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The evolution of river meanders over time greatly determines the distribution of 

point bars along alluvial streams. These point bars are curvilinear deposits and form 

potential reservoirs for hydrocarbons. As part of reservoir modeling, it is necessary to 

reconstruct alluvial stream meanders based on which point bars may have been deposited. 

This will allow better modeling of connectivity patterns that have significant impact on 

fluid flow and transport properties within hydrocarbon reservoirs. Multiple point (mp) 

statistics can be applied to model connectivity patterns in a spatial domain. However, 

controlling the migration of channels so as to model the location of point bars consistent 

with the conditioning information observed in the field is difficult within the mp statistics 

based schemes. In contrast, we generate connected centerlines for meanders, such that they 

pass through given sets of channel locations deduced from well logs and simultaneously, 



 viii 

the meanders are curved so as to yield point bar at the correct locations. These centerlines 

are stochastically generated, geologically realistic and made to capture applicable 

geomorphological observations. Based on the generated meander centerlines, several 

realizations of 3D geologic models are developed and further used to model fluid flow. 

 The stochastic modeling methodology is applied to a real field data set for the 

Cranfield field in Mississippi. In this reservoir, there are several channel meanders and 

consequently, the stratigraphic layers are modeled independently. The results demonstrate 

that the implemented algorithm is a better approach to modeling connectivity patterns in 

alluvial systems where flow pattern identification is often challenging. 
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Chapter 1:  Introduction 

A significant fraction of petroleum reservoirs are found in alluvial deposits. These 

types of deposits include ancient flood plains, river channels, and deltas. Some of the 

geological features associated with these reservoirs are terrestrial in origin while others are 

submarine. Alluvial sediments are deposited in basins and along river channels over long 

periods of time. Sediment stratigraphic layers are subjected to pressure, heