was generally more limited and in 

some “continental” intervals tidal-flat siltstone and very fine-grained sandstone is 

prevalent, particularly in positions lower on the shelf. Fine-grained eolian sandstone 
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present in nearly all continental half-cycles in the Council Grove is nearly absent in 

the Chase.  Marine transgressions in the Chase generally extended further landward 

than they did during Council Grove deposition with marine sediments extending 

beyond the updip margin of the field in all six cycles, whereas they pinch out in four 

of the seven Council Grove cycles studied. During the maximum highstand and the 

subsequent fall in sea level, carbonate sand shoals of the Chase tend to be coarser 

grained and constituents include bioclasts and occasionally ooids, rather than oncoids 

and peloids (in the Council Grove), indicating more open marine conditions.  Another 

significant difference between the Chase and Council Grove is the presence of fine-

grained sandstone deposited in tidal flat and marginal marine settings at either the  

top,  base, or top and base of all cycles above the Ft. Riley in the northwest portion of 

the of the field (Winters et al., 2005). 

In all Chase or Council Grove intervals, the nature of the lithofacies present in 

a succession are a function of the position on the shelf:  the further west and updip, 

the greater the volume of siliciclastics, whether in the marine or continental setting. 

Marine carbonate tends to be muddier to the west and northwest and grain-supported 

carbonate tends to be finer towards the west with the dominant grains being hardened 

pellets (round, very fine-grained, micritic) and peloids (subrounded, fine-grained, 

micritic) rather than oncoids, bioclasts or ooids (found in Upper Chase only). Marine 

environments become more restricted in a westerly direction and rocks with normal 

marine assemblages are absent in most of the Council Grove cycles at or near the 

west margin of the field. Both the Chase and Council Grove cycles exhibit gradual 

changes through time that may be related to third-order cyclicity (Boardman et al., 

2000) and the overall shift from icehouse to greenhouse conditions that began in late 

Pennsylvanian and continued until the end of glacial conditions in the Permian 

(Parrish, 1995).  Most likely as a consequence of the climate change trend, Chase 

marine carbonate intervals tend to be 3-5 times thicker than their Council Grove 

counterparts, at least in the Crouse through Cottonwood interval (B1-LM – B5-LM) 

on the Hugoton shelf. 
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Layered reservoir and differential depletion 

The Hugoton and Panoma fields appear to be one large reservoir system that 

may have filled and changed pressure in stages (Sorenson, 2005).  However, the six 

pay zones in the Chase are being depleted by production at different rates, as 

indicated by different interval pressure tests and reservoir simulation (Ryan et al, 

1994; Oberst et al, 1994; Fetkovich et al, 1994). Table 3-1 lists zonal pressures 

showing  differential depletion in both the Chase and Council Grove. Composite tests 

covering multiple zones exhibit pressures that primarily represent the produced 

zone(s) having the lowest pressure and the highest permeability as measured from 

core and drill stem test (DST) analysis.  The more recent of the wells tested (2005) 

showed pressures as low as 19 pounds per square inch (psi; 131 kPa) in the main pay 

zones, the Herington and Krider half-cycles.  This explains why commingled 

wellhead shut-in pressures (32 psi field average in Kansas, 220 kPa) do not provide 

the necessary data for determination of overall depletion.   

 

STATIC MODEL WORKFLOW 

 

Although there are many details, the workflow for developing the Hugoton 

geomodel can be described simply in four steps: 1) define interval tops from logs, 

lithofacies in core, petrophysical properties for lithofacies, and accurate log correction 

algorithms to obtain a log database, 2) train a neural network and predict lithofacies at 

node wells, 3) populate a 3D cellular model with lithofacies using stochastic methods 

and porosity, and 4) populate model with lithofacies-specific petrophysical properties 

and fluid saturations. Figure 3-12 provides a more comprehensive overview. 

Following is a discussion of each of the steps for integrating core-defined lithofacies, 

core-derived petrophysical properties, wireline log response, and prediction of 

reservoir properties to characterize the reservoir system at the core- and well scale, 

and at the field scale. 
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Lithofacies classification 

Because petrophysical properties vary among lithofacies, fundamental to 

reservoir characterization and the construction of a cellular reservoir model is the 

population of cells with lithofacies.  Determining the number of lithofacies classes 

and the criteria for defining classes  involved four criteria: (1) maximum number of 

lithofacies recognizable by neural networks using petrophysical wireline log curves 

and other variables; (2) minimum number of lithofacies needed to accurately 

represent lithologic and petrophysical heterogeneity; (3) maximum distinction of core 

petrophysical properties among classes; and 4) the relative contribution of a 

lithofacies class to storage and flow. An optimal solution using these criteria resulted 

in eleven lithofacies distinguished on the basis of rock type (siliciclastic or 

carbonate), texture (Folk (1954) grain size for siliciclastics and Dunham (1962) 

classification for carbonates), and principal pore size (visual estimate).  In classifying 

dolomite rocks we did not consider depositional texture but rather the present texture 

and pore size that is primarily a function of crystal size and the presence or lack of 

molds of leached carbonate grains. Classes based on differences in core petrophysical 

properties coincided well with major lithofacies classes of rocks, and have fairly 

distinctive wireline log response to petrophysical properties, the principal variables 

used for neural network prediction of lithofacies. Although defining more classes 

might have improved petrophysical prediction accuracy, the inability of neural 

networks to effectively recognize distinguish finer lithofacies classes discouraged 

limited finer class distinctions (e.g.,: discriminating between fine grained packstone 

and coarse grained packstone).   

A quantitative, digital lithofacies description system (Table 3-2) was utilized 

in describing core at half-foot intervals. Three of the five factors illustrated in the 

tables were sufficient to segregate lithofacies classes, though other digits were 

considered initially in the process of determining class boundaries.  For each interval 

a total of up to twelve variables were recorded.  Factors recorded in addition to those 
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in Table 3-2 included; degree of consolidation and fracturing, subsidiary pore size, 

cement mineralogy, bedding, water depth, faunal assemblage and color. Classifying 

lithofacies in a digital form facilitated changes in classification criteria and 

correlation of lithofacies with core and log petrophysical properties involved in the 

iterative process of determining optimal lithofacies class boundaries.  This digital 

system is designed to provide a continuous numerical classification that corresponds 

to the continuum in lithologic and petrophysical properties. In using this system 

rather than a mnemonic system, error in classifying a given sample is generally only 

one class up or down and therefore the predicted property values are within a class 

step up or down from the true value. Once an object is numerically classified 

mapping to alternate classification schemes can be performed automatically.  

 Fourteen of approximately100 continuous cores were selected for lithofacies 

analysis on the basis of length (longest selected), geographic position (sampling 

distribution), and availability of core analysis and wireline log data (Figure 3-13).  In 

most cases, selected cores included either the entire Chase (five wells) or Council 

Grove (six wells) interval, or covered both intervals (three wells). Examples of the 

eleven major lithofacies classes are shown in Figures 3-14 and 3-15.  Common sub-

classes are represented, but the examples illustrated do not show the range exhibited 

by a lithofacies.  For example, the “marine carbonate packstone, packstone-grainstone 

class (L7)” includes rocks having a variety of principal grain types and grain size but 

were deposited in a variety of  environments (e.g., fine-grained pellets - tidal flat and 

lagoon, peloid and oncoids - restricted shelf and shoals, bioclasts - open shelf and 

shoals). 

Relative proportions of the eleven lithofacies in 4250 feet of core described in 

this study are shown in Figure 3-16. Continental lithofacies comprising fine-grained 

sandstones (L0), coarse siltstones (L1) and fine or shaly siltstones (L2), represent 

42% of the rock volume whereas marine carbonates and marine siliciclastics 

represents 45% and 13%, respectively. Lithofacies with the greatest storage and flow 

capacity in marine rocks include L6 through L10,, consistent with the principal 

 73



reservoir lithofacies defined in previous studies (Siemers and Ahr, 1990; Olson et al., 

1996; Heyer, 1999).  These lithofacies represent 31% of the rock volume (Figure 3-

16) and include very fine crystalline dolomite (L6), fine-medium crystalline dolomite 

(L9) with grain-moldic porosity, and lithofacies with grain supported texture 

including packstone (L7), grainstone (L8) and marine sandstone (L10).  Continental, 

fine-grained sandstones represent only 6% of the rock volume, but are important to 

flow and storage in the Council Grove.  All eleven lithofacies are present in the Chase 

Group, but continental sandstones and very-fine crystalline, sucrosic dolomites are 

less common than in the Council Grove.  Coarser crystalline dolomite with grain-

moldic porosity, typically dolomitized bioclastic or ooid grainstone or packstone, is 

absent and marine sandstone is rare in the Council Grove. The very-fine crystalline 

dolomite is interpreted to have originally been mud-rich carbonate, for the most part.   

 

Lithofacies prediction 

To predict lithofacies using neural network analysis we used a standard 

single-hidden layer neural network (Hastie et al., 2001) based on wireline well logs in 

a 1364 “node” wells throughout the Hugoton and Panoma fields.  As illustrated in 

Figure 3-17, the input vector to the neural network included two computed geologic 

variables, a depositional environment indicator (MnM) and a stratigraphic cycle 

relative position  (RelPos), in addition to the following wireline log parameters: 

gamma ray, logarithm of deep induction resistivity, average of neutron and density 

porosity, neutron-density porosity difference, and photoelectric factor (PE, where 

available). No adjustment was made for thin-bed or boundary effects.  For each input 

vector, the network computed a vector of output values representing the 

corresponding lithofacies membership probabilities, and the most probable lithofacies 

was assigned for the logged interval.  The network was trained based on associations 

between core-defined lithofacies and the log and geologic constraining variables. A 

comparison of core-defined lithofacies, lithofacies membership probabilities and 

predicted discrete lithofacies is shown in Figure 3-18. 
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 The two geologic variables were derived from a 25-formation (or member) set 

of tops (Figure 3-4), which are also the tops of marine or nonmarine (continental) 

half-cycles. Values for the depositional environment indicator were 1-nonmarine 

(continental) and 2-marine and for the Herington and Holmesville, where intertidal 

environments are dominant, 3- intertidal..  The MnM variable helps to distinguish 

between lithofacies with similar petrophysical properties but developed in different 

broad depositional environments.  Values for the stratigraphic cycle relative position 

parameter  (RelPos) range linearly with depth from 0 at the bottom of each half-cycle 

interval to 1 at the top, indicating position within each interval.  Including this curve 

allowed the network to encode information regarding the fairly regular succession of 

lithofacies succession commonly exhibited within each interval, and thus transfer 

some of that character to the sequence of predicted lithofacies in each well.  The two 

curves were computed for the node wells using Visual Basic code within an Excel 

spreadsheet run in a batch processing routine and exported as log curves in a Log 

Ascii Standard (LAS) file format. They were then combined with the wireline log 

curves to complete the feature vector. 

 The neural network code has been added to Kipling.xla, an Excel add-in for 

nonparametric regression and classification (Bohling and Doveton, 2000).  For this 

study, the network was trained to match observed associations between logs and 

lithofacies identified in core from a set of keys wells shown in Figure 3-13 (eight 

Chase wells with 3952 half-foot intervals in the training set, and ten Council Grove 

wells with 4593 half-foot intervals).  Fundamental parameters controlling the network 

behavior are the number of nodes in the hidden layer (network size) and a damping or 

decay parameter.  Increasing the network size allows the network to match the 

training set more closely, but using too many hidden-layer nodes leads to the network 

becoming precisely tuned to the training data and unable to generalize.  Increasing the 

damping parameter counteracts precise tuning but can result in the network 

developing smoother representations of the boundaries between lithofacies. 
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 We used cross-validation to estimate the optimum values for network size and 

damping parameter.  The cross-validation was done in two ways: 1) splitting the 

entire training dataset, regardless of well, into random subsets, with 2/3 of the cases 

used for training and the other 1/3 for testing (comparison of predicted and actual 

lithofacies), and 2) taking out each well in turn, training on the remaining wells, and 

testing on the removed well.  Training and testing were repeated several times for 

each parameter combination to account for the random variation between different 

realizations of the network.  This computationally intensive cross-validation was 

performed using scripts in the R statistical computing language (R Development Core 

Team, 2005) using the nnet function developed by Venables and Ripley (2002).  The 

scripts computed several measures of correspondence between actual and predicted 

lithofacies, including the average lithofacies misallocation cost for all intervals in the 

test well.  This value is computed from a misallocation cost matrix that assigns a cost 

for misallocation that is proportional to the “distance” in lithofacies code units in the 

lithofacies spectrum from actual.  For example, calling a packstone (L7) a marine 

siltstone (L3) carries a higher cost than confusing it with a grainstone (L8) with 

similar petrophysical properties. Absolute accuracy in lithofacies prediction, though 

desirable, is unrealistic and our goal was to limit error to the nearest lithofacies class.  

Plots of median average misallocation cost versus damping parameter and network 

size (panel variable) for the well-by-well cross-validation including the photoelectric 

wireline log (PE) in the Council Grove (Figure 3-19) illustrate the median computed 

over 40 average misallocation costs for each parameter combination:  five trials per 

well for each of the six Council Grove wells with PE logs.  Cross-validation plots for 

the Council Grove case without PE and for the Chase, with and without PE were 

similar (not illustrated).  Although the network performed reasonably well over a 

range of parameter values, we chose to use a network size of 20 hidden layer nodes 

and a damping parameter of 1.0. The damping parameter chosen (1.0) exhibited 

consistently low misallocation values and the number of hidden layer nodes (20) was 

chosen over configurations with fewer nodes that tended to over-generalize. 
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 Initially, we trained four neural networks; Chase with and without PE logs and 

Council Grove with and without PE logs.  Predictions using the model including PE 

were used wherever possible.  The Chase models included all eleven lithofacies, but 

the Council Grove models included only nine, since the fine- to medium-crystalline 

dolomite and marine sandstone do not occur in the Council Grove in sufficient 

volume to be considered as separate classes.  Later, we added two additional models 

for the Chase below the Towanda (with and without PE) to better represent the 

distribution of marine sandstone in that interval and region. These six neural network 

models were then applied as appropriate to produce predicted lithofacies versus depth 

logs at half-foot intervals in the 1364 node wells distributed throughout the field 

(Figure 3-20 A).  The batch prediction capability of the Kipling program was used in 

this case, with logs being read from LAS files and the predicted lithofacies curves 

being written out to LAS files. 

 Following construction of predicted lithofacies-depth curves, the predicted 

lithofacies curves were read into PetrelTM  (Schlumberger 3D modeling software), and 

upscaled to the resolution of the model layers (roughly 2 feet in marine intervals and 

4 feet in non-marine intervals) by “majority vote”:  the lithofacies for each model cell 

intersecting a well is taken to be the most frequently occurring lithofacies in that layer 

in the well.  Voxel-based methods were chosen over object-based methods for facies 

and property modeling due to the relatively dense well control and geometry of the 

lithofacies bodies being modeled (thin and laterally extensive). Sequential indicator 

simulation (Deutsch and Journel, 1998) as implemented in PetrelTM was used to 

generate lithofacies values in all model cells conditioned on the upscaled lithofacies 

values in the node well cells.  The development of variograms for the lithofacies by 

data analysis on a zone-by-zone basis (24 zones and 11 lithofacies) is difficult and not 

justified considering the well control and lithofacies geometry. Regions were 

therefore classified using a limited number of variograms for each lithofacies  and 

large horizontal ranges. Using large horizontal ranges encouraged the stochastic 

simulation to produce facies bodies that are as laterally extensive as possible, but still 
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subject to conditioning data at the node wells.  This provided facies bodies consistent 

with geologic depositional models but constrained by node well data.  Lithofacies 

bodies are laterally extensive due to both the width of the lithofacies spectrum used in 

determining class (lumped lithofacies) and the geologic conditions under which they 

were deposited. Node well spacing is much closer than the width of the lithofacies 

bodies. For the marine half-cycles, the major axis was set at 30,000 feet (9144 m) and 

minor axis at 25,000 feet (7620 m) and the azimuth equal to 11 degrees, the 

approximate depositional strike, while in the continental and tidal flat half-cycles a 

30,000 by 30,000 feet (9144 by 9144 m) range was used.  Vertical range was set at 

approximately two times the mean layer height in the zone and nuggets ranged from 

0.1 to 0.22 on the basis of limited data analysis. The very large number of 

conditioning data helped reduce the sensitivity of the simulated results to the 

variogram model parameters, making the predictions more deterministic. 

Table 3-3 shows the proportional distribution of lithofacies defined in core in 

the training set (keystone wells) and predicted lithofacies at the node wells and in the 

lithofacies model in the study area.  Considering bias by the geographic distribution 

of sampling and the scale change from half-foot (0.15 m) to much thicker layering, 

there is consistency in the distribution at each scale can be characterized as good.  

Most discrepancies are between the core-defined lithofacies (training wells) and the 

lithofacies predicted by neural networks (node wells) and are due to the position of 

the training wells on the shelf. Training wells are skewed to the west (due to core 

availability) while the node wells are more evenly distributed.  An exception is 

grainstone (L8) where the neural networks as trained are not effectively predicting 

this facies.  Fortunately this facies represents only a small portion of the volume 

(2.3% in the training wells) and is usually mistaken as packstone, a close “neighbor,” 

in the neural network training exercises.   

 

Core petrophysics 

 Previous petrophysical studies of the Hugoton and Panoma fields have 
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generally utilized average properties assigned to formations (e.g., Siemers, 1990; 

Olson et al, 1996). Porosity and permeability characteristics of reservoir-quality 

wackestone, packstone, and grainstone lithofacies in the Council Grove, Texas 

County, Oklahoma were reported by Heyer (1999). Byrnes et al (2001) and Dubois et 

al (2003) presented lithofacies-specific petrophysical properties for the Council 

Grove in Panoma field and illustrated the similarities between low-permeability 

carbonates and sandstone. Fundamental to construction of the reservoir geomodel is 

the population of cells with the basic lithofacies and their associated petrophysical 

properties- porosity, permeability, and fluid saturation. Petrophysical properties vary 

among the eleven major lithofacies. Principal lithofacies-specific petrophysical 

properties analyzed and discussed here include; routine helium and in situ porosity, 

routine air and in situ Klinkenberg gas permeability, grain density, capillary pressure, 

and gas-water relative permeability.  

 Data for routine porosity, permeability and grain density were compiled for 

over 6,000 full-diameter core and plug samples from measurements performed by 

commercial laboratories and the Kansas Geological Survey. Lithofacies were 

determined for over 3,500 samples. Core plug sampling was designed to represent the 

range in porosity, permeability, and lithofacies within the study area. Routine air 

permeability was generally measured under a confining pressure of approximately 

400 psi (2.8 Mpa); in situ Klinkenberg gas permeability (high-pressure gas or liquid-

equivalent) and in situ porosity were measured under a hydrostatic confining pressure 

of 800 psi (5.5 Mpa) and a hydrostatic in situ stress equal to the net effective stress. A 

correlation between routine helium and in situ porosity was determined for 245 core 

samples representing the range in porosity and lithofacies. In addition, capillary 

pressure curves were obtained for 252 samples using air-mercury capillary-pressure 

intrusion analysis. Data for 32 gas-water drainage relative permeabilities were 

compiled and effective gas permeability at critical water saturation was measured on 

over 200 cores. 
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Porosity and grain density 

Routine (unconfined) helium porosity (φHe) values range from 1-26 percent 

(Figure 3-21) with in situ porosity (φi) values averaging 0.54 porosity units less than 

routine porosity values (i.e., φi = φHe – 0.54) for all lithofacies and porosity rocks. 

Comparing porosity among lithofacies, average porosity decreases with decreasing 

grain size (i.e., very fine sandstone to very fine-medium siltstone) in the continental 

siliciclastics and from grainstone to mudstone in the carbonates. Continental rocks 

exhibit an average grain density of 2.70+0.08 g/cc (error expresses 2 standard 

deviations), limestones exhibit a grain density of 2.72+0.06 g/cc, and dolomites a 

grain density of 2.82+0.08 g/cc. 

 

Permeability 

Core-measured in situ Klinkenberg permeabilities (kik) range from 0.00002-

400 md (2*10-8–0.4 μm2). Permeability is a function of several variables including 

primarily pore throat size, porosity, grain size and packing (which controls pore body 

size and distribution), and bedding architecture. Lithofacies-specific equations were 

developed to predict permeability using porosity as the independent variable because 

porosity data are the most economic and abundant, and because porosity is well 

correlated with the other variables for most lithofacies. 

 Over approximately 75% of all rocks in the Hugoton exhibit an in situ 

Klinkenberg permeability less than 1 md (0.001 μm2). Obtaining accurate 

permeability values for rocks with low permeability requires correction for the 

influence of confining stress and care to avoid core data influenced by stress-release 

microfractures. Figure 3-22 shows that both continental and carbonate rocks in the 

study area exhibit a significant decrease in permeability below approximately 1 md 

(0.001 μm2) due to the influence of Klinkenberg gas slippage and confining stress 

combined. This decrease is consistent with other “tight gas” rocks (Byrnes et al, 

2001).  
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 Cores with identified macrofracturing exhibit increasingly greater 

permeability with decreasing matrix permeability (Figure 3-23). The permeability of 

the fractured cores with matrix permeability below 0.5 md  (0.0005 μm2) can be 

attributed to the core permeability measurement reflecting the permeability of 

fractures in the sample with the matrix contribution being small or negligible. Full-

diameter analysis, generally performed at confining pressures less than 400 psi (2.8 

MPa), often exhibit significant difference from plug values for permeabilities below 

0.5 md (0.0005 μm2), even for samples where fractures were not identified but 

microfractures may have been present. To obtain accurate matrix permeability-

porosity correlations, full-diameter permeability data for permeabilities less than 0.5 

md (0.0005 μm2) that were more than 2 standard deviations outside the plug-defined 

matrix permeability-porosity trend were not used in final matrix correlations. The 

correlation between matrix and well test permeability is discussed in a following 

section. 

As with many sedimentary rocks, the relationship between permeability and 

porosity can be approximated by a power-law functions though the relationship 

changes slightly in some lithofacies at porosities below ~6%. Each lithofacies 

exhibits a relatively unique kik-φi correlation that can be represented using a power-

law equation of the form (Figure 3-24):  

kik = A φi B  

where kik is in millidarcies (md), porosity is in percent (%), and values for A and B 

are shown in Table 3-4. 

 Subparallel trends are apparent for the continental siliciclastics, the sucrosic 

dolomites and the mudstone to grainstone limestones.  For these trends the standard 

error of prediction ranges from a factor of 3.3 to 9.1.  At φi > 6%, permeability in a 

grainstone/bafflestone can be 35X greater than mudstone, and 150X greater than 

marine siltstone of similar porosity. These differences illustrate the importance of 

identifying lithofacies to correctly predict permeability from wireline log porosity. 

Differences in permeabilities between continental very fine sandstone and coarse 
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siltstone and between coarse siltstone and very fine-medium siltstone are 

approximately 2.5X while the difference between marine sandstone and marine 

siltstone is approximately 10X. Though models for permeability prediction using 

porosity were developed for utility, it is recognized that the dominant control on 

permeability is the pore throat size (Figure 3-25). 

 

Water saturation and capillary pressure 

 It is important to take into account the presence of water in the pore space of 

low permeability reservoirs both for accurate volumetric calculations and because 

water occupies critical pore-throat space and can greatly diminish gas permeability, 

even in rocks at “irreducible” water saturation (Swi). In the Hugoton, determination of 

formation water saturation from electric wireline log response is problematic because 

of deep mud filtrate invasion with conventional mud programs due to the low 

reservoir pressure (Olsen et al, 1997; George et al, 2004). Since water saturations 

could not be reliably determined for most wells using logs, saturations were estimated 

based on matrix capillary pressure properties and determination of the free water level 

(level at which gas-brine capillary pressure is zero). Air-mercury capillary pressure 

data were compiled and measured for 252 samples ranging in porosity, permeability 

and lithofacies and relationships developed that allowed the prediction of a capillary 

pressure curve for any given lithofacies and porosity.  

To examine the lithofacies dependence of threshold-entry pressure, gas-column 

height, and pore-throat size (Figure 3-26), laboratory capillary pressure data were 

converted to reservoir gas-brine capillary pressure data using the standard equation 

(Purcell, 1949; Berg, 1975): Pcres = Pclab (σcosθres/σcosθlab); where Pcres is the 

gas-brine capillary pressure (psia) at reservoir conditions, Pclab is the laboratory-

measured capillary pressure (psia), and σcosθres and σcosθlab is the interfacial tension 

(σ, dyne/cm) times the cosine of the contact angle (θ, degrees) at reservoir  and 

laboratory conditions, respectively. For the Hugoton and Panoma fields, the 

interfacial tension is ~63-65 dyne/cm for the initial reservoir gas pressures of ~400-
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450 psi (2.8-3.1 MPa) and temperatures of 90-100 oF (32-38 oC; Hough et al., 1951; 

Jennings and Newman, 1971)). Conversion of capillary pressure to height above free 

water level to determine the water saturation in any given rock type as a function of 

height above the free-water level requires conversion  of capillary pressure data to 

height above free-water level. This conversion was performed using the standard 

relation (Hubbert, 1953; Berg, 1975): H = Pcres/(C(ρbrine-ρgas));  

where H is the height (ft) above free-water level, Pcres is the capillary pressure (psia) 

at reservoir conditions, ρbrine and ρgas are the density of brine and gas at reservoir 

conditions (ρbrine = 1.16-1.19 g/cc and ρgas = 0.025-0.035 g/cc, which are reasonable 

intermediate values for these fields, and C is a constant (0.433(psia/ft)/(g/cc)) for 

converting density to pressure gradient in psia/ft. From the air-mercury capillary 

pressure data, pore-throat diameter was calculated using the modified Washburn 

(1921) relation: d = 4Cσcosθ/Pc; where Pc = capillary pressure (psia), C = 0.145 

((psia·cm·μm)/dyne), θ = contact angle (140 degrees), σ = interfacial tension (484 

dyne/cm), and d = pore-throat diameter (μm, microns). This relation assumes that the 

nonwetting phase (i.e., gas) enters the pores through circular pore throats. 

Figure 3-26 illustrates selected capillary pressure curves for samples of 

different permeability. Differences among capillary pressure curves for the various 

lithofacies correspond to variations in threshold-entry pressure, pore-throat diameter, 

and water saturation for various gas-column heights above the free-water level, 

including the thickness of the transition zone from Sw = 100% to approximately Swi.  

 Capillary pressures and corresponding water saturations (Sw) vary among 

lithofacies, and with porosity/permeability and gas column height.  Threshold entry 

pressures and corresponding heights above free water level are well correlated with 

permeability (Figure 3-26). This is consistent with the relationship between pore 

throat size and permeability.  The figure shows that for rocks with in situ Klinkenberg 

gas permeability below approximately 0.003 md (3*10-6 μm2), threshold entry heights 

are greater than the gas column heights available in the Hugoton and therefore the 

samples have Sw=100%.  
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Synthetic capillary pressure curves were constructed based on capillary 

pressure-porosity-permeability-lithofacies relationships exhibited by the 252 cores 

analyzed, representing the range in lithofacies and permeability. capillary pressures in 

each lithofacies can be represented to be a function of porosity.  Modeled capillary 

pressure curves for two important lithofacies (Figure 3-27) illustrate that with 

decreasing porosity (and associated permeability) threshold entry heights and 

transition zone heights increase. Example capillary pressure curves for different 

lithofacies at a given 10% porosity (Figure 3-28) illustrate the significant differences 

in Sw that can exist among lithofacies at any given height above free water level. 

Because differences decrease with increasing height, saturations for all lithofacies 

approximately approach a similar “irreducible” saturation at gas column heights 

above ~300 ft (90 m) except for low porosity rocks where saturation differences are 

still evident. Utilizing the capillary pressure model, it was possible to predict water 

saturation for any given lithofacies and porosity at any given height above free water 

saturation and thus populate every gridcell in the 3D geomodel with water saturation 

values. 

 

Relative permeability 

 Gas and water drainage relative permeability curves reveal several 

characteristics similar to other low-permeability rocks. Water permeability, even at 

100% Sw, is less than Klinkenberg gas permeability and decreases with decreasing 

permeability. Gas relative permeability is less than the absolute gas permeability at all 

water saturations greater than zero and gas relative permeability decreases 

significantly as Sw increases above 50%. Relative permeabilities can be reasonably 

modeled using Corey-type equations (Figure 3-29), similar to other low-permeability 

rocks (Byrnes, 2003).  

 

 84



Permeability at different scales 

 Fundamental to modeling the permeability distribution in the Hugoton is the 

need to understand the relative role of matrix and fracture flow and the possible scale 

dependence of permeability. Figure 3-23 showed that for rocks below approximately 

8% porosity, or approximately 0.5 md (0.0005 μm2), microfractures in core 

significantly increased permeability. A fundamental question for these data is: are the 

microfractures present in the subsurface or are they a stress release or coring-induced 

phenomenon?   This question can only be answered by comparing upscaled matrix 

permeabilities with unfractured full-diameter permeabilities and with drill stem test 

(DST) or well test calculated permeabilities. Comparing carefully-examined 

unfractured full-diameter permeability values with core plug values measured on 

plugs taken from the full-diameter cores (Figure 3-30) indicates that for homogenous 

samples, matrix properties apply to the full-diameter core scale.  

 The ability to compare well-scale permeability with matrix permeability is 

limited because so few wells have drill stem tests (DST) or well test data for thin 

intervals for which core data are available and which were tested prior to hydraulic 

fracturing, which complicates artificial fracture-enhanced permeability with reservoir 

permeability.  In four key research wells, permeability was measured using DST for 

multiple intervals for which core analysis was also performed. To compare with core 

permeabilities, full-diameter and plug permeabilities were arithmetically averaged 

(representing parallel flow contribution from each depth interval) to determine 

average interval permeabilities. Correlation between DST, and upscaled full-diameter 

and plug core permeabilities (Figure 3-31) shows good correlation for intervals with 

permeability greater than ~0.5 md (0.0005 μm2). For interval permeabilities below 

0.5 md (0.0005 μm2), full-diameter permeabilities exhibit nearly constant 

permeability between 0.5 and 3 md (0.0005-0.000033 μm2), characteristic of 

microfracture-influenced permeability. Matrix-scale plug permeabilities can be either 

higher or lower than DST permeabilities.  
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 Variance in the DST-matrix permeability correlation is partially or 

predominantly related to the limited vertical sampling of the core plugs and difficulty 

in representing some pore properties that are larger in scale than core plugs. The 

single phylloid algal bafflestone interval exhibits significantly lower matrix 

permeability because core plugs did not sample the larger-scale vuggy nature of this 

lithofacies, which exhibits high permeability. Since microfractures do not contribute 

significantly to measured permeability for rocks with permeability greater than 0.5 

md (0.0005 μm2), both full-diameter and plug data reflect matrix properties and the 

good correlation with DST permeabilities indicates that the reservoir is not fractured 

at the scale of investigation of the DST test. The better correlation of plug and DST 

permeabilities for intervals with permeability below 0.5 md, and the fact that upscaled 

permeabilities from plug data are greater than or equal to DST permeabilities for 

three of four intervals can be interpreted to indicate that these intervals are also 

unfractured. These data, and less precise data from other wells, indicate that the 

production characteristics of many wells in the Hugoton are consistent with matrix 

properties control of flow, without significant natural fracture contribution. Data and 

statistics on the fraction of wells that exhibit production greater than what would be 

predicted from matrix properties have not yet been compiled and calculated. 

 

Log petrophysics  

The application and validation of statistical and petrophysical concepts to 

porosity estimation is an important factor in reserve calculations.  As always, 

accuracy is a major concern but special attention must be paid to potential bias 

introduced by gas effects and lithology variation.  Cumulative effects of the factors 

can result in significant under/over estimation of total hydrocarbons in place.  As 

discussed earlier, the Chase and Council Grove are invaded extensively by mud 

filtrate during drilling with conventional mud programs, so that water saturations 

estimated from resistivity logs are adversely overestimated.  Pore volumes remain 

unchanged regardless of invasion, so that density and neutron logs can be used with 

 86



confidence for porosity estimation in the Hugoton.  However, these logs must be 

evaluated carefully, first to eliminate borehole environmental effects, and then the 

factors associated with variable mineralogy and variable gas effects.  Since we 

utilized only relatively modern log suites (post 1980) and only neutron and density 

porosity for estimating porosity there was no need to calibrate, normalize or 

otherwise pre-process the logs, other than checking quality. 

Because the density and neutron measurements are from devices that make 

contact with the borehole wall, the highly anomalous porosities caused by washouts 

must be removed prior to detailed analysis.  Porosity cut-offs of 20 to 22.5% were 

applied by lithofacies to eliminate washout effects. This was followed by a remedial 

elimination of "shoulders" caused by the truncation. Porosities substituted into these 

washout intervals corresponded to average porosities of the lithofacies assigned to the 

interval.  This procedure was found to be effective in removing washout effects and 

was performed using an automated process with limited manual intervention to 

preserve intervals with high, but real, porosities such as occur in more coarsely 

crystalline dolomites (L9). Following environmental correction, the calculation of 

porosities from logs could then be developed as a reliable procedure, particularly 

when validated through the use of porosities from the extensive core database as the 

calibration standard. 

 

Porosity log calibration among lithofacies 

The subdivision of the Chase and Council Grove into lithofacies allowed a 

statistical strategy of porosity-log calibration that was sensitive to mineralogy effects 

while simultaneously accommodating the effects of gas saturation in residual or 

greater volumes.  Initial regression analysis that related core porosities to log 

measurements in the Council Grove showed a distinctive difference in calibration 

model between the siliciclastic lithofacies and the carbonate mudstone lithofacies 

(L0-L4) and the carbonate lithofacies (L5-L9).  The best correlation of log and core 

porosities in the siliciclastic lithofacies was exhibited for the density log alone, 
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because the neutron log appears to be adversely and erratically affected by clay 

minerals within the fine fraction.  Siliciclastic lithofacies were calibrated separately 

and the relation between each one’s density porosity (φd) to core porosity is shown in 

Figure 3-32. A striking distinction is present between the continental lithofacies (L1 

and L2) and the marine siliciclastic lithofacies (L3), which exhibits relative 

homogeneity. It should be noted here that the carbonate mudstone lithofacies (L4) 

typically has high silt content and its population can be characterized as exhibiting 

properties more like a fine-grained siliciclastic than a pure carbonate mudstone. By 

contrast, in the carbonate lithofacies L5 through L9 the average of the neutron (φn) 

and density (φd) porosities, calibrated to a limestone matrix, was found to be the best 

estimator of porosity, compensating for changes in lithology between limestone and 

dolomite as well as minor saturations of residual gas. 

 

Compensation for gas effects 

Although gas effects are minor in the Council Grove and can be compensated 

for by the averaging of neutron and density porosities, they can be significant in the 

Chase (Figure 3-33) and must be accommodated in an expanded equation set.  The 

equation commonly applied to estimate the porosity with compensation for gas takes 

the form: φ = ((φn
2+φd

2)/2)0.5 . The equation closely approximates the formula derived 

by Gaymard and Poupon (1968) from a petrophysical model of a gas-filled reservoir.  

An alternative and empirical equation that is also widely used is a simple weighted 

average of the neutron and density porosities with a weighting of one third applied to 

the neutron porosity and a two-thirds weighting of the density porosity (Asquith and 

Krygowski, 2004).  This empirical equation closely emulates the gas correction 

shown on service company neutron-density crossplots (Figure 3-34).  A regression 

analysis of core porosities related to neutron and density fractional log porosities 

resulted in an equation of the form φ = 0.37φn + 0.62φd  for limestone  (lithofacies L5, 

L7, and L8) and   φ = 0.04 + 0.31φn + 0.53φd  for dolomite (L6 and L9). The extra 

term in the dolomite equation accommodates the lithology correction required for 

 88



logs calibrated to a limestone matrix.  Porosities in the marine sandstone (F10) were 

calibrated to log porosities with the equation: φ = 0.05 + 0.15φn + 0.47φd. Although 

there are comparatively fewer core measurements in the continental sandstone (F0), 

the use of the averaged neutron and density porosities provided an excellent match 

with core porosities.   

 

Free water level and trapping mechanism 

Estimating the free water level (FWL) position is critical for calculating water 

saturations using capillary pressures and the height above FWL.  It has been 

recognized that the Hugoton field has a sloped gas-water contact, and we interpret a 

sloped FWL that is several 100’s of feet (100’s m) higher at the west updip margin 

than on the east downdip limits (Garlough and Taylor, 1941; Hubbert, 1953, 1967; 

Pippin, 1970; Sorenson, 2005). In this study we have defined the gas-water contact as 

the lowest position in the reservoir that a well can produce gas economically, without 

substantial water, and the free water level as the datum where gas-brine capillary 

pressure is zero. As shown in the petrophysics section, initial reservoir desaturation 

may not occur for some lithofacies until several tens or hundreds of feet (10s-100s m) 

above the free water level (threshold entry height). For typical reservoir rocks in the 

study area, packstone-grainstone 8-10% porosity, the FWL ranges from 50-70 ft (9-

21 m) below the “gas-water” contact, a point at which the water saturation is 

approximately 70% (see Figure 3-27). 

The Hugoton gas reservoir is a dry gas, pressure depletion reservoir with very 

little or no support from the underlying aquifer. Vertical water flow is constrained by 

low vertical water permeabilities through low-porosity siltstone layers (k< 10-6 md 

(10-9 μm2) for φ < 4%) and by low water relative permeability in carbonates with low 

water saturation. However, below the transition zone, water can be produced freely 

and reservoir pressures (600-700 psi; 4.1-4.8 MPa) approach regional hydrodynamic 

pressures for the depth (Sorensen, 2005).  The low reservoir gas pressures (~450 psi; 

3.1 Mpa) and sub-hydrostatic water pressures below the transition zone were 

 89



proposed by Sorenson (2005) to be the result of water pressure equilibrating with 

reservoir rocks exposed at outcrop in eastern Kansas and gas cap expansion, and 

consequent pressure decrease. 

The Hugoton has long been considered a classic example of a giant 

stratigraphic trap (Garlough and Taylor, 1941; Parhman and Campbell, 1993) due to 

updip changes in lithofacies and petrophysical properties associated with these 

changes.  However, dips on the apparent gas-water contact and FWL that cross 

stratigraphic boundaries cannot be fully explained by lateral heterogeneities.  Hubbert 

(1953, 1967) proposed a conceptual model for the Hugoton being a hydrodynamic 

trap with trapping resulting from a hydraulic gradient coupled with permeability 

changes at the updip margin of the field. Pippin (1970) cited Hubbert’s 

hydrodynamics and updip pinchouts of reservoir rock as the trapping mechanism.  

Olson et al., (1997) suggested that sealing faults, at least in the western portion of the 

field in Stanton and Morton Counties, Kansas, compartmentalize the lower Chase 

reservoirs with the compartments having dramatically different gas-water contacts 

that rise to the west.  Sorenson (2005) suggested that the downdip flow of gas during 

expansion of the Hugoton gas bubble might be responsible for the gas-water contact 

geometry.  

Determining the mechanism for an uneven FWL was not an objective of our 

investigations but FWL had to be established for the calculation of water saturations 

using capillary pressure.  Though others have presented general descriptions of the 

gas-water contact datum (e.g., Garlough and Taylor, 1941; Parhman and Campbell, 

1993) it has not been rigorously defined by earlier workers.  Our estimation of the 

FWL (Figure 3-35) was derived using a combination of four indicators:  (1) base of 

lowest perforations; (2) formation fluid resistivity estimated from wireline logs; (3) 

calculation of the FWL for an estimated original gas in place (OGIP), and 4) pressure 

measurements of deep water productive intervals.  Within the limits of the Panoma 

field we based the depth of FWL on the average lowest reported productive 

perforations in the Council Grove (FWL = base of perforations + 70 ft (20 m), 
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assuming that operators have been efficient at identifying pay and avoiding water 

production. Along the eastern and western margin of the Hugoton in Kansas, where 

there is no underlying Council Grove production, and the western margin in 

Oklahoma, we used a formation fluid resistivity method for estimating the FWL at the 

field boundary.  Here, FWL was estimated to be 30 ft (9 m) below the structural 

datum of the point in the Chase pay zones where the average apparent formation fluid 

resistivity (mix of all fluids) estimated from logs was at or near the resistivity of 

formation water.  Limited data in the Oklahoma Panhandle required that FWL be 

estimated by back-calculating the FWL necessary to calculate an original gas in place 

(OGIP) that would allow total gas production to equal 70% of OGIP. This method 

assumed that the Panhandle reservoir exhibited similar pressure depletion and gas 

production as reservoirs in Kansas.  

The FWL subsea depth is approximately -30 ft  (-9 m) at the east margin of 

the Hugoton and, moving west, remains relatively flat to the east margin of the 

Panoma where it begins to rise at a rate of 15 ft/mi (2.85 m/km) to a datum of +250 ft 

(+80 m), where it then rises at 50 ft/mi (9.4 m/km) to a height of +1000 ft (+300m) at 

the western margin of the Hugoton.  The configuration closely parallels the gas-water 

contact described by Parhman and Campbell (1993), although our estimate places it 

100 ft (30 m) lower at the east margin.  Our estimated gas-water contact is +40 ft (12 

m) at this position in the field (FWL + 70 ft (21 m). 

 

Static model construction 

The extremely large area (10,042 sq mi), small XY cells (660 x 660 ft) and 

relatively thin layers (169 layers, 3.3 ft-thick average; Figure 3-36) resulted in a 108 

million-cell model that required subdividing the model into parts due to 

computational limitations.  Since the main pay intervals are separated 

stratigraphically by intervals with relatively poor reservoir properties and lithofacies 

and property modeling is restricted by zones in the modeling process, we chose to 

subdivide the Chase and Council Grove model stratigraphically rather than 
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geographically, with three multi-zone, multi-formation models in the Chase and three 

in the Council Grove.  Each of the six models were built with the same starting 

architecture and layering to facilitate cutting out selected portions of the six models 

and assembly into smaller models.  These would have a complete vertical section of 

the reservoir system but limited in aerial extent and be more easily managed for 

further analysis and reservoir simulation.  The structural framework for the six 

models was based on a structural tops database for 8765 wells (Figure 3-20B). Our 

data set of tops in Oklahoma is less complete than it is in Kansas. Layering within the 

models used the following hierarchy: 1) division between formation/members, 2) 

further subdivision between continental and marine intervals, 3) further subdivision 

into layers based on minimum vertical thickness of the key lithofacies in the node 

wells (Figure 3-20A). Layers averaged 2 ft thick in the marine intervals and 4 ft thick 

in the continental intervals.  Horizontal and vertical permeability were calculated at 

the cell level using the petrophysical equations presented above.  Water saturation 

was calculated at the cell level using capillary pressure curves developed for each cell 

based on the cell lithofacies, porosity, and height above free water level.  Finally, 

OGIP was calculated for a bottom hole pressure equal to 450 psi (3.1 MPa) and 

compressibility index (Z) equal to 0.92. 

 

RESULTS AND DISCUSSION 

 

The accuracy and utility of the Hugoton geomodel can be measured by several 

metrics including prediction accuracy of parameters like lithofacies, petrophysical 

properties, and OGIP at the well to field scale. The only direct measure for lithofacies 

is the comparison of predicted and core-defined lithofacies (Table 3-3). We can also 

qualitatively measure the validity of the lithofacies model by 1) comparing it with 

earlier work at smaller scales, and 2) comparing the three-dimensional lithofacies 

patterns with depositional models that have been proposed for the area and for Upper 

Paleozoic cyclic depositional systems in general. Measures of accuracy for any 
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parameter (e.g., permeability) at the lease and field-scale are constrained by lack of 

data directly measured at these scales and the consequent need to compare other 

parameters, such as OGIP.  OGIP requires integration of many variables, but which 

may be inaccurate due to error in a single input variable or improper upscaling and 

integration of accurate, but different scale, variables. Ultimately, measures of 

accuracy and utility of a geomodel at the lease- and field-scales are often defined by 

comparison of predicted and measured production and pressure history, where the 

predicted pressure and production data are obtained from input of the static geomodel 

(the focus of this paper) into a reservoir flow simulator to obtain a dynamic model. 

The workflow involved in calibration of the geomodel with dynamic data is not 

discussed in this paper or shown in Figure 3-12 but was an important part of testing 

and refining a geomodel. Dynamic modeling has been performed of 9 and 12 square 

mile areas (23 and 31 km2), including histories for 28 and 37 wells, respectively, to 

test and refine the geomodel discussed here. These simulations are on-going and are 

both generally validating the present geomodel and showing how uncertainty in some 

properties (e.g., free water level) must be reduced to provide a model that is 

sufficiently constrained for use in accurately predicting field performance. 

 

Model lithofacies and properties  

Lithofacies and property distribution in the 3D Hugoton cellular geomodel 

presented here on a larger scale and with finer resolution, are consistent with earlier 

work on the Hugoton (Garlough and Taylor, 1941; Hubbert, 1953; Pippin, 1970; 

Parham and Campbell, 1993; Fetkovitch, et al., 1994; Oberst et al., 1994, Seimers and 

Ahr, 1990; Olson et al., 1997; Heyer; 1999; Sorenson, 2005).  The full-field 

geomodel presented here reveals facies and property patterns that could not be 

identified at smaller scales. Figures 3-37 through 3-39 are a series of cross sections 

and map views of lithofacies and properties for the six individual models.  General 

trends in thickness and lithofacies distribution are evident in the 3D volume: 

continental rocks are thickest and marine carbonate intervals thin or pinch out at 
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Hugoton’s western updip margin and the relationship is nearly reciprocal basinward. 

The important reservoir lithofacies (grain supported carbonate, dolomite, marine and 

continental sandstone) are laterally extensive and the marine carbonates, the primary 

pay zones, are separated by laterally continuous continental siltstone with poor 

vertical transmissibility.   

Large-scale sedimentation patterns, interpreted from lithofacies distribution, 

are striking when viewed at the scale made possible by the full field-scale model.  In 

cross-section at the inter-cycle scale, back-stepping of major lithofacies associated 

with changes in water depth and energy are evident in the Chase marine carbonate, 

particularly in the two dolomite lithofacies.  The position on the shelf where 

continental siliciclastics thicken at a higher rate also back-steps in a similar manner.  

Marine carbonates in the middle three- of the seven- Council Grove cycles (Figure 3-

37C) pinch out at the western field margin.  The gradual shift in the paleo-shoreline 

position first to lower on the shelf and then back to a higher position, is believed to be 

related to a change in sea level amplitude.  The symmetry demonstrated by 

sedimentation patterns around the middle cycle of the seven fourth-order Council 

Grove cycles suggests the possibility of higher-order cyclicity in the latter part of the 

middle Paleozoic icehouse.   

One of the more striking aspects of the model from a reservoir perspective is 

the demonstration of lateral continuity in the lithofacies illustrated in Figure 3-38.  

County-scale “connected volumes” of the more significant reservoir lithofacies are 

sub-parallel to depositional strike and the field margin.  Grain-supported packstones 

in the Crouse (Figure 3-38A, B1_LM, Council Grove) are found primarily in the 

eastern half of the field while muddier lithofacies are dominant in the western, more 

sheltered shoreward portion of the shelf.  Continental sandstone (eolian) is limited to 

the northwestern updip margin in the Council Grove (Figure 3-38B, and shallow 

marine and tidal flat sandstone in the upper Chase is most abundant in the 

northwestern half of the field area (Figure 3-38C).  
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The core to model lithofacies workflow was sufficiently robust to characterize 

smaller important lithofacies bodies in the reservoir system (Figures 3-38D, E and F). 

For example, dolomitized grainstone and packstone of a relatively thick (30 ft, 10 m) 

carbonate sand shoal system in the southern half of the field is known to be an 

important contributor to storage and flow capacity in the Krider (Sorenson, 2004, 

personal communication).  Modeling of this important lithofacies shows the lateral 

continuity of a 4 mile-wide, 30 miles (6.5X50 km) “sweet spot” (porosity > 18%; 

Figure 3-38F)  

Distribution of lithofacies dependent-properties (porosity, permeability and 

water saturation) correlates well with lithofacies distribution (Figure 3-39).  The best 

porosity and permeability coincide with the main reservoir lithofacies (Figure 3-37).  

Laterally extensive low permeability intervals separate the relatively high 

permeability pay zones of the layered reservoir system.  Water saturations are high in 

the confining intervals and the “gas-water” contact crosses stratigraphic boundaries at 

the east downdip margin as the pay intervals dip below the surface and on the west 

where the free water level is thought to rise more quickly than the rate of dip. 

Quantitative measures of lithofacies proportions (Table 3-3) in core, neural 

network predicted lithofacies at node wells, upscaled at the node wells and in the 108 

million-cell model, show consistency at the different scales, suggesting that the 

sample rate for training and lithofacies prediction in each of the three steps was 

sufficient. Slight variations in measures is likely to be related to sample distribution in 

core versus the node wells and the increase in scales from 0.5 feet (0.15 m) to 

considerably thicker cells (layers).  A number of factors related to the both nature, 

geometry and distribution of the predicted lithofacies and the variables chosen to 

predict lithofacies are believed to have enabled the success of the neural networks to 

predict lithofacies at the node wells and the modeling of lithofacies between nodes.  

Lithofacies classes were chosen to maximize differences in the signature of wireline 

log variables. Geologic constraining variables (e.g., relative position curve and 

marine-nonmarine curve) captured and leveraged geologic information such as the 
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predictable vertical succession of lithofacies in the sedimentary cycles and primary 

depositional environment. Extensive lateral continuity and lithofacies-body sizes 

being much larger than the lateral spacing of node wells helped model the lithofacies 

between nodes. Significantly, there was adequate core control to appropriately sample 

the reservoir system for the lithofacies training set.  Without core, the model could 

not have been built. 

The most common misallocations of lithofacies were prediction of grainstone 

(L8) as wackestone or packstone (L5 and L7), predictions of carbonate mudstone 

(L4) as wackestone (L5), and predictions of the continental sandstone (L0) as coarse 

siltstone (L1).  These incorrect lithofacies predictions reflect overlaps of the log 

characteristics of the lithofacies. Fortunately, the lithofacies involved are also 

sufficiently similar in their petrophysical properties that the resulting distributions of 

porosity, permeability and water saturation resulting from random misallocations 

were not significantly different from correct properties distributions.  For example, a 

grainstone (L8) having 10% porosity and at a position 300 ft (90 m) above FWL 

misclassified as a packstone (L7) would be assigned a permeability of 0.35 md rather 

than 0.70 md (Figure 3-24) and a water saturation of 24% rather than 17% (Figure 3-

28). 

The “majority vote” upscaling of lithofacies from the half-foot sampling 

interval to the thickness of the model layers intersecting each well did not 

significantly alter the lithofacies populations.  Using this methodology we would not 

expect to see a significant difference in lithofacies populations unless certain 

lithofacies typically occurred in thin bodies separated by fairly large vertical intervals, 

resulting in a systematic under-representation of those lithofacies in the upscaled 

results.  Finally, the lithofacies proportions in the full 3D model closely reflect those 

for the upscaled well cells.  This is not surprising, since the stochastic indicator 

simulation attempts to match the proportions observed in the conditioning data. The 

distribution of our node wells was sufficiently uniform such that the lithofacies 

proportions in the conditioning set were very similar to those in the reservoir system.  
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Controls on petrophysical properties 

The petrophysical analysis indicates that accurate reservoir properties 

prediction requires input of lithofacies, use of properties that represent reservoir 

conditions, and filtering of full-diameter data to avoid microfractured core. The close 

correspondence of DST permeabilities and upscaled plug-scale permeabilities is 

interpreted to indicate that production from many wells is controlled by matrix 

permeability and not fractures.  

 Comparison of petrophysical properties among lithofacies indicates that 

permeability increases and threshold entry height and transition zone thickness 

decrease with increasing energy in the depositional environment and corresponding 

decrease in mud and silt matrix.  Within both the continental and marine siliciclastics, 

permeability increases with increasing mean grain size at any given porosity. The 

marine very-fine grained sandstone (L10) exhibit an order of magnitude greater 

permeability than marine siltstone (L3). However, continental very-fine grained 

sandstone (L0) exhibits only approximately 2.5X greater permeability at any given 

porosity than continental coarse-grained siltstone (L1) and 5X greater permeability 

than fine-medium grained siltstone (L2).  This difference is likely due to poorer 

sorting of the continental sandstone compared to the marine sandstone. The poor 

sorting of the continental siliciclastics would be expected to result in a wide pore-

throat size distribution, which is reflected in the high capillary pressure transition 

zones of these rocks.  

 Limestone permeabilities exhibit subparallel permeability-porosity trends 

among lithofacies (Figure 3-24) and increasing mean porosity (Figure 3-21), upper 

porosity range, and permeability from mudstone through packstone-grainstone. These 

changes result in a corresponding increase in threshold entry heights and water 

saturations at any given height above free water. The differences in the capillary 

pressure properties between lithofacies decrease as porosity and permeability 
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increase. Both threshold entry heights and transition zone heights for the limestone 

are less than for continental siliciclastics of similar porosity. 

 

Original gas in place 

Comparison of estimated OGIP by others, production data, and OGIP from 

calculations in the 108 million cell model suggest that the geomodel successfully 

models the Hugoton, particularly in the center of the field where control on the free 

water level is greatest. The geomodel OGIP is calculated to be 21.8 tcf (0.62 trillion 

m3) and have a hydrocarbon pore volume of 676 billion cubic feet (19.1 billion m3, 

120 billion bbl) in Grant and Stevens Counties, Kansas, for the Chase (Hugoton) and 

Council Grove (Panoma) intervals (Table 3-5 and Figure 3-40).  Cumulative gas 

production for the area is 14.1 tcf (0.4 trillion m3) or 65% of calculated OGIP, slightly 

low compared to earlier work by others.  For the Chase in Kansas, Oberst et al. 

(1994) estimated OGIP volumetrically at 31.1 tcf (0.88 trillion m3), whereas Olson et 

al. (1997) placed it at 34.5–37.8 tcf (0.98-1.1 trillion m3).  Since their estimates were 

for different reservoir volumes than ours (Chase in Kansas versus Chase and Council 

Grove in two counties in Kansas) we cannot compare directly, but assuming similar 

reservoir performance we can compare the estimates on the basis of production 

efficiency.  The ratio of Chase cumulative production to date (24.8 tcf, 0.7 trillion m3) 

to OGIP is 79.7% by Oberst et al. (1994) and 65.6-71.9% by Olson et al. (1997). Our 

estimate for the entire Wolfcamp reservoir volume (65%) is closer to the Olson et al. 

estimate.  In Kansas, 89.2% of the Hugoton-Panoma production is attributed to the 

Chase and 10.8% to the Council Grove, though we believe the two behave as one 

reservoir system.  

It is important to note that estimation of OGIP using the matrix capillary 

pressure method employed in this study is influenced by natural variance in the 

capillary pressure curves and the determination of free water level. Natural variance 

in capillary pressure curves can result in a one standard deviation confidence interval 

for predicted water saturation of greater than 10% of the saturation value (e.g. 10% of 
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Sw=10% results in 9%<Sw<11% or for Sw=80% 72%<Sw<88%) which results in a 

one standard deviation confidence interval for predicted OGIP of approximately 3%.  

Change in the free water level results in little change in water saturation for intervals 

greater than 300 ft above FWL, but can have significant influence on intervals that 

are within their transition zone and have rocks that exhibit transition zones that are 

only tens of feet high.  For these intervals shift in the FWL by a few tens of feet can 

result in significant water saturation change and consequently OGIP changes. This 

was important for the Council Grove OGIP estimate and is still being refined. 

 

CONCLUSIONS 

 

The 100+ million cell, 10,000 mi2 (26,000 km2), 3D geologic and 

petrophysical property geomodel of the Hugoton presented in this study demonstrates 

application of a detailed reservoir characterization and modeling workflow for a giant 

field. Core-based calibration of neural net prediction of lithofacies using wireline log 

signatures, coupled with geologic-constraining variables, provided accurate 

lithofacies models at well- to field-scales. Differences in petrophysical properties 

among lithofacies and within a lithofacies among different porosities illustrate the 

importance of integrated lithologic-petrophysical modeling and of the need for 

closely defining these properties and their relationships. Lithofacies models, coupled 

with lithofacies-dependent petrophysical properties, allowed the construction of a 3D 

geomodel for the Hugoton that has been effective at the well, section (1mi2, 2.6 km2) 

and multi-section scales. The model provided a tool to predict lithofacies and 

petrophysical properties distribution, water saturations, and OGIP. It will likely 

provide a quantitative basis for evaluating remaining gas in place, particularly in low-

permeability intervals, and help direct field management and production practices that 

will potentially enhance ultimate recovery. The reservoir characterization and 

modeling from pore to field scale discussed provides a comprehensive lithologic and 

petrophysical view of a mature giant Permian gas system. Both the knowledge gained 
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and the techniques and workflow employed have implications for understanding and 

modeling similar reservoir systems worldwide 
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2005 Replacement Well
Zone DST-SIP Composite XPTTM-SIP*

Herington 120 19
Krider 88 21

30
Winfield sandstone 105 141
Windfield limestone 121 217
Towanda 230 165
Upper Fort Riley >400 192
Florence 398 265
Wreford 372 219

A1_LM 400 nt
B1_LM 350 nt
B2_LM 131 nt
B3_LM 368 386
B4_LM 215 nt
B5_LM 160 348

* average of multiple tests per zone

1994 "Science" Well
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Table 3-1.  Pressures by zone for two relatively closely spaced wells.  The well, 
drilled in 1994, was a research well (Flower A1, Figure 3-8), drilled with a foam fluid 
to limit filtrate invasion and formation damage. Pressures are 24-hr shut-in pressures 
from drill stem tests. The well drilled in 2005 is located 6 mi (10 km) north of the 
earlier well and pressures were recorded in the open hole by Schlumberger’s XPTTM 
tool, a repeat formation tester. 
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A

1 2 3 4
CODE Rock Type Dunham/Folk Classification Grain Size Principal Pore Size Clay Content

9 Evaporite cobble conglomerate vcrs rudite/cobble congl (>64mm) cavern vmf (>64mm) frac-fill 10-50%

8 Dolomite sucrosic/pebble conglomerate med-crs rudite/pebble congl (4-64mm) med-lrg vmf (4-64mm) frac-fill 5-10%

7 Dolomite-Limestone baffle-boundstone/vcrs sandstone fn rudite/vcrs sand (1-4mm) sm vmf (1-4mm) shale >90%

6 Dolomite-Siliciclastic grainstone/crs sandstone arenite/crs sand (500-1000um) crs(500-1000um) shale 75-90%

5 Limestone packstone-grainstone/med sandstone arenite/med sand (250-500um) med(250-500um) shale 50-75%

4 Carbonate-Siliciclastic packstone/fn sandstone arenite/fn sand (125-250um) fn (125-250um) shale 25-50%

3 Siliciclastic-Carbonate wackestone-packstone/vfn sandstone arenite/vfn sand (62-125um) pin-vf (62-125um) shale 10-25%

2 Marine Siliciclastic wackestone/crs siltstone crs lutite/crs silt (31-62um) pinpoint (31-62um) wispy 5-10%

1 Continental Siliciclastic mudstone-wackestone/vf-m siltstone fn-med lutite/vf-m silt (4-31um) microporous (<31um) trace 1-5%

0 Shale mudstone/shale/clay clay (<4um) nonporous clean <1%

5

 
B

Digital 
Description

Lithofacies 
Code Lithofacies Class

1/>2 0  continental sandstone

1/2 1  continental coarse-grained siltstone

1/0-1 2  continental shaly siltstone

0,2/<3 3  marine shale and siltstone

3-8/0-1 4  mudstone/mudstone-wackestone

3-8/2-3 5  wackestone/wackestone-packstone

6-8/8/<3 6  very-fine-crystalline sucrosic dolomite

3-8/4-5 7  packstone/packstone-grainstone

3-8/6-7 8  grainstone/phylloid algal bafflestone

7-8/8/>2 9  fine- to medium-crystalline sucrosic moldic dolomite

2/>2 10  marine sandstone  
 
Table 3-2.  Digital lithofacies description system (after Dubois et al, 2003). (A) Five-
digit classification system used for core descriptions at half-foot intervals, gathered 
by visual observation with the aid of binocular microscope.  A total of seven other 
variables were recorded but were not used in determining lithofacies.  (B) Digital 
code for eleven lithofacies.  An example, 13323, is a continental siliciclastic, very 
fine-grained sandstone (62-125 μm), with pinpoint porosity and wispy clay 
laminations (5-10% clay).  Abbreviated are nonmarine (NM), marine (Mar), 
carbonate mudstone (Mdst), wackestone (Wkst), packstone, (Pkst), grainstone 
(Grnst), phylloid algal bafflestone (PA Baff), dolomite (Dol), very fine crystalline 
(Vxln) and fine to medium crystalline (F-Mxln). 
 

 108



 
Height 0.5 feet 0.5 feet Variable* Variable*
Source Actual (%) NNet Predicted (%) Upscaled (%) Modeled (SIS) %

Lithofacies Code Training Node Wells Node Wells All cells
0 5.6% 2.2% 1.0% 1.1%
1 23.3% 19.7% 17.0% 16.7%
2 12.9% 9.6% 7.1% 6.7%
3 7.5% 9.6% 9.0% 9.1%
4 5.4% 4.3% 3.6% 3.9%
5 14.5% 20.1% 22.2% 22.5%
6 2.8% 4.9% 3.9% 3.8%
7 14.7% 24.7% 25.9% 25.2%
8 2.3% 0.2% 0.2% 0.2%
9 5.6% 1.4% 3.8% 3.8%
10 5.4% 3.4% 6.3% 7.1%

Count (N) 8545 993,146 183,949 107,765,147  
 
Table 3-3.  Relative distribution of eleven lithofacies in core, node wells and cellular 
model.  Core-defined lithofacies for 14 wells were used in neural network “Training” 
for lithofacies prediction in 1364 “Node Wells.”  Half-foot (0.15 m) lithofacies in 
node wells were upscaled to model layer thickness (Variable Upscaled).  Sequential 
indicator simulation (SIS) was utilized to populate the cellular model (All Cells) 
between the node wells. 
 

  In situ In situ 
  Klinkenberg Klinkenberg

Lithofacies Permeability Permeability
Code Coefficient Exponent 

  kik=Aφi
B kik=Aφi

B 
  A B 
0 1.000E-09 7.90 
1 3.715E-10 7.90 
2 1.585E-10 7.90 
3 1.995E-11 8.31 
4 2.088E-10 7.98 
5 2.967E-08 6.26 
6 1.967E-09 7.10 
7 1.527E-07 6.17 
8 3.631E-09 8.24 
9 2.553E-07 6.30 

10 1.995E-10 8.31 
 

 
Table 3-4. Power-law coefficients (A) and exponents (B) by lithofacies for in situ 
Klinkenberg (md) versus in situ Porosity (%) trendlines illustrated in Figure 3-24. 
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Group Zone   OGIP (bcf)  OGIP (109 m3)  HCPV (bcf)  (109 m3)
Herington 1227 34.8 38.1 1.08 
Krider 2795 79.1 86.7 2.46 
Odell 295 8.4 9.2 0.26 
Winfield 3215 91.0 99.8 2.83 
Gage 807 22.9 25.0 0.71 
Towanda 4686 132.7 145.5 4.12 
Holmesville 663 18.8 20.6 0.58 
Fort Riley 5212 147.6 161.8 4.58 
Matfield 127 3.6 3.9 0.11 

C
H

A
S

E
 

Wreford 1048 29.7 32.5 0.92 
A1_SH 331 9.4 10.3 0.29 
A1_LM 656 18.6 20.4 0.58 
B1_SH 76 2.2 2.4 0.07 
B1_LM 143 4.1 4.4 0.13 
B2_SH 9 0.3 0.3 0.01 
B2_LM 167 4.7 5.2 0.15 
B3_SH 56 1.6 1.7 0.05 
B3_LM 34 1.0 1.0 0.03 
B4_SH 67 1.9 2.1 0.06 
B4_LM 22 0.6 0.7 0.02 
B5_SH 3 0.1 0.1 0.00 
B5_LM 113 3.2 3.5 0.10 
C_SH 2 0.1 0.1 0.00 

C
O
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IL

 G
R
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E
 

C_LM 20 0.6 0.6 0.02 
  TOTAL 21,775 589.7 675.9 19.1 
 
 
Table 3-5. Estimated original gas in place (OGIP) by zone for portion of the Hugoton 
model covered by Grant and Stevens Counties, Kansas for 450 psi (3103 kPa) initial 
bottom hole pressure. 
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Figure 3-1.  Regulatory boundaries for Permian (Wolfcampian) gas and oil fields, 
Kansas, Oklahoma and Texas.  Wolfcampian structure in feet, after Pippin (1970) and 
Sorenson (2005), used with permission from AAPG.  
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Figure 3-2.  Gas production from the Wolfcampian (Hugoton and Panoma fields) in 
the Kansas portion of the study area through 2004.  The Oklahoma portion of the 
study area produced 7 tcf  (198 billion m3) Wolfcampian gas in the same time period 
that 27 tcf (765 billion m3) was produced in Kansas.  The spike in production 
beginning in the early 1980s was due to infill drilling the Hugoton field in Kansas. 
 

 
 
Figure 3-3.  Stratigraphic column, Hugoton field area with the names of gas fields in 
Kansas and Oklahoma adjacent to the intervals from which they produce (compiled 
from Zeller, 1968; Pippin, 1970; Barrs et al., 1994; Merriam, 2006). The combined 
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Hugoton and Panoma fields in Kansas and the Guymon-Hugoton field in Oklahoma 
are lumped as “Hugoton” in this paper. 
 

 
 
Figure 3-4.  Distribution of major lithofacies in the Mid-Continent during the late 
Wolfcampian (after Rascoe, 1968; Rascoe and Adler, 1983; Sorenson, 2005, used 
with permission from the Rocky Mountain Association of Geologists and AAPG). 
Approximate paleo-latitude was 3 degrees north (Scotese, 2004). 
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(See caption on next page.) 
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Figure 3-5.  Stratigraphic cross-section of the Chase and Council Grove groups with 
the top of the Council Grove as the datum.  At the wells, “lumped” lithofacies are 
those predicted by neural network models (small well symbols) or from core (large 
symbols) and are interpolated in Geoplus PetraTM  between wells. The lumped 
lithofacies include continental sandstone (L0), continental siltstone (L1-2), mud 
supported carbonate and marine siltstone (L3-5), grain supported carbonate and 
dolomite (L6-9), and marine sandstone (L10).  The Council Grove is thinnest at a 
mid-field (mid-shelf) position. Log curves are gamma ray (left) and corrected 
porosity (right).  
 
 
 
 
 
 
 

 
 
Figure 3-6.  (A) Present day structure of the top of the Wolfcampian reservoir (top of 
Chase) is mostly a function of eastward tilt during the Laramide orogeny. Note the 
“shelf margin” or area of steepened slope at the southeast margin of the Hugoton field 
outline. (B) 3-D view of the same area. Present day structure on the top of the Chase 
and base of Council Grove. 
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Figure 3-7.  Isopach of the Wolfcampian reservoir (top of Chase Group to base of 
Grenola Limestone, Council Grove Group). Wolfcampian rate of thickening increases 
by a factor of ten at the “shelf margin.” 
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(See caption on next page.) 
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Figure 3-8.  Formation- and member-level stratigraphy correlated to wireline well log 
in the Flower A-1 well, Stevens County, Kansas. Commonly used formation/member 
letter-number combinations are shown for the Council Grove.  Twelve of the thirteen 
marine-continental (carbonate-siliciclastic) sedimentary cycles that are gas productive 
are shown (Grenola Limestone, C_LM is not logged).  Stratigraphic names that 
include “Limestone” are marine half cycles when combined with an adjacent 
continental half-cycle, intervals with stratigraphic names that include “Shale,” form a 
complete cycle. Color-coded lithofacies are derived from core. Three were deposited 
in a continental setting, L0- sandstone, L1- coarse siltstone, and L2- shaly siltstone, 
and eight in a marine environment, L3- siltstone, L4- carbonate mudstone, L5- 
wackestone, L6- very fine-crystalline dolomite, L7- packstone, L8- grainstone and 
phylloid algal bafflestone, L9- fine-medium crystalline moldic dolomite, and L10- 
sandstone. Wireline log abbreviations are caliper (CALI), gamma ray (GR), corrected 
porosity (PHI_GM3), photoelectric effect (PEF), density porosity (DPHI), neutron 
porosity (NPHI), core permeability (K_MAX, and core porosity (CORE_POR). 
Logged interval is 520 ft (160 m). 
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Figure 3-9.  Idealized Chase and Council Grove Groups cycles.  Chase cycles are 
from Olson et al., 1997, used with permission from the AAPG, and our Council 
Grove cycles are similarly formatted. One exception is that we extend the cycle and 
approximate sea level curve through the continental half-cycle based on earlier work 
(Dubois and Goldstein, 2005).  Five “cycle types” are distinguished the basis of 
lithofacies stacking pattern and inferred relative sea level curve. 
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Figure 3-10.  Vertical histograms showing the average relative distribution of 
lithofacies in two Wolfcampian marine half-cycles from wells having predicted 
lithofacies data (node wells). Data for the Crouse (B1_LM), Council Grove Group, 
are from 1146 wells and for the Krider, Chase Group, are from 1069 wells.  
Histograms and probabilities demonstrate the difference in symmetry in vertical 
lithofacies distribution between the Chase and Council Grove. Probability 
distributions were used to condition lithofacies modeling by sequential indicator 
simulation between node wells. Layer annotations refer to layering within the half-
cycle respective models (discussed later). Abbreviated are fine-grained (Fg), fine 
crystalline (Fxln), and fine to medium crystalline (F-mxln). 
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Figure 3-11.  Idealized depositional models for the Council Grove (A) and Chase (B) 
showing the distribution of dominant lithofacies on the Hugoton shelf. Depicted are 
approximate depositional environments and associated lithofacies for “typical” Chase 
and Council Grove cycles at maximum sea-level lowstand and during the falling sea 
level stage of the marine highstand. 
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Figure 3-12.  Workflow for field-scale Hugoton model.  Workflow can be divided 
into three broad tasks: 1) gather and qualify data; 2) process data to provide basic 
geomodel input files (Develop/Define/Properties/Algorithms); and 3) build the 
geomodel.  The figure suggests the process is linear, while in reality, there are more 
feed back loops, multiple iterations at sub task level, and testing and validation at 
smaller scales. 
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Figure 3-13.  Distribution of Hugoton cores (continuous) for which lithofacies were 
defined at half-foot (0.15m) intervals.  
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Figure 3-14.  Major lithofacies in Chase and Council Grove, lithofacies code 0-5.  
(A) Continental sandstone (L0) - Example:  Blue Rapids (Council Grove, B1_SH), 
Cross H Cattle 1-6, 2652’ (808 m). Coarse silt to very fine-grained sandstone, mostly 
quartz, massive bedded, adhesive meniscate burrows (S. Hasiotis, 2005, personal 
communication). Low-relief migrating eolian system. Digital classification: 13322. 
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(B) Continental coarse siltstone (L1) - Example: Stearns (Council Grove, B4_SH), 
Newby 2-28R, 2963’ (903 m). Coarse quartz silt, rhizolith (Rz) and root traces with 
reduction haloes (Ho). Savannah, slow accumulation of silt by airfall, stabilized by 
vegetation and soil processes. Digital classification: 12213. 
(C) Continental shaly siltstone (L2) - Example: Hooser (Council Grove, B3_SH), 
Newby 2-28R, 2944’ (897 m). Fine to medium-grained quartz silt and clay, caliche 
(Ca), rhizolith (Rz), and root traces with reduction haloes (Ho). Coastal plain, slow 
accumulation of silt by airfall, stabilized by vegetation and soil processes. Digital 
classification: 11114. 
(D) Marine siltstone and shale (L3) - Example: Funston (Council Grove, A1_LM), 
Newby 2-28R, 2872’ (875 m). Very fine-grained shaly siltstone.  Siliciclastic 
dominated shelf during maximum flooding.  Plug φ = 4.6%, k = 0.0001 md. Digital 
classification: 21104. 
(E) Mudstone and mudstone-wackestone (L4) -  
Example:  Crouse (Council Grove, B1_LM), Alexander D-2, 2962’ (903 m). Silty 
mudstone-wackestone, wispy laminations and mini-stylolites (Ms), burrowed in part 
(Bh), sparse normal marine fauna including fusulinids (Fs).  Low energy shelf at a 
time close to maximum flooding. Plug φ = 3.1%, k = 0.00239 md.  Digital 
classification:  41113 
(F) Wackestone and wackestone-packstone (L5) - Example:  Ft. Riley (Chase), 
Flower A-1, 2700’ (823 m).  Slightly dolomitized wackestone, normal marine faunal 
assemblage includes echinoids, brachiopods, bryozoan and fusulinids.  
Intercrystalline micropores (blue in thin section) in dolomitized mud matrix is 
dominant porosity (core slab and thin section stained with alizarin red). Low energy 
normal marine shelf.  Full-diameter φ = 15.2%, k = 0.413 md.  Digital classification:  
52111. 
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(See caption on next page.) 
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Figure 3-15.  Major lithofacies in Chase and Council Grove, lithofacies code 6-11. 
(A) Very fine crystalline sucrosic dolomite (L6) - Example: Cottonwood (Council 
Grove, B5_LM), Beatty E-2, 2800’ (853 m). Finely crystalline, sucrosic dolomitized 
mudstone, locally with anhydrite cement and replacement in nodules and along 
fracture (An).  Porosity (blue in thin section) is microporous (intercrystalline) and 
pinpoint (molds – Mo).  Restricted, protected lagoon.  Plug φ = 13.9%, k = 1.37 md.  
Digital classification:  88120. 
(B) Packstone and packstone-grainstone (L7) - Example: Winfield (Chase), Flower 
A-1, 2579’ (768 m).  Medium- to coarse-grained bioclastic-oncoid packstone, patchy 
anhydrite cement (An).  Most porosity (blue in thin section) is intergranular.  
Carbonate sand shoal on open shelf.  Full-diameter φ = 16.4%, k = 5.98 md.  Digital 
classification: 54520. 
(C) Grainstone or phylloid algal bafflestone (L8) - Lithofacies have similar core 
and wireline log properties and were lumped because of their small populations. 
Example 1:  Cottonwood (Council Grove, B5_LM), Alexander D-2, 3024’ (922 m).  
Medium-coarse grained oncoid-peloid grainstone.  Well-connected intergranular 
porosity is blue in thin section. Carbonate sand shoal on restricted shelf.  Full-
diameter  φ = 18.8%, k = 39.0 md.  Digital classification: 56540. 
Example 2:  Cottonwood (Council Grove, B5_LM), Newby 2-28R, 2992’ (912 m).  
Phylloid algal bafflestone.  Phylloid algal blade molds (Pm) partially filled with 
anhydrite cement (An).  Matrix is largely peloid-pellet packstone (Pp). Phylloid algal 
mound on slightly restricted shelf.  Full-diameter  φ = 20.6, k = 1141 md.  Digital 
classification: 57770. 
(D) Fine to medium crystalline moldic dolomite (L9) - Example:  Krider (Chase), 
Flower A-1, 2516’ (767 m).  Fine-medium crystalline moldic dolomite.  Large molds 
(Mo), possibly ooids and bioclasts, dominate the well-connected pore system in a 
dolomitized medium-coarse grained grainstone. Patchy anhydrite cement (An) 
occludes some porosity.  Carbonate sand shoal on an open shelf.  Full-diameter  φ = 
22.3%, k = 275 md.  Digital classification: 88550. 
(E) Marine sandstone (L10) - Example: Herington (Chase), Flower A-1, 2485’ (757 
m). Planar (Px) and ripple (Rx) cross bedding and vertical burrows (Bv). Tidal flat.  
Very coarse silt to very fine-grained sandstone, well sorted, sub arkose, (83% of 
detrital fraction is quartz, by X-ray diffraction), well-connected intergranular porosity 
(blue), patchy anhydrite cement (An).  Full-diameter  φ = 20.8%, k = 48.2 md. Digital 
classification: 23321.  
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Figure 3-16.  Relative proportions of eleven lithofacies in 4250 feet core (1300 m) 
from Chase and Council Grove Groups, Hugoton field.  Eleven lithofacies are 
identified by a code (LO-L10): L0- sandstone; L1- coarse siltstone; L2- shaly 
siltstone; L3- siltstone; L4- carbonate mudstone; L5- wackestone; L6- very fine-
crystalline dolomite; L7- packstone; L8- grainstone and phylloid algal bafflestone; 
L9- fine-medium crystalline moldic dolomite; and L10- sandstone.   
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Figure 3-17.  Schematic representation of single hidden-layer neural network used to 
predict lithofacies from wireline logs and geologic constraining variables. Inputs two 
geologic constraining variables (MnM – depositional environment indicator; RelPos – 
relative position in stratigraphic interval); and include array of nuclear and electrical 
wireline log curves: gamma ray, (GR); logarithm of deep induction log (LogILD); 
average of neutron and density porosity (ΦN+ΦD)/2); difference between neutron and 
density porosity (ΦN-ΦD); and photoelectric effect (PE). Outputs are lithofacies 
occurrence probabilities. 
 

 129



 
 
Figure 3-18.  Comparison of predicted lithofacies versus core-defined lithofacies.  
Illustrated vertical plots of lithofacies membership probabilities, predicted discrete 
lithofacies (most probable), and lithofacies in core at the half-foot scale for the Chase 
and Council Grove from two separate wells in the training set (Youngren and Stuart, 
respectively). Neural networks were those utilized in estimating lithofacies in node 
wells (trained on all wells).  Probabilities were not used as an input for modeling, but 
they do illuminate some of the misallocations (actual lithofacies is often “in second 
place”). 
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Figure 3-19.  Example results for cross-validation analysis to determine optimal 
values of neural network size (number of hidden-layer nodes) and damping 
parameter.  Results shown are the median over eight Council Grove wells with core-
defined lithofacies and wireline photoelectric curve. The procedure was to perform 
five trials per well; leave out each well in turn, train on the other 7 wells, and predict 
on the subject well.  Median average misallocation cost versus damping parameter 
and network size for all wells were then plotted.  A network size of 20 hidden layer 
nodes and a damping parameter of 1.0 were chosen.  
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Figure 3-20.  (A) Map illustrating location of 1364 node wells used for the static 
model construction. Fourteen of the wells have core-defined lithofacies (circled) and 
the balance have lithofacies predicted by neural networks.  The 1364 is a mix of wells 
with Council Grove (1146) and Chase (1069) wells with lithofacies defined by neural 
net (854 of the 1364 have both Council Grove and Chase lithofacies).  Only wells 
with lithofacies defined at least to the top of the Ft. Riley (Chase) or the Florena 
Shale, B5_SH (Council Grove) were considered. (B) Map showing 8765 wells with 
formation-member level tops used for building the structural and stratigraphic 
framework for the Hugoton geologic model. 
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Figure 3-21. Histogram of routine helium porosity for Chase and Council Grove 
nonmarine continental (NM) sandstones and siltstones (A) and limestones (B). 
Lithofacies codes and descriptions are provided in text. Porosity generally increases 
with increasing grain size in siliciclastics and with decreasing mud content from 
mudstone through grainstone  (Baff-bafflestone, Grst-grainstone, Pkst-packstone, 
Wkst-wackestone, Mdst-mudstone). 
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Figure 3-22. Crossplot of routine air permeability (kair) versus in situ Klinkenberg 
gas permeability (kik) for Council Grove rocks (grey circles) and Chase rocks (black 
triangle). Influence of both confining stress and Klinkenberg correction increase with 
decreasing permeability. Values of kik can be predicted approximately from kair using: 
log10kik = 0.059 (log10kair)3 –0.187 (log10kair)2 +1.154 log10kair - 0.159 where 
permeabilities are in millidarcies (md). Variance is due to both differing routine 
conditions and rock response. 
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Figure 3-23.  Crossplot of in situ Klinkenberg permeability versus in situ porosity for 
whole core identified as fractured (asterick), whole core that were not identified as 
fractured but may contain microfractures (grey circle), and unfractured core plugs 
(black triangle). Permeabilities shown are either measured in situ values or routine 
values corrected to in situ conditions using the equation presented in Figure 3-22. 
Whole core (full-diameter) values diverge from matrix (plug) values at porosities less 
than ~10% and matrix permeability of ~0.5 md reflecting the influence of 
microfracture(s) on permeability in whole core samples with porosity < 10%. Above 
10 % porosity influence of microfractures(s) is small. 
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Figure 3-24.  Crossplot 
of in situ Klinkenberg 
permeability (kik) versus 
in situ porosity (φi) for 
the Continental 
siliciclastics (A), 
Limestones (B), and 
Dolomites (C). 
Lithofacies and codes 
are discussed text. Each 
lithofacies exhibits a 
relatively unique kik-φi 
correlation that can be 
represented using a 
power-law equation of 
the form: kik = A φi B, 
values for A and B are 
shown in Table 3-4. For 
some samples routine 
permeability values 
were converted to in situ 
values using the 
equation in Figure 3-22 
and routine porosity was 
converted to in situ 
porosity using equation 
in text. Trend lines 
exhibit a standard error 
of prediction ranging 
from 3.3X to 9X 
depending on the 
lithofacies. 
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Figure 3-25. Crossplot of principal pore throat diameter (PPTD, microns) versus in 
situ Klinkenberg permeability (kik) for lithofacies in Chase and Council Grove groups 
and sandstones from outside the Hugoton Embayment for comparison. The good 
correlation over eight orders of magnitude shows the predominant influence that 
pore-throat size exerts on permeability and explains permeability changes with grain 
size and Dunham classification at a given porosity. Second Y-axis shows 
corresponding threshold entry heights necessary for gas column to enter sample for 
gas pressure and temperature conditions in Hugoton area and discussed in text. The 
correlation between kik and PPTD can be expressed: PPTD = 2.2 kik

0.42. Standard error 
of prediction for this correlation is a factor of 1.7x. 
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Figure 3-26.  Selected capillary pressure curves for rocks of different permeability 
illustrating general curve characteristics. Capillary pressure has been converted to 
height above free water level (at which Pc =0) using equations in text. These curves 
illustrate how threshold entry height and transition zone height increase with 
decreasing permeability. 
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Figure 3-27.  Model capillary pressure curves converted to height above free water 
level for nonmarine coarse siltstone (A) and packstone/packstone-grainstone (B) for 
different porosities. Threshold entry heights and transitions zone heights increase 
with decreasing porosity for all lithofacies. The siltstones exhibit both greater entry 
heights and higher transition zones than corresponding porosity packstones. 
Threshold entry heights for coarse siltstones less than 6% porosity exceed existing 
closure in the field indicating these rocks are water saturated. Curves for packstones 
less than 6% porosity are not modeled. 
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Figure 3-28. Model capillary pressure curves converted to height above free water 
level for  lithofacies L0-L10 at a constant porosity of 10%. Figure 3-27 illustrates 
how curves change as a function of porosity for two lithofacies. In this figure for a 
given porosity comparison between curves at any given height above free water 
shows that water saturations are generally greater for the siliciclastics than the 
carbonates. The differences among curves illustrate the importance of knowing 
lithofacies to accurately predict water saturation. 
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Figure 3-29.  Relative gas permeability (A) and water relative permeability (B) 
curves for 32 samples of various lithofacies. Black curves represent predicted values 
for the Corey-type equation model:  
krg = (1 – (Sw-Swc,g)/(1-Sgc-Swc,g))p (1-((Sw-Swc,g)/(1-Swc,g))2), krw = ((Sw-Swc)/(1-Swc))q 
(kw/kik), where Swc is the critical water saturation, Swc,g is the critical water saturation 
for gas flow, and all saturation terms are in fractions. Black curves represent mean 
values of exponents p = 1.3 for gas curve and q = 8.3 for water curve while grey 
bounding curves represent outer limits of curves using exponents p = 1.3+0.4 and q = 
8.3+3 which represent the range exhibited by the sample set, which had 0.1 md <kik < 
50 md. 
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Figure 3-30.  Crossplot of full-diameter core porosity versus plug porosity (A) and 
permeability (B) for samples in which the full-diameter cores did not exhibit any 
apparent microfracturing. Good correlation indicates that matrix-scale properties 
apply to full-diameter scale. Variance can be attributed to full-diameter core sampling 
multiple lithofacies or a range in porosity not sampled by the corresponding core 
plug. 
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Figure 3-31.  Crossplot of calculated interval drill stem test (DST) formation 
permeability versus average interval permeability calculated from full-diameter core 
for four wells and from core plugs in well 1. Routine core data were corrected for 
confining stress, Klinkenberg, and relative permeability effects so as to correspond to 
reservoir-condition values. Good correlation down to ~0.5 md shows matrix-scale 
control of flow in the region of DST investigation. Below 0.5 md, microfractures in 
full-diameter core result in permeabilities higher than in the unfractured reservoir. 
Higher DST than core plug permeabilities can be interpreted to indicate that 
formation is not fractured in the range of investigation and that plug sampling density 
was probably not adequate to properly sample lower range of permeability. 
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Figure 3-32.  Porosity calibration of siliciclastic zones based on regression of core 
measurements on density log porosity in limestone-equivalent units for continental 
facies (L1 and L2) and marine facies (L3 and L4).  
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Figure 3-33.  Example of strong (and atypical) gas effect on the neutron and density 
porosity logs in the Towanda Limestone for a well in Stevens County, Kansas.  
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Figure 3-34.  Neutron-density porosity log crossplot of gas zones in the Towanda 
Limestone from the example Stevens County well (see Figure 3-33). 
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Figure 3-35.  Free water level (FWL) estimated for the Hugoton model area (A1-2) is 
applicable for all production from the Chase but only for Council Grove production 
that is inside the Panoma. The entire Wolfcamp (Chase and Council Grove) is thought 
to have a common FWL over much of the area, but the Council Grove production 
outside the Panoma (in Oklahoma) may be related to a different FWL. The FWL is at 
near sea level at the east Hugoton margin, climbs gradually in a westerly direction to 
mid-field, and then ascends more rapidly to a height of >1000 ft (300 m) above sea 
level at the west field margin. The zero datum of the height above free water level 
surface for the Chase(C) and Council Grove (D) correspond well with the edges of 
the Hugoton and Panoma field boundaries, respectively.  
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Figure 3-36.  Intersecting structural cross-sections (near mid-field) in the Hugoton 
model illustrate the 169 layers in the 24 zones from the combined, six 3D grids.  
Marine zones are more finely layered than the continental intervals.  (Vertical 
exaggeration is 200X) 
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Figure 3-37.  Lithofacies in stratigraphic cross-sections across the Hugoton shelf (A) 
for the Chase (B) and Council Grove (C).  Cross-sections are 10-15 degrees from 
being dip sections and are hung on the top of the Chase (B) and the Council Grove 
(C).  Some key observations can be made: 1) In both the Chase and Council Grove, 
continental half-cycles (yellow-orange to red lithofacies) are thickest at the west field 
margin and thin basinward (southeasterly).  The pattern for the marine half-cycles is 
the opposite and, somewhat reciprocal relationship with the continental half-cycles.  
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2) Back-stepping pattern in lithofacies distribution from one marine cycle to the next 
in the Chase. 3) Three Council Grove marine half-cycles “pinch out” near the west 
field margin, marking a paleo-shoreline that appears to then move northwesterly 
(landward) up section.  4) Trend in carbonate rock texture from mud dominated 
(landward) to grain dominated (basinward), especially in the Council Grove. Large-
scale sedimentation patterns and distribution of resultant lithofacies (at the cycle 
scale) is largely a function of the position on the shelf and reflect the interaction of 
shelf geometry, sea level, and possibly, the proximity to siliciclastic sources.  
Lithofacies distribution and cycle stacking patterns at larger scales may be a function 
of higher order cyclicity and a shift from icehouse to green house conditions (upward) 
during the Lower Permian 
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Figure 3-38.  Maps showing lithofacies distribution of selected lithofacies.  
Illustrated are map views of “connected volumes” generated in Schlumberger’s 
PetrelTM modeling application.  Connected volumes are collections of touching cells 
in the cellular model having common properties and, for this model, help to 
demonstrate the remarkable lateral continuity of flow units within the Wolfcamp.  (A) 
Thirty largest connected volumes in the Crouse limestone (B1_LM) packstone, 
packstone-grainstone (L7, blue) and fine-crystalline dolomite (L6, pink) having 
porosity > 8%.  (B) Fifteen largest connected volumes in the Speiser shale (A1_SH) 
continental sandstone (L0) with porosity > 12%.  (C) Twenty largest connected 
volumes of marine sandstone (L10) having porosity > 15%.  (D) Top 20 connected 
volumes for Krider packstone, packstone-grainstone (L7, blue) and coarse-crystalline 
dolomite (L9, purple) having porosity > 16%.  (E) Enlarged area of D.  (F) Same as E 
except for porosity > 18%.  Grant and Stevens Counties are outlined in green for 
reference in D through E. 
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Figure 3-39.  Property distribution in cellular Hugoton model in cross-section.  (A) 
Location of cross-sections. (B) Chase group stratigraphic cross-section (datum is top 
of Chase).  Horizontal permeability is shown in west-east section and porosity (0-
30%, yellow is 22%) is in the north-south section. (C) Chase Group through Easly 
Creek shale (B2_SH, Council Grove) water saturation.  Free water level is the base of 
the cross-section on the west and east side and the base of the Easly Creek (B2_SH) 
in the middle where the FWL is lower in the stratigraphic column (not able to display 
all models simultaneously).  FWL crosses stratigraphic boundaries in both updip and 
downdip positions.  Highest permeability (Kxy) and porosity (Phi), and lowest water 
saturation (Sw) is found in marine carbonates and sandstones.  Continental siltstones 
separating the marine carbonates are the intervals with Kxy and Phi, and higher Sw. 
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Figure 3-40.  Map views of original gas in place (OGIP) for Grant and Stevens 
Counties, Kansas (A), are the two most prolific counties in Hugoton. Hydrocarbon 
height (HCH) at surface conditions for Chase Group (B), Council Grove Group (C), 
and combined, Wolfcamp (D). Wolfcamp volume map varies little from the Chase 
since the Council Grove volume is small relative to the Chase (note the smaller scale 
range and contour interval for the Council Grove).  Areas of high Chase OGIP are 
coincident with Krider ooid shoal complex illustrated in Figure 3-38 D, E and F.   
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CHAPTER 4 - Climate controls on siliciclastic sedimentation in an 

aggradational landscape in marine-continental (carbonate-siliciclastic) 

Wolfcampian cyclothems, Hugoton embayment U.S.A. 

 

This chapter will be submitted for publication with Martin K. Dubois, Robert H. 

Goldstein, and Stephen T. Hasiotis as authors. 

 

CHAPTER SUMMARY 

 

  Lower Wolfcampian siliciclastic sediments in high frequency carbonate-

siliciclastic cyclothems of western Kansas record climate control on facies 

progression and accommodation.  Cyclothems are dominated by siliciclastic 

sediments to the west and carbonate to the east on the gently eastern sloping ramp of 

the 26,000-km2 study area. Siliciclastic intervals are mainly redbeds, fine-grained, 

and have extensive paleosol features, indicating a continental origin. Geometry and 

grain-size distribution support an eolian loess interpretation and a westerly source, 

probably the Ancestral Rockies. Sheet-like deposits thin and grain sizes decrease 

basinward (east).  

Distribution of siliciclastic lithofacies in one, two and three dimensions and 

pedogenic features signal climate variations. These variations are linked to glacially 

forced climate cycles and monsoonal conditions attributed to the Early Permian and 

resulted in an ordered, cyclical succession of lithofacies: 1) Fine- to medium-grained 

siltstone (coastal plain) and fine-grained muddy siltstone (coastal marsh) during 

relative fall in sea level and relatively dry conditions; 2) Coarser-grained eolian 

siltstone in a savannah-like setting with continued fall in sea level and drier 

conditions; 3) Continued migration of coarser-grained eolian sediments downdip, 

laterally graded from very-fine-grained sandstone to coarse-grained siltstone to fine- 

to medium-grained siltstone (down ramp), during low sea level and possibly driest 

conditions; 4) Climate cycle and lithofacies succession is reversed with rising sea 
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level and 2 and 1 (above) are repeated.  Departures from the successions described 

are common, appear to be ramp wide, and may be “forced” by short term 

perturbations in the glacial cycle and related sea level and climate cycles. 

Extensive rhizoliths and pedogenesis support the premise that vegetation and 

soil processes, the proposed stabilization mechanism, created a form of 

accommodation for siliciclastic sediments. We propose that during periods of low sea 

level drier conditions and sparse vegetative cover prevailed. Fine-grained siliciclastic 

sediments were entrained and transported by wind to the exposed ramp, where they 

were deposited, and stabilized by vegetation in an aggradational landscape.  Evidence 

for vegetation and soil biota in the siliciclastic rocks implies conditions were at least 

seasonally moist. Thinning or pinching out of overlying marine carbonate coincides 

with thick siliciclastic strata, demonstrating positive terrestrial relief in a landward 

position on the ramp, well above sea level. During periods of high sea level, while the 

ramp was flooded and carbonate production flourished, eolian sediment delivery to 

the ramp ceased. This is indirect evidence for greater precipitation resulting in 

increased vegetative cover and curtailment of eolian supply. 

 

INTRODUCTION 

 

In this study we examine what controls accommodation and facies variations 

in the siliciclastic parts of the seven lower Wolfcampian Council Grove Group 

cyclothems of western Kansas (Figures 4-1 and 4-2). An informal alphanumeric 

stratigraphic nomenclature is used for identifying these cyclothems (Figure 4-2). In 

the Hugoton embayment of the Anadarko basin (Figure 4-3), cyclothems were 

deposited on a low-relief east-sloping ramp, distal from basement uplifts and 

siliciclastic sources. Climate and sea-level changes during the Wolfcampian were 

influenced by Gondwanan glacial-interglacial cycles (Veevers and Powell, 1987; 

Crowell, 1995).  Cyclothems are dominated by relatively thick accumulations of fine-

grained reddish siliciclastic sediments (continental) on the landward portion of the 
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ramp (westward). Marine carbonate dominates down dip (eastward), and thins 

landward.  Lithofacies vary vertically and laterally in the siliciclastic intervals.  We 

propose that the vertical variability in the siliciclastic intervals is ordered and related 

to climate and sea level. Lateral variability is a function of the position on the shelf 

with respect to sediment source and the paleoshoreline.  

Accumulation of relatively thick continental siliciclastic strata updip of 

maximum marine extent on a shelf or ramp is contrary to the cyclic and reciprocal 

patterns for siliciclastic-carbonate cycles reported for upper Paleozoic systems in 

other Ancestral Rocky Mountain basins (Van Siclen, 1958; Wilson, 1967; Harms, 

1974; Fischer and Sarnthein, 1988; Garber et al., 1989; Borer and Harris, 1991). In 

this study, there is evidence that siliciclastic sediments accumulated and built relief 

above sea level, distant from shoreline, on a low-relief ramp 80 km (50 mi) distant 

from the Anadarko basin. Fine grain size, lateral grading, good sorting, and the 

preponderance of paleosols point to eolian transport of sediments and deposition in a 

continental setting as loess. Abundant rhizoliths record vegetative cover throughout 

the siliciclastic intervals. When sea level was high, marine carbonate sedimentation 

dominated. At other times, siliciclastic sediments were deposited as vegetation 

trapped windblown materials that aggraded to a height normally considered above 

base level.  

Climate is a major control on siliciclastic sedimentation (Cecil, 1990; Bull, 

1991; Dubeil and Smoot, 1994), and is of particular interest to researchers studying 

the Lower Permian because of the variability of climate related to glacial-interglacial 

cycles (e.g., Miller et al., 1996; Rankey, 1997; Soreghan et al., 2002a; Olszewski and 

Patzkowsky, 2003; Tramp et al, 2004). We propose that increased aridity and sparse 

vegetative cover prevailed during times of low sea level, making fine-grained 

siliciclastic sediments available for transport by eolian processes. Wind transported 

sediments to the exposed ramp where they were deposited and stabilized by 

vegetation and soil processes in conditions wet enough to support plants and soil 

biota. When sea level was rising or falling, wetter conditions would have prevailed, 
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leading to increased vegetation and decreased eolian sedimentation. When sea level 

was high and the ramp flooded, carbonate production flourished in a siliciclastic-

sediment-starved setting.  The wettest conditions were likely to have prevailed at this 

time, promoting greater vegetative cover and further reducing the volume of fine-

grained sediment available for wind transport.   

 

GEOLOGIC SETTING 

 

Stratigraphy 

The Hugoton embayment of the Anadarko basin is bounded on the northwest 

by the Las Animas arch and to the northeast by the Central Kansas uplift (Figure 4-3). 

It is a cratonward extension of the Anadarko basin, which is an asymmetric foreland 

basin associated with the Pennsylvanian Ouachita-Marathon orogeny (Kluth, 1986).  

Subsidence in the Anadarko basin was most rapid immediately after it was initiated 

and subsidence rates decreased through the Permian. The basin was nearly filled by 

the end of Wolfcampian time and was covered by shallow water carbonate strata 

(Rascoe, 1968; Kluth and Coney, 1981; Rascoe and Adler, 1983; Kluth, 1986; 

Johnson, 1989a; Perry, 1989). 

 Glacial eustacy has been cited as the main cause of carbonate-siliciclastic 

cyclothems comprising Wolfcampian strata in Midcontinent basins (Wanless and 

Shephard, 1936; Beerbower, 1961; Ross and Ross, 1988; Boardman and Nestell, 

1993; Mazzulo et al., 1995; Puckette et al, 1995; Rankey, 1997; Boardman and 

Nestell, 2000; Olszewski and Patzowsky, 2003).  It is also given as the cause for 

cyclicity in mainly siliciclastic settings in many Ancestral Rocky Mountain basins 

(Chan and Kocurek, 1988; Johnson, 1989b; Soreghan, 1992; Kessler et al., 2001). 

Recent studies consider how cyclic changes in aridity at this time are linked to 

glacial-interglacial cycles on Gondwana (Rankey, 1997; West et al., 1997, Kessler et 

al., 2001; Soreghan, et al., 2002a).  
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Dubois et al. (2006) interpreted the origin of typical cyclothems in the area. 

With sea level low, siliciclastic sediments, predominantly redbeds were deposited in a 

continental setting.  During a relative rise in sea level, a thin transgressive carbonate 

was deposited. Thin, dark siliciclastic or silty carbonate strata were then deposited 

during the interval of maximum flooding. When sea level was high and falling, 

shoaling-upward carbonate was deposited. Evidence for prolonged subaerial exposure 

and depositional hiatus on the marine carbonate surface is absent.  After continued 

relative fall in sea level, subaerial exposure and deposition of continental siliciclastic 

strata dominated. The siliciclastic intervals are the subject of this paper. A continuous 

natural lithofacies succession, subtidal carbonate, peritidal, and continental 

siliciclastic, indicates relatively continuous sedimentation accompanied the falling sea 

level.  

Shoaling upward marine carbonate strata are the main pay zones in the 

Hugoton gas field. They thin landward and many pinch out at, or just west of, the 

Hugoton field boundary (Figure 4-4). Carbonate intervals are separated by red fine-

grained siliciclastic rocks, which are thickest landward (west) and thin basinward 

(east) across the ramp. The siliciclastic strata have been suggested as the field’s 

lateral seal that, when accompanied by a Leonardian evaporite top seal, created a 

giant stratigraphic trap (Garlough and Taylor, 1941; Mason, 1968; Pippin, 1970; 

Parham and Campbell, 1993). Farther west (updip), all Wolfcampian marine 

carbonate strata pinch out or transition to continental siliciclastic strata (Rascoe and 

Adler, 1983). “Undifferentiated” fine-grained red siliciclastic intervals extend across 

eastern Colorado where they grade laterally into arkosic fanglomerates of the 

Pennsylvanian-Permian Fountain Formation along the Front Range of the Ancestral 

Rockies (Maher, 1953; Peterson, 1980; Rall and Loeffler, 1994).   

 

Ramp geometry 

Present-day structure of Wolfcampian-age rocks is a result of Laramide-age 

eastward tilt (Figure 4-4).  The Wolfcampian isopach (Figure 4-5) reflects the ramp 
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geometry at the time of deposition.  Maximum relief across the ramp in the study area 

during Council Grove deposition is estimated by Dubois (2006) as 30 m (100 feet) 

with a slope of approximately 0.2 m/km (1.1 ft/mi). Ramp geographic terms used in 

this paper are inner ramp, mid ramp, outer ramp and steepened ramp (Figure 4-6). 

Inner ramp is bounded on the east by the updip pinchout of marine carbonate. The 

transition from mid ramp to outer ramp is marked by an increase in marine influence 

where siliciclastic intervals are marginal marine or are interbedded with peritidal 

carbonate.  Steepened ramp is the area of increased slope inferred from thickening in 

the Wolfcampian strata (Figure 4-5). 

 

METHODS 

 

Subsurface data include 1128 m (3700 ft) of core from 17 wells, and 

lithofacies modeled from wire-line well logs in 1234 wells. Lithofacies, sedimentary 

and pedogenic features, and lithofacies distribution in three dimensions were used to 

develop a depositional model. Slabbed core was examined with the aid of a binocular 

microscope and data recorded at 0.5 ft (0.15 m) intervals using a quantitative, digital 

lithofacies description system (Dubois et al., 2003). Lithofacies were determined on 

the basis of rock type (e.g., siliciclastic or carbonate), texture and grain size 

classification (siliciclastic—Folk, 1954) (carbonate—Dunham, 1962), visual estimate 

of principal pore size, color, clay content, bedding, sedimentary structures, fauna and 

trace fossils. Thin sections for selected samples were used to validate grain size 

estimated in core, determine grain composition and biotic constituents, and to 

examine finer details of sedimentary structures and pedogenic features for 

determining depositional facies. Siliciclastic grain-size estimates from thin sections 

and composition from X-ray diffraction (XRD) were used on a limited basis.   

A first-order embedded Markov chain approach was applied to test the 

hypothesis that cyclothem siliciclastic strata have vertically ordered lithofacies-

stacking patterns, following a methodology outlined by Doveton (1971).  For the 
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analysis, 13 of the 17 wells studied were used (Figure 4-6).  Four were not suitable 

because they covered thin intervals or had not been rigorously analyzed at the core 

lithofacies scale. Number-coded lithofacies (codes 1-10) were lumped with adjacent 

like lithofacies (embedded), arranged in a continuous column, and separated by a 

bounding marine interval (code 1). For example, the B2SH for the northwestern-most 

core in Figure 4-6 the embedded lithofacies succession is 1-3-4-7-3-9-6-7-8-7-8-7-6-

5-1 with the interval analyzed beginning and ending with the bounding marine 

interval code 1. First-order Markov chains are the simplest form of Markov chains 

and assume that events (lithofacies occurrence) are dependent only on the 

immediately prior event.  We chose to treat continuous intervals of the same 

lithofacies as a single event, giving equal weight to discrete lithofacies, regardless of 

thickness, hence they are embedded.  

Defining the distribution and geometry of major lithofacies bodies in two and 

three dimensions was facilitated by a high-resolution geocellular model that provides 

a view of the entire Wolfcampian volume in three dimensions over 26,000 km2 

(10,000 mi2). Resolution limits of wire-line logs do not permit the recognition of thin 

beds (<2 ft, 0.6 m) typical of volumetrically minor lithofacies, nor recognition of 

small-scale sedimentary structures diagnostic of other lithofacies.  Thus, core 

descriptions yield a finer subdivision of lithofacies than the geomodel.  Depositional 

environments for individual core lithofacies and climate signal were determined on 

the basis of texture, composition, sedimentary structure, pedogenic features, and 

contextual observations.   

 

GEOMODEL LITHOFACIES IN THREE-DIMENSIONAL MODEL 

 

The model 

A three-dimensional geomodel (Dubois et al., 2006) required geomodel 

lithofacies classes recognizable on wire-line well logs by neural networks trained on 

wells with core (Figure 4-6A, 6B). All lithofacies defined in this way are henceforth 
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defined as “geomodel” lithofacies, as opposed to the more finely divided “core” 

lithofacies that can be defined on the basis of direct observations of the rocks.  Marine 

rocks, mostly carbonate, were divisible into eight geomodel lithofacies whereas 

siliciclastic strata were divisible into only three on the basis of grain size: geomodel 

fine- to medium-grained siltstone (8-31um, phi 5-7), geomodel coarse-grained 

siltstone (31-62um, phi 4-5) and geomodel very-fine-grained sandstone (62-125um, 

phi 3-4). These three lithofacies make up most of the coverage of this study. Layer 

height in the 113-layer model averages 2 ft (0.6 m), approximately the resolution of 

the wire-line logs coupled with neural networks. In cores studied, geomodel fine- to 

medium-grained siltstone contributes 18%, geomodel coarse-grained siltstone 22%, 

and geomodel very-fine-grained sandstone 5% of the volume (Table 4-1).  

 

Geomodel lithofacies distribution 

Carbonate and siliciclastic strata are cyclically interbedded, however, 

siliciclastic sediments clearly dominate at the inner ramp position and marine 

carbonate rocks dominate basinward of mid ramp (Figure 4-7).  Siliciclastic 

sediments tend to decrease in grain size toward the southeast (Figures 4-8, 4-9, and 4-

10). Geomodel very-fine-grained sandstone dominates the siliciclastic intervals near 

the inner portion of the ramp in four of the seven cyclothems (Figure 4-11). Where 

present, sandstone bodies extend over large areas and mostly lack linear, elongate or 

other shapes that would infer deposition by channelized water. They do not exhibit 

clear onlapping or offlapping relationships, but internal geometries are difficult to 

image at the scale at which the model was run (Figures 4-9 and 4-10).  

Coarser-grained siliciclastic components are most common near the 

stratigraphic center of each siliciclastic interval (Figure 4-12). Finer-grained 

siliciclastic sediments dominate at the base (immediately above shoaling upward 

carbonate strata) and top of the siliciclastic intervals (immediately below the 

carbonate intervals).  An ordered (cyclical) vertical succession of geomodel 

lithofacies is supported by model statistics (Figure 4-12). 
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CORE LITHOFACIES AND DEPOSITIONAL ENVIRONMENTS  

 

Siliciclastic intervals can be further subdivided into nine “core” lithofacies by making 

direct observations of rock characteristics in the 13 cores (Table 4-2).  Relative 

contribution of each lithofacies by bed thickness is in Table 4-3. The nine core 

lithofacies are grouped according to volumetric contribution, main lithofacies and 

lesser lithofacies, to aid in discussions. Pedogenic features, their characteristics, 

lithofacies association, and interpreted environmental significance are given in Table 

4-4.  Evidence supporting depositional environment assignments is presented with 

each lithofacies. 

 

Geomodel lithofacies and core lithofacies 

It is important to understand the relationship between the three geomodel 

lithofacies and nine core lithofacies; Table 4-3 provides guidance. All but 4% of the 

“siliciclastic intervals” in core are composed of siliciclastic sediment.  Small amounts 

of core primary evaporite (1%), core nodular carbonate mudstone (2%) and core 

fossiliferous, laminated, or burrowed lithofacies (1%) are the exceptional lithofacies 

that are present within siliciclastic intervals. Three “main” core lithofacies, core fine- 

to medium-grained siltstone, core coarse-grained siltstone and core very-fine-grained 

sandstone, comprise 84% of the siliciclastic intervals and are given the same names as 

the three siliciclastic geomodel lithofacies.  The other six core lithofacies comprise 

14% of the siliciclastic-interval core volume and are grouped as “lesser” lithofacies. 

After the three main core lithofacies, the next two most common core lithofacies are 

core gray muddy siltstone-laminated and core gray muddy siltstone-blocky, which 

comprise 12% of the siliciclastic-interval core volume. They are not distinguishable 

from the main lithofacies on wire-line logs and in the geomodel are lumped with 

geomodel siltstone, mostly geomodel fine- to medium-grained siltstone. Core 
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laminated sandstone and siltstone (1%) is lumped with geomodel lithofacies 

according to grain size. Core nodular carbonate mudstone is lumped with overlying or 

underlying siltstone lithofacies in the geomodel.  Core fossiliferous, laminated, or 

burrowed lithofacies are not lumped with a geomodel siliciclastic lithofacies.  As 

85% of the volume of core lithofacies is classified correctly in the geomodel, the 

geomodel remains a useful tool for evaluating general trends in facies distribution. A 

comparison between geomodel lithofacies and core lithofacies is afforded by well 

profiles in Figure 4-13.  

 

Main core lithofacies 

Core fine- to medium-grained siltstone

Red-brown core fine- to medium-grained siltstone (Figure 4-14A) occurs as 

moderately thick beds (mean 0.8 m) and comprises 29% of the siliciclastic-interval 

volume. It is the most common lithofacies in contact with underlying marine 

carbonate, is more prevalent in the upper and lower portion of the siliciclastic 

intervals, but occurs throughout. Of the siltstones, this lithofacies contains the most 

clay, including a minor amount of illuviated clay, a result of pedogenic processes. 

Rhizoliths and redoximorphic-related mottling are common. Contacts are gradational 

except where overlying marine carbonate.  Bedding is massive due to extensive 

pedoturbation; massive is used here to describe siliciclastic strata where stratification 

is not apparent in slabbed core. As used here we do not imply the absence of 

sedimentary structures, such as burrows or pedogenic structures. 

 

Core coarse-grained siltstone 

Red-brown core coarse-grained siltstone lithofacies (Figure 4-14B) is the most 

prevalent lithofacies in core (44%). Contacts are gradational and bedding is massive 

due to pedoturbation. Mean bed thickness is 1.1 m and the facies occurs most 

commonly near the middle of the siliciclastic intervals. This lithofacies has less ped 

development and nodular caliche than the finer-grained siltstone. Patchy very-fine-
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grained intergranular calcite cement, however, is common and yields a mottled and 

nodular appearance.  This cement is less common in the finer-grained siltstone. The 

cement may be attributable to soil processes and precipitation as early vadose cement 

(Loope, 1999), but geochemical work would be needed to verify its origin. 

Redoximorphic mottling is common and rhizoliths that vary in type and size, are 

common to abundant locally, or absent or rare in some intervals. Clay content is 

variable, but volumetrically less than in the finer-grained siltstone lithofacies, and it is 

not present in illuviated form.   

Adhesive meniscate burrows (AMB) are noted in several cores but are less 

common than in core very-fine-grained sandstone.  AMB are distinctive due to 

coloration differences (selective redox iron depletion), or subtle and recognized by a 

mottled texture in core or subtle grain arrangement in thin section (Figures 4-14C, 4-

15, and 4-16).  Observed AMB are variably oriented, unbranched, unlined, backfilled 

burrows with circular to elliptical cross sections that are 0.5 to1 cm in diameter. 

Observed lengths are commonly >5 cm, although true burrow lengths are difficult to 

estimate due to variable orientation and core dimension constraints. They are 

tentatively classified as Naktodemasis bowni on the basis of morphology and 

lithofacies context. These types of burrows were first described by Bown and Kraus 

(1983) in Paleogene paleosols and were termed AMB by Hasiotis and Dubiel (1994) 

to differentiate them from burrows with similar morphologies. In addition to the 

Paleogene, AMB have been reported in paleosols in the Upper Triassic (Hasiotis and 

Dubiel, 1994), Upper Jurassic (Hasiotis and Demko, 1996), Upper Cretaceous 

(Bracken and Pickard, 1984), and Miocene (Hasiotis, 2002). AMB commonly have 

cross cutting relationships with rhizoliths indicating the AMB and pedogenic features 

are largely contemporaneous.  Burrow morphology and size are remarkably similar to 

cicada nymphs (Hemiptera: Cicadae) in modern soils and paleosols in Quaternary 

loess (McDonald and Busacca, 1990; O’Geen and Busacca, 2001; Jacobs and Mason, 

2004). Based on burrow morphology and comparison to similar structures in modern 

soils, AMB were most likely constructed by burrower bugs or insect larvae. 
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Core very-fine-grained sandstone 

Perhaps the most striking lithofacies is the red-brown to red-tan core very-

fine-grained sandstone  (Figure 4-14C) where abundant AMB are present. It is the 

third most prevalent lithofacies in core (12% by volume) and its beds are the thickest 

of any lithofacies (mean 1.7 m). Contacts are gradational, and this facies commonly 

occurs near the middle of the siliciclastic intervals where present. Stratification is 

largely absent. Nodular caliche is nearly absent, however, as in core coarse-grained 

siltstone, patchy very-fine-grained intergranular calcite cement and resultant mottled 

and nodular appearance is common. Rhizoliths and mottling caused by redoximorphic 

processes are common, but peds are absent.  Relatively common are well-cemented 

(calcite) intervals (0.2-0.5 m thick) with light gray to green-gray coloration.    

 

Discussion of main lithofacies 

Most of the siliciclastic strata in the study area have been suggested by others 

as having a continental origin (Garlough and Taylor, 1941; Rascoe and Adler, 1983; 

Siemers and Ahr, 1990; Heyer, 1999; Olson et al., 1997) and correlative stratigraphic 

intervals in outcrop 350 km east have also been interpreted as being continental 

(Joekel, R.M., 1991; Miller and West, 1993; Miller et al., 1996; Rankey, 1997). 

Evidence for a continental interpretation is substantial: preponderance of pedogenic 

features for most intervals, oxidized state and resultant red-brown color, and 

stratigraphic context. Siliciclastic sediments are superjacent to shoaling upward 

carbonate strata and are capped by a marine flooding surface. Main core siliciclastic 

lithofacies lack marine fauna and the absence of marine carbonate interstratified with 

these main lithofacies, except in core from one well on the outer ramp (Prater core; 

Figure  4-13).  

Although rarely observed, physical sedimentary structures in the main 

lithofacies are mostly alternating thin laminae (1-2 mm) of sandstone or siltstone and 

irregular mud-cracked carbonate mudstone interpreted to have been deposited in 
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ephemerally ponded surface water between aggrading sand or silt bodies. 

Sedimentary structures in the main core lithofacies, suggesting tractive transport, 

were observed in only 1 of 107 core intervals studied.  The 1 m thick interval is core 

very-fine-grained sandstone, mostly planar cross-bedded (20o), ripple cross-bedded in 

the upper portion, and with AMB throughout. 

Most sediment in the three main core lithofacies is interpreted as having been 

transported in suspension as eolian loess on the basis of sediment characteristics 

observed here, and their distribution being inconsistent with fluvial transport. The 

core fine- to medium-grained siltstone is interpreted to have been deposited in a 

coastal plain setting and coarse-grained siltstone and core very-fine-grained sandstone 

deposited in a savannah-like setting, more proximal to the source.  Similar fine-

grained Wolfcampian siliciclastic strata in the nearby Dalhart basin (Figure 4-3) are 

also interpreted as having an eolian origin (Kessler et al., 2001) and loess is widely 

reported in the Lower Permian in other Ancestral Rocky Mountain basins (Johnson, 

1989b; Soreghan et al., 1997, 2002a, 2002b; Tramp et al., 2004).  

The three lithofacies are consistent with the general characteristics for most 

loess:  moderately well- to well-sorted, fine-grained (silt to lower very-fine-grained 

sand), subangular to angular, primarily quartz and feldspar, arkose and subarkose, and 

massive bedded (Gillette et al., 1974; Nickling, 1983; Pye, 1987; Tsoar and Pye, 

1987).  In thin section, siliciclastic sediments show striking similarities with 

Quaternary loess (Figure 4-17). Due to the nature of the transport mechanism, loess 

deposits spread out over large areas, as do the study area siliciclastic sediments 

illustrated in the geomodel. A fluvial-alluvial origin is unlikley because of the 

absence of sedimentary structures typical for fluvial-alluvial systems (e.g., cross 

bedding, scour surfaces, coarser-grained scour lag deposits, incisement, and fining 

upward) and the common sheet-like distribution as opposed to more focused 

distribution in channels, deltas, and alluvial fans. In addition, the paucity of 

siliciclastic sediments in marginal marine sediments in the transition between the 

siliciclastic and marine carbonate intervals (Dubois et al., 2006) argues against fluvial 
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sediment bypassing the exposed portion of the ramp and being deposited in bays or 

estuaries on the ramp in this area.  This evidence for eolian transport, does not rule 

out the possibility of transport by sheetflows (McGee, 1897; Hogg, 1982) or some 

other process.  The amount of bioturbation and typical lack of physical sedimentary 

structure leaves open the possible analysis of subaqueous reworking by such a 

mechanism. 

  If deposits are eolian, the grain size and composition should be a function of 

the material available and the velocity of the wind at the origin.  Mean grain size 

varies from one eolian deposit to another (Tsoar and Pye, 1987; Pye, 1987; Sun et al., 

2002).  Transportation is by traction (creep), saltation, or suspension, depending on 

the ratio of the settling velocity (grain size) and vertical wind velocity (Gillete et al., 

1974).  Coarser-grained eolian sediments tend to be transported relatively short 

distances, by traction or saltation, whereas finer-grained sediments (clay and silt) may 

be transported much greater distances by suspension (Nickling, 1983; Tsoar and Pye, 

1987; Pye, 1987; Sun et al., 2002).  Lateral grading relative to source is reported in 

Quaternary loess deposits worldwide (Swineford and Frye, 1951; Mason, 2001; Ding 

et al., 2001; Porter, 2001). For the main lithofacies, if transported by eolian processes, 

coarser-grained sediments (very-fine-grained sandstone) are likely transported by 

saltation or short-term suspension, coarse-grained silts by a combination of saltation 

and suspension, and the finest sediments (fine- to medium-grained silt) were carried 

by suspension and deposited by air fall. Northwestern thickening and lateral grading 

of eolian siliciclastic sediments (finer-grained to the east; Figures 4-8, 4-9, and 4-13) 

in the study area suggest a westerly source, probably alluvial fans of the Ancestral 

Rockies. Garlough and Garvin (1941) first suggested a “Pennsylvanian-Permian 

mountain system” as the source for these sediments; however, very little work has 

been done on the Wolfcampian between the study area and the fans.  Maher (1953) 

provides a simple cross section correlating the arkosic alluvial fan deposits of the 

Fountain Formation to sandstone in the Denver embayment (Figure 4-3) subsurface, 

and then to siltstone and evaporite in the western portion of the study area. 
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Prolonged continuous exposure to terrestrial conditions is indicated by the 

presence of pedogenic features throughout the siliciclastic intervals. Because of the 

vertical continuity in pedogenic features, the siliciclastic intervals represent 

continuous paleosols, a result of aggradational pedogenesis (Jacobs, 2006), rather 

than a succession of stacked, discrete paleosols. 

 

Climate signal 

Pedogenic carbonate (caliche nodules and patchy fine-grained intergranular 

cement) indicates moderately dry conditions (Machette, 1985; Retallack, 1988, 1990; 

Loope, 1999). Overall oxidation state (ferric) and interpreted eolian sediment 

transport mechanism, although not diagnostic, are consistent with at least some 

degree of aridity.  Pedoturbation (rhizoliths and insect burrows), however, indicate 

there was sufficient moisture, at least seasonally, to support vegetation and soil 

insects. Alternating wet-dry conditions are indicated by caliche nodules, fine-grained 

sediment shrouds or clay cutans around peds, and mud-cracked carbonate mud – 

siliciclastic laminations.  Different pedogenic features in the three main lithofacies 

suggest the wettest conditions in the core fine- to medium-grained siltstone. Purple 

and yellow-brown redoximorphic mottles in the core fine- to medium-grained 

siltstone, although uncommon, indicate poorly-drained, mostly wet soil conditions 

(Vepraskas, 1992). Illuviated clay and fine-grained silt shrouds around peds (cutans) 

in core fine-medium-grained siltstone are a result of freely moving water in the soil.  

Greatest abundance of AMB in core very-fine-grained sandstone and lesser 

abundance in core coarse-grained siltstone and core fine-medium-grained siltstone 

respectively may provide further support of different climates for each of the three 

facies.  Although not diagnostic, morphologically similar AMB-type burrows in 

Quaternary loess are most common in soil horizons having the most pedogenic 

carbonate and interpreted as the driest climate (sagebrush steppe) in a loess-paleosol 

succession (McDonald and Busacca, 1990; O’Geen and Busacca, 2001). 
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Lesser core lithofacies 

Core gray muddy siltstone-laminated 

Thin (mean 0.3 m), gray, faintly laminated siliciclastic –mud-rich siltstone 

(Figure 4-18A) is a common lithofacies superjacent to shoaling upward marine 

carbonate, second in frequency to core fine-grained siltstone. Contact with underlying 

marine carbonate is abrupt. The top is gradational over a few cm.  Where this 

lithofacies overlies a facies other than marine carbonate, the basal contact is 

gradational. Where it overlies shoaling upward carbonate, the base commonly 

contains lithoclasts of the underlying marine peritidal rocks.  It is devoid of marine 

biota except as clasts from below. Not common, but significant, are millimeter-size 

blackened grains where directly overlying peritidal carbonate.  Rare carbonaceous 

(plant) material is also found. Laminations are faint, recognized in core as mm to cm 

partings.  Gray color indicates a reducing environment, probably subaqueous. Fine 

grain size and lack of cross stratification imply low energy conditions. Where 

immediately overlying marine carbonate the depositional environment is interpreted 

as a coastal marsh, marginal to a receding shoreline. Where occurring immediately 

above other siliciclastic facies, core gray muddy siltstone-laminated is interpreted as 

swamp or ephemeral pond deposit.  

 

Core gray muddy siltstone-blocky 

The core gray muddy siltstone-blocky lithofacies (Figure 4-18B) is the most common 

lithofacies underlying marine carbonate.  It tends to have a blocky to crumbly 

appearance in core, but can be massive.  Beds are generally thin (<0.5 m, mean 0.3 

m). Small burrows (1cm) are common in the upper portions of beds of this lithofacies.  

Several examples are dolomitic, composed of very fine crystalline dolomite (10-20 

microns) and quartz silt, and interpreted as dolomitized silt-rich carbonate mud.  

Dolomite increases upward within these intervals.  Gray color and mm-size pyrite 

nodules indicate a reducing environment, probably subaqueous.  The base is 

gradational with underlying red siliciclastic strata whereas the top is either 
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gradational or is a scoured surface marking the transition to a higher energy marine 

environment.  A coastal marsh adjacent to a transgressing shoreline, associated with a 

rising sea level is the interpreted depositional setting.  

 

Core primary evaporite 

Anhydrite (Figure 4-19A) is fairly common throughout the marine carbonate and 

siliciclastic intervals.  It consists of displacive rosettes and nodules, poikilitic patches, 

fracture fill, and cement, and most is post-depositional.  Core primary evaporite is 

anhydrite occurring as fine nodules (2-10 mm) in well-defined layers or as larger 

nodules (1-2 cm) and clusters of nodules arranged in an orderly fashion in thin 

intervals (mean 0.2 m). It comprises only a small portion of the matrix, which is 

typically red-brown core fine- to medium-grained siltstone. It is most common at the 

base of the siliciclastic intervals or in a position that is approximately the updip 

equivalent of marine carbonate intervals that have pinched out (e.g., Middleburg, 

B2LM).  A coastal sabkha environment with significant evaporation and some degree 

of aridity is interpreted.  Deposition was likely associated with a water table tied to 

falling or rising sea level, on the basis of habit, matrix, and successional context. 

 

Core laminated sandstone and siltstone 

Core laminated sandstone and siltstone lithofacies (Figure 4-19C, D) mostly consists 

of planar horizontal laminations of alternating finer-grained and coarser-grained 

material, sandstone, siltstone, and carbonate mudstone, in varying combinations.  

Each lamina typically fines upward.  One relatively thick bed is less distinctly 

laminated, burrowed, contains ostracodes, and overlies the more laminated style of 

the lithofacies. Upper and lower contacts with adjacent lithofacies are gradational 

over a thin interval (2-4 cm). Fine-scale soft sediment deformation and desiccation 

cracking of thin (1-2 mm) carbonate mud laminations are common. The lithofacies 

comprises a small portion of the overall volume (1%) and is relatively thin where it 

occurs (mean 0.4 m). The lithofacies is mostly restricted to the lower portion of the 
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Speiser Shale (A1SH) where stratigraphic context suggests it may be related to a sea 

level rise. It also occurs in intervals correlated as the updip equivalent of the 

Middleburg (B2LM) and Eiss (B3LM) marine carbonate. Depositional environments 

are interpreted include tidal flats (supratidal) or coastal salinas.  Alternatively, some 

may be associated with ephemeral ponds not associated with coastal processes.  

 

Core nodular carbonate mudstone 

Although not common, core nodular carbonate mudstone (Figure 4-18C) is an 

important environmental indicator.  It occurs as thin beds (<0.5 m, mean 0.3 m) of 

carbonate mudstone, predominantly as large (4-10 cm) nodules or masses of 

coalescing nodules, lacks fauna except for smooth-shelled ostracodes, and is 

commonly burrowed.  Contacts above and below are gradational over thin intervals, 

with mixing of carbonate nodules and adjacent siliciclastic matrix. Rhizobrecciation 

is common and indicates early subaerial exposure and intermittent wet-dry 

conditions. This lithofacies is differentiated from caliche nodules primarily on the 

basis of morphology, fauna, and burrows, and is interpreted to have been deposited in 

ephemeral lakes or ponds.  Core nodular carbonate mudstone occurs interstratified 

within all siliciclastic intervals and all geographic regions, but is not correlated 

between cores. It is most commonly found interstratified with the main siliciclastic 

lithofacies but is also associated with the core gray muddy siltstone lithofacies.   

As the occurrence is in a wide range of stratigraphic positions in the siliciclastic 

intervals, origin is likely distant from the shoreline. Ephemeral lakes or ponds 

associated with perched water tables are likely.  In occurrences near the base or top of 

the siliciclastic intervals the ephemeral lakes may be related to coastal water tables 

associated with a rising or falling sea level.  

 

Core fossiliferous, laminated, or burrowed lithofacies 

Core fossiliferous, laminated, or burrowed lithofacies occur in three siliciclastic 

intervals in the Prater well, the most basinward core in the study (Figure 4-13).  Thin 
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(< 1 m) carbonate or siliciclastic sediments are interbedded with other siliciclastic 

strata. Carbonate rocks have restricted marine fauna (ostracodes, encrusting 

foraminifers, small brachiopods) and peloids, and vary in texture from mudstone to 

packstone.  Siliciclastic strata are very-fine-grained sandstone or siltstone, are rippled 

or planar laminated, and burrowed. Fossiliferous, laminated, or burrowed lithofacies 

were likely deposited during minor relative sea level rises and short-term marine 

encroachment onto the exposed ramp and are interpreted as peritidal deposits. This 

collection of lithofacies is the down dip equivalent of continental siliciclastic 

lithofacies to the west. 
 
DISTRIBUTION OF LITHOFACIES 

 

Vertical succession of core lithofacies 

Sedimentary systems responding to cyclical climate and sea level should 

result in an ordered vertical succession of lithofacies in the siliciclastic intervals.  The 

order should be measurable at some level of significance by Markov chain analysis 

techniques.   A total of 84 siliciclastic intervals in 13 wells (Figure 4-6) are 

represented (Table 4-6).   First order probability transition and transition tally 

matrices (Tables 4-7A and 4-7B) show the probability and number of occurrences for 

all transitions recorded in the data that span all seven siliciclastic intervals.  To test 

the null hypothesis (transitions are random) we performed a chi-square test, 

comparing observed transitions with a random system having the same frequency of 

transitions (Table 4-7C). The computed chi-square value for these data 

Chi-square = SUM [(expected-observed)2/expected] 

equals 396.1, whereas the expected chi-square for 71 degrees of freedom and level of 

significance = 5% is 91.7.  Therefore, the null hypothesis is rejected.  When applying 

a chi-square test to data where some expected occurrences are <1 (this case) the Yates 

chi-square test is sometimes recommended: 

Yates chi-square = [SUM (expected-observed-0.5)2/expected] 

For these data Yates chi-square equals 424.7 and the null hypothesis is again rejected. 
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The most probable lithofacies transitions at the inner and mid ramp positions 

(Table 4-8) are illustrated in Figure 4-21 as simple representative cycles. Included in 

the cycles are the five most abundant lithofacies, the three “main” core lithofacies and 

the two core gray muddy siltstone lithofacies (laminated and blocky).  Other “lesser” 

core lithofacies, core nodular carbonate mudstone, core laminated sandstone and 

siltstone, core primary evaporate, and core fossiliferous, laminated, or burrowed 

lithofacies have too few occurrences or are too random in their occurrences to be 

included.  There is insufficient data (Table 4-8C) in the outer ramp position to 

construct a representative cycle due in part to the complications caused by marine 

influence. The representative cycles do not show all the complexities observed in core 

in all intervals (Figure 4-13), but rather are intended to illustrate the most probable 

vertical successions.  

 

Core lithofacies across the ramp 

Figure 4-22 is a representative dip-oriented cross section that is based on core and 

geomodel lithofacies data presented in prior tables and figures.  The seven cycles are 

sufficiently similar to be characterized in a single figure, but have enough variation 

that the model cannot be considered universal. Isochrons are estimated (dashed) 

because no time-correlative surfaces (e.g.: volcanic ash, omission surfaces, 

unconformities) are evident in core or wire-line logs. As there has been no evidence 

found indicating sediment bypass or non-deposition in siliciclastic intervals, relatively 

continuous deposition is assumed. One well-established approximate time line is the 

maximum flooding surface (interglacial), recognized on the basis of fauna and 

lithofacies in the marine interval. Others are conjectural, but consistent with the 

stratigraphic observations. Isochrons near the marine-continental interface cross those 

boundaries at very low angles because of the low relief on the ramp and rapid relative 

rise and fall of sea level. A hypothetical time line representing the lowest sea level, 

and maximum Gondwanan glacial advance, must occur somewhere in each 

siliciclastic interval, but we have no data to fix maximum ice volume precisely.  It is 
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constrained somewhat by timelines in the cross section and is likely to be located in 

the interval labeled “low sea level.”  

The siliciclastic cycle at inner ramp and mid ramp positions are similar in that 

they begin with the same fine-grained lithofacies, coarsen upward toward the middle 

of the interval, then fine upward to the top, and end with the same lithofacies. Details 

of the representative cycle in Figure 4-21 are discussed below: 

1. The most common siliciclastic lithofacies that directly overlies marine 

carbonate is core gray muddy siltstone-laminated or core fine- to medium- 

grained siltstone.  Occurrence rates for the core gray muddy siltstone-

laminated indicate it was not uniformly deposited across the ramp or was 

removed by erosion over much of the ramp.  We have found no evidence for 

the latter. Deposition was in coastal marshes or low-lying areas slightly 

inboard but adjacent to a receding shoreline. Where core gray muddy 

siltstone-laminated is not present, core fine- to medium-grained siltstone most 

commonly overlies marine carbonate. Sediment was delivered by eolian 

processes and deposited in a vegetated coastal plain setting. Caliche nodules 

indicate somewhat dry conditions but other pedogenic features (illuviated clay 

and multi-colored redox) may indicate a moister climate for this interval than 

for overlying siliciclastic strata.  Although much less common than the 

siltstone lithofacies, core primary evaporite deposited at the marine-

continental interface indicates coastal sabkha conditions existed in isolated 

areas in most cycles at some point during initial ramp exposure, still 

indicating significant evaporation and some degree of aridity. Core laminated 

sandstone and siltstone was deposited at the inner ramp as the updip lateral 

equivalent of marine carbonate. 

2. Core gray muddy siltstone-laminated is overlain by either core fine- to 

medium-grained siltstone or core coarse-grained siltstone.  With continued 

relative fall in sea level, coarse-grained eolian siltstone blanketed most of the 

ramp in a savannah-like environment in a somewhat drier, but seasonally 
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moist climate. Core nodular carbonate mudstone accumulated in isolated low-

lying areas in ephemeral lakes where the water table intersected the surface.  

Core coarse-grained siltstone grades laterally to core very-fine-grained 

sandstone  in updip positions, more proximal to the eolian source, and to core 

fine- to medium-grained siltstone downdip. Subtle relief was built by 

aggrading siliciclastic sediments in the updip areas of the ramp, more 

proximal to the sediment source. 

3. During periods of low sea level coarser-grained lithofacies expanded in a 

downdip direction, possibly signaling drier conditions. Core very-fine-grained 

sandstone was deposited at the inner ramp, core very-fine-grained sandstone 

or core coarse-grained siltstone at mid ramp, and core fine- to medium-

grained or core coarse-grained siltstone in the outer ramp, contemporaneously.  

The setting was a very low-relief vegetated plain in a savannah-like 

environment with at least seasonally moist conditions. Building of positive 

relief continued in the western ramp area through aggradation of coarser-

grained siliciclastic sediments. Isolated ephemeral ponds in low-lying areas 

with nodular core carbonate mudstone deposition dotted the landscape, 

perhaps fewer than in intervals above and below.  

4. During a relative rise in sea level, finer-grained siliciclastic sediments were 

delivered to the ramp.  Eolian core coarse-grained siltstone covered coarser-

grained loess in the inner ramp and core fine- to medium-grained siltstone was 

deposited in more distal areas (mid and outer ramp). Core nodular carbonate 

mudstone again accumulated in isolated low-lying areas in ephemeral lakes. 

Continued relative fall sea level was accompanied by deposition of fine- to 

medium-grained eolian siliciclastic sediments over most of the ramp. 

Although a seasonally dry climate is indicated by pedogenic calcite, other 

pedogenic features suggest moister conditions than for immediately prior 

sedimentation. 
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5. Core gray muddy siltstone-blocky was deposited in widespread coastal saline 

marsh adjacent to a transgressing shoreline, as a rising sea level flooded the 

low relief coastal plain.  In some areas, which may have been slightly 

elevated, core fine- to medium-grained siltstone  directly underlies the 

flooding surface of the overlying marine cycle. Core primary evaporite 

deposited in a coastal sabkha environment is very rare (less abundant than at 

the base of the cycle), but does occur at the base of the core gray muddy 

siltstone-blocky in a few cycles. Lower occurrence rates at the top of the cycle 

may indicate more moist conditions than at the base of the cycle for a similar 

sea level position.  

6. With continued relative rise in sea level, the ramp was flooded and marine 

carbonate deposited. Relief built by aggrading siliciclastic strata reduced 

accommodation for marine carbonate in the inner ramp region. 

 

Variations in lithofacies succession in the simple cycle described above are very 

common. They are depicted in the representative cycle (Figure 4-22) as discontinuous 

lenses or as basinward or landward shifts in the transition from one lithofacies to 

another.  Similar complexities are illustrated on a coarser scale in the geomodel 

(Figure 4-12). Departures from the overall coarsening-fining upward successions 

appear to be ramp-wide and may be “forced” by short term perturbations in the sea 

level and climate cycles.  

 

CLIMATE AND DEPOSITIONAL MODELS 

 

Inferring glacially related climate cycles in the Wolfcampian in the Ancestral 

Rockies from the sedimentary record is ongoing (Johnson, 1989b; Cecil, 1990; 

Soreghan, 1992; Rankey, 1997; West et al., 1997; Kessler et al., 2001; Soreghan, et 

al., 2002a). At the cyclothem scale, the sedimentary record generally supports current 

climate models for the Wolfcampian. A semiarid tropical climate resulted in 
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widespread deposition of eolian siliciclastic strata in the Ancestral Rockies during 

early Permian (Peterson, 1980; Peterson, 1988; Soreghan, 1992; Parrish, 1993; Dubiel 

and Smoot, 1994; Parrish, 1995; Soreghan et al., 1997; Kessler, et al., 2001; 

Soreghan, et al., 2002a). Due to the Pangean landmass straddling the equator, the 

region experienced a monsoonal (seasonal) climate (Robinson, 1973; Rowley et al., 

1985; Kutzbach and Gallimore, 1989; Patzowsky et al., 1991; Parrish, 1993) that may 

have strengthened through the Permian as the Pangean landmass was assembled, 

causing drying in equatorial regions and increased seasonality (wetter summers and 

drier winters) (Parrish, 1993; Parrish, 1995). Seasonality has been demonstrated to 

have an impact on loess entrainment and deposition in the Quaternary in China. 

Coarser-grained grain size is equated with increased winter monsoonal intensity 

(wind) and drier conditions at the sediment source (An et al., 1990; Ding et al., 1999; 

Porter, 2001; Ding et al., 2001). 

On the Hugoton ramp, a degree of aridity is indicated by pedogenic calcite, 

overall oxidation state (ferric), and wind as the primary siliciclastic sediment 

transport during low sea level. When sea level was high and marine carbonate was 

being deposited, the near lack of siliciclastic sediment (loess) may indicate a 

fundamental shift in climate, probably to wetter conditions. In the siliciclastic 

intervals, a seasonal interpretation (summer-winter) for periodic wet-dry conditions is 

consistent with other work in the Lower Permian (Soreghan, 1994, 1997; Rankey, 

1997).  Moderate to intense pedoturbation (rhizoliths and insect burrows) indicate 

there was sufficient moisture, at least seasonally, to support terrestrial vegetation and 

soil insects.  Indications of perched water tables (nodular carbonate in ephemeral 

lakes, swamp deposits, and well-cemented intervals), along with pedoturbation, 

indicate higher moisture level for the Wolfcampian during low sea level than was 

interpreted for the Dalhart basin (Kessler et al., 2001).   

Continental siliciclastic sediments accumulated to a height normally 

considered to be above base level on an exposed very gently sloping ramp. The 

accumulation is due to the interplay of climate variability at annual and glacial-cycle 
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scales, glacial eustacy, ramp geometry, and regional tectonic setting, which controlled 

sediment availability, delivery and aggradation through biostabilization and 

pedogenesis. 

Three panels in Figure 4-23 illustrate the paleogeography, general climate 

conditions, paleowinds, vegetation, and lithofacies distribution at four points in the 

glacial cycle, (A) low sea level, (B) rising and falling sea level, and (C) interglacial 

and maximum sea level highstand.  They are based on the lithofacies and associated 

depositional environments within the chronostratigraphic framework in Figure 4-22.  

Northwest of the study area, Peterson (1988) documented a northwesterly wind 

direction (corrected to present-day continental orientation) on the basis of 

sedimentary structures (Figure 4-3). Southwest of the study area, Soreghan et al. 

(2002b) projected winds from both the northwest and east on the basis of zircon 

provenance.  Seasonal variability in wind direction (winter-summer) is indicated by 

Permian circulation models (Parrish, 1982; Parrish and Peterson, 1988; and Gibbs et 

al., 2002). An upper Wolfcampian model (Gibbs et al., 2002) projects relatively 

strong northwesterly winds (present day orientation) during the winter, and relatively 

weak southwesterly winds during the summer (Figure 4-3).  

Synchronization of seasonality (drier winters and wetter summers) and 

seasonal variability in wind patterns (direction and strength) controlled temporal and 

spatial aspects of sediment supply and delivery to the study area during low sea level 

and glaciation (Figure 4-23A). Drier winters are likely to have resulted in less 

vegetation and more easily mobilized sediment in the source area during the winter.  

Strong northwesterly monsoonal winds during the winter, predicted by Gibbs et al., 

2002, entrained the sediment, delivered it to the Hugoton ramp through eolian 

processes (suspension and saltation), and distributed the sediment in a coarse-grained 

to fine-grained (west to east) pattern.  During summer months, increased moisture, 

reduction in wind velocity, and, possibly, a change in wind direction curtailed 

sediment supply to the ramp. Wetter conditions during the summer promoted 

vegetation and stabilization both at the source and in the study area, resulting in the 
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annual aggradation of loess, particularly in the western portion of the study area, 

proximal to the source.  An overall drier climate is likely during glacial periods. 

Accommodation is most often defined in terms of space, or distance, below a 

datum, relative sea level in a marine setting; or below a base level or equilibrium 

gradient in a terrestrial (fluvial or alluvial) setting where sediment can accumulate 

(Jervey et al., 1988; Van Wagoner et al., 1988; Bull, 1991). These paradigms are not 

adequate to describe stabilization of sediment (aggradation) above what would be 

expected as base level, which we have observed in the siliciclastic intervals of each of 

the seven cyclothems studied. We propose that accommodation is a function of 

equilibrium between eolian loess supply and capacity of vegetative cover and 

subsequent soil processes to stabilize loess sediment. In the study area, the stabilizing 

capacity (vegetation and pedogenesis) was above the equilibrium threshold where 

loess supply exceeds the stabilization capacity.  The result was a broad aggradational 

landscape (McDonald and Busacca, 1990; Almond and Tonkin, 1999; Kemp, 1999; 

Jacobs and Mason, 2004; Jacobs, 2006).   Thickest siliciclastic accumulations are in 

the western portion of the study area, 80-100 km inboard of the basin.  Here the 

siliciclastic intervals thicken relatively abruptly where coarse-grained siltstones give 

way (to the west) to very-fine-grained sandstone.  Sandstone lithofacies occur as 

relatively thick (2-4 m), extremely large bodies covering 100’s of km2.  Relatively 

thick accumulations are stacked from one cyclothem to the next, and marine rocks are 

thin or absent (pinched out).  We postulate that the accumulation of coarse-grained 

silt and very-fine-grained sand as loess that built 2-3 m relief (aggrading landscape) 

as it was stabilized by vegetation and soil processes The relief reduced 

accommodation space for marine carbonate strata (main gas reservoirs) that either 

pinchout against or thin considerably over the low aggradational hills at a location 

coincident with the updip boundary of the Hugoton and Panoma gas fields. 

A wetter climate is likely to have prevailed on either side (temporally) of the 

glacial period, resulting in conditions depicted in Figure 4-23B.  Higher precipitation 

likely increased vegetation (and stability at the source) and reduced the availability of 
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eolian siliciclastic sediments.  During marine highstands (interglacial periods), even 

wetter conditions were likely, further increasing vegetative cover and further limiting 

eolian sediment availability. A minimal volume of finer-grained grained eolian 

sediment was delivered to the ramp while marine carbonate was deposited (Figure 4-

23C). 

 

CONCLUSIONS 

 

Thick siliciclastic strata that dominate the lower Wolfcampian siliciclastic-

carbonate cyclothems at the west updip boundary of the giant Hugoton gas field are 

predominantly loess deposited in a continental setting.  Aggradation to a height that 

would normally be considered above base level was due to stabilization by vegetation 

and pedogenesis.   Terrestrial topography (2-3 m per cyclothem) reduced 

accommodation for marine carbonate in overlying marine intervals. Climate 

variability interpreted from the sedimentary record in the Wolfcampian at cyclothem 

and multi-cyclothem scales are generally consistent with recent work (Soreghan, 

1992:  Soreghan, 1994; Miller et al., 1996; Rankey, 1997; Olszewski and Patzowsky, 

2003).  However, less aridity than is generally reported for periods of low sea level 

(glacial) may be indicated by evidence for vegetation and soil insects requiring soil 

moisture at least seasonally. A fine-scale cellular geomodel provides a three-

dimensional view of seven Wolfcampian cyclothems on a stable ramp.  In this 

controlled setting, primary variables are climate and glacial eustacy.  Climate 

variability at the cyclothem (glacial-interglacial) is reflected in grain size distribution 

and lithofacies body geometries. Based on the data presented we make the following 

points: 

1. Most fine-grained siliciclastic sediments are loess and a westerly source 

(Ancestral Rockies) is indicated by lateral grading and thickness patterns. 

Grain sizes decrease and siliciclastic intervals thin from west to east. 
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2. Accommodation is due to biostabilization resulting in a low-relief 

aggradational landscape. Vegetation served to trap and, in association with 

pedogenesis, stabilize eolian sediment as it accumulated. 

3. Climate variability controlled sediment supply and delivery. Relatively dry 

conditions and low vegetative cover during low sea level (glacial periods) 

allowed fine-grained siliciclastic sediments to be delivered to the ramp by 

eolian processes.  During high sea level (interglacials) wetter conditions and 

increased vegetation curtailed siliciclastic supply to a carbonate-dominated 

ramp. 

4. Continental siliciclastic lithofacies exhibit an ordered and cyclical succession 

of lithofacies controlled by climate.  During falling sea level, under relatively 

dry but seasonally wet conditions, fine-grained siliciclastic sediments were 

deposited on the ramp in a broad coastal plain.  In some areas, muddy siltstone 

was deposited adjacent to the receding shoreline in coastal marshes. Drier 

conditions overall (seasonally moist) accompanied continued relative fall in 

sea level and delivery of laterally graded coarser-grained siliciclastic 

sediments to the ramp in a savannah-like setting. During low sea level, driest 

conditions may have prevailed and the coarsest siliciclastic sediments were 

deposited in a laterally graded fashion.  Seasonally, conditions were 

sufficiently moist for vegetative cover and soil biota.  During a relative sea 

level rise the trend in climate conditions and resultant lithofacies deposition 

reversed.  Wetter conditions are indicated in finer-grained siliciclastic strata 

vertically.  With continued relative rise in sea level, muddy siltstone in coastal 

marshes were deposited as marine conditions returned to the ramp.  Wetter 

climate conditions caused a cessation in eolian siliciclastic delivery to the 

ramp and marine carbonate production flourished.  Departures from the 

overall coarsening-fining upward successions are common, appear to be ramp-

wide, and may be “forced” by short-term perturbations in climate.  
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5. Seasonal variability (monsoonal pattern) provided sufficient moisture, at least 

seasonally, to support vegetation, soil insects, intermittent mobile water, and 

local high water tables (perched).  
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Geomodel 
Lithofacies

Core 
Wells

Node 
Wells

Cellular 
Model

very-fine-grained 
sandstone

4.7% 2.8% 3.3%

coarse-grained 
siltstone

22.1% 18.3% 19.5%

fine- to medium-
grained siltstone

17.6% 16.6% 20.6%

marine lithofacies 55.7% 62.3% 56.6%
 

Table 4-1.  Volumetric distribution of three siliciclastic geomodel lithofacies 
(continental) and marine geomodel lithofacies in core, node wells and cellular model. 
Eight marine lithofacies are not subdivided in this table.  Geomodel lithofacies 
defined in core from 17 wells were training data for neural network models for 
lithofacies prediction in 1251 “node” wells.  Half-foot (0.15 m) geomodel lithofacies 
in node wells were upscaled to model layer thickness and sequential indicator 
simulation (SIS) was used to populate the cellular model between the node wells in 
PetrelTM. Differences in contribution are largely a function of geographic sample 
distribution. 
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Lithofacies and Depositional Environments
Core Lithofacies Description Grain Size 

(phi)
Occurrence Stabilization / 

Accommodation
Depositional 
Environment

Fine-medium-
grained siltstone

Red-brown; massive to rubbly; subangular 
to angular quartz and feldspar (subarkose); 
moderately sorted; moderate amount of 
detrital clay; minor illuviated clay; abundant 
caliche nodules, rhizoliths, and 
redoximorphic features; peds with clay or 
silt cutans (Figures 4-14A and 4-20DEF).   

5-7 Moderately thick (to 
2 m); common 
especially at mid to 
outer ramp; 
gradational at top 
and base.

Vegetation and soil 
processes

Eolian; 
somewhat dry, 
seasonally 
moist; coastal 
plain or 
savannah-like 
setting.

Coarse-grained 
siltstone

Red-brown; massive; subangular to 
angular quartz and feldspar (subarkose); 
moderate to well sorted; moderate-low clay 
content; burrows (AMB) and caliche 
nodules common but not abundant; patchy 
intergranular fine grained calcite cement; 
rhizoliths and redoximorphic features are 
common (Figures 4-14B, 4-15, 4-20A).

4-5 Moderately thick (to 
2 m); common 
especially at mid 
ramp; gradational at 
top and base.

Vegetation and soil 
processes

Eolian; relatively 
dry, seasonally 
moist; savannah-
like setting.

Very fine-grained 
sandstone

Light red-brown to reddish tan; massive; 
subangular to angular quartz and feldspar 
(subarkose); moderate to well sorted; low 
clay content; abundant burrows (AMB); 
patchy intergranular fine grained calcite 
cement; rhizoliths and redoximorphic 
features are common (Figures 4-14C, 4-
16, 4-17CD, 4-20C).

3-4 Thick (to 5 m); 
dominates updip 
(inner ramp); 
gradational at top 
and base.

Vegetation and soil 
processes

Eolian; relatively 
dry, seasonally 
moist; savannah-
like setting.

Gray muddy 
siltstone (laminated)

Gray and green-gray; clay rich; faintly 
laminated; rare fine carbonaceous material 
and blackened grains; rhizoliths are rare or 
absent (Figure 4-18A).

4-7   
(mostly 5-7)

Thin (<0.5 m); 
common at base of 
redbeds; 
gradational to sharp 
base; gradational 
top.

Water table associated 
with sea level (marsh) 
or high water table 
(swamp or pond)

Coastal marsh or 
ephemeral pond.

Gray muddy 
siltstone (blocky)

Gray and green-gray; clay rich; blocky to 
rubbly appearance in core; commonly 
dolomitic; small (cm) burrows common 
(Figure 4-18B).

4-7    
(mostly 5-7)

Thin (<0.5 m); 
common at top of 
redbeds; 
gradational base; 
gradational to sharp 
(scour) at top.

Water table associated 
with sea level

Coastal marsh.

Primary evaporite Pink to gray anhydrite; usually as small (1-
2cm) touching nodules or as thin beds of 
small (<1cm) nodules in siltstone matrix 
(Figure 4-19C).

NA Thin (<0.25 m); 
uncommon; base of 
redbeds when 
present

Water table associated 
with sea level

Some degree of 
aridity and 
significant 
evaporation; 
coastal sabkha.

Laminated 
sandstone and 
siltstone

Red-brown to gray; thin (mm) planar 
laminations; alternating finer and coarser 
material (sand and silt; silt and clay; silt 
and carbonate mud); small burrows 
present in some intervals; rhizoliths and 
redoximorphic features common to absent 
(Figure 4-19AB).

3-5 Thin (<0.5 m); 
uncommon; sharp 
at base; gradational 
at top.

Water table associated 
with sea level (tidal flat 
and salina) or high 
water table 
(ephemeral lake)

Tidal flat, coastal 
salina, or 
ephemeral lake 

Nodular carbonate 
mudstone

Gray to reddish gray; nodules or masses of 
coalescing nodules; ostracodes, other 
small shell fragments and burrows are 
present but sparse; rhizoliths are common 
(Figures 4-18C and 4-20D).

NA Thin (<0.5 m); 
uncommon.

High water table 
(perched for most) or 
in association with sea 
level

Relatively dry, 
seasonally 
moist; 
ephemeral lakes 
or ponds

Fossiliferous, 
laminated, or 
burrowed lithofacies

Variable lithofacies include carbonate 
mudstone to packstone, and laminated to 
rippled siltstone and sandstone; restricted 
marine fauna. 

NA Uncommon (four 
occurrences); only  
in most downdip 
well; interbedded 
with other 
siliciclastic strata.

Sea level Peritidal
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Table 4-2.  Core lithofacies description, grain size, occurrence, proposed 
stabilization/ accommodation mechanism, and interpreted depositional environment. 
Climate conditions are for lithofacies at the inner ramp or upper mid ramp position, 
where provided. 
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Core Lithofacies

Gross 
thickness 

(m)
Volumetric 
proportion

Discrete 
bed count

Mean bed 
thickness 

(m) Geomodel Lithofacies
 Fine- to medium-grained siltstone 106 0.28 141 0.8  fine- to medium-grained siltstone

 Coarse-grained siltstone 162 0.44 146 1.1  coarse-grained siltstone

 Very-fine-grained sandstone 45 0.12 27 1.7  very-fine-grained sandstone

 Gray muddy siltstone-blocky 28 0.08 89 0.3  mostly fine- to medium-grained siltstone

 Gray muddy siltstone-laminated 12 0.03 47 0.3  mostly fine- to medium-grained siltstone

 Primary evaporite 4 0.01 22 0.2  one of "main" siltstones

 Laminated sandstone and siltstone 5 0.01 12 0.4  mostly very-fine-grained sandstone

 Nodular carbonate mudstone 7 0.02 25 0.3  one of "main" siltstones

 Fossiliferous, laminated or burrowed 4 0.01 4 0.9  marine lithofacies

 All lithofacies 372 1.00 513 0.7

M
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n
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ss
er

 
 
Table 4-3. Core lithofacies occurrence statistics and corresponding geomodel 
lithofacies. Data are from 84 siliciclastic intervals in 13 wells that were studied in 
detail. “Main” siltstones refers to either core fine-to medium-grained siltstone or core 
coarse-grained siltstone. 
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Pedogenic 
Feature Characteristics Core lithofacies 

associations Mechanism Environment Principal 
references

Rhizoliths Cylindrical, downward tapering and 
bifurcating structures stand out from 
matrix by mineralization, color, or 
difference in fill material. Sub vertical to 
horizontal.  Mm to multi-cm wide and 
from cm's to 0.5 m in length 
(constrained by 10 cm core diameter). 
Most are root casts filled most 
commonly with fine silt (red or green-
gray) (Figures 4-14B, 4-18C,4-19A, 24-
0DE), less commonly with anhydrite 
(Figure 4-15, 4-16A, 4-20D) or calcite 
cement.

Common to abundant in fine- to 
medium-grained and coarse-
grained siltstones and very-fine-
grained sandstone.  Less 
common in gray muddy 
siltstones and laminated 
sandstone and siltstone. 

Traces of roots associated with 
terrestrial plants.

Sufficient moisture, 
at least seasonally, 
for terrestrial plants.

Klappa (1980)

Caliche 
nodules

Micritic carbonate nodules ( 0.5 to 5 
cm) as discrete nodules (Figure 4-20A), 
in columns (Figure 20B), or larger 
masses to 10 cm in a semi-bed form.

Common to abundant in fine- to 
medium-grained siltstone, 
common in coarse-grained 
siltstones, and nearly absent in 
fine-grained sandstone. 
Otherwise absent.

Dissolution of carbonate dust 
and/or carbonate from upper soil 
profile (upper vadose zone) and 
reprecipitation in soil profile.

Wet-dry conditions in 
relatively dry climate.

Machette, 
1985; 
Retallack, 
1988, 1990.

Very-fine-
grained 
intergranular 
calcite 
cement

Patchy, very fine-grained (8-20 um) 
intergranular calcite cement yielding a 
mottled and nodular appearance 
(Figure 4-20C).

Common in coarse-grained 
siltstone and fine-grained 
sandstone. Rare in fine- to 
medium-grained siltstone. 
Otherwise absent.

as above or potentially of 
groundwater origin

Wet-dry conditions in 
relatively dry climate.

Machette 
(1985) and 
Loope (1999)

Peds Crumbly matrix as granules (1-2 cm), 
larger (2-5 cm), fitted blocky 
aggregates (Figures 4-14A ), or larger 
(to 10 cm) clod aggregates (Figure 4-
20DE).  

Common in fine- to medium-
grained siltstone; less common 
in coarse-grained siltstone; rare 
in gray muddy siltstones; 
otherwise absent..

Aggregates of material between 
open soil structure (macropores - 
cracks and roots) prior to 
compaction.

Soil with open 
macropore network.

Retallack 
(1988, 1990)

Cutans Ped coatings. Thin ferran (Figure 14A), 
thin clay argillans (Figure 20F), and 
thicker (1-2 mm) illuviated fine silt 
shrouds on larger clods (Figure 4-
20CD).

Common in fine- to medium-
grained siltstone; otherwise 
absent.

Materials washed into soil open 
spaces between peds

Intermittent water 
movement through 
soil.

Brewer, 1976; 
Retallack, 
1990.

Slickensides Slightly glossy ped surfaces with faint 
striations (Figure 4-20F)

Rare in fine to medium-grained 
siltstone, otherwise absent.

Alignment of clay along surfaces 
during compaction of peds and/or 
heaving during wet-dry cycles.

Could indicate wet-
dry soil conditions.

Retallack 
(1988, 1990)

Gray to green-gray colored patches in 
red-brown matrix, or as multi-colored 
mottles. Variable in size and shape. 
Commonly with associated caliche, 
roots, or burrows. 

Common in fine- to medium-
grained and coarse-grained 
siltstones, very-fine-grained 
sandstone, and laminated 
siltstone and sandstone. 

Iron depletion in a reducing 
environment under moist soil 
conditions (carbon-rich water, and 
O2 consuming bacteria).  

Wet-dry soil 
conditions.

Retallack 
(1988, 1990); 
Vepraskas 
(1992).

Depletion in 
matrix

Lighter colored matrix with distinct 
boundaries in irregularly shaped 
patches (2-10 cm) or as sub-horizontal 
to horizontal beds (0.3-0.8 m).

Common in coarse-grained 
siltstone and very-fine grained 
sandstone. Nearly absent in red 
fine- to medium-grained 
siltstone.

Oxygen depleted water flowing 
through matrix along higher 
permeability pathways reduces 
Fe3+ to Fe2+.

Wet-dry soil 
conditions.

Retallack 
(1988, 1990); 
Vepraskas 
(1992).

Depletion as 
halos

Narrow (1-5 mm) areas of light 
coloration surrounding rhizoliths 
(Figures 4-14B, 4-16A, 4-19A), caliche 
nodules (Figure 4-20AB), and mm-size 
carbon grains (rare) .

Most common in fine- to 
medium-grained and coarse-
grained siltstones. Less 
common in fine-grained 
sandstone.

Reduced zone around carbon 
source by anaerobic bacteria (Fe3+ 

to Fe2+). Where around caliche 
nodules, carbon-rich water 
circumnavigates nodules due to 
permeability contrast.

Wet-dry soil 
conditions.

Retallack 
(1988, 1990); 
Vepraskas 
(1992).

Multi-colored 
mottling

Purple and yellow-brown mottles, 
commonly associated with rhizoliths 
(Figure 4-19A.

Uncommon overall, but mostly 
in fine- to medium-grained 
siltstone and laminated siltstone 
and sandstone where present.

Partial leaching of hematite Poorly drained soil, 
mostly wet 
conditions.

Vepraskas 
(1992)

Iron 
depletion/ 
enrichment

Vertically elongate, cylindrical 
structures (3-5 cm by >20 cm), light 
gray core and concentric darker red 
and red-brown outer bands. Contains 
rhizoliths and burrows (Figure 4-20G).

Restricted to fine-grained 
sandstone, but not common.

Mobilized Fe2+ diffused by flow 
through zone of higher permeability 
and oxidized in nearby matrix 
where moisture drops and O2 is 
available.

Wet-dry soil 
conditions.

Retallack 
(1988, 1990); 
Vepraskas 
(1992).

Adhesive 
meniscate 
burrows

Vertical to sub horizontal cylindrical 
structures (1 cm by 3-10 cm), 
meniscate-style back filling common. 
Color commonly differs from matrix 
(redox). Usually in association with 
rhizoliths (Figure 4-14C, 4-15, 4-16 4-
18C, 4-20G).

Common in coarse-grained 
siltstone and very-fine grained 
sandstone. Nearly absent in fine-
to medium-grained siltstone. 
Rare in gray muddy siltstones 
and nodular carbonate 
mudstone.

Burrow traces left by insects and/or 
insect larvae that feed on roots of 
terrestrial plants.

Sufficient moisture 
(at least seasonally) 
for terrestrial plant 
growth.

Bown and 
Kraus (1983); 
Hasiotis and 
Dubiel (1994); 
Smith et al., in 
press .

Pedogenic 
carbonate

Redoximorphic 
features

 
 
Table 4-4.  Pedogenic features in Wolfcampian siliciclastic strata.  
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Well
Depth 

(ft) Zone
Mean Grain 
Size (mm) Lithofacies Qtz Ksp Plag Cal Dol Anh Clay Total

Grain 
Density Classification

Youngren  2794 A1SH 0.08 VFG Sand 59 20 7 4 0 6 4 100 2.65 Arkose
Youngren  2794 A1SH 0.098 VFG Sand 61 8 6 8 0 14 3 100 2.68 Subarkose
Youngren  2803 A1SH 0.058 Crs Silt 64 8 7 13 2 0 6 100 2.65 Subarkose
Youngren  2805 A1SH 0.06 Crs Silt 73 0 8 7 3 0 9 100 2.66 Subarkose
Youngren  2926 B4SH 0.58 Crs Silt 74 0 5 0 14 0 7 100 2.68 Subarkose
Youngren  2870 B1LM Pkst-Grnst 3 0 0 74 0 23 0 100 2.76
Youngren  2879 B1LM Wkst 1 0 0 99 0 0 0 100 2.71
Youngren  2896 B2LM Pkst-Grnst 3 0 0 97 0 0 0 100 2.71
Youngren  2898 B2LM Pkst-Grnst 12 0 0 88 0 0 0 100 2.7
Youngren  2917 B3LM Pkst-Grnst 3 0 0 97 0 0 0 100 2.71
Youngren  2918 B3LM Pkst-Grnst 7 0 0 90 0 3 0 100 2.71
Youngren  2932 B4LM Pkst-Grnst 2 0 0 95 0 3 0 100 2.72
Youngren  2952 B5LM Wkst 6 0 0 78 16 0 0 100 2.73
Youngren  2952 B5LM Wkst 1 0 0 98 1 0 0 100 2.71
Flower   2877 B1LM Pkst-Grnst 3 0 0 95 2 0 0 100 2.71
Flower   2891 B2LM Pkst-Grnst 1 0 0 79 0 20 0 100 2.75
Flower   2933 B4LM Pkst-Grnst 3 0 0 97 0 0 0 100 2.71
Flower   2950 B5LM PA-Baff 0 0 0 100 0 0 0 100 2.71

VFG Sand = very-fine-grained sandstone Qtz = quartz
Crs Silt =coarse-grained siltstone Ksp = K-feldspar
Wkst = wackestone Plag = plagioclase
Pkst-Grnst = packstone-grainstone Cal = calcite
PA-Baff = phylloid-algal bafflestone Dol = dolomite

Anh = anhydrite
Clay = total clay  

 
Table 4-5.  Mineralogy from whole-core samples by X-ray diffraction (weight %).  
Siliciclastic rocks are shown at the top.  Mean grain size is estimated in thin section.  
Mean siliciclastic (quartz) volume in 13 marine carbonate samples is 3.5%. Data 
courtesy of Anadarko Petroleum Corporation (prepared by Reservoirs, Inc., 
unpublished data). 
 
 

Core Lithofacies
Lithofacies 

Code
Samples 
(0.15 m)

Transitions/
Occurrences 

Bounding marine 1 85 85
Primary evaporite 2 27 22
Laminated sandstone and siltstone 3 30 12
Gray muddy siltstone (laminated) 4 78 47
Gray muddy siltstone (blocky) 5 185 89
Fine- to medium-grained siltstone 6 695 141
Coarse-grained siltstone 7 1064 146
Very fine-grained sandstone 8 297 27
Nodular carbonate mudstone 9 44 25
Fossiliferous, laminated or burrowed 10 23 4

Total 2528 598  
 
Table 4-6.  Frequency of core lithofacies in 13 cores.  2443 half-foot (0.15 m) 
samples (excluding bounding marine) combine for a total of 513 distinct “embedded” 
lithofacies beds. 
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A - Transition probability matrix
Lithofacies Lithofacies Above

Core Lithofacies Below 1 2 3 4 5 6 7 8 9 10
Bounding marine 1 0.00 0.11 0.02 0.32 0.10 0.37 0.06 0.01 0.00 0.01
Primary evaporite 2 0.09 0.00 0.09 0.00 0.18 0.32 0.32 0.00 0.00 0.00

Laminated sandstone and siltstone 3 0.08 0.00 0.00 0.17 0.00 0.25 0.25 0.17 0.08 0.00
Gray muddy siltstone (laminated) 4 0.11 0.02 0.00 0.00 0.11 0.30 0.38 0.00 0.06 0.02

Gray muddy siltstone (blocky) 5 0.61 0.04 0.01 0.04 0.00 0.09 0.15 0.02 0.03 0.00
Fine- to medium-grained siltstone 6 0.09 0.02 0.01 0.03 0.29 0.00 0.51 0.01 0.04 0.01

Coarse-grained siltstone 7 0.05 0.03 0.03 0.03 0.16 0.47 0.00 0.14 0.08 0.00
Very-fine-grained sandstone 8 0.07 0.00 0.04 0.04 0.00 0.04 0.74 0.00 0.07 0.00

Nodular carbonate mudstone 9 0.04 0.04 0.00 0.12 0.20 0.28 0.32 0.00 0.00 0.00
Fossiliferous, laminated or burrowed 10 0.00 0.00 0.00 0.25 0.50 0.25 0.00 0.00 0.00 0.00

B - Transition tally matrix
Lithofacies Lithofacies Above

Core Lithofacies Below 1 2 3 4 5 6 7 8 9 10
Bounding marine 1 0 9 2 27 8 31 5 1 0 1
Primary evaporite 2 2 0 2 0 4 7 7 0 0 0

Laminated sandstone and siltstone 3 1 0 0 2 0 3 3 2 1 0
Gray muddy siltstone (laminated) 4 5 1 0 0 5 14 18 0 3 1

Gray muddy siltstone (blocky) 5 54 4 1 4 0 8 13 2 3 0
Fine- to medium-grained siltstone 6 12 3 1 4 41 0 72 1 5 2

Coarse-grained siltstone 7 7 4 5 5 24 69 0 21 11 0
Very-fine-grained sandstone 8 2 0 1 1 0 1 20 0 2 0

Nodular carbonate mudstone 9 1 1 0 3 5 7 8 0 0 0
Fossiliferous, laminated or burrowed 10 0 0 0 1 2 1 0 0 0 0

C - Random tally matrix
Lithofacies Lithofacies Above

Core Lithofacies Below 1 2 3 4 5 6 7 8 9 10
Bounding marine 1 0.0 3.0 1.6 6.7 13.8 25.3 26.7 3.7 3.4 0.5
Primary evaporite 2 3.0 0.0 0.4 1.6 3.2 5.9 6.2 0.9 0.8 0.1

Laminated sandstone and siltstone 3 1.6 0.4 0.0 0.8 1.7 3.2 3.3 0.5 0.4 0.1
Gray muddy siltstone (laminated) 4 6.6 1.6 0.8 0.0 7.1 13.1 13.8 1.9 1.8 0.3

Gray muddy siltstone (blocky) 5 13.6 3.2 1.7 7.2 0.0 26.9 28.3 4.0 3.6 0.6
Fine- to medium-grained siltstone 6 25.0 5.9 3.2 13.2 26.8 0.0 52.0 7.3 6.7 1.0

Coarse-grained siltstone 7 26.4 6.2 3.3 13.9 28.3 52.1 0.0 7.7 7.1 1.1
Very-fine-grained sandstone 8 3.7 0.9 0.5 1.9 4.0 7.3 7.7 0.0 1.0 0.2

Nodular carbonate mudstone 9 3.4 0.8 0.4 1.8 3.7 6.7 7.1 1.0 0.0 0.1
Fossiliferous, laminated or burrowed 10 0.5 0.1 0.1 0.3 0.6 1.0 1.1 0.2 0.1 0.0  
 
Table 4-7.  Transition probability matrix (A) and transition tally matrix (B) for 
Council Grove core lithofacies from 13 wells, and randomized tally matrix for the 
null hypothesis case (C).  Diagonals are zero because the lithofacies are “embedded.” 
Numeric lithofacies code (1-10) is same for rows and columns.   
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A. Inner ramp
Lithofacies Lithofacies Above

Core Lithofacies Below 1 2 3 4 5 6 7 8 9 10
Bounding marine 1 0.00 0.05 0.05 0.25 0.00 0.55 0.05 0.05 0.00 0.00 21
Primary evaporite 2 0.00 0.00 0.00 0.00 1.00 0.00 0.00 0.00 0.00 0.00 1

Laminated sandstone and siltstone 3 0.00 0.00 0.00 0.33 0.00 0.00 0.33 0.00 0.33 0.00 3
Gray muddy siltstone (laminated) 4 0.20 0.00 0.00 0.00 0.00 0.20 0.50 0.00 0.10 0.00 10

Gray muddy siltstone (blocky) 5 0.67 0.00 0.06 0.06 0.00 0.06 0.17 0.00 0.00 0.00 18
Fine- to medium-grained siltstone 6 0.08 0.00 0.00 0.03 0.23 0.00 0.67 0.00 0.00 0.00 39

Coarse-grained siltstone 7 0.02 0.00 0.02 0.02 0.11 0.39 0.00 0.33 0.11 0.00 54
Very-fine-grained sandstone 8 0.05 0.00 0.00 0.00 0.00 0.05 0.79 0.00 0.11 0.00 19

Nodular carbonate mudstone 9 0.10 0.00 0.00 0.10 0.20 0.30 0.30 0.00 0.00 0.00 10
Fossiliferous, laminated or burrowed 10 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0

B. Mid ramp
Lithofacies Lithofacies Above

Core Lithofacies Below 1 2 3 4 5 6 7 8 9 10
Bounding marine 1 0.00 0.11 0.02 0.38 0.11 0.36 0.02 0.00 0.00 0.00 54
Primary evaporite 2 0.06 0.00 0.13 0.00 0.19 0.25 0.38 0.00 0.00 0.00 16

Laminated sandstone and siltstone 3 0.11 0.00 0.00 0.11 0.00 0.33 0.22 0.22 0.00 0.00 9
Gray muddy siltstone (laminated) 4 0.06 0.03 0.00 0.00 0.09 0.38 0.34 0.00 0.06 0.03 32

Gray muddy siltstone (blocky) 5 0.57 0.07 0.00 0.03 0.00 0.10 0.15 0.03 0.05 0.00 60
Fine- to medium-grained siltstone 6 0.10 0.02 0.01 0.03 0.31 0.00 0.46 0.01 0.04 0.00 89

Coarse-grained siltstone 7 0.06 0.04 0.05 0.05 0.21 0.54 0.00 0.03 0.03 0.00 78
Very-fine-grained sandstone 8 0.14 0.00 0.14 0.00 0.00 0.00 0.71 0.00 0.00 0.00 7

Nodular carbonate mudstone 9 0.00 0.00 0.00 0.18 0.27 0.27 0.27 0.00 0.00 0.00 11
Fossiliferous, laminated or burrowed 10 0.00 0.00 0.00 0.00 1.00 0.00 0.00 0.00 0.00 0.00 1

C.  Outer ramp
Lithofacies Lithofacies Above

Core Lithofacies Below 1 2 3 4 5 6 7 8 9 10
Bounding marine 1 0.00 0.18 0.00 0.18 0.18 0.09 0.27 0.00 0.00 0.09 12
Primary evaporite 2 0.20 0.00 0.00 0.00 0.00 0.60 0.20 0.00 0.00 0.00 5

Laminated sandstone and siltstone 3 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0
Gray muddy siltstone (laminated) 4 0.20 0.00 0.00 0.00 0.40 0.00 0.40 0.00 0.00 0.00 5

Gray muddy siltstone (blocky) 5 0.73 0.00 0.00 0.09 0.00 0.09 0.09 0.00 0.00 0.00 11
Fine- to medium-grained siltstone 6 0.00 0.08 0.00 0.00 0.31 0.00 0.38 0.00 0.08 0.15 13

Coarse-grained siltstone 7 0.07 0.07 0.00 0.00 0.14 0.43 0.00 0.07 0.21 0.00 14
Very-fine-grained sandstone 8 0.00 0.00 0.00 1.00 0.00 0.00 0.00 0.00 0.00 0.00 1

Nodular carbonate mudstone 9 0.00 0.25 0.00 0.00 0.00 0.25 0.50 0.00 0.00 0.00 4
Fossiliferous, laminated or burrowed 10 0.00 0.00 0.00 0.33 0.33 0.33 0.00 0.00 0.00 0.00 3

Transitions/ 
Occurrences 

Transitions/ 
Occurrences 

Transitions/ 
Occurrences 

 
 
Table 4-8. Transition probability matrices for core from 13 wells studied in detail by 
region (Figure 4-6A).  Three wells fall in the inner ramp region (A), eight in the mid 
ramp (B), and two in the outer ramp area (C).  Important transitions in terms of both 
probability and number of transitions are shown in boxes for the inner ramp and mid 
ramp positions.  Number of transitions = probability * occurrences. Boxed transitions 
are shown in simple representative cycles in Figure 4-20.  
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Figure 4-1. Lower Permian stratigraphy, Hugoton embayment of the Anadarko basin 
(compiled from Zeller, 1968; Sawin et al., 2006). Approximate position of Asselian-
Sakmarian boundary is from Boardman and Nestell (2000).  Readers are referred to 
Peterson (1980) for correlations to stratigraphic nomenclature in Ancestral Rocky 
Mountain basins.  Hugoton field produces gas from the Chase Group and Panoma 
field produces gas from the Council Grove Group.  The two fields are likely one 
common reservoir system (Dubois et al., 2006) and are referred to collectively as the 
Hugoton field in this study. 
 
 
 
 

 
 

 201



 
 
Figure 4-2.   Formation- and member-level stratigraphy for the Council Grove 
Group, Hugoton embayment.  The siliciclastic intervals in the upper seven of nine 
carbonate-siliciclastic cyclothems are the subject of this study.  Stratigraphic names 
that include “Limestone” are marine and form a complete cyclothem when combined 
with an overlying or underlying siliciclastic interval with stratigraphic names that 
include “Shale.”  Lithofacies are lumped lithofacies used in modeling the Hugoton 
field. Informal alphanumeric zone designations commonly used in the field are used 
throughout the paper. Their sequential nature provides stratigraphic context. 
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Figure 4-3.  Paleogeographic map of southwestern United States showing 
Pennsylvanian-Permian Ancestral Rocky Mountains uplifts and basins.  Paleolatitude 
(3o N) is from Scotese (2004).  Wolfcampian paleowind directions interpreted from 
the rock record along the front range are from Peterson (1988), whereas those in the 
vicinity of the Dalhart Basin are from Soreghan, et al. (2002b). Climate model wind 
patterns are from Gibbs, et al., 2002. The study area is in the Hugoton embayment of 
the Anadarko basin.  Modified after Hoy and Ridgeway (2003) and after Lindsey et 
al. (1986). 
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Figure 4-4. A) Present day structure on the top of the Wolfcampian is mostly a 
function of eastward tilt during the Laramide orogeny.  A steepened ramp is at the 
southeast boundary of the Hugoton field.  B) Three-dimensional view of the same 
area.  Present-day structure on the top of the Wolfcampian and a surface near the base 
of the Wolfcampian are illustrated. The Council Grove surface parallels the top of the 
Chase. (After Dubois et al., 2006). 
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Figure 4-5. Isopach map of the Wolfcampian reservoir (top of Chase Group to base 
of Grenola Limestone, Council Grove Group). Wolfcampian rate of thickening 
increases by a factor of ten from northwest to southeast, delineating distal steepening 
on a gently sloping ramp near the southeastern edge of the study area. 
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Figure 4-6.  (A) The study area is classified as a ramp (Read, 1985). Terminology is 
modified after Pomar (2001). Cores from 17 wells were studied, 13 in detail.  
Abbreviated descriptions, sufficient for geomodel lithofacies, were obtained in four 
wells. (B) Well and core control for Council Grove geomodel.  Geomodel lithofacies 
in 1234 wells (smaller well symbols) were predicted by neural networks trained on 
core in 17 wells (larger well symbols).  
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Figure 4-7.  Summary maps for the upper seven Council Grove cyclothems (Speiser 
Shale through the Grenola Limestone). Data are from 1139 wells of 1251 in Figure 4-
6 having complete intervals. Data are contoured using a least squares gridding 
algorithm without bias in the Geoplus PetraTM mapping application. (A) Gross 
thickness for the seven cyclothems. Council Grove is thinnest at a mid ramp position 
(230 ft, 70 m), exceeds 280 ft (85 m) in the inner ramp (northwest), and thickens 
dramatically to 350 ft (107 m) in the outer ramp and steepened ramp (southeast).  B) 
Siliciclastic thickness in seven cyclothems is summed for a net siliciclastic thickness 
map. Thickness ranges from 240 to 40 ft (73-12 m) from northwest to southeast 
across the study area.  C) Marine carbonate in seven cyclothems is summed for a net 
marine carbonate thickness map. Thickness ranges from 50 to 250 ft (76-15 m) from 
northwest to southeast across the study area.  D) Net to gross ratio (net 
siliciclastic/gross interval) demonstrates that 80% of the Council Grove consists of  
siliciclastic sediment in the northwest and 80% is marine carbonate to the southeast. 
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Figure 4-8. Grain-size distribution for Blue Rapids Shale (B1SH) is representative of 
trends observed in all cyclothems studied.  Blue Rapids is thickest in the west and 
northwest (A, gross interval thickness) where geomodel very-fine-grained sandstone 
dominates (B, net sandstone thickness).  Net to gross (N/G) ratios (lithofacies 
thickness/overall interval thickness) demonstrate the trend of coarse-to-fine grain size 
from west-northwest to east-southeast. (C) N/G geomodel very-fine-grained 
sandstone is highest in the west and northwest. (D) N/G geomodel coarse-grained 
siltstone is highest in a mid ramp position.  (E) N/G geomodel fine- to medium-
grained silt is highest in the southeast.   
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Figure 4-10.  Fence diagram through cellular model for the upper 2-1/2 cyclothems 
of the Council Grove Group (A1SH through B2SH). View is from above and 
southeast, looking northwest and downward (mid ramp to inner ramp).  Datum is the 
top of the B4LM. Three wells with core (arrows) are tied to cross sections.  Wells 
without core are represented by single-cell-wide columns. Shaded areas indicate low 
well density where unusual lithofacies geometries between wells are likely 
aberrations of the stochastic simulation process. Geomodel very-fine-grained 
sandstone lithofacies (yellow) dominates siliciclastic intervals in the updip position. It 
occurs as expansive, 30-50+ km wide, relatively thin (2-4 m) deposits, 
stratigraphically near the middle of the siliciclastic intervals.  Down dip, geomodel 
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very-fine-grained sandstone is less common, and geomodel coarse-grained siltstone 
(orange) dominates the middle of the intervals.  Geomodel fine- to medium-grained 
siltstone (red) is commonly restricted to the upper and lower portions of the intervals 
in this region.  An example of complexity in distribution of geomodel very-fine-
grained sandstone in B1SH is circled. Lithofacies abbreviations are given in Figure 4-
9.   
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(See next page for caption.) 
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Figure 4-11. Two-dimensional view of three-dimensional connected volumes (CV) 
for geomodel very-fine-grained sandstone derived from cellular geomodel.  CV are 
volumes of touching cells of a common property (e.g., lithofacies). Illustrated in 
upper left is well control, 1234 wells with lithofacies predicted by neural networks 
(white) and 17 with lithofacies from core (blue).  Ten largest CV for each siliciclastic 
interval studied are shown. Oblique view (lower right) looking to northwest shows 
part of B1SH CV cells, which have XY dimensions of 200 m (660 ft) and Z of 
approximately 0.6 m (2 ft).  Two wells with arrows are the most northwestern wells 
with core. Vertical exaggeration is 100X. Data in fringe areas have been clipped (not 
shown) because they are less reliable where well control is sparse. 
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Figure 4-12.  Geomodel lithofacies proportions in siliciclastic intervals. Illustrated 
are histograms showing proportions (%) of geomodel lithofacies within each model 
layer. The number of layers in each siliciclastic interval is purposely proportional to 
the interval’s mean thickness in the model so that model layers average 
approximately 2 ft (0.6 m) in thickness. Lithofacies are those predicted by neural 
network models in 1234 wells plus lithofacies defined in core for 17 wells.  In 
general, coarsest lithofacies occur towards the middle and finer lithofacies are at the 
top and base of the intervals. 
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(See next page for caption.) 
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Figure 4-13.  Scaled dip profiles of siliciclastic intervals for selected wells, flattened 
on the base of each interval. Geomodel lithofacies are illustrated on the left and core 
lithofacies on the right in each well. Abbreviations are very-fine-grained (VFG), 
coarse-grained (CG), fine- to medium-grained (F-MG), laminated sandstone (Lam. 
Ss.), and fossiliferous, laminated, or burrowed (Fossil., lam., or burrowed). Carbonate 
noted as “undifferentiated” are represented as carbonate lithofacies in the model. 
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Figure 4-14.  “Main” core lithofacies for siliciclastic strata; core slab (left) and 
corresponding thin section photomicrograph (right).  (A) Core fine- to medium-
grained siltstone. Thin ferran cutans (c) outline fitted polygonal peds (p) in core slab. 
Red-brown color is due to hematite cement. (Prater well; 3106 ft; CSH; Eskridge 
Shale) (B) Core coarse-grained siltstone; massive bedded; rooted areas have gray-
green reduction halos; axis of cylindrical shaped rhizolith (rz, long dashes) with 
selected root traces highlighted; subtle mottling may be adhesive meniscate burrows 
(AMB).  In thin section, quartz dominates with subordinate feldspar.  Grain size 
varies, but most is 32-64 um. Cement is calcite and hematite.  (Cross H Cattle well; 
2582 ft; A1SH; Speiser Shale) (C) Core very-fine-grained sandstone. Bioturbation 
(AMB) would have destroyed all primary sedimentary structures in this sample, if 
originally present. Lighter areas are likely due to iron depletion. Cm-sized displacive 
anhydrite in the form of radiating lathes (a) are associated with burrows and/or roots, 
and post date both. Mean grain size by visual estimate is >64um.  Grains are 
subangular to angular with quartz dominant, followed by feldspar. Cement is calcite 
and hematite. (Cross H Cattle well; 2650 ft; B1SH; Blue Rapids Shale; 9.7% 
porosity; 0.17 md permeability). Plane-polarized light and blue epoxy impregnation 
for thin sections. 
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Figure 4-15.  Examples of AMB in core coarse-grained siltstone (Cross H Cattle, 
2600 ft, A1SH, Speiser Shale). (A) Core slab is heavily burrowed.  Arrows indicate 
several well-defined AMB. Most other mottling is due to AMB in combination with 
roots.  Rhizoliths are filled with silt (rz) or later anhydrite (rz(a)). AMB illustrated in 
thin section is labeled (ts). (B) In thin section photomicrograph, thin, sub-parallel 
menisci bound back fill packets of an AMB. (Diffused transmitted light). 
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Figure 4-16.  Subtle pedoturbation in core very-fine-grained sandstone lithofacies.  
(A) Lighter mottles in core slab are iron depletion in burrowed and rooted region.  
Anhydrite (gray) fills some root traces. Very subdued mottling in red-brown matrix 
indicates it is also burrowed.  (B) Subtle differences in packing and cementation in 
thin section are evidence for bioturbation.  Mm-size peloids (ovals) may have a fecal 
origin whereas larger, arc-shaped patterns are likely remnants of burrow edges or 
backfill traces. More details are shown at higher magnification (C). Cross (+) is a 
reference point. Thin section photomicrographs are from an un-oriented portion of a 
core plug in area of core slab lacking distinctive mottling.  (Cross H Cattle; 2597; 
A1SH; Speiser Shale; 18% porosity; 1.27 md permeability.)  Diffused transmitted 
light and blue epoxy impregnation for thin sections. 
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Figure 4-17.  Comparison of core very-fine-grained sandstone lithofacies samples 
from Quaternary loess and a Wolfcampian siliciclastic interval in thin section.  (A 
and B) Quaternary loessite is from bluffs adjacent to river system carrying glacial 
outwash sediment northwest Missouri (compliments of W. C. Johnson).  Sample is 
subangular to angular quartz with thin, birefringent clay coats (cutans) (cl).  Grain 
size, shape, and composition are very similar to Wolfcampian samples (C and D).  
Cement in Wolfcampian sample is mostly very-fine blocky calcite with brownish 
stain, however later patchy anhydrite cement (a) is also common. (Cross H Cattle; 
2597 ft; A1SH; Speiser Shale.)  Cross-polarized light, clear epoxy for A and B, blue 
epoxy impregnation for C and D.  
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Figure 4-18. Three of the “lesser” core lithofacies for siliciclastic strata, all from the 
Cross H Cattle well. (A) Core slab of core gray muddy siltstone-laminated, between 
dashed lines. Partings are due to slightly higher clay content in a fine- to medium-
grained siltstone. Below is weathered finely laminated carbonate mudstone and 
coarse-grained siltstone that is interpreted as a tidal flat deposit. Circumgranular 
cracking, sheet cracks, and rhizoliths in the upper few cm indicate subaerial exposure. 
Above is red fine- to medium-grained siltstone. (2664 ft; B1SH; Blue Rapids Shale) 
(B) Core slab (above) and thin section photomicrograph (below) of core gray muddy 
siltstone-blocky that underlies laminated carbonate mudstone and coarse-grained 
siltstone (tidal flat). The contact is a marine flooding surface. In thin section, muddy 
siltstone grain size is fine- to medium-grained silt (mainly quartz). Pyrite (p) 
commonly accompanies this lithofacies. (2631 ft; B1SH; Blue Rapids Shale) Thin 
section in cross-polarized light. (C) Core nodular carbonate-mudstone lithofacies in 
core slab and thin section photomicrograph (right). Rhizoliths (rz) are filled with 
reddish or greenish silt and clay or anhydrite (a).  In thin section, most matrix is 
carbonate mud (light brown), but quartz silt is common. This mudstone lithofacies is 
distinguished from massive caliche mudstone by the presences of burrows and very 
fine fossil fragments (arrow), typically ostracodes or small bivalves. Burrow is an 
AMB, indicating sufficient drying for insect habitation. (2637 ft; B1SH; Blue Rapids 
Shale) Thin section in plane-polarized light. 
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Figure 4-19.  Core slabs and thin section photomicrographs of two closely spaced 
intervals from one core (B2SH, Easly Creek Shale) are arranged top to bottom (A, B) 
are the updip equivalent of the B2LM (Middleburg Limestone). (A) Core laminated 
sandstone and siltstone lithofacies with mm silt laminations and slightly thicker mud-
cracked carbonate mudstone laminae (cml); supratidal flat or salina environment.  
Abundant rhizoliths (rz) are filled with fine-grained silt. Redox halos surround 
rhizoliths on right. Varied colors indicate subareal exposure and variable moisture 
conditions. (Cross H Cattle; 2691 ft). (B) Core laminated sandstone and siltstone 
lithofacies with mm-scale fining upward, silt and carbonate mud (cm) laminae; tidal 
flat. (Cross H Cattle; 2695 ft) (C) Core primary evaporite lithofacies. Cm-sized 
coalescing anhydrite nodules in a fine- to medium-grained siltstone matrix (coastal 
sabkha) overlies carbonate mud-rich laminated sandstone (tidal flat) that caps 
shoaling upward carbonate. (Cross H Cattle; 2608.5 ft; A1SH; Speiser Shale). 
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Figure 4-20. Pedogenic features. (A) Isolated caliche nodules in core coarse-grained 
siltstone. In thin section (below), displacive growth habit is indicated by narrow rim 
of grains exhibiting different packing (arrow). (Stuart; 2927 ft; B3SH; Hooser Shale). 
(B) Vertical strings of caliche nodules indicate pedogenic origin.  Matrix is core fine- 
to medium-grained siltstone. (Stuart; 2982 ft; CSH; Eskridge Shale) (C) Patchy very-
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fine-grained blocky cement (arrow in thin section, right) expressed in core slab as 
large-scale mottling (lighter colored) in core very-fine-grained sandstone. Subtle 
AMB are also indicated by finer-scale mottling. (Cross H Cattle; 2704 ft; B3SH; 
Hooser Shale)   (D) Large nodular peds are shrouded with illuviated fine-grained silt 
cutans in core fine- to medium-grained siltstone where it overlies core nodular 
carbonate mudstone. Carbonate mudstone has abundant rhizoliths (rz) and is 
autoclastically brecciated.  Anhydrite-filled sheet crack post dates rooting. (Cross H 
Cattle; 2688 ft; B2SH; Easly Creek Shale). (E) Large nodular peds, shrouded with 
illuviated fine-silt cutans, rhizoliths, and pedogenic cement mottling in core fine-to 
medium grained siltstone. (Prater; 3104; CSH; Eskridge Shale) (F) Glossy surface on 
nodular peds are slickensides. Clay (argillan) cutans in thin section of sample on left 
(diagonally). Core fine- to medium-grained siltstone. (Stuart; 2994; CSH; Eskridge 
Shale). (G) Iron depletion (fe-d) and zoned iron enrichment (fe-e) associated with a 
large root or root cluster (dashed), and abundant AMB in core very-fine-grained 
sandstone. (Cross H Cattle; 2591 ft; A1SH; Speiser Shale). 
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Figure 4-21. Simple representative siliciclastic cycles for two positions on the ramp 
represent the likely vertical core lithofacies transitions based on embedded Markov 
chain analysis of core lithofacies, by region. Transition probabilities are from Table 
4-8. There is insufficient data to construct a representative cycle for the outer ramp 
region. Abbreviations include: gm – gray muddy, f-mg – fine- to medium-grained, cg 
– coarse-grained, and vfg – very-fine-grained. 
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Figure 4-22. Representative dip-oriented cross section of Wolfcampian siliciclastic 
intervals. Dashed lines indicate approximate or postulated time lines. Maximum 
flooding surface is well constrained in marine carbonate strata whereas others are 
more speculative. From the base, lithofacies generally coarsen upward towards the 
middle of the cycle and then fine upwards to the top.  Interruptions in the simple 
cycle are interpreted as sedimentary response to short term perturbations in climate 
and sea level. Actual relief across the ramp is approximately 20-30 m (65-100 ft).  
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Figure 4-23. Paleogeography 
schematic and climate model 
for lower Wolfcampian 
depicting one glacial-
interglacial cycle. Probable 
paleowind directions are 
indicated by arrows. A) Low 
sea level (maximum glacial 
extent): relatively dry 
conditions; seasonal 
precipitation (wetter summers 
drier winters); coarsest eolian 
sediment available and 
delivered to the ramp; sufficient 
moisture on Hugoton ramp for 
vegetation and sediment 
stabilization at least seasonally. 
B) Rising sea level and glacial 
melting, or falling sea level and 
glacial expansion: wetter and 
seasonal conditions; eolian 
sediment availability reduced 
and is finer-grained; fine-
grained silt loess delivered to 
the ramp is stabilized by 
vegetation. C) High sea level 
and interglacial period: wettest 
conditions; very low eolian 
sediment supply of finer-
grained siliciclastic sediments; 
marine carbonate dominates 
flooded ramp. 
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CHAPTER 5 - Conclusions 

 

Developing a field-scale lithofacies and petrophysical model for the Hugoton field 

represent lithofacies and rock properties accurately at small scales is the unifying 

theme for the series of papers presented in this dissertation. Central to this goal was 

that a model could be used as a tool for reservoir management as well as a tool for 

geologic investigations of the Lower Permian Wolfcampian strata. Critical to building 

the model was the development of an automated method to classify lithofacies 

accurately in wells without core using a multivariate classification tool trained on 

wells with core.  An initial step was to determine the appropriate tool for lithofacies 

determination.  

Multivariate statistical approaches to the problem of lithofacies classification 

from wire-line log curve measurements have evolved from classical multivariate 

statistical methods (parametric) in the 1980’s to non-parametric methods in the 

1990’s and to the present. Seven techniques, three parametric and four non-

parametric, were tested and a neural network approach was proven to be most 

effective. Tools were trained on lithofacies defined in core that were tied to wire-line 

well log properties and two geologic constraining variables in a subset that included 

two-thirds of the data.  Effectiveness was based on the comparison of actual 

lithofacies and predicted lithofacies in a test set of withheld data (one-third of the 

data).  Metrics included absolute correctness, approximate correctness, and 

proportional representation and were considered collectively. Several conclusions are 

drawn from the lithofacies classification study: 

1. Non-parametric, approaches were more effective than parametric approaches, 

because of the nature of the tools compared to the data.  Classical parametric 

models were inadequate due to the nature of the predictor variables (high 

dimensional and not linearly correlated), and feature space of the classes 

(overlapping). At higher dimensions a mathematically defined surface that 

separates classes is extremely difficult to represent with parametric models. 
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2. Artificial neural network models (ANN) outperformed other non-parametric 

approaches, k-nearest neighbor and fuzzy logic. Although it would be difficult 

to improve k-nearest neighbor and fuzzy logic to the point that they were 

competitive with the ANN, further study of these techniques may be merited, 

particularly investigations that would blend aspects of the non-parametric 

classifiers. 

3. The neural network is attractive because of the ease with which it can be 

deployed. Training involves the optimization of only two parameters, 

damping and number of nodes in the single hidden layer, and data preparation 

is minimal.  

4. None of the classifiers effectively discriminated two of the eight lithofacies, 

carbonate mudstone and carbonate grainstone.  However, when classified 

incorrectly by ANN, they were usually predicted to be their neighboring 

lithofacies (wackestone or packstone, respectively). Neighboring lithofacies 

have similar properties, minimizing the impact of the error. 

 

Neural networks were deployed to assign lithofacies in 1572 wells without core in 

the Hugoton modeling project. Accurate representation of eleven lithofacies in the 

model is important because lithofacies-based petrophysical properties are used to 

estimate water saturations. Typically, a high degree of accuracy is not necessary and 

being close, assigning a similar lithofacies, is nearly as accurate classification because 

similar lithofacies have similar properties. Accuracy of lithofacies prediction cannot 

be measured directly; however, accuracy can be estimated quantitatively (Appendix 

B). Lithofacies predicted for node wells in the geomodel are likely  50-66% correct 

and classified as a correct or similar lithofacies 83-90% of the time. Results are 

slightly better for the main gas “pay” lithofacies. The pay zone lithofacies are 

correctly classified 57-74% of the time and are classified as a correct or similar 

lithofacies 80-90% of the time. For reservoir performance prediction, accurate 

representation of rock properties in the model is more important than lithofacies.  
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Pore volume is over predicted by 6% at the node wells and permeability may be off 

8% (plus or minus) as a result of error introduced by misallocation of lithofacies.  The 

latter is insignificant because permeability is a power law function of porosity.   

The effectiveness of the Hugoton geomodel measured by comparison with other 

studies provides subjective evidence that lithofacies were accurately assigned in wells 

without core.  Lithofacies and property distribution in the 3D Hugoton cellular 

geomodel presented are consistent with earlier work on the Hugoton at smaller scales. 

The model accurately characterized known important geologic bodies such as a 

stacked ooid shoal system in the Krider Formation and small phylloid algal mounds 

in the Cottonwood Member. Another measure of the model’s accuracy is that original 

gas in place (OGIP) estimated by the model is consistent with estimates made by 

others using different methods for portions of the field. Based on the model OGIP, the 

34 tcf (963 billion m3) produced in Kansas and Oklahoma represents approximately 

65% of OGIP. 

The 108 million cell, 10,000 mi2 (26,000 km2), 3D geologic and petrophysical 

property model of the Hugoton demonstrates application of a detailed reservoir 

characterization and modeling workflow for a giant field. Lithofacies models, coupled 

with lithofacies-dependent petrophysical properties, allowed the construction of a 3D 

geomodel for the Hugoton’s 170-m (500 ft) –thick reservoir system. The model is 

effective at the well, section (1mi2, 2.6 km2), multi-section and field scales. It 

provides a comprehensive lithologic and petrophysical view of a mature giant 

Permian gas system, and reveals lithofacies and property patterns that could not be 

identified at smaller scales. The model resulted in the following significant findings 

related to the field’s geology and reservoir architecture: 

1. Model variogram analysis results in generally long ranges (30,000 ft, 9,000 m) 

for both lithofacies and porosity (Appendix C).  Because horizontal ranges for 

estimated variograms are much greater than node well spacing (often <10,000 

ft, <3,000m), modeling cells between node wells are nearly deterministic. 
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2. Carbonate dominates marine rocks in the Council Grove and Chase Groups 

except for the upper Chase in the northwest portion of the field. In the Chase, 

the volume of marginal marine sandstone increases upward and westward and 

its occurrence may be related to long-term climate change with increasing 

aridity through the Lower Permian. 

3. Grain-supported carbonate (packstone and grainstone) occurs in the eastern 

half of the field (mid shelf to shelf margin) whereas muddier lithofacies are 

dominant in the western up dip portion of the shelf. 

4. Dolomitization on a large scale is restricted to relatively thick cyclothems in 

the upper Chase where thick grain supported shoals provided conduits for 

dolomitizing fluids. These intervals are the most prolific gas producing zones 

in the field. 

5. Important reservoir lithofacies geobodies (grain-supported carbonate, 

dolomite, marine and continental sandstone) have remarkable lateral 

continuity, covering 10’s to 100’s of mi2 (km2). Thirteen marine carbonate 

intervals, the primary gas pay zones, are separated by laterally continuous 

continental siltstone with poor vertical transmissibility.  

6. Inter-cycle changes in sea level amplitude are indicated by differences in 

maximum shoreline position (marine carbonate pinchout) and differences in 

shelf position of lithofacies sensitive to water depth.  

7. Although layered, the Hugoton reservoir is a continuous reservoir with a 

common free-water level (FWL) that is sloped. The FWL is estimated to 

occur at a subsea depth of +1000 ft (+300 m) at the western margin of the 

field and at approximately +50 ft (+15 m) at the east margin. 

8. The Hugoton is a thin-layered, differentially depleted reservoir system.  Most 

remaining gas is in intervals having relatively low permeability. 

 

Because of its high resolution and accuracy, the Hugoton geomodel is an effective 

tool for reservoir management.  It is also an excellent tool for more detailed geologic 
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investigations.  Thick siliciclastic intervals that dominate the lower Wolfcampian 

siliciclastic-carbonate cyclothems at the west updip boundary of the giant Hugoton 

gas field are predominantly loess deposited in a continental setting.  Aggradation to a 

height that would normally be considered above base level was due to stabilization by 

vegetation and pedogenesis.   Terrestrial topography (2-3 m per cyclothem) reduced 

accommodation for marine carbonate in overlying marine intervals. Climate 

variability interpreted from the sedimentary record in the Wolfcampian at cyclothem 

and multi-cyclothem scales are generally consistent with recent work on lower 

Permian climate models. Less aridity than is generally reported may be indicated for 

periods of low sea level, by evidence for vegetation and soil insects that require at 

least seasonal soil moisture. A fine-scale cellular geomodel provides a three-

dimensional view of seven Wolfcampian cyclothems on a stable ramp.  In this 

controlled setting, primary variables are climate and glacial eustacy.  Climate 

variability at the cyclothem scale (glacial-interglacial) is reflected in grain size 

distribution and lithofacies body geometries. Based on the data presented we make 

the following points: 

1. Most fine-grained siliciclastic sediments are loess and a westerly source 

(Ancestral Rockies) is indicated by lateral grading and thickness patterns. 

Grain sizes decrease and siliciclastic intervals thin from west to east. 

2. Accommodation is due to biostabilization resulting in a low-relief 

aggradational landscape. Vegetation served to trap and, in association with 

pedogenesis, stabilize eolian sediment as it accumulated. 

3. Climate variability controlled sediment supply and delivery. Relatively dry 

conditions and low vegetative cover during low sea level (glacial periods) 

allowed fine-grained siliciclastic sediments to be delivered to the ramp by 

eolian processes.  During high sea level (interglacials) wetter conditions and 

increased vegetation curtailed siliciclastic supply to a carbonate-dominated 

ramp. 
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4. Continental siliciclastic lithofacies exhibit an ordered and cyclical succession 

of lithofacies controlled by climate.  During falling sea level, under relatively 

dry but seasonally wet conditions, fine-grained siliciclastic sediments were 

deposited on the ramp in a broad coastal plain.  In some areas, muddy siltstone 

was deposited adjacent to the receding shoreline in coastal marshes. Drier 

conditions overall (seasonally moist) accompanied continued relative fall in 

sea level and delivery of laterally graded coarser-grained siliciclastic 

sediments to the ramp in a savannah-like setting. During low sea level, driest 

conditions may have prevailed and the coarsest siliciclastic sediments were 

deposited in a laterally graded fashion.  Seasonally, conditions were 

sufficiently moist for vegetative cover and soil biota.  During a relative sea 

level rise the trend in climate conditions and resultant lithofacies deposition 

reversed.  Wetter conditions are indicated in finer-grained siliciclastic strata 

vertically.  With continued relative rise in sea level, muddy siltstone in coastal 

marshes were deposited as marine conditions returned to the ramp.  Wetter 

climate conditions caused a cessation in eolian siliciclastic delivery to the 

ramp and marine carbonate production flourished.  Departures from the 

overall coarsening-fining upward successions are common, appear to be ramp-

wide, and may be “forced” by short-term perturbations in climate.  

5. Seasonal variability (monsoonal pattern) provided sufficient moisture, at least 

seasonally, to support vegetation, soil insects, intermittent mobile water, and 

local high water tables (perched). 

 

Neural networks trained on core are effective in determining lithofacies in wells 

without core, and are key to the development of a finely detailed field-scale geomodel 

for a giant reservoir system. The model provides an unprecedented 3D view of 

shifting sedimentation patterns on a large gently sloped ramp in response to climate 

change during the transition from icehouse to greenhouse conditions in the Lower 

Permian. It is a tool for predicting lithofacies, rock properties, water saturations, and 
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original gas in place.  It is a quantitative basis for evaluating remaining gas in place, 

particularly in low-permeability intervals, and will help direct field management and 

production practices that could enhance ultimate recovery. The model has broader 

implications as an analog for similar giant layered reservoir systems worldwide.  The 

cellular model also proved effective in documenting lithofacies distribution critical to 

developing a depositional and climate model for Wolfcampian siliciclastic strata.   
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APPENDIX SECTION A – Core and lithofacies data 

 

Lithofacies determination is critical to most geologic studies and is the 

foundation for Chapters 3 and 4. Methods for describing core and determining 

lithofacies, presented elsewhere, are summarized.  Examples of lithofacies data and 

their distribution are presented and the locations of data that are accessible via the 

web are provided. 

 

Data access 

Digital core description and measured petrophysical properties are available 

as an Appendix (Core Data and Descriptions Database) to Dubois et al. (2006) at 

http://www.kgs.ku.edu/PRS/publication/2007/OFR07_06/index.html.  Whole core, 

core slab, and thin section photomicrographs are available from the Kansas 

Geological Survey website, accessible via 

http://www.kgs.ku.edu/Magellan/CoreLibrary/image.html. 

 

Core data distribution 

Twenty-nine of approximately 100 continuous cores were selected for 

lithofacies analysis on the basis of length (longest selected), geographic position 

(sampling distribution), and availability of core analysis and wireline log data (Table 

A-1 and Figure A-1).  In most cases, selected cores included either the entire Chase 

(twelve) or Council Grove (twelve) interval, or covered both intervals (five). Twenty-

seven were used as training data for neural networks (Appendix Section B).  In all 

7400 ft of core (2255 m) was examined, approximately equally divided between the 

Chase and Council Grove Groups.  Dubois described all Council Grove core and 

some of the Chase.  Nathan Winters, under Dubois close supervision, described most 

of the Chase core. 
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Core description methods 

Two approaches to the lithofacies determination task were required because of 

the nature of the problems being studied.  In the balance of this appendix, geomodel 

lithofacies are those used in Chapter 3 and core lithofacies are those used in Chapter 

4. Building the Hugoton geomodel (Chapter 3) required splitting the lithofacies 

spectrum into broad (coarser) lithofacies classes because of the limitations of 

recognizing lithofacies with wireline logs. The number of geomodel lithofacies 

classes and the criteria for defining classes involved four criteria: (1) maximum 

number of lithofacies recognizable by neural networks using petrophysical wireline 

log curves and other variables; (2) minimum number of lithofacies needed to 

accurately represent lithologic and petrophysical heterogeneity; (3) maximum 

distinction of core petrophysical properties among classes; and 4) the relative 

contribution of a lithofacies class to storage and flow.  Eleven geomodel lithofacies 

classes, eight marine and three continental, were determined to be optimal. The 

methods for determining geomodel lithofacies were tailored to the primary goal for 

the study: develop a geologic and petrophysical model for the Hugoton gas field.  

Because petrophysical properties are a function of lithofacies, permeability is a 

function of pore throat diameter, and pore throat diameter is a function of primary 

texture, the description and classification schemes were designed to split the 

lithofacies spectrum by primary texture. 

Siliciclastic intervals of predominately continental origin were the subject of 

Chapter 4.  This studies focus was on determining the depositional controls on 

lithofacies required more narrow (finer) lithofacies classes.  Digital core description 

data compiled for the geomodel study, in conjunction with additional sedimentary and 

pedogenic tabulated data, thin sections, and text descriptions of core were employed. 

The three dominantly continental geomodel lithofacies were split to nine core 

lithofacies in the study. 
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Geomodel lithofacies 

Slabbed core was examined with the aid of a binocular microscope and data 

recorded at 0.5 ft (0.15 m) intervals using a quantitative, digital lithofacies description 

system described in Dubois et al., 2003 (Table A-2).  In addition to the digital 

description, relevant notes and sketches were recorded to supplement the digital 

description. The sample rate was chosen because digital wireline logs are typically 

sampled at this rate and the interval is approximately the thickness of the thinnest 

lithofacies beds in core.  Core depths were precisely correlated with wireline logs and 

depth corrected.  Thin sections for selected samples were used to validate grain size 

estimated in core, determine grain composition and biotic constituents, and to 

examine finer details of sedimentary structures and pedogenic features for 

determining depositional facies. Three of the twelve descriptor digits recorded, rock 

type (digit 1), texture (digit 2), and principal pore (digit 6), are sufficient to 

discriminate the eleven geomodel lithofacies (Table A-3), although other digits were 

considered initially in the process of determining class boundaries. A sample of the 

digital lithofacies description available on line is provided in Tables A-4 and A-5. 

 

Core lithofacies for Council Grove Group siliciclastic strata 

Thirteen cores were studied in detail and provide the basic data for Chapter 4 

(Figure A-2). Core lithofacies were determined in thirteen cores primarily on the 

basis of six of the twelve digital descriptor variables recorded in the table described 

above and seven additional sedimentary and pedogenic features tabulated (Table A-

6). Thin sections for selected samples were again used, particularly for determining 

depositional facies (e.g., delineating nodular carbonate mudstone from pedogenic 

caliche). Table A-7 provides a comparison of geomodel and core lithofacies. 
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Geomodel 
Lithofacies 

Code
Description 

Code Geomodel Lithofacies

0 or 11 1/>2 very-fine-grained sandstone (continental)

1 1/2 coarse-grained siltstone (continental)

2 1/0-1 fine- to medium-grained siltstone (continental)

3 0,2/<3 siltstone or shale (marine)

4 3-8/0-1 mudstone or mudstone-wackestone

5 3-8/2-3 wackestone or wackestone-packstone

6 6-8/8/*/*/*/<3 very-fine to fine-crystalline dolomite

7 3-8/4-5-6 packstone or packstone-grainstone

8 3-8/7 phylloid algal bafflestone

9 7-8/8/*/*/*/>2 fine- to medium-crystalline moldic dolomite

10 2/3-7 very-fine-grained sandstone (marine)

digit1/digit2/digit3…….*indicates skip  
 
Table A-3.  Geomodel lithofacies code, digital description code, and geomodel 
lithofacies.  Three digits are sufficient to discriminate the eleven lithofacies.  
Geomodel lithofacies code for very-fine-grained-sandstone (continental) is 11 
“outside” of the geomodel because of computer code constraints.  Inside the 
geomodels it is equal to 0.   
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Core 

Lithofacies 
Code  Core Lithofacies

Geomodel 
Lithofacies 

Code  Geomodel Lithofacies
Volumetric 
proportion

6  Fine- to medium-grained siltstone 2  fine- to medium-grained siltstone 0.28

7  Coarse-grained siltstone 1  coarse-grained siltstone 0.44

8  Very-fine-grained sandstone 11 (0)  very-fine-grained sandstone 0.12

5  Gray muddy siltstone-blocky mostly 2  mostly fine- to medium-grained siltstone 0.08

4  Gray muddy siltstone-laminated mostly 3  mostly fine- to medium-grained siltstone 0.03

2  Primary evaporite 1 or 2  one of "main" siltstones 0.01

3  Laminated sandstone and siltstone mostly 11 (0)  mostly very-fine-grained sandstone 0.01

9  Nodular carbonate mudstone 1 or 2  one of "main" siltstones 0.02

10  Fossiliferous, laminated or burrowed 3, 4, 5, 7, or 10  marine lithofacies 0.01

M
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n
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Table A-7. Core lithofacies, corresponding geomodel lithofacies, and volumetric 
proportions of lithofacies. Proportion data are from 84 siliciclastic intervals in 13 
wells that were studied in detail. Eighty-four percent of core-lithofacies are the same 
lithofacies in the geomodel. 
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Figure A-1. (Figure C-1B in Appendix Section C)  Core training set for Geomod4 
includes data from 27 wells, four with both Chase Group and Council Grove Group 
core, twelve with Chase Group only, and eleven with Council Grove Group only.  
Two wells with arrows were not part of the training set.  Wireline logs for the one in 
Stevens County were not satisfactory and the well in Seward County was added late. 
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Figure A-2.  (Figure 4-6 in Chapter 4 (A) Core from 17 wells were examined, 13 in 
detail for the Council Grove Group siliciclastic intervals study.  Abbreviated 
descriptions, sufficient for geomodel lithofacies, were obtained in four wells. (B) 
Well and core control for Council Grove Group geomodel.  Geomodel lithofacies in 
1234 wells (smaller well symbols) were predicted by neural networks, trained on core 
from 17 wells (larger well symbols). 
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APPENDIX SECTION B – Training, implementation, and effectiveness of 

neural networks  

 

Designing neural networks for lithofacies classification and using the predicted 

lithofacies in building large cellular geomodels is an iterative process. Chapter 3 

describes the complex workflow for the Hugoton project and discusses the iterative 

nature of the project. Four iterations of model building have been completed (Table 

B-1) with the amount of data increasing with every iteration.  Neural networks were 

established as the preferred classification tool in Chapter 2 early in the process using 

data for geomod1.  Chapter 3 is based on geomod3, and Chapter 4 used the Council 

Grove portion of Geomod4.  Geomod3 and geomod4 are very similar and are 

discussed in Appendix Section C. The discussion below is for neural network training 

for geomod4 based on data from core from 27 wells total, 15 with Council Grove core 

and 16 with Chase Core (Figure B-1). 

As discussed in Chapter 2, several approaches for predicting lithofacies from 

wire-line log variables and geologic constraining variables (GCV). The neural 

network approach was determined most effective and was implemented in building 

the Hugoton model.  Chapter 2 describes the neural network used and why it was 

more effective than other methods including parametric (classical multivariate 

statistical methods) and other non-parametric methods. Chapter 3 discusses how 

neural networks were applied as part of the workflow for building geomodels.  This 

was a collaborative project and it should be noted that Geoffrey Bohling optimized 

neural network parameters through cross-validation, provided guidance on their 

implementation and wrote the code for batch processing lithofacies prediction for 

large volumes of wells. This appendix provides more details on some aspects of both 

chapters:  

1) A closer look at how neural networks work, particularly in this application. 

2) Description of the workflow for applying neural networks in this project. 

3) Discussion on the effectiveness (accuracy). 

 251



 

Neural networks 

Neural networks are non-parametric computational models that may be used 

as classification tools that match patterns of multiple variables with a class of objects.  

They are particularly useful in classification problems that involve a high number of 

dimensions and non-linear relationships between variables, and are well suited for 

lithofacies classification problems.  Neural networks have been deployed increasingly 

over the past twenty years in lithofacies classification (e.g., Baldwin et al., 1990; 

Rogers et al., 1992; Kapur et al.1998; Grotsch and Mercadier, 1999; Saggaf and 

Nebrija, 2000; Russell et al., 2003). They owe their name to their structure being 

similar to that of the human brain’s system of intricately connected neurons, and 

neural networks function in a similar manner. Human brains learn to associate 

patterns of multiple variables with certain objects.  This permits an individual to 

differentiate very slight variations in an object’s features, in human faces for an 

example, and to use the differences to recognize individuals from a larger population.  

Like the human brain, a neural network needs to be trained.  The neural network used 

is simple single hidden-layer feed-forward network, which is included in Kipling, an 

ExcelTM add-in developed by Bohling and Doveton (2000).  This particular 

application was chosen because of the ease of operation, simplicity, viewable input 

and output weights, and it required no special software. 

Neural networks are comprised of a single input layer, single output layer, 

and, theoretically, any number of hidden layers.  A simple neural network with a 

single hidden layer was used in this project.  The number of nodes in the input layer is 

equal to the number of variables (input variables) used to define the lithofacies.  In 

this case six or seven.  The number of nodes in the output layer is equal to the number 

of possible lithofacies (ten).  Number of nodes in the hidden layers is theoretically 

limitless; however twenty were determined to be the optimal number in this 

classification problem.   
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Hidden layer node inputs are the sum of the products of the input variables 

and a weight (a constant).  In each hidden layer node, the weighted sums are passed 

through a sigmoid transfer function that transforms the inputs to output values 

ranging between zero and one, forming an S-shaped basis function.  These outputs, 

multiplied by hidden layer node weights (constants), are the inputs to the output layer.  

Like in the hidden layer, the sums of the products are passed through a transfer 

function, in this case a softmax function, which scales the output to a value between 

zero and one. Output values are the probability of the example being evaluated 

belonging to each of the lithofacies classes. 

The neural network is trained in a feed-forward, back-propagating process. 

Training attempts to find the optimal solution for a set of training data (core-defined 

lithofacies and associated predictor variables) by adjusting the weights in an iterative 

process. Setting the weights to values between –1 and 1, randomly, initializes the 

neural network. During each iteration, input variables are fed forward and outputs are 

derived. Outputs are compared with the lithofacies probabilities for the example, a set 

of zeros except for a single unit one (representing the known lithofacies).  A weight 

adjustment factor is computed on the basis of the difference. The weight adjustment 

factor is applied to the weights between the nodes (back-propagation) to complete the 

first iteration for the given example. The process is performed on all examples in the 

training set to complete the iteration.  The number of iterations is either defined or the 

neural network may be allowed to train until a specified level of error has been 

attained.  In this application the number of iterations was set at 100.  Because the 

training process starts from a random set of initial weights there are multiple, equally 

likely “realizations” of the trained neural network based on a given training dataset. 

 

Neural network in this application 

The neural network implemented in Kipling2.xla (Bohling and Doveton, 

2000) is a simple single hidden-layer feed-forward network, as illustrated in Figure 

B-2 and described in Chapter 11 of Hastie et al. (2001).  In this neural network there 
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are three parameters to set, number of hidden layer nodes, damping parameter and the 

number of iterations in the training session. Increasing the number of hidden layer 

nodes allows the network to more closely reproduce the details of the training dataset, 

while fewer hidden layer nodes results in more generalized representation. Increasing 

the damping parameter forces the network weights to be smaller in magnitude, which 

results in a smoother or more generalized representation of the training data. More 

iterations allow a closer reproduction of the training data. However, the number of 

hidden layer nodes and damping parameter are the principle controls on the neural 

network’s ability to generalize and their values chosen carefully. The neural network 

tool uses a simple single hidden-layer neural network with k softmax-transformed 

outputs representing probabilities of membership in k different classes, and a 

categorical prediction, using a “winner-take-all” rule. 

 

The process 

Optimize lithofacies classes, predictor variables, and neural network parameters 

Optimize lithofacies classes and predictor variables 

Key to the successful application of neural networks is choosing the optimal 

lithofacies classification split, predictor variables (e.g., wireline log curves), and 

neural network parameters.  Determining the number of lithofacies classes and the 

criteria for defining classes involved four objectives: (1) maximum number of 

lithofacies recognizable by neural networks using petrophysical wireline-log curves 

and other variables; (2) minimum number of lithofacies needed to accurately 

represent lithologic and petrophysical heterogeneity; (3) maximum distinction of 

core-petrophysical properties among classes; and 4) the relative contribution of a 

lithofacies class to storage and flow. An optimal solution using these criteria resulted 

in 11 lithofacies.  Choosing predictor variables was by logic, expert knowledge, and a 

trial-and-error process, constrained by availability.  Log curves commonly available 

in wells drilled since 1970 were used, including gamma ray (GR), neutron porosity 

(Nphi), density porosity (Dphi), deep induction log (ILD), and photoelectric effect 
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(PE). Other log curves such as spectral gamma ray and sonic log carry substantial 

property information that would be useful in the classification problem, but their 

availability is limited. Input variables included raw log curves (GR and PE) or 

derivatives of the raw curves (neutron and density porosity average, neutron porosity 

and density porosity difference (N-D), and log base-10 of ILD).  PE is an effective 

tool fro determining lithology, but is not available in approximately 30% of the wells 

in the1600 well data set. However, neutron porosity and density porosity difference 

(N-D) was determined to be an effective surrogate for PE, particularly for delineating 

dolomite from limestone and siliciclastics from carbonate.  Because Dphi on wire-line 

logs uses a limestone matrix density (2.71 g/cc), Dphi in denser dolomite is 

underestimated and Dphi in less quartz-rich siliciclastics is slightly over estimated. 

Log base-10 of ILD was used rather than raw data to transform skewed raw data 

distribution to a more normal distribution. 

Two important additional predictor variables derived from geologic data 

incorporate geologic knowledge in the variable mix. Formation or member tops 

(Figure B-3) segregate the Wolfcampian into alternating nonmarine, marine, or 

intertidal half-cycles, fundamentally different depositional environments.  Herington 

and Holmesville are typically intertidal and the rest of the “Shale” formation and 

members are non-marine. A nonmarine-marine (NM-M) depositional environment 

indicator variable was assigned to intervals on the basis of the depth of the top and 

base of stratigraphic formations or members (1 - nonmarine, 2 - marine, or 3 - 

intertidal).  Relative position (RPos) is the position of a particular sample with respect 

to the base of its respective nonmarine or marine (formation/member) interval. These 

two geologic constraining variables (GCV) are important because certain facies are 

restricted to broadly define depositional environments (nonmarine, marine, intertidal), 

and facies in the Wolfcampian often have predictable vertical stacking patterns 

(Dubois et al., 2006). 

Two geologic constraining variables (GCV) were included to add geologic 

information to the set of log values: a code representing the depositional environment 
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(1 - nonmarine, 2 - marine, or 3 - intertidal) associated with each of the 25 members 

(half-cycles) in the model, and a curve representing the relative vertical position 

within each half-cycle, ranging from 0 at the base to 1 at the top.  The depositional 

environment indicator variable, MnM, helps to distinguish between lithofacies with 

similar petrophysical properties but developed in different broad depositional 

environments.  Including the relative position curve, RelPos, allowed the network to 

encode information regarding the fairly regular succession of lithofacies succession 

commonly exhibited within each interval, and thus transfer some of that character to 

the sequence of predicted lithofacies in each well.  The two curves were computed 

from a database of formation tops using Visual Basic code within an Excel 

spreadsheet.  They were then combined with the wire-line log curves to complete the 

feature vector used as input to the neural network. 

 

Optimize neural network parameters 

The two neural network parameters to optimize, network size (number of 

hidden layer nodes) and damping parameter, were done so by Bohling through cross-

validation methods (Bohling, 2006). Various combinations of the two parameters 

were tested by holding out different wells of the full training dataset from the training 

process, predicting on the withheld data and comparing predicted and true lithofacies, 

and repeating the process many times over.  Prediction behavior for different 

parameter combinations was then analyzed to determine the optimal parameter 

values, in combination. This process was performed on six neural networks, two each, 

for the cases with PE and without PE (NoPE), for the Upper Chase (Herington 

through Gage), lower Chase (Towanda to top of Wreford), and Wreford and Council 

Grove (combined). Training was split stratigraphically to lump cyclothems with 

similar characteristics. Although the Wreford is part of the Chase Group, it is more 

similar to Council Grove cyclothems and was included with the Council Grove. 

Crossvalidation results were compared using two metrics, an objective 

function and misallocation costs.  The objective function is a measure of accuracy in 
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the prediction results that is used in the neural network in Kipling2.xls.  Misallocation 

costs are “costs” assigned to the error. Cost is a function of similarity or dissimilarity 

between actual and assigned facies.  The more dissimilar, the higher the cost (Table 

B-2).  An example of crossvalidation for one example (Wreford and Council Grove 

PE) is given in Figure B-4. In this case the optimal parameters for network size and 

damping parameter is 20 nodes and 1 for the objective function metric and 10 and 1 

for the cost metric. In this case 20 nodes and damping of 1 were chosen because the 

20-node option was significantly better than alternatives when considering the 

objective function metric and minimally less effective than the 10-node option 

considering the cost metric.  The same parameter values were determined most 

optimal for all but one of the six neural network cases.  The one exception is for the 

Wreford-Council Grove NoPE case where a damping parameter of 10 was used. 

 

Implementation in Kipling2.xla 

Training neural networks and using the trained neural networks to assign 

lithofacies at half-foot (0.15 m) intervals was accomplished through the following 

workflow: 

1. Organize training data in a tabular form with lithofacies and predictor 

variables (six or seven) in columns, one example per row (Table B-3). 

2. Assemble six sets of files for wells without lithofacies, one set for each of the 

six neural network cases (defined in 3). Files contain predictor variables (six 

or seven) in a Log Ascii Standard (LAS) format, one file per well. 

3. Train six neural networks, two each (PE and NoPE) for three stratigraphic 

intervals, upper Chase (Herington through Gage), lower Chase (Towanda to 

top of Wreford), and Wreford and Council Grove (combined). 

4. Train five neural networks for each case using optimal node and damping 

parameters and 100 iterations. Choose neural network with the lowest 

objective function. 
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5. Use the batch process function to predict lithofacies for wells without 

lithofacies for each of the six cases. 

6. Assemble the predicted lithofacies for the three stratigraphic intervals in 

another application. 

  

Training neural networks in Kipling2.xla is quite simple: 1) Select the training 

predictor variables (Figure B-5), and 2) Set neural network parameters (Figure B-6) 

and click “OK”.  During training, a measure of the mismatch (objective function) 

between the actual and predicted lithofacies is recorded after each iteration. Plotting 

objective function versus iteration provides a view of the training session (Figure B-

7).  In all cases, the plots approached asymptotic by 40 iterations, and models 

improved only slightly over the next 100 iterations.  Final weights for inputs to, and 

outputs from the hidden layer are also recorded (Tables B-4 and B-5).  The weights 

are essentially the trained neural network. 

Batch process prediction of lithofacies is equally as simple.  The neural 

network chosen is selected (Figure B-8) and the network is “pointed” to a file folder 

containing the LAS files for processing.  Match predictor variables in LAS files to be 

processed with those in the trained neural network and click “OK” (Figure B-9).  The 

wells are processed and results are exported in an LAS file format, one per well. An 

example of the output is given in Table B-6.  Header lines provide summary 

information.  The first three columns in the table are fields from predictor variable 

data file and the next eleven are probabilities that the example is one of the eleven 

lithofacies. Probabilities sum to one and the facies determined to be most probable is 

the discrete predicted facies that is predicted (winner take all).  The “winner” in each 

example is shaded.  The second most probable lithofacies is usually a similar 

lithofacies. When an error is made, the correct lithofacies is usually the next most 

probable lithofacies.  Probabilities are data that could be used lithofacies prediction 

and model building and worthy of further study. 
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Lithofacies prediction accuracy 

Accurate representation of eleven lithofacies in the model is important 

because lithofacies-based petrophysical properties were used to estimate water 

saturations. However, accuracy of lithofacies assignment in wells without core cannot 

be determined directly.  The 1574 wells without core and the 26 with core (1600 

“node” wells) are the basis for lithofacies in the geomodel.  Node wells are upscaled 

from the half-foot (0.15m) to layer scale (2-foot, 0.6 m) and the volume between the 

wells is populated with lithofacies using stochastic methods. Both quantitative and 

subjective evaluations of lithofacies prediction accuracy at the node well scale were 

discussed in Chapters 2 and 3, but addition al detail is given here.  

 

Success metrics 

A high degree of absolutely correct classification should not be anticipated 

because: 1) lithofacies are based on subjective observations, 2) measured properties 

(log predictor variables) of lithofacies overlap in feature space, and 3) measuring 

devices tend to average over a two-foot (0.6 m) interval while lithofacies are defined 

at the half-foot scale (0.15 m).  Having a facies classification that is close to the actual 

(within one facies in the continuum) may be deemed satisfactory because the 

associated flow capacity as a function of porosity and other physical characteristics of 

adjacent facies are similar to the actual facies (Dubois et al., 2006). In addition to 

being correct or nearly correct, it is important that the number of a particular facies 

predicted by any classifier be relatively close to that in the overall population in order 

that the ultimate model accurately represents the volumetric distribution of facies.  

Digital lithofacies codes were required for computer applications and were assigned 

in a manner that approximates their position in the lithofacies spectrum, but not 

perfectly. Because the main gas pay facies (facies code 6-10, very-fine crystalline 

dolomite, packstone-grainstone, phylloid algal bafflestone, fine to medium crystalline 

dolomite and fine-grained sandstone) are the most important in terms of gas storage 
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and flow capacity, their accurate representation is critical. To judge whether the 

objectives were met and to compare classifiers five metrics were used: 

1. Close (within one lithofacies)  – all lithofacies 

2. Correct  – all lithofacies 

3. Close (within one lithofacies) - lithofacies code 6 through 10  

4. Correct - lithofacies code 6 through 10 

5. Representation - ratio of lithofacies code 6 through 10 predicted vs. actual. 

 

What is considered “close” in terms of lithofacies? 

Lithofacies in the Wolfcampian represent continuum of sedimentary rock types 

that could be lumped and split in many ways.  Finer splitting would result in more 

refined depositional facies interpretation, provided the finer lithofacies could be 

recognized on wireline logs. For example, fine-grained peloidal packstone would 

have been deposited in a different environment than a coarse-grained-bioclast 

grainstone.  However the two lithofacies are indistinguishable by wire-line log 

signature and the two sub-lithofacies are lumped with the packstone-grainstone 

lithofacies.  A delicate balance exists between accuracy and detail required for 

maximum utility.  An eleven lithofacies split was deemed optimal.   

As stated above, digital lithofacies codes approximate their position in the 

lithofacies spectrum, but not perfectly. Adjacent lithofacies are generally similar, but 

not in every case. Lithofacies are considered close if the lithofacies predicted is 

considered a “neighbor”, within one lithofacies.  Lithofacies that are considered 

“close” to another are listed below in order of lithofacies code assigned: 

1. Coarse-grained siltstone (continental) – 11, very-fine-grained sandstone 

(continental); and 2, fine-medium grained siltstone (continental) 

2. Fine-medium grained siltstone (continental) – coarse-grained siltstone 

(continental) 

3. Siltstone (marine) – 1, coarse-grained siltstone (continental); 4, carbonate 

mudstone; and 10, very-fine-grained sandstone (marine) 
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4. Carbonate mudstone – 3, siltstone (marine); and 5, wackestone 

5. Wackestone – 4, carbonate mudstone; and 7, packstone-grainstone 

6. Very fine to fine crystalline dolomite – 7, packstone-grainstone; and 9, 

medium crystalline moldic dolomite 

7. Packstone-grainstone – 5, wackestone; 7, packstone-grainstone; 8, phylloid 

algal bafflestone; and 9 medium-crystalline moldic dolomite 

8. Phylloid algal bafflestone – 6, very fine to fine crystalline dolomite; and 7 

packstone-grainstone 

9. Medium crystalline moldic dolomite – 6, very fine to fine crystalline 

dolomite; and 7 packstone-grainstone 

10. Very-fine-grained sandstone (marine) – 3, siltstone (marine); and 11, very-

fine-grained sandstone (continental) 

11. Very-fine-grained sandstone (continental) – 10, very-fine-grained sandstone 

(marine); and 1, coarse-grained siltstone (continental) 

 

Adjacent lithofacies codes are generally close neighbors in terms of petrophysical 

properties, as well as texture and grain type, except for lithofacies 11 (continental 

very-fine-grained sandstone).  Lithofacies 11 belongs at the other end of the 

spectrum, and in the geomodel it is given the code 0.  Permeability for a given 

porosity is generally greatest with higher numbers starting with code 10 and 

descending to lithofacies code 2 (fine-to medium-grained siltstone). Lithofacies code 

2 has the lowest permeability for a given porosity.  At this point in the spectrum, the 

relationship reverses with code = 1 having greater permeability for a given porosity, 

and code 11 even greater permeability. 

 

Quantitative measures for lithofacies prediction accuracy 

The closest approximation of a true quantitative test of lithofacies prediction 

accuracy at the node wells is the comparison of actual versus predicted lithofacies in 

wells with core by using a Jackknife approach: data from one well is withheld from 
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training, lithofacies is predicted for withheld data and compared with its known 

lithofacies, and the process is repeated through the entire data set. Figure B-1 

illustrates the distribution of core data for the Chase and Council Grove. A Jackknife 

test was completed for the three stratigraphic intervals and summary statistics for 

Chase and Council Grove results are given in Table B-7. Also in Table B-7 are 

summary statistics for the test where neural networks are trained on all training data 

and predictions made on the same training data (train-test-all, or TTA). In the 

Jackknife experiment, for each iteration where one well was withheld, three neural 

networks were trained for each of the three stratigraphic intervals for each case (PE 

and NoPE), nine networks in all.  The three having the lowest objective function were 

chosen and used to predict lithofacies in the withheld well.  The process was repeated 

throughout the data set and results of all wells summed for evaluation.  For the TTA, 

actual geomod4 neural networks were used. The neural networks selected were the 

ones having lowest objective function values chosen from a set of five neural network 

models. 

The Jackknife approach yields the worst possible results because the well 

being tested is the furthest possible from the training data.  Geographic position was a 

primary consideration for core selection, and spacing was purposely fairly wide for 

efficiency.  Because lithofacies vary across the ramp, removing one well from the 

training can significantly reduce the number of examples of certain lithofacies for 

training and negatively impact lithofacies prediction for the withheld well.  The train-

test-all (TTA) method is likely to yield the best possible results, which are likely too 

optimistic.  Neither is a direct test of lithofacies prediction in the model, and 

lithofacies accuracy in the model probably lies somewhere between the two types of 

tests. 

 

Summary statistics 

Table8 provides summary statistics for the Jackknife and TTA tests for the Chase, 

Council Grove, and Wolfcampian (combined intervals). Chase sample count is 6790 
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and Council Grove is 6504 half-foot (0.15 m) intervals. The Jackknife approach has 

consistently lower success metric values than does TTA.  If actual model node well 

values are somewhere between the two, lithofacies prediction accuracy for the 

Wolfcampian is likely 50-66% correct and the predicted lithofacies is within one 

lithofacies 83-90% of the time. Accuracy is slightly better for the main gas “pay” 

lithofacies, lithofacies codes 6 through 10 (in order: very fine to fine crystalline 

dolomite, packstone-grainstone, phylloid algal bafflestone, medium crystalline moldic 

dolomite, and marine very-fine-grained sandstone).  The pay zone lithofacies are 

likely to be correctly predicted 57-74% of the time and are predicted within one 

lithofacies 80-90% of the time. 

Pivot charts provide more detailed statistics by lithofacies for Jackknife tests 

(Table B-8) and the TTA approach (Table B-9).  Actual and predicted lithofacies 

occurrences are shown with the diagonal indicating the number of correctly predicted 

lithofacies in the upper of the two pivot charts in each table.  Incorrectly predicted 

lithofacies counts are shown in the same row in the predicted lithofacies column.  The 

representation metric (predicted lithofacies count/actual lithofacies count) is given by 

lithofacies is given at the bottom of the upper pivot chart in each table. The lower 

pivot chart in each table is the same data expressed as a percent of the row (percent of 

actual lithofacies). Proportion of each lithofacies in the training set is shown on the 

left of each table. It is important to consider the volumetric proportions when 

evaluating the data, particularly when only considering data expressed in terms of 

percent. The following general observations are made: 

1. In both Jackknife and TTA, the four lithofacies that are most successfully 

predicted are continental coarse-grained siltstone continental (1), the most 

prevalent lithofacies, and the three most dominant pay lithofacies, packstone-

grainstone (7), medium crystalline moldic dolomite (9), and marine very-fine-

grained sandstone (10). 
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2. Carbonate mudstone is poorly predicted and not adequately represented when 

evaluated using either approach. However, it comprises a relatively small 

volume in the Wolfcampian (6.2%). 

3. Lithofacies 6, 8, and 11 (very fine to fine crystalline dolomite, phylloid algal 

bafflestone, and continental very-fine-grained sandstone) are poorly predicted 

by the Jackknife approach.  However, the correct success metric for the three 

lithofacies were approximately double and representation metric much 

improved in the TTA case.   

4. Continental coarse-grained siltstone continental (1) is over represented by 

18% in both tests, mostly at the expense of continental fine-medium grained 

siltstone (2). 

5. Continental very-fine-grained sandstone (11) is under represented in both test 

cases mostly due to this lithofacies being predicted as Continental coarse-

grained siltstone continental (1).  

 

Discussion of summary statistics 

Lithofacies accuracy in the model node wells is likely to lie somewhere 

between the data presented for the two tests.  The question is, which is more likely, 

particularly in cases where there is significant departure between the two tests 

(lithofacies 6, 8, 9, 10, and 11).  The answer to the question is not quantitatively 

resolvable, but clues to the disparities lie in the distribution of core with respect to the 

distribution of these particular lithofacies on the ramp.  In all cases, but in particular 

lithofacies 8, 9, 10, and 11, the lithofacies are confined to a particular position on the 

ramp and are represented in fewer wells than are other more widely distributed 

lithofacies.  In the Jackknife test, where one well is withheld for testing, the 

representation of that particular lithofacies in the training set is significantly reduced.  

Phylloid algal bafflestone (8) comprises less than 1% of the rock volume and is 

restricted to the Council Grove, and most examples are in three wells in Stevens 

county (Figure B-1).  Medium crystalline moldic dolomite (9), the most prolific 
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Chase pay zone in terms of storage and flow capacity, is more widespread, covering 

Stevens and eastern Texas County.  However, it is well represented in core from only 

six wells. Marine very-fine-grained sandstone (10) dominates in the western third of 

the study area in the Chase and continental very-fine-grained sandstone (11) is most 

prevalent in only the northwest one-quarter of the study area in the Council Grove.  In 

both cases, the removal of training data of the test well in the Jackknife approach 

appears to significantly impact the accuracy for prediction of lithofacies on the test 

well. For these important lithofacies, the accuracy in the node wells could be closer to 

that represented by the TTA test, although this cannot be proven. 

 

Porosity and permeability in the node wells 

Accurate representation of porosity and permeability, controls the utility of 

the Hugoton geomodel for reservoir management.  Because both porosity and 

permeability are lithofacies dependent, it is important to understand the potential error 

that is introduced by error in lithofacies prediction.  For a given measured log 

porosity, corrected log porosity varies with lithofacies (Table B-10).  Porosity 

correction algorithms, developed by John Doveton (Chapter 3 and Dubois et al., 

2006), were based on empirical data.  Impact of lithofacies error is illustrated in Table 

B-11.  The greatest potential error is in the cases where dolomite (lithofacies 6 and 9) 

or marine very fine-grained sandstone (lithofacies10) is involved.  When other 

lithofacies are predicted as these lithofacies, porosity is generally higher than actual 

and porosity is lowered when the dolomite lithofacies (lithofacies 6 and 9) or marine 

very fine-grained sandstone (lithofacies 10) are predicted incorrectly. The potential 

for error in pore-volume is –15% to +32% for rocks having 10% porosity, a 

significant range in terms of reservoir volume.   

As with porosity, permeability varies with lithofacies for given corrected 

porosity.  Alan Byrnes developed the empirical relationships that define insitu 

Klinkenberg permeability as a function of lithofacies and porosity for geomod4: 
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perm =IF(Facies=1,Pow(10,(8.00*Log(phi_pct)-9.96)),perm) 

perm =IF(Facies=2,Pow(10,(8.00*Log(phi_pct)-10.05)),perm) 

perm =IF(Facies=3,Pow(10,(7.74*Log(phi_pct)-9.41)),perm) 

perm =IF(Facies=4,Pow(10,(9.20*Log(phi_pct)-10.80)),perm)  

perm =IF(Facies=5,Pow(10,(7.61*Log(phi_pct)-8.94)),perm)  

perm =IF(Facies=6,Pow(10,(9.70*Log(phi_pct)-11.80)),perm)  

perm =IF(Facies=7,Pow(10,(7.09*Log(phi_pct)-7.81)),perm)  

perm =IF(Facies=8,Pow(10,(8.65*Log(phi_pct)-8.29)),perm)  

perm =IF(Facies=9,Pow(10,(9.70*Log(phi_pct)-10.80)),perm)  

perm =IF(Facies=10,Pow(10,(9.75*Log(phi_pct)-11.62)),perm)  

perm =IF(Facies=11,Pow(10,(6.65*Log(phi_pct)-7.88)),perm) 

 

Permeability ranges more than two orders of magnitude (0.009 – 2.291) across the 

lithofacies spectrum for a given porosity of 10% (Table B-12).   

 

Estimation of error 

Error in pore volume 

As with lithofacies, it is not possible to determine directly the error in pore 

volume (product of porosity and height) in the model, nor even at the node wells.  

However, a range of possible error introduced by inaccurate lithofacies can be 

estimated by comparing pore volumes calculated for core lithofacies using corrected 

log porosity values with pore volumes calculated for lithofacies using the Jackknife 

and TTA approaches (Table B-13).  Error can be analyzed from two perspectives: 1) 

actual pore volume by predicted lithofacies (sum by lithofacies in the table), and 2) 

pore volume estimated for the interval (sum by intervals in the table).  The first metric 

is a comparison of lithofacies pore volume, however the second is more critical for 

reservoir modeling because it identifies potential volumetric error in the model. When 

summed by lithofacies, potential pore volume error is proportional to lithofacies 

prediction error (e.g., carbonate mudstone pore volume is significantly under 
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represented in the model). When summed by interval, pore volume error is the error 

introduced by error in lithofacies assignment (Table B-11).  Pore volume error due to 

error in lithofacies is always in the negative direction for dolomite lithofacies and 

positive for marine siltstone and carbonated mudstone. On the basis of this analysis, 

pore volume in the model is likely to be overestimated by 5.9% to 6.1%, due to error 

in lithofacies prediction. 

 

Error in permeability 

Flow capacity (product of permeability and height, Kh) and is an important 

component of a reservoir model because it represents the capacity of the reservoir to 

produce hydrocarbon.  It was analyzed in the same manner as pore volume (above) 

and data are presented in Table B-14. One difference is that permeability is a power 

law function of porosity (above).  Thus small error in porosity results in more 

substantial absolute error in permeability, as measured by the % difference of actual 

versus predicted, than it does for pore volume. Log 10 of the error would be a more 

appropriate, however, the results are close enough to actual that it was not necessary 

to go to that length to demonstrate that Kh is probably represented accurately in the 

model.  On the basis of the analysis presented, Kh in the model is likely to be +8.2% 

to –8.5% of actual. 

 

Conclusions 

A single hidden layer neural network was successfully deployed for 

lithofacies prediction in nearly 1600 “node” wells in the Hugoton geomodel.  

Accurate lithofacies representation in the model is important because petrophysical 

properties (porosity, permeability and water saturation) are lithofacies dependent. A 

high degree of absolute accuracy was not expected and being close, assigning a 

similar lithofacies, is nearly as good because similar lithofacies have similar 

properties. Lithofacies prediction accuracy for node wells in the geomodel are likely 

50-66% correct and within one lithofacies 83-90% of the time. Accuracy is slightly 
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better for the main gas “pay” lithofacies, very fine to fine crystalline dolomite, 

packstone-grainstone, phylloid algal bafflestone, medium crystalline moldic dolomite, 

and marine very-fine-grained sandstone.  The pay zone lithofacies are likely to be 

correctly predicted 57-74% of the time and are predicted within one lithofacies 80-

90% of the time. For reservoir performance prediction, accurate representation of 

properties in the model is more important than lithofacies.  Pore volume is likely over 

predicted by 6% at the node wells and permeability may be off 8% (plus or minus).  

The latter is insignificant because permeability is a power law function of porosity.  

Although considered tolerable, knowing the expected pore volume error is helpful for 

reservoir analysis and management decisions based on the Hugoton geologic and 

property model. 
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Geomod1 Geomod2 Geomod3 Geomod4

Council Grove core 8 9 9 15*

Chase core 0 2 8 16*

Combined core wells 8 9 14 27***

Wells without core 515 1250 1350 1574

Number of lithofacies 8 10 11 11

Model interval Council Grove Council Grove 
and Chase

Council Grove 
and Chase

Council Grove 
and Chase

Model area Kansas Kansas Kansas and 
Oklahoma

Kansas and 
Oklahoma

Chapter 2 NA 3 4

*  17 wells in study, 15 in Council Grove neural network training set
**  17 wells in study, 16 in Chase neural network training set

***  29 wells in study, 27 wells in neural network training set

*

 
 
Table B-1. Data volumes, model intervals, geographic coverage, and chapters where 
discussed for four Hugoton geomodel iterations. 
 

014444431.521F11

10444442131.5F10

44021134444F9

44201123444F8

44110113444F7

44111022344F6

44321201244F5

32433210143F4

1.51444321021.5F3

23444444201F2

11.54444431.510F1

F11F10F9F8F7F6F5F4F3F2F1Facies

Assigned FaciesActual

014444431.521F11

10444442131.5F10

44021134444F9

44201123444F8

44110113444F7

44111022344F6

44321201244F5

32433210143F4

1.51444321021.5F3

23444444201F2

11.54444431.510F1

F11F10F9F8F7F6F5F4F3F2F1Facies

Assigned FaciesActual

 
Table B-2. Misallocation cost matrix.  Cost is a function of dissimilarity between 
actual and assigned facies.  The more dissimilar, the higher the cost. 
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able B-3. Sample of  input data for a neural network training session. Half-foot  
eir 

Formation-
Member Well_Name Depth

Litho-
facies GR

ILD_ 
LOG_10 N-DPHI% PHIND% PE NM_M RELPOS

A1 SH NEWBY 2840.5 2 72.53 0.555 6.3 13.45 3.2 1 0.326
A1 SH NEWBY 2841 2 67.99 0.542 6.1 14.35 3.1 1 0.302
A1 SH NEWBY 2841.5 1 60.31 0.525 5.0 14.1 3.2 1 0.279
A1 SH NEWBY 2842 1 55.52 0.504 6.3 11.55 3.2 1 0.256
A1 SH NEWBY 2842.5 1 56.07 0.486 5.0 11 3.2 1 0.233
A1 SH NEWBY 2843 1 62.67 0.473 -2.6 15.8 3.2 1 0.209
A1 SH NEWBY 2843.5 1 66.9 0.471 -2.2 21.4 3.2 1 0.186
A1 SH NEWBY 2844 1 68.54 0.477 3.1 24.25 3.2 1 0.163
A1 SH NEWBY 2844.5 1 68.7 0.483 3.3 22.85 3.2 1 0.14
A1 SH NEWBY 2845 4 63.2 0.489 9.5 17.25 3.4 2 0.116
A1 SH NEWBY 2845.5 4 60.33 0.493 11.6 15.6 3.7 2 0.093
A1 SH NEWBY 2846 4 58.16 0.491 12.7 14.35 3.8 2 0.07
A1 SH NEWBY 2846.5 4 52.61 0.481 9.9 11.45 3.9 2 0.047
A1 SH NEWBY 2847 2 45.72 0.464 5.2 8.8 3.9 1 0.023
A1 LM NEWBY 2847.5 5 35.92 0.441 4.5 7.95 4.0 2 1
A1 LM NEWBY 2848 5 26.62 0.422 3.6 10.7 4.3 2 0.988
A1 LM NEWBY 2848.5 6 24.14 0.398 5.9 12.55 4.0 2 0.976
A1 LM NEWBY 2849 6 24.36 0.375 6.5 12.95 3.9 2 0.963
A1 LM NEWBY 2849.5 6 23.28 0.35 6.5 11.85 4.1 2 0.951
A1 LM NEWBY 2850 6 25.7 0.334 7.7 10.95 4.1 2 0.939
A1 LM NEWBY 2850.5 6 28.2 0.336 8.2 11.2 3.7 2 0.927
A1 LM NEWBY 2851 6 28.35 0.352 8.8 12.1 3.7 2 0.915
A1 LM NEWBY 2851.5 6 31.71 0.377 9.0 12.8 3.6 2 0.902
A1 LM NEWBY 2852 6 35.52 0.405 9.1 12.75 3.3 2 0.89

 
T
(0.15 m) intervals include lithofacies defined in core, five wire-line log curves or th
derivatives and two geologic constraining variables (last two columns). 
 

 271



Input-to-hidden layer weights
Node Constant GR ILD_LOG_10 N-DPHI% PHIND% PE NM_M RELPOS

1 -0.329596643 -0.267277 -1.594384037 1.871736 -2.002115 0.831568 -0.676657 1.115806
2 0.65441899 -0.275647 1.636556674 -0.07264 -0.341501 1.17123 0.237242 0.937584
3 -1.564913201 1.222985 -0.483246109 -0.397916 2.79964 0.941885 -0.860552 -0.796483
4 -0.990040104 -0.207388 0.078752552 -0.863665 -1.310306 1.24311 1.462427 0.801518
5 0.645631145 1.788637 1.851967278 0.230077 -0.155956 -0.471591 -1.111277 0.036138
6 0.05380495 0.074359 -0.084250287 -0.094692 0.050045 0.652467 2.728652 2.062532
7 -0.584758625 0.236252 -1.624040389 -1.968773 -2.217787 1.296287 -1.03191 -0.103279
8 -2.448999396 -3.301992 1.035865125 0.50594 1.225348 -0.578483 -0.357206 -0.031313
9 -0.366314296 1.33795 -0.937768001 0.228006 0.385172 2.963993 0.635678 1.279707
10 0.084732115 -0.209047 -0.322168116 -0.251814 -0.890316 -0.714204 -1.483677 1.341003
11 1.247201616 1.099817 0.852517688 0.838744 -1.047927 -0.97679 0.327684 -2.286051
12 0.199832667 0.046429 -0.31227879 -2.289553 0.94651 0.583575 -0.608837 -0.488652
13 0.666178848 0.285035 1.281585461 -0.512088 2.477905 2.114456 -0.849342 0.611696
14 -0.896025412 -1.109323 1.612677229 -0.504198 1.280544 1.047209 1.313703 -0.299143
15 -0.739317735 0.083081 -0.640543547 0.537394 0.478659 0.32588 2.834217 1.553041
16 0.124993395 -0.17345 -0.90628134 -1.525854 -1.923525 -1.651846 0.004141 -1.30996
17 -0.870687665 1.409209 0.766977231 -0.554423 -0.7975 0.328386 1.450828 1.527244
18 0.268474677 0.677007 -1.46675301 1.141078 0.141312 -0.856803 -1.482338 3.282297
19 0.236114805 -0.022666 0.030208025 0.728398 -0.764624 1.407119 1.461846 -0.961055
20 -0.661501466 -2.457459 -0.269488453 1.326038 -0.712979 1.266612 -0.333818 0.414005  

 
Table B-4. Final weights as determined by training session that are applied at the 
input to the twenty hidden layer nodes, and twenty final biasing constants, one for 
each input node. 
 
 
Hidden layer-to-output weights

Node F11gm401 F11gm402 F11gm403 F11gm404 F11gm405 F11gm406 F11gm407 F11gm408 F11gm409 F11gm410 F11gm411
Constant -0.088116515 0.743405485 0.780914289 0.335209144 -1.565020053 -0.490051549 0.160364165 -0.2455398 -0.778734061 1.017331453 0.114495484

1 0.749064855 1.580235287 -1.098129769 0.229516803 0.382373082 0.50544227 1.134914087 -1.93736531 -0.363388732 -1.31130987 0.062829723
2 -0.537850125 -0.537064216 1.796691146 0.38187121 -0.844114079 -0.430923077 0.615570447 0.001601777 -0.347464184 -0.91964306 0.827350174
3 -0.802595579 1.28558058 -1.556211132 1.023359203 -0.823858691 0.940882666 -0.461067959 2.032098361 -0.36505976 -1.200275949 -0.026941121
4 -1.441315822 0.239443958 -1.424801729 0.658499106 1.066130099 0.406035374 1.578790407 0.447329 -0.242174007 -0.520785918 -0.719356056
5 1.941821194 1.589412042 -0.319279894 -0.773398933 1.604082008 -1.338790625 -0.621103723 -1.175639975 -0.388746869 0.011319359 -0.627765125
6 -1.489035438 -1.138885201 1.037261016 0.261343873 1.751596646 0.400954159 -0.595377297 0.816156504 -0.366987571 1.177245788 -1.917496088
7 1.676213989 -1.177793192 -0.360913211 -1.060432035 0.395839333 -0.329190651 1.120072497 -0.126707085 -0.438733059 -1.219051915 1.539250137
8 -0.527798749 -0.751088547 -2.497819468 -1.570327334 0.755626403 2.17754243 2.6862695 0.198454682 -0.337898663 -0.314722853 0.270401562
9 -0.149436909 0.131693665 -1.057530491 -0.899229581 1.226569637 2.997003633 -0.609532242 1.419067985 -0.360272089 -1.3530845 -1.342785414

10 0.277607674 1.468519313 -0.09954993 0.81924591 -0.863773873 -1.013165777 -1.411619695 -1.692082808 -0.441250943 0.761262903 2.116012114
11 1.765053289 -1.035018197 2.770231323 0.8319374 0.521306347 0.240019547 -0.745370652 -2.000501918 -0.509672431 -1.095955397 -0.771895276
12 0.558588853 -0.274295842 -0.400030982 -1.123417895 -0.195267516 -1.05407274 0.813847913 1.372132786 -0.41294072 0.409163078 0.158328077
13 1.068218746 2.726978354 0.996597048 0.314276465 -1.223723776 -1.705933911 0.845433827 0.435611573 -0.412025728 -0.926599039 -2.209261535
14 0.876622558 0.076944731 -1.368805125 0.272414336 2.12309241 -0.621513353 0.016147553 0.36169665 -0.368418474 -0.574080083 -0.774804985
15 -1.297638979 -1.767028719 2.046958304 1.071247608 -0.07279951 0.492042276 -0.096149957 0.534451754 -0.38038793 1.291890968 -1.737132019
16 -1.401824184 -0.297681353 -1.0418956 -0.044178747 1.127919428 0.862191856 -0.628986868 -1.594333607 -0.392448774 2.051702581 1.400164441
17 -0.560345075 -0.965800474 -0.687723176 2.115044142 0.771449886 -0.525995339 1.333069484 -0.0600166 -0.283054906 -0.18131204 -0.980167939
18 2.217667038 0.122464215 -0.447184866 -2.200681921 -0.457660387 1.069458209 0.074572568 -2.954137867 -0.332231163 0.405774199 2.500149628
19 -1.711254804 -0.45253877 1.092023308 0.016717677 -0.54858085 0.928308571 1.753837545 1.477443107 -0.460281814 -0.497875721 -1.662603155
20 0.163680038 -0.148265906 -1.140538423 1.39990785 1.047660176 -0.252389468 -1.230499588 1.352019166 -0.275568727 -0.704794712 -0.082875645  

 
Table B-5. Final weights as determined by training session that are applied to the 
output from each of twenty hidden layer nodes prior to input into the eleven facies 
output nodes. 
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Prediction results using data sheet Wrf-Cgrv_PE and neural net sheet NNet26_WrCg-PE
User comment on neural net sheet: WrfCG PE 20/1/100
Number of predictor variables: 7

Predictor variables in NNet26_WrCg-PE:GR
ILD_ 
LOG_10 N-DPHI% PHIND% PE NM_M RELPOS

Predictor variables in Wrf-Cgrv_PE: GR
ILD_ 
LOG_11 N-DPHI% PHIND% PE NM_M RELPOS

Categorical response variable: F11gm4
Number of categories: 11
Continuous response variable: [NONE]
Number of variables copied: 3
Variables copied from Wrf-Cgrv_PE: F11gm4 ElogDepthLease_Name

Core Probabilities
Predicted 
F11gm4

Max. Prob-
ability

F11gm4
Elog 

Depth Lease_Name F1 F2 F3 F4 F5 F6 F7 F8 F9 F10 F11 kpred pmax
2 2806.5 SHRIMPLIN 0.36 0.62 0.01 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 2 0.62
2 2807 SHRIMPLIN 0.32 0.66 0.01 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 2 0.66
2 2807.5 SHRIMPLIN 0.36 0.62 0.01 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 2 0.62
2 2808 SHRIMPLIN 0.44 0.54 0.01 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 2 0.54
2 2808.5 SHRIMPLIN 0.64 0.34 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.01 1 0.64
2 2809 SHRIMPLIN 0.44 0.55 0.01 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 2 0.55
1 2809.5 SHRIMPLIN 0.40 0.58 0.01 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 2 0.58
1 2810.5 SHRIMPLIN 0.56 0.42 0.01 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.01 1 0.56
1 2811 SHRIMPLIN 0.69 0.26 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.04 1 0.69
1 2811.5 SHRIMPLIN 0.71 0.18 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.10 1 0.71
1 2812 SHRIMPLIN 0.66 0.14 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.19 1 0.66
1 2812.5 SHRIMPLIN 0.54 0.07 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.37 1 0.54
1 2813 SHRIMPLIN 0.50 0.06 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.43 1 0.50
1 2813.5 SHRIMPLIN 0.48 0.05 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.47 1 0.48

11 2734 CROSS H CATTLE 0.15 0.11 0.00 0.00 0.00 0.01 0.00 0.00 0.00 0.00 0.72 11 0.72
11 2734.5 CROSS H CATTLE 0.15 0.08 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.76 11 0.76
11 2735 CROSS H CATTLE 0.16 0.07 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.76 11 0.76
11 2735.5 CROSS H CATTLE 0.29 0.12 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.58 11 0.58
11 2736 CROSS H CATTLE 0.46 0.16 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.37 1 0.46

1 2736.5 CROSS H CATTLE 0.61 0.18 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.20 1 0.61
1 2737 CROSS H CATTLE 0.65 0.19 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.15 1 0.65

11 2737.5 CROSS H CATTLE 0.62 0.18 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.18 1 0.62
11 2738 CROSS H CATTLE 0.52 0.11 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.36 1 0.52
11 2738.5 CROSS H CATTLE 0.32 0.05 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.63 11 0.63
11 2739 CROSS H CATTLE 0.21 0.02 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.76 11 0.76
11 2739.5 CROSS H CATTLE 0.20 0.02 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.77 11 0.77
11 2740 CROSS H CATTLE 0.18 0.02 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.79 11 0.79
11 2740.5 CROSS H CATTLE 0.15 0.02 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.82 11 0.82
11 2741 CROSS H CATTLE 0.14 0.01 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.84 11 0.84

7 2913.5 NEWBY 0.00 0.00 0.00 0.04 0.13 0.01 0.81 0.01 0.00 0.00 0.00 7 0.81
7 2914 NEWBY 0.00 0.00 0.00 0.06 0.17 0.01 0.75 0.01 0.00 0.00 0.00 7 0.75
7 2914.5 NEWBY 0.00 0.00 0.00 0.07 0.27 0.02 0.63 0.01 0.00 0.00 0.00 7 0.63
7 2915 NEWBY 0.00 0.00 0.00 0.09 0.31 0.04 0.55 0.01 0.00 0.00 0.00 7 0.55
6 2915.5 NEWBY 0.00 0.00 0.01 0.13 0.33 0.11 0.41 0.00 0.00 0.01 0.00 7 0.41
6 2916 NEWBY 0.00 0.00 0.02 0.16 0.31 0.25 0.24 0.00 0.00 0.02 0.00 5 0.31
6 2916.5 NEWBY 0.00 0.00 0.03 0.16 0.33 0.27 0.18 0.00 0.00 0.02 0.00 5 0.33
6 2917 NEWBY 0.00 0.00 0.04 0.14 0.34 0.31 0.15 0.00 0.00 0.01 0.00 5 0.34
6 2917.5 NEWBY 0.00 0.00 0.04 0.15 0.38 0.27 0.14 0.00 0.00 0.01 0.00 5 0.38
6 2918 NEWBY 0.00 0.00 0.04 0.20 0.47 0.11 0.17 0.01 0.00 0.01 0.00 5 0.47
4 2957.5 NEWBY 0.01 0.02 0.03 0.27 0.30 0.19 0.17 0.00 0.00 0.01 0.00 5 0.30
7 2958 NEWBY 0.00 0.01 0.01 0.14 0.27 0.13 0.41 0.00 0.00 0.00 0.00 7 0.41
7 2958.5 NEWBY 0.00 0.00 0.01 0.11 0.31 0.05 0.52 0.01 0.00 0.00 0.00 7 0.52  

 
Table B-6. Selected result output of lithofacies prediction session.  Header provides 
general information regarding the neural network model.  Table includes operator 
selected fields from the input files (first three columns) and calculated probabilities 
for each of the eleven lithofacies.  The predicted discrete lithofacies is the one having 
the highest probability. 
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Jackknife
Chase Council 

Grove
Wolfcamp 

(combined) Chase Council 
Grove

Wolfcamp 
(combined)

within 1F 79% 88% 83% within 1F 89% 91% 90%
% correct 49% 51% 50% % correct 71% 61% 66%

F6-10 w/in 1F 79% 82% 80% F6-10 w/in 1F 90% 88% 90%
F6-10 %correct 59% 51% 57% F6-10 %correct 80% 61% 74%

F6-10 pred/actual 114% 96% 108% F6-10 pred/actual 108% 95% 104%

Train-test-all

 
 
Table B-7. Summary statistics of neural network prediction accuracy for two cases: 
Jackknife and Train-Test-All  Metrics for each case are accuracy within one 
lithofacies (within 1F), percent correct, lithofacies code 6 through 10 correct within 
one lithofacies (F6-10 w/in 1F), lithofacies code 6 through 10 percent correct (F6-10 
% correct), and the ratio of lithofacies code 6 through 10 predicted and actual (F6-10 
pred/actual). 
 
 

Cont Crs 
Silt

Cont 
Fn Silt Mar Silt Mdst Wkst

Fxln 
Dol

Pkst-
Grnst PA-Baff

Mold-
Dol Mar SS

Cont 
SS

Count of 
PredFacies

Pred 
Facies

Proportion F11gm4 1 2 3 4 5 6 7 8 9 10 11 Grand Tota within 1
21.2% 1 1969 569 37 2 7 14 2 111 105 2816 94%
11.3% 2 743 706 11 5 19 1 12 9 1506 96%
7.6% 3 135 12 358 24 201 7 53 22 186 10 1008 70%
6.2% 4 23 17 99 31 383 17 180 4 43 28 1 826 62%

13.1% 5 22 21 157 86 688 19 609 18 67 57 2 1746 79%
3.5% 6 3 5 33 5 61 108 139 2 47 58 1 462 64%

17.9% 7 13 13 74 38 445 34 1520 24 167 57 2385 90%
0.8% 8 2 35 3 53 18 111 67%
7.4% 9 3 34 12 63 19 172 613 60 6 982 80%
7.0% 10 128 13 59 3 47 8 67 87 505 18 935 62%
3.9% 11 295 11 23 1 3 3 40 141 517 92%

Grand Total 3334 1367 887 202 1935 215 2829 66 1052 1114 293 13294
Pred/Actua

F

l 118% 91% 88% 24% 111% 47% 119% 59% 107% 119% 57% within 1F 83%
% correct 50%

F6-10 w/in 1F 80%
F6-10 %correct 57%

F6-10 pred/actual 108%

Wolfcamp (combined) 
Jacknife

 
Cont Crs 

Silt
Cont 

Fn Silt Mar Silt Mdst Wkst
Fxln 
Dol

Pkst-
Grnst PA-Baff

Mold-
Dol Mar SS

Cont 
SS

Count of 
PredFacies

Pred 
Facies

Proportion F11gm4 1 2 3 4 5 6 7 8 9 10
21.2% 1 70% 20% 1% 0% 0% 0% 0% 0% 0% 4% 4
11.3% 2 49% 47% 1% 0% 0% 0% 1% 0% 0% 1% 1%
7.6% 3 13% 1% 36% 2% 20% 1% 5% 0% 2% 18% 1
6.2% 4 3% 2% 12% 4% 46% 2% 22% 0% 5% 3% 0%

13.1% 5 1% 1% 9% 5% 39% 1% 35% 1% 4% 3% 0
3.5% 6 1% 1% 7% 1% 13% 23% 30% 0% 10% 13% 0%

17.9% 7 1% 1% 3% 2% 19% 1% 64% 1% 7% 2% 0%
0.8% 8 0% 0% 2% 0% 32% 3% 48% 16% 0% 0% 0%
7.4% 9 0% 0% 3% 1% 6% 2% 18% 0% 62% 6% 1%
7.0% 10 14% 1% 6% 0% 5% 1% 7% 0% 9% 54% 2%
3.9% 11 57% 2% 4% 0% 0% 0% 1% 0% 1% 8% 27%

Grand Total 25% 10% 7% 2% 15% 2% 21% 0% 8% 8% 2

Wolfcamp (combined) 
Jacknife

11
%

%

%

%  
 
Table B-8. Pivot tables illustrating lithofacies prediction results for the entire 
Wolfcamp using a Jackknife approach.  The diagonal (highlighted) are lithofacies 
predicted correctly. F11 (continental very-fine-grained sandstone) is equal to F0 in 
geomodels and in Figure B-3. 
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Cont Crs 

Silt
Cont 

Fn Silt Mar Silt Mdst Wkst
Fxln 
Dol

Pkst-
Grnst PA-Baff

Mold-
Dol Mar SS

Cont 
SS

Count of 
PredFacies

Pred 
Facies

Proportion F11gm4 1 2 3 4 5 6 7 8 9 10 11 Grand Total within 1F
21.2% 1 2313 340 18 2 4 3 41 95 2816 98%
11.3% 2 614 852 10 6 8 8 8 1506 97%
7.6% 3 111 19 535 17 136 7 42 15 113 13 1008 77%
6.2% 4 20 13 111 107 355 15 157 28 17 3 826 69%

13.1% 5 20 6 129 23 1054 24 397 15 39 35 4 1746 84%
3.5% 6 4 1 30 5 63 201 75 2 56 25 462 72%

17.9% 7 10 9 59 19 365 15 1784 15 96 12 1 2385 95%
0.8% 8 4 12 2 41 52 111 86%
7.4% 9 1 2 12 16 17 64 844 26 982 92%
7.0% 10 53 9 36 2 25 6 54 13 717 20 935 83%
3.9% 11 173 12 5 1 16 310 517 97%

Grand Total 3319 1263 949 191 2037 270 2626 84 1091 1010 454 13294
Pred/Actual 118% 84% 94% 23% 117% 58% 110% 76% 111% 108% 88% within 1F 90%

% correct 66%
F6-10 w/in 1F 90%

F6-10 %correct 74%
F6-10 pred/actual 104%

Wolfcamp (combined) 
Train-test-all

 
Cont 

Crs Silt
Cont 

Fn Silt Mar Silt Mdst Wkst
Fxln 
Dol

Pkst-
Grnst PA-Baff

Mold-
Dol Mar SS

Cont 
SS

Count of 
PredFacies

Pred 
Facies

Proportion F11gm4 1 2 3 4 5 6 7 8 9 10
21.2% 1 82% 12% 1% 0% 0% 0% 0% 0% 0% 1% 3%
11.3% 2 41% 57% 1% 0% 0% 0% 1% 0% 0% 1% 1%
7.6% 3 11% 2% 53% 2% 13% 1% 4% 0% 1% 11% 1%
6.2% 4 2% 2% 13% 13% 43% 2% 19% 0% 3% 2% 0%

13.1% 5 1% 0% 7% 1% 60% 1% 23% 1% 2% 2% 0%
3.5% 6 1% 0% 6% 1% 14% 44% 16% 0% 12% 5% 0%

17.9% 7 0% 0% 2% 1% 15% 1% 75% 1% 4% 1% 0%
0.8% 8 0% 0% 4% 0% 11% 2% 37% 47% 0% 0% 0%
7.4% 9 0% 0% 1% 2% 2% 0% 7% 0% 86% 3% 0%
7.0% 10 6% 1% 4% 0% 3% 1% 6% 0% 1% 77% 2%
3.9% 11 33% 2% 1% 0% 0% 0% 0% 0% 0% 3% 60%

Grand Total 25% 10% 7% 1% 15% 2% 20% 1% 8% 8% 3%

Wolfcamp (combined) 
Train-test-all

11

 
 
Table B-9. Pivot tables illustrating lithofacies prediction results for the entire 
Wolfcamp using the Train-Test-All method.  The diagonal (highlighted) are 
lithofacies predicted correctly. 
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Corrected Porosity = A + B*Dphilog + C*Nphilog Coefficient Coefficient

Intercept Dphi Nphi

Lithofacies Code A B C
 Very fine-grained sandstone 11* 0.013516 0.8414 0.0000

 Coarse-grained siltstone 1 0.017803 0.8434 0.0000

 Fine to medium-grained siltstone 2 0.017803 0.8434 0.0000

 Marine siltstone 3 0.018539 0.6619 0.0000

 Carbonate mudstone 4 0.018539 0.6619 0.0000

 Wackestone 5 0.000000 0.6151 0.3900

 Very fine- to fine-crystalline dolomite 6 0.047523 0.5842 0.2639

 Packstone-grainstone 7 0.000000 0.6151 0.3900

 Phylloid algal bafflestone 8 0.000000 0.6151 0.3900

 Medium-crystalline moldic dolomite 9 0.047523 0.5842 0.2639

 Very fine-grained sandstone 10 0.063699 0.5610 0.0000

* Lithofacies code is 0 for very fine-grained sandstone (continental) in the geomodel
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Table B-10. Porosity correction algorithms developed by John Doveton (Chapter 3 
and Dubois et al., 2006).  They are based on empirical relationships between wire-line 
log variables and measured core porosity by lithofacies. 
 

Log Nphi 5% 10% 15%

Log Dphi 5% 10% 15%

Lithofacies Code Phi=5% Phi=10% Phi=15%

 Very fine-grained sandstone 11* 5.6% 9.8% 14.0%

 Coarse-grained siltstone 1 6.0% 10.2% 14.4%

 Fine to medium-grained siltstone 2 6.0% 10.2% 14.4%

 Marine siltstone 3 5.2% 8.5% 11.8%

 Carbonate mudstone 4 5.2% 8.5% 11.8%

 Wackestone 5 5.0% 10.1% 15.1%

 Very fine- to fine-crystalline dolomite 6 9.0% 13.2% 17.5%

 Packstone-grainstone 7 5.0% 10.1% 15.1%

 Phylloid algal bafflestone 8 5.0% 10.1% 15.1%

 Medium-crystalline moldic dolomite 9 9.0% 13.2% 17.5%

 Very fine-grained sandstone 10 9.2% 12.0% 14.8%

* Lithofacies code is 0 for very fine-grained sandstone (continental) in the geomodel
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Table B-11. Corrected porosity values by lithofacies for typical porosity range in the 
Wolfcamp calculated by empirical equation in Table B-10. 
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Lithofacies Code Phi=5% Phi=10% Phi=15%
 Very fine-grained sandstone 11* 0.000586 0.059 0.87

 Coarse-grained siltstone 1 0.000043 0.011 0.28

 Fine to medium-grained siltstone 2 0.000035 0.009 0.23

 Marine siltstone 3 0.000100 0.021 0.49

 Carbonate mudstone 4 0.000043 0.025 1.05

 Wackestone 5 0.000239 0.047 1.02

 Very fine- to fine-crystalline dolomite 6 0.000010 0.008 0.41

 Packstone-grainstone 7 0.001399 0.191 3.38

 Phylloid algal bafflestone 8 0.005703 2.291 76.42

 Medium-crystalline moldic dolomite 9 0.000096 0.079 4.06

 Very fine-grained sandstone 10 0.000016 0.013 0.70

* Lithofacies code is 0 for very fine-grained sandstone (continental) in the geomodel

Insitu  K (md) from transform
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Table B-12. Insitu permeability (K) in millidarcies (md) by lithofacies for typical 
porosity range in the Wolfcampian. 
 
 
 

Count Proportion Lithofacies Code Actual* TTA Jackknife TTA Jackknife

517 0.039  Very fine-grained sandstone 11** 31.0 28.6 17.8 31.5 31.9

2816 0.212  Coarse-grained siltstone 1 120.9 144.7 149.3 121.0 122.0

1506 0.113  Fine to medium-grained siltstone 2 60.5 50.8 56.0 60.6 60.4

1008 0.076  Marine siltstone 3 36.5 31.3 30.4 42.2 45.6

826 0.062  Carbonate mudstone 4 22.2 3.8 4.0 28.3 30.1

1746 0.131  Wackestone 5 70.5 75.0 71.3 68.5 67.6

462 0.035  Very fine- to fine-crystalline dolomite 6 33.2 21.1 16.4 29.5 27.6

2385 0.179  Packstone-grainstone 7 111.5 124.8 134.4 111.8 112.2

111 0.008  Phylloid algal bafflestone 8 7.0 6.5 4.6 6.9 7.0

982 0.074  Medium-crystalline moldic dolomite 9 59.2 64.8 64.5 56.6 53.2

935 0.070  Very fine-grained sandstone 10 69.1 73.7 77.7 68.3 68.7

13294 All 590.5 625.2 626.4 625.2 626.4

Net effect 5.9% 6.1% 5.9% 6.1%
* Corrected porosity and permeability from empirically-derived transforms based on core-defined lithofacies.
** Lithofacies code is 0 for very fine-grained sandstone (continental) in the geomodel

Sum by intervals
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Porosity (PhiH, phi-ft) Sum by lithofacies

 
 
Table B-13. Comparison of pore volume by lithofacies calculated for the training set 
with that using predicted lithofacies for Train-Test-All (TTA) and Jackknife training 
methods. Two perspectives are presented: 1) actual pore volume by predicted 
lithofacies (sum by lithofacies), and 2) pore volume estimated for the interval (sum by 
intervals).   
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Count Proportion Lithofacies Code Actual* TTA Jackknife TTA Jackknife

517 0.039  Very fine-grained sandstone 11* 140.7 150.0 93.0 134.4 182.8

2816 0.212  Coarse-grained siltstone 1 42.4 56.8 84.6 90.7 124.4

1506 0.113  Fine to medium-grained siltstone 2 8.6 12.1 28.5 14.8 14.4

1008 0.076  Marine siltstone 3 10.1 5.1 5.2 102.4 190.3

826 0.062  Carbonate mudstone 4 1.9 0.6 1.0 127.9 153.8

1746 0.131  Wackestone 5 242.4 110.5 91.7 1071.8 1340.4

462 0.035  Very fine- to fine-crystalline dolomite 6 990.1 847.2 605.2 2013.8 900.9

2385 0.179  Packstone-grainstone 7 1429.9 1499.5 1639.9 1784.4 2706.4

111 0.008  Phylloid algal bafflestone 8 6443.4 7653.1 4220.8 6286.8 2572.4

982 0.074  Medium-crystalline moldic dolomite 9 6998.3 7300.7 7906.6 5920.2 3390.8

935 0.070  Very fine-grained sandstone 10 1689.7 1831.8 1799.6 1920.3 4899.6

13294 All 17997.5 19467.3 16476.2 19467.4 16476.2

* Corrected porosity and permeability from empirically-derived transforms based on core-defined lithofacies.
** Lithofacies code is 0 for very fine-grained sandstone (continental) in the geomodel
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Permeability (Kh, md-ft) Sum by lithofacies Sum by intervals

 
 
Table B-14. Comparison of flow capacity, expressed as permeability*height (Kh), by 
lithofacies calculated for the training set with that using predicted lithofacies for 
Train-Test-All (TTA) and Jackknife training methods. Two perspectives are 
presented: 1) actual Kh by predicted lithofacies (sum by lithofacies), and 2) Kh 
estimated for the interval (sum by intervals).   
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Figure B-1. Distribution of Council Grove and Chase core lithofacies for neural 
network training. Twenty-seven wells in all, ten with both Chase and Council Grove 
core. 
 
 

 
Figure B-2. Structure of neural network employed for predicting lithofacies. Seven 
predictor variables are the input. Output values are probabilities of membership in 
different lithofacies (after Bohling, 2006). 
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(See caption on next page.) 
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Figure B-3. Formation- and member-level stratigraphy correlated to wire-line well 
log in the Flower A-1 well, Stevens County, Kansas. Commonly used 
formation/member letter-number combinations are shown for the Council Grove.  
Twelve of the thirteen marine-continental (carbonate-siliciclastic) sedimentary cycles 
that are gas productive are shown (Grenola Limestone, C_LM is not logged).  
Stratigraphic names that include “Limestone” are marine half cycles when combined 
with an adjacent continental half-cycle, intervals with stratigraphic names that include 
“Shale,” form a complete cycle. Color-coded lithofacies are derived from core. Three 
were deposited in a continental setting, L0- sandstone, L1- coarse siltstone, and L2- 
shaly siltstone, and eight in a marine environment, L3- siltstone, L4- carbonate 
mudstone, L5- wackestone, L6- very fine-crystalline dolomite, L7- packstone-
grainstone, L8- phylloid algal bafflestone, L9- fine-medium crystalline moldic 
dolomite, and L10- sandstone. Wire-line log abbreviations are caliper (CALI), 
gamma ray (GR), corrected porosity (PHI_GM3), photoelectric effect (PEF), density 
porosity (DPHI), neutron porosity (NPHI), core permeability (K_MAX, and core 
porosity (CORE_POR). Logged interval is 520 ft (160 m). 
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Figure B-4. Crossvalidation results for Wreford and Council Grove neural network 
with PE curve.  Optimal parameters for network size and damping parameter is 20 
nodes and 1 as determined by the objective function metric and 10 and 1 by the 
misallocation cost metric. 
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Figure B-5. First step in training a neural network is selection of the training data 
predictor variables 
 
 

 
 
Figure B-6. Neural network parameters are set in the second step. 
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Figure B-7. Objective function versus iteration of a neural network training session. 
Objective function is a measure of mismatch between true and predicted facies. 
 
 
 
 

 
Figure B-8. Neural network selection for batch predicting lithofacies. 
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igure B-9. Match predictor variables in LAS files to be processed with those in the 
 
F
trained neural network.  
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APPENDIX SECTION C – Comparison between Geomod3 and Geomod4 

 

Introduction 

In this appendix, the differences between Geomod3 and Geomod4 are 

discussed. Chapter 3 is based on version Geomod3, while Chapter 4 utilized 

Geomod4. Models for the Hugoton have evolved over the past several years as data 

have been added and lithofacies estimation techniques, free water level, and 

petrophysical property transform equations have been refined (Table C-1).  The 

principal variables that have changed from Geomod3 to Geomod4 were and increase 

in data (core and node wells), slight modification in lithofacies classes, minor change 

in stratigraphic intervals for neural network training, lithofacies and porosity 

variograms, slight modification in the free-water level, and adjustments in porosity 

correction algorithms. Model dimensions, cell size, and layering are essentially the 

same, although a change in projections resulted in a slightly different orientation for 

the model and cell count. Differences between the models are summarized in Table 

C-2.  

 

Model building, an iterative process 

Building the Hugoton geomodel has been an iterative process where 

techniques and tools to manage large data volumes evolved. For details on Hugoton 

model building see Dubois et al., 2006a.  Chapter 3 discussed a simple four-step 

workflow: 1) define lithofacies in core and correlate to electric log curves (training 

set), 2) train a neural network and predict lithofacies at non-cored wells, 3) populate a 

3D cellular model with lithofacies using stochastic methods, and 4) populate model 

with lithofacies-specific petrophysical properties and fluid saturations, and also 

presented a more detailed workflow (Figure 3-1, Chapter 3).  The workflows imply 

the process was linear. In practice, however, it involved feedback loops and multiple 

iterations at the subtask level.  Experimentation, technique modification, testing, and 

validation occurred at several levels in the workflow as well as at the full model scale.  
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Data were added and improvements were made in each of the four model 

iterations (Table C-1).  Geomod3 and Geomod4 are very similar and, although 

Geomod4 is viewed as an improvement over Geomod3, the improvements are not 

proportional to the amount of data added.  Modeling the Hugoton is an ongoing 

project at the Kansas Geological Survey in collaboration with industry partners. 

Although the current geologic and petrophysical model (porosity and permeability) 

are considered satisfactory, refinements in the free-water level and water saturations, 

are currently being considered.   

 

Data and model statistics 

Core defined lithofacies (neural network training data) and lithofacies, 

predicted by neural networks in wells without core (node wells), are the basic data for 

building the Hugoton geomodel.  Core training data were nearly doubled from 

Geomod3 to Geomod4 (Table C-1 and Figure C-1). Nine Council Grove cores and 

eight Chase cores were used in Geomod3 while the training set in Geomod4 included 

15 Council Grove and 16 Chase core.  Wells without core where lithofacies were 

predicted by neural networks numbered 1350 in Geomod3 and 1600 in Geomod4.  

Most of the additions to Geomod4 were in Texas County Oklahoma. 

 

Lithofacies 

Representation of lithofacies at varying scales is similar between the geomodels 

(Table C-3 and Figure C-2).  Illustrated are the proportions of 11 lithofacies in the 

core training set, lithofacies at the node wells, upscaled lithofacies at node wells, and 

lithofacies in the cellular model. Node well lithofacies include core lithofacies and 

predicted lithofacies at wells without core. Most differences in lithofacies in core 

reflect the addition of core with more or less of a particular lithofacies.  Four changes 

in lithofacies classes were made between modeling efforts: 
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1. Very-fined-grained sandstone (continental) was not modeled in the Chase in 

Geomod3 due to insufficient training data, but was modeled in Geomod4 after 

more core of this lithofacies was added in the Chase. 

2. Very-fined-grained sandstone (marine) was not modeled in the Council Grove 

in Geomod3 due to insufficient training data, but was modeled in Geomod4 

after more core of this lithofacies was added in the Council Grove. 

3. Packstone and grainstone lithofacies were separate classes in Geomod3, but 

were combined in Geomod4 because trained neural networks were not 

effectively discriminating the two classes. 

4. Phylloid algal bafflestone was added in Geomod4 after additional core 

training data were incorporated. 

 

Lithofacies in the training set 

Differences between core lithofacies (training) and predicted lithofacies at 

node wells within each model is not only a function of the distribution of the training 

data with respect to node well density, but also of neural network prediction accuracy 

(Appendix Section B).  Variance in specific lithofacies at node wells between models 

is primarily due to differences in representation of the lithofacies in training data 

between models. For example, fine- to medium-crystalline moldic dolomite 

comprises only 1.4% of the node well volume in Geomod3, but 6.6% in Geomod4.  

The new core data for this lithofacies used in Geomod4 happens to be in the area 

where node well density is highest (Stevens County). Neural network models, 

improved by additional core training data for the lithofacies, more accurately 

predicted fine- to medium-crystalline moldic dolomite in Geomod4.  An example 

where Geomod3 neural networks had higher accuracy a lithofacies is the mudstone 

lithofacies. The inter-model discrepancy for the mudstone lithofacies has not been 

resolved.   

 

Lithofacies at node wells 
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There is little difference between node well lithofacies at the half-foot (0.15 

m) scale and upscaled lithofacies at node wells (2-4 ft mean, 0.3-0.6 m scale) within 

each model except for the continental siliciclastic lithofacies. The decrease in 

proportions between scales is a function of layer thickness in the model and the 

upscaling process.  Both models have 169 layers and have the same number of layers 

per stratigraphic interval. In marine, mostly carbonate intervals, layers are purposely 

thinner (mean 2 ft, 0.3 m) than in the continental siliciclastic strata (mean 4 ft, 0.6 m).  

Carbonate intervals are the main pay lithofacies. Due to computational constraints, 

layer numbers in the siliciclastic intervals were reduced (made thicker).  Thus the cell 

counts are lower. It should be noted that the siliciclastic layers were doubled and 

remodeled in a later model version (Geomod4.4) for analysis of siliciclastic 

lithofacies discussed in Chapter 4). 

 

Lithofacies proportions in the model 

Lithofacies proportions vary little between upscaled lithofacies at node wells 

and the entire cellular model because the modeling process incorporates statistical 

lithofacies data from node wells.  Sequential indicator simulation relies on data 

analysis of lithofacies in the node wells to guide it in the process of populating cells 

between node wells.  However, node well upscaled lithofacies proportions may be 

skewed because of unequal well density in the node well set. No adjustments in 

upscaled lithofacies proportions were made in Geomd3 and node-well-upscaled 

lithofacies and model proportions are approximately equal. Upscaled lithofacies 

proportions in Geomd4 were adjusted downward for fine- to medium-crystalline 

moldic dolomite in certain stratigraphic intervals to take into account the effects of 

high node well densities in regions where the lithofacies dominates. This resulted in a 

reduction of the lithofacies occurrence and a more realistic distribution in the cellular 

model. 
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Neural networks 

Neural network structure and input parameters are the same for both model 

iterations.  They do vary, however, in the lithofacies being classified (discussed 

above) and a slight variation in the stratigraphic split between models.  In both cases, 

neural network models were trained for three stratigraphic intervals, upper Chase, 

lower Chase, and the Council Grove.  However, in Geomod4, the lowermost 

formation in the Chase, Wreford, was included in the Council Grove because it has 

lithofacies more similar to the Council Grove than to the rest of the Chase.  

Additional training data may have improved neural network prediction accuracy 

slightly (Table C-4).  See Appendix Section B for details on neural network training. 

 

Variograms 

Variograms are important for stochastic simulation because they control, to a 

large degree, the distribution of the property being simulated.  Variogram parameters 

used in both models are summarized in Table C-2.  Geomod3 variograms were based 

on limited data analysis within PetrelTM, the modeling application, and subjective 

observations of lateral and vertical lithofacies distribution in areas with close well 

control. Geomod4 variograms were based on extensive data analysis of data zone-by-

zone, lithofacies-by-lithofacies (24 zones and 11 lithofacies) by Bohling.  Variogram 

horizontal ranges do not vary significantly between the models. Data analysis 

confirmed observations that lithofacies bodies are laterally extensive and that long 

horizontal variogram ranges are justified.  Vertical ranges are generally larger for 

Geomod4, on the basis of data analysis. In both models, the variogram ranges exceed 

node well spacing (less than variogram ranges) making the simulations more 

deterministic than stochastic in areas with close node well density. More detail on 

variograms for Geomod3 is provided in Chapter 3 and for Geomod4 in Dubois et al. 

(2006b). 
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Lithofacies in the models 

Additional data, slight changes in lithofacies classes and stratigraphic intervals 

for trained neural networks resulted in only slight differences in the models overall 

(Table C-3).  Differences are more apparent when comparing lithofacies by 

stratigraphic zone in the models.  Figure C-3 is a series of 2-D views of 3-D 

connected volumes (CV), representing collections of touching cells in the cellular 

model having common properties.  The figure shows examples of three important 

lithofacies in three stratigraphic intervals.   

Figure C-3A illustrates the distribution of continental very-fine-grained 

sandstone in the Speiser Shale (A1_SH) having porosity > 12%. Regions where this 

sandstone is present is very similar between models, however, the continental very-

fine-grained sandstone lithofacies is more continuous and covers a higher proportion 

of the region where it is present.  The increase in continental very-fine-grained 

sandstone is consistent with data presented in Table C-3 where the cell count 

lithofacies in Geomod4 is 64% higher than it is in Geomod3.  The model proportion 

is also closer to the proportion for upscaled lithofacies at the node wells and in the 

training data; however, it appears to be under represented in the model.  

Packstone-grainstone (light blue) and very-fine-crystalline dolomite (pink) 

having porosity > 8% in the Crouse Limestone (B1_LM) is shown in Figure C-3B.  

Regions where these important lithofacies are present are similar, however packstone-

grainstone is more widespread within the areas where it does occur.  The differences 

in proportions are not reflected in Table C-3, possibly because the table is for the 

entire model and the packstone-grainstone lithofacies is the most common lithofacies 

in the model. 

Two figures illustrate fine- to medium-crystalline moldic dolomite (purple) 

and packstone-grainstone (light blue) in the Krider Limestone (Figures C-3C and C-

3D).  Figure C-3C3 is for cells with having porosity> 16% in Geomod3 and > 17% in 

Geomod4. Figure C-3C4 is for cells with having porosity> 18% in Geomod3 and > 

19% in Geomod4.  The variation in porosity between models is due to porosity 
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correction algorithm changes between the models (Table C-5). Depicted are views of 

a known dolomitized ooid-bioclast shoal system, the most prolific reservoir in 

Stevens County. The main difference in the models is that there is more fine- to 

medium-crystalline moldic dolomite and less packstone-grainstone in Geomod4.  

This reflects the addition of core containing fine- to medium-crystalline moldic 

dolomite to the training data and better prediction of this lithofacies in the model.  In 

Geomod3, neural networks predicted much of the dolomite lithofacies as packstone-

grainstone. 

 

Volumetric gas in place 

Because water saturation and gas in place are functions of lithofacies and 

porosity (Chapter 3), volumetric gas in place is an effective metric for comparing 

models (Table C-6).  However, comparisons cannot be made directly because 

multiple variables were changed between models: 1) lithofacies spectrum split 

differently, 2) slight, but important change in free-water level (FWL), and 3) 

modification of the porosity correction algorithm. Some of the differences in gas 

volume can be accounted for and it is useful to make comparisons, at least 

qualitatively.  Raising the FWL in the eastern part of the model significantly reduced 

gas volume in continental siltstone (*_SH), particularly in the lower part of the gas 

column (Council Grove Group) but had almost no effect on other lithofacies higher in 

the gas column (Chase Group).  Modification in the porosity correction algorithm 

increased pore volume (and gas volume) by approximately 3%. Geomod4 has 

increased dolomite that had been predicted as limestone in Geomod3.  The difference 

may account for a 1-2% increase in pore volume.  The 3-4% increase in the prediction 

in “pay” lithofacies that had been predicted as non-pay lithofacies (Table C-4) may 

account for another 1-2% increase in pore volume. As much as half the overall 

increase in gas volume (10.5% for the entire Wolfcampian) can be related to the net 

increase in pore volume discussed above.   
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Conclusions 

Lithofacies in Geomod4 and Geomod3 are very similar overall, but do vary at 

smaller scales. The significant increase in core training data did improve the neural 

network prediction of certain lithofacies (e.g., continental very-fine-grained sandstone 

and fine- to medium-crystalline moldic dolomite).  These improvements are reflected 

in their representation in the model. Water saturation is lower and gas in place is 

higher in Geomod4, due in part to higher pore volume because of changes in the 

porosity correction algorithm.  Overall the models are very similar, but Geomod4 is 

considered a slightly improvement over Geomod3. 
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Geomod1 Geomod2 Geomod3 Geomod4

Council Grove core 8 9 9 15*

Chase core 0 2 8 16*

Combined core wells 8 9 14 27***

Wells without core 515 1250 1350 1574

Number of lithofacies 8 10 11 11

Model interval Council Grove Council Grove 
and Chase

Council Grove 
and Chase

Council Grove 
and Chase

Model area Kansas Kansas Kansas and 
Oklahoma

Kansas and 
Oklahoma

Chapter 2 NA 3 4

*  17 wells in study, 15 in Council Grove neural network training set
**  17 wells in study, 16 in Chase neural network training set

***  29 wells in study, 27 wells in neural network training set

*

 
 
Table C-1. Data volumes, model intervals, geographic coverage, and chapters where 
discussed for four Hugoton geomodel iterations. 
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Geomod 3 Geomod 4
Dimensions Cell count1 107,765,147 108,064,831

Layers 169 169
Cell size XY 660 ft (200 m) 660 ft (200 m)

Data
Neural network training set Chase wells 9 15

Council Grove wells 8 16
Combined wells 14 27

Node wells2 Chase wells 1060 1308
Council Grove wells 1136 1250
Combined wells 1364 1600

Structural framework Well count 8850 8756

Model parameters

Variograms - lithofacies basis
limited data analysis and 
subjective observations

extensive data analysis 
by zone by lithofacies

major axis (marine) 30,000 ft 18,000 - 30,000 ft
minor axis (marine) 25,000 ft 15,000 - 25,000 ft
azimuth (marine) 11 degrees3 11 degrees3

major axis (continental) 30,000 ft 25,000 - 40,000 ft
minor axis (continental) 30,000 ft 25,000 - 40,000 ft
azimuth (continental) NA NA
vertical range mean layer h X 2 7-21
nugget 0.1 - 0.22 0
sill 1 1

Variograms - porosity major axis (marine) same as lithofacies 27,000 - 39,000 ft
minor axis (marine) same as lithofacies 23,000 - 33,000 ft
azimuth (marine) same as lithofacies 11 degrees3

major axis (continental) same as lithofacies 35,000 - 42,000 ft
minor axis (continental) same as lithofacies 35,000 - 42,000 ft
azimuth (continental) same as lithofacies NA
vertical range4 same as lithofacies 7-21
nugget same as lithofacies 0
sill same as lithofacies 1

Results
Neural network accuracy5 correct (all facies) 63-66% 64-67%

within 1 facies (all) 88-90% 90-91%
correct (F6-10) 64-70% 68-74%
within 1 facies (F6-10) 88-91% 89-90%
predicted/actual (F6-10) 101-101% 106-103%

Model cell lithofacies Continental lithofacies (F0-2) 24.5% 24.2%
"Non-pay" marine (F3-5) 35.5% 36.0%
"Pay" marine (F6-10) 40.1% 39.9%

Volumetric gas in place6 Chase 20,075 22,474
Council Grove 1,699 1,582
Combined 21,774 24,056

1 different projections caused slightly different cell count
2 includes core wells in count
3 approximate depositional strike
4 not constrained by layer h
5 entire Wolfcampian; first value is for NoPE case and second is for PE case; 
   accuracy for train on all, predict on all basis (see Appendix B)
6 Grant and Stevens Counties, Kansas. Volume is in trillion cubic feet (TCF)  

 
Table C-2.  Summary statistics comparing Geomod3 and Geomod4. 
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Geomod 3
Height 0.5 feet 0.5 feet Variable* Variable*
Source Actual NNet Predicted Upscaled Modeled (SIS)

Code Lithofacies Training Node Wells Node Wells All cells
0 Cont SS 5.6% 2.2% 1.0% 1.1%
1 Cont Crs Slt 23.3% 19.7% 17.0% 16.7%
2 Cont Fn Slt 12.9% 9.6% 7.1% 6.7%
3 Mar Slt 7.5% 9.6% 9.0% 9.1%
4 Mdst 5.4% 4.3% 3.6% 3.9%
5 Wkst 14.5% 20.1% 22.2% 22.5%
6 Vf-fxln Dol 2.8% 4.9% 3.9% 3.8%
7 Pkst 14.7% 24.7% 25.9% 25.2%
8 Grnst 2.3% 0.2% 0.2% 0.2%
9 F-mxln Dol 5.6% 1.4% 3.8% 3.8%
10 Mar SS 5.4% 3.4% 6.3% 7.1%

Count (N) 8,545 993,146 183,949 107,765,147

Geomod 4
Height 0.5 feet 0.5 feet Variable* Variable*
Source Actual NNet Predicted Upscaled Modeled (SIS)

Code Lithofacies Training Node Wells Node Wells All cells
0 Cont SS 3.8% 2.4% 1.4% 1.8%
1 Cont Crs Slt 21.0% 18.6% 15.0% 14.6%
2 Cont Fn Slt 11.2% 8.9% 7.7% 7.8%
3 Mar Slt 7.6% 9.6% 9.7% 9.9%
4 Mdst 6.1% 1.6% 1.3% 1.6%
5 Wkst 13.4% 19.7% 22.2% 24.5%
6 Vf-fxln Dol 3.4% 3.5% 3.5% 3.6%
7 Pkst-Grnst 18.2% 22.1% 24.7% 23.9%
8 PA Baff 0.8% 0.6% 0.7% 0.7%
9 F-mxln Dol 7.3% 6.6% 6.9% 4.7%
10 Mar SS 7.0% 6.4% 6.9% 7.0%

Count (N) 13,512 1,383,653 211,720 108,064,831

* Model layer h: Average of mean h = 3.3 ft (1 m).  Range of mean h = 1.9 to 5.2 ft 0.57-
1.58 m). Lithofacies 0-2 tend to be in thicker layers.  

 
Table C-3.  Relative distribution of eleven lithofacies in core, node wells and cellular 
models.  Core-defined lithofacies for 14 wells were used in neural network 
“Training” for lithofacies prediction in 1350 “Node Wells” in Geomod3, while cores 
defined lithofacies from 27 core wells and 1574 wells without core were used in 
Geomod4.   Half-foot (0.15 m) lithofacies in node wells were upscaled to model layer 
thickness (Variable Upscaled).  Sequential indicator simulation (SIS) was utilized to 
populate the cellular model (All Cells) between the node wells.  Both models had the 
same number of layers (169) and cell width (660 ft, 200 m).  Abbreviations include 
continental very-fine-grained sandstone (Cont SS), continental coarse-grained 
siltstone continental (Cont Crs Slt), continental fine-medium grained siltstone (Cont 
Fn Slt), marine siltstone (Mar Slt), carbonate mudstone (Mdst), wackestone (Wkst), 
very fine to fine crystalline dolomite (Vf-fxln Dol), packstone-grainstone (Pkst-
Grnst), phylloid algal bafflestone (PA Baff), medium crystalline moldic dolomite (F-
mxln Dol), and marine very-fine-grained sandstone (Mar SS). 
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Geomod 3

NoPE PE NoPE PE NoPE PE
All w/in 1F 89% 88% 92% 93% 90% 91%

All % correct 67% 70% 62% 64% 64% 67%
F6-10 w/in 1F 91% 88% 85% 89% 88% 91%

F6-10 %correct 71% 75% 51% 57% 64% 70%
F6-10 pred/actual 107% 106% 89% 88% 101% 101%

Geomod4

NoPE PE NoPE PE NoPE PE
All w/in 1F 88% 89% 89% 91% 88% 90%

All % correct 67% 70% 58% 61% 63% 66%
F6-10 w/in 1F 90% 91% 86% 88% 89% 90%

F6-10 %correct 74% 79% 57% 60% 68% 74%
F6-10 pred/actual 109% 107% 98% 91% 106% 103%

Chase Council Grove Wolfcamp

Chase Wreford &Council 
Grove Wolfcamp

 
 
Table C-4.  Compiled summary statistics for neural-network-prediction accuracy.  
Data are for neural networks trained on all data by stratigraphic interval and 
lithofacies predicted for the same training data.  Models were tested for the cases with 
PE and without PE curve (NoPE).  Upper and lower Chase results are combined.  
Wreford from lower Chase is included in Council Grove in Geomod4. Results for the 
entire Wolfcampian (Wolfcamp all) are the sums of the results for the three 
stratigraphic intervals.  See Appendix Section B for metrics and their discussions. 
 
 

For NDphi = 0.10
LithCode Geomod4 Geomod3 Absolute %

(F0)Continental ss 11 (0) 0.098 0.100 -0.002 -2.3%
crs silt 1 0.102 0.102 0.000 0.0%

fine silt 2 0.102 0.102 0.000 0.0%
marine silt 3 0.085 0.085 0.000 0.0%

mdst 4 0.085 0.085 0.000 0.0%
wkst 5 0.101 0.099 0.002 1.9%

fxln dol 6 0.131 0.125 0.007 5.4%
pkst 7 0.101 0.099 0.002 1.9%

grnst 8 0.101 0.099 0.002 1.9%
Cxln dol 9 0.131 0.125 0.007 5.4%

Marine ss 10 0.120 0.115 0.005 4.3%

Difference

 
Table C-5.  Impact of the change in porosity correction algorithms used in Geomod3 
and Geomod4 for 10% porosity. Algorithm modification resulted in an approximately 
3% increase in pore volume in Geomod4. 
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Zone Geomod3 Gmod4 %Change
HRNGTN 1227 1411 15.0%
KRIDER 2795 3368 20.5%
ODELL 295 294 -0.3%
WINF 3215 3500 8.9%
GAGE 807 970 20.2%
TWND 4686 5270 12.5%
HLMVL 663 821 23.8%
FTRLY 5212 5351 2.7%
MATFIELD 127 110 -13.4%
WREFORD 1048 1379 31.6%
A1_SH 331 136 -58.9%
A1_LM 656 772 17.7%
B1_SH 76 53 -30.3%
B1_LM 143 175 22.4%
B2_SH 9 10 11.1%
B2_LM 167 192 15.0%
B3_SH 56 6 -89.3%
B3_LM 34 39 14.7%
B4_SH 67 10 -85.1%
B4_LM 22 30 36.4%
B5_SH 3 1 -66.7%
B5_LM 113 138 22.1%
C_SH 2 1 -50.0%
C_LM 20 19 -5.0%

Chase 20075 22474 12.0%
Cgrv 1699 1582 -6.9%

Wolfcamp 21774 24056 10.5%
 
Table C-6. Volumetric gas in place by zone for Grant and Stevens counties, Kansas, 
for Gomod 3 and Geomod4.  Gas volumes are in billion cubic feet. 
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Figure C-1. (A) Core lithofacies for neural network training for Geomod3 includes 
data from 14 wells, three with both Chase and Council Grove core, five with only 
Chase core, and six with only Council Grove Core.  (B) Core lithofacies training set 
for Geomod4 includes data from 27 wells, four with both Chase and Council Grove 
core, twelve with Chase only, and eleven with Council Grove only.  Two wells with 
arrows were not part of the training set.  Wireline logs for the one in Stevens County 
were not satisfactory and the well in Seward County was added late. 
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Figure C-2.  Graphical representation of lithofacies in upscaled cells at node wells 
and all cells in the two geomodels. 
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Figure C-3. Comparison of important lithofacies in Geomod3 and Geomod4.  
Illustrated are 2-D views of 3-D connected volumes (CV), collections of touching 
cells in the cellular model having common properties. Numbers 3 and 4 in the figure 
labels corresponds with the model version. (A3, A4) Fifteen CV of continental very-
fine-grained sandstone in the Speiser Shale (A1_SH) having porosity > 12%. 
Geomod3 is on the left and Geomod4 on the right.  (B3, B4) Thirty largest CV of 
packstone-grainstone (light blue) and very-fine-crystalline dolomite (pink) having 
porosity > 8% in the Crouse Limestone (B1_LM).  (C3, C4) Twenty largest CV of 
fine- to medium-crystalline moldic dolomite (purple) and packstone-grainstone (light 
blue) in the Krider Limestone having porosity > 16% in Geomod3 and > 17% in 
Geomod4. Stevens County, Kansas is outlined in green. (D3, D4) Same as in C3 and 
C4 except for porosity > 18% in Geomod3 and > 19% in Geomod4. 
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APPENDIX SECTION D 
Paleoslope and water depth estimate, 

lower Wolfcampian, Hugoton embayment of 
the Anadarko basin 
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APPENDIX SECTION D - Paleoslope and water depth estimate, lower 
Wolfcampian, Hugoton embayment of the Anadarko basin 
 
Published as an open-file report.  Dubois, M. K., 2006, Paleoslope and water depth 
estimate, lower Wolfcampian, Hugoton embayment of the Anadarko basin: Kansas 
Geological Survey, Open-File Report 2006-30, 21 p. 
http://www.kgs.ku.edu/PRS/publication/2006/OFR06_30/index.html (Accessed March 
21, 2007.) 
 
 
APPENDIX SECTION D SUMMARY 
 
Three criteria are used in combination to estimate paleoslope and maximum water 

depth during deposition of seven lower Wolfcampian (Council Grove Group) 

sedimentary cycles on a low relief shelf in Kansas and Oklahoma. Landward extent of 

paleo-shoreline establishes zero water depth at maximum flooding, and the updip 

extent of depth-specific fauna (fusulinids) establishes approximate water depth along 

a sub parallel linear trace.  Slope is the depth divided by the distance between the two 

traces.  Rate of change in thickness of a large interval of strata (most of Wolfcamp) 

serves as another estimate of slope for comparison.  Maximum water depth on the 

basinward edge of the shelf is estimated by adding the depth along a trace established 

by fauna to additional depth determined by applying approximated slope to the 

distance between the faunal trace and the shelf margin.  Paleoslope on the Kansas 

portion of the shelf is estimated to be 1 ft/mi (0.2 m/km).  Beyond the shelf margin 

the slope increased by a factor of ten. Maximum water depths vary by cycle from a 

minimum of <50 ft (15 m) to a maximum of 110 ft (34 m). 

 

Introduction 

Shelf geometry (paleoslope) and water depth are important variables for 

understanding sedimentation patterns in the lower Wolfcampian Council Grove group 

(Figure D-1) in southwest Kansas (Figure D-2), and their determination is the object 

of this study. Rocks of the upper seven marine-continental, carbonate-siliciclastic 

sedimentary cycles of the Council Grove (Figure D-3) were deposited in a shallow 
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shelf setting in the Hugoton embayment of the Anadarko basin (Dubois et al., 2006).  

Marine carbonates thin landward and continental siliciclastic strata thin basinward in 

nearly reciprocal fashion (Figure D-4).  Paleoslope, a function of subsidence and 

sedimentation, and glacial eustacy controlled water depth (or elevation above sea 

level) on the shallow shelf and the rate of shoreline movement during sea level rise 

and fall.  Paleoslope and water depth estimates are based on three criteria: 1) 

accommodation space indicated by isopachs of relatively large intervals, 2) paleo-

shoreline location (updip extent of marine carbonates), and 3) updip extent of depth-

specific fauna (fusulinids).  

 

Shelf geometry 

Present-day structure of Wolfcampian-age rocks was strongly influenced by a 

Laramide-age eastward tilt (Figure D-5), whereas the Wolfcampian isopach (Figure 

D-6) better reflects the shelf geometry at the time of deposition.  From the west field 

margin, Wolfcampian strata thicken basinward (eastward) at a rate of approximately 

0.24 m/km (1.3 ft/mi) to a position on the shelf where the rate of thickening increases 

by a factor of 10 to 24 m/km (13 ft/mi). The axis of thickening is coincident with an 

area of present-day steep dip and may mark a shelf margin or axis of a steepened 

slope. It is also nearly coincident with the edge of a Virgilian-age starved basin and 

transition from marine carbonate to marine shale (Rascoe, 1968; Rascoe and Adler, 

1983).  The minimum paleoslope estimated for the older Lansing-Kansas City 

(Pennsylvanian, Missourian) on the Kansas shelf was 0.1-0.2 m/km (0.5-1.1 ft/mi) 

(Watney et al., 1995), however, relief across the Kansas portion of the shelf in the 

Hugoton embayment during Council Grove deposition has not been estimated.  

 

Subsidence history and sedimentation record 

The Anadarko basin experienced maximum subsidence in early Pennsylvanian 

and by Permian subsidence had waned to the point that the entire basin had nearly 

filled (Kluth and Coney, 1981; Rascoe and Adler, 1983; Kluth, 1986; Perry, 1989).  
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The isopach encompassing most of the Wolfcampian (upper thirteen cycles, from the 

top of the Chase Group to the base of the Grenola Limestone formation in the lower 

Council Grove Group) thickens only 80 ft (24 m), 480-560 ft (146-170m) in 60 mi 

(100 km) across the shelf, a rate of 1.3 ft/mi (0.24 m/km) (Figure D-6).  Individual 

cycles show considerably less thickening, but the rate of thickening within a single 

cycle cannot be considered a proxy for slope because the depositional systems were 

not efficient at filling accommodation space that varied rapidly in response to glacial 

eustacy. Two marine carbonate half-cycles in the middle of the Council Grove 

(B2_LM and B3_LM) pinch out at or near the west updip margin of the Hugoton 

field (Figures D-4 and D-7) pinning the water depth as zero along a linear trace, and 

marking the maximum extent of marine flooding on the shelf for those cycles. Other 

Council Grove cycles thin substantially, especially the B1_LM and B4_LM.   

 

Fusulinid occurrence on the shelf 

The use of fusulinids as paleo-water depth indicators in the Pennsylvanian and 

Permian has been debated extensively (e.g., Imbrie et al., 1964; Elias, 1964; Laporte, 

1962; Laporte and Imbrie, 1964; McCrone, 1964). Fusulinids may live in a wide 

range of water depths and can transported into an even wider range of depths.  

Mazzulo et al. (1995) provides an overview of the debate and the writer agrees with 

their assessment that a typical minimum depth for Early Permian fusulinids is 

approximately 50-60 ft (15-18 m). All Council Grove cycles studied except the Eiss 

(B3_LM) and Morrill (B4_LM) have thin, distinctive fusulinid-rich intervals that are 

adjacent to or mark the maximum flooding of their respective marine half-cycles 

(Figure D-8).  Occurrences in cores studied are usually characterized by an abrupt 

appearance and disappearance (vertically) of very abundant, large (cm-size) 

fusulinids, in contrast with occasional scattered individuals, sometimes present in 

adjacent strata.  Boardman and Nestell (1993) and Boardman et al. (1995) place the 

occurrence of fusulinid biofacies in the transgressive limestone and at the base of the 

regressive limestone, which are separated by the deeper-water core shale interval of 
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the idealized Pennsylvanian-Permian cyclothem (Heckel, 1977). This places the 

biofacies in the approximate middle of the relative depth scale for outcropping cycles 

in eastern Kansas and northeastern Oklahoma. Recognized in this study is the notable 

absence on the Hugoton shelf of the dark, fissile “core shale” common to 

Wolfcampian cycles in outcrop (Mazzullo et al., 1995; Boardman and Nestell, 2000), 

suggesting that water depths on the Hugoton shelf were less than those at the present 

day outcrop 300 miles (480 km) to the east. The closest equivalent to the typical deep 

water lithofacies in Council Grove core in the Hugoton are dark marine siltstones 

found near the base of the marine carbonate intervals in two of the seven cycles 

studied, the Grenola (C_LM) and Funston (A1_LM).  

The maximum updip extent of the fusulinid biofacies (Figure D-7) by cycle 

form sub-parallel traces in a sequential pattern that may be related to systematic 

variability in sea level amplitude.  Of the seven Council Grove cycles studied the 

fusulinid facies the furthest updip extent occurs in the two outermost cycles (A1_LM 

and C_LM), while the updip limit of fusulinids in the next cycles inward (B1_LM 

and B5_LM) are downdip slightly. Maximum updip position for the biofacies in the 

B2_LM is further downdip, and neither the B3_LM nor B4_LM have the fusulinid 

biofacies present in cores studied. If fusulinids occurred at similar depths from cycle 

to cycle water depths would have been at a maximum during A1_LM and C_LM 

deposition, and at a minimum during B2 through B4_LM deposition.  Relative depths 

for B1_LM and B5_LM deposition would have been intermediate to the two 

extremes. 

Furthermore, the lack of fusulinids in the cores studied for the B3_LM and 

B4_LM suggests the water never exceeded 50-60 ft (15-18 m) in the study area where 

core data are available (most of the Hugoton in Kansas and Oklahoma), if the 

fusulinid biofacies is assumed to be present in all cycles where water depths exceeded 

50-60 ft (15-18 m). 
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Maximum updip position of shoreline and paleoslope estimate 

Based on examination of approximately 200 examples of the transition from 

marine carbonate to continental siliciclastic strata in core from 29 wells, thinning and 

pinchouts of the Wolfcampian (both Chase and Council Grove) marine carbonates at 

the updip margin of the Hugoton are not a result of erosion.  The maximum shoreline 

extent is defined for two of the Council Grove marine carbonates, B2_LM and 

B3_LM, by their updip limit (Figures D-4 and D-7). In the Middleburg (B2_LM) 

marine carbonate, the maximum extent of the fusulinid facies is approximately 50 

miles (80km) from its pinchout (Figure D-7), suggesting a slope of 1 ft/mi (0.2 

m/km), assuming that the minimum water depth for the fusulinid facies is 50ft (15m). 

The estimated slope is very close to the rate of thickening in the Wolfcamp (1.3 ft/mi, 

0.24 m/km). Noteworthy is the shoreline position for the B3_LM, which is basinward 

of that for the B2_LM, and that no fusulinids were observed in the B3_LM. This 

suggests that the water depth was shallower during the deposition of the B3_LM 

carbonate than for the B2_LM. Marine carbonate in the other four cycles (A1, B4, B5 

and C) does not pinch out in core in the study area, but thins in a westerly direction 

(Figure D-4).  Based upon the spatial relationship between the updip limit fusulinid 

occurrence and paleo-shorelines, and overall rates of change in the Wolfcamp 

isopach, the paleoslope shelf is estimated to have been 1 ft/mi (0.2 m/km) during the 

deposition of Council Grove Group. Beyond the shelf break the slope may have 

increased by a factor of 10 to 10 ft/mi (2 m/km).   

 

Maximum water depth 

Based on criterion established above (paleoslope, updip extent of fusulinids 

and paleo-shorelines), the maximum water depth for the Council Grove marine 

intervals in the study area can be estimated. Points along a trace where the updip limit 

of fusulinids are established are assumed to have had a maximum water depth of 50 ft 

(15 m). The additional depth from the biofacies trace to the northwest portion of 

Seward County (proximal to the shelf margin) can be estimated as the product of 
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paleoslope and distance that is added to the depth at the biofacies trace for maximum 

depth on the shelf (maximum depth = 50 ft + [1 ft/mi X distance]).  Immediately 

northwest of the shelf margin in northwest Seward County I estimate water reached a 

maximum depth of approximately 110 ft (34m) during deposition of the A1_LM and 

C_LM, the outer two of the seven cycles studied. For the B1_LM and B5_LM, one 

cycle in from the end cycles, a maximum depth is estimated at 80ft (24m). Water 

depths for the middle three cycles are estimated to have reached 50 ft (15m) for the 

B2_LM and slightly less than 50 ft (<15m) for the B3_LM and B4_LM.  

 

Inter-cycle variability in sea level and higher order cyclicity 

As noted earlier, there appear to be systematic shifts in shoreline position of 

marine carbonate (Figures D-4 and D-7), updip extent of the fusulinid biofacies 

(Figure D-7), and the estimated maximum water depth, all of which are synchronized. 

Within the seven cycles studied, maximums of the three variables occur at the 

outermost cycles (A1 and C), minimums occur at the inner cycles (B2, B3 and B4), 

and the cycles between are intermediate (B1 and B5). The ordered shift in sea level 

may reflect a higher order of glacial cyclicity (than for the individual cycles).  

 

Conclusions 

Paleoslope and water depths for the Hugoton embayment of the Anadarko 

basin can be estimated for the Council Grove by considering three criterion: 1) 

Wolfcamp isopach, 2) shoreline position indicated by the landward extent of marine 

carbonate, and 3) the updip extent of fusulinids.  Paleoslope on the Kansas portion of 

the shelf is estimated to be 1 ft/mi (0.2 m/km).  Beyond the shelf margin the slope 

increased by a factor of ten (10 ft/mi, 2 m/km).  Maximum water depth on the shelf 

ranges from approximately 50 ft (15 m) in the innermost cycles to 110 ft (34 m) in the 

outer most cycles (top and bottom) of the seven cycles studied.  Systematic inter-

cycle variability in water depth may indicate higher order glacial-eustatic cyclicity. 
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Figure D-1. Lower Permian stratigraphy, Hugoton embayment of the Anadarko basin 
(compiled from Zeller, 1968; Sawin et al., 2006). Approximate position of Asselian-
Sakmarian boundary is from Boardman and Nestell (2000).  Readers are referred to 
Peterson (1980) for correlations to stratigraphic nomenclature in Ancestral Rocky 
Mountain basins.  Hugoton field produces gas from the Chase while Panoma gas 
production is from the Council Grove.  The two fields are likely one common 
reservoir system (Dubois et al., 2006) and are referred to collectively as the Hugoton 
in this study. 
 
 
 
 

 313



 
Figure D-2. Distribution of major lithofacies in the midcontinent during the late 
Wolfcampian (modified after Rascoe, 1968; Rascoe and Adler, 1983; Sorenson, 
2005). Approximate paleo-latitude was 3 degrees north (Scotese, 2004). 
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Figure D-3.   Formation and member level stratigraphy for the Council Grove, 
Hugoton embayment, in the Alexander D well.  The upper seven of nine marine-
continental cycles (color-filled wire-line log traces) are the subject of this study.  
Stratigraphic names that include “Limestone” are marine half cycles that when 
combined with an adjacent continental half cycle, intervals with stratigraphic names 
that include “Shale,” form a complete cycle. Informal alphanumeric zone 
designations commonly used in the field provide stratigraphic orientation and are 
used throughout the paper. 
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Figure D-4.  Regional stratigraphic cross-section of the Wolfcampian (Chase and 
Council Grove Groups) with the top of the Council Grove as the datum.  At the wells, 
“lumped” lithofacies are from core (large symbols) or those predicted by neural 
network models (small well symbols) or and are interpolated in Geoplus PetraTM 

between wells. The Upper seven cycles of the Council Grove are the subject of the 
study and are thinnest at a mid-field position. Log curves are gamma ray (left) and 
corrected porosity (right).  (Modified after Dubois et al., 2006) 
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Figure D-5. A) Present day structure on the top of the Wolfcampian (top of Chase 
Group) is mostly a function of eastward tilt during the Laramide orogeny.  Note the 
“shelf margin” or area of steepened slope at the southeast boundary of the Hugoton 
fields.  The Council Grove surface parallels the top of the Chase.  B) 3-D view of the 
same area.  Present day structure on the top of the Chase and a surface near the base 
of the Council Grove. (After Dubois et al., 2006) 
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Figure D-6. Isopach of the Wolfcampian reservoir (top of Chase Group to base of 
Grenola Limestone, Council Grove Group). Wolfcampian rate of thickening increases 
by a factor of ten at the “shelf margin.” (After Dubois et al., 2006) 
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Figure D-7. Study area showing updip limit of B2_LM and B3_LM (zero edge) and 
updip extent of fusulinid biofacies in five of seven Council Grove cycles (not present 
in B3_LM and B4_LM).  Occurrence of fusulinid biofacies in core is indicated by 
Council Grove cycle letter code adjacent to 17 wells in study.  Asterisk (*) means 
interval was not cored but fusulinid biofacies is assumed to be present.  No core was 
available below the shelf margin. 
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Figure D-8.  Fusulinid biofacies in core slabs. A) Abundant in fusulinid (white) 
dominated silty wackestone (upper part of transgressive limestone, subjacent to 
maximum flooding, in Funston, A1_LM, Flower A1 well). B) Scattered in fusulinid 
(arrows) -mixed skeletal wackestone (maximum flooding in Crouse, B2_LM, 
Crawford 2 well). Depth shown is in feet. Well locations are shown in Figure D-7. 
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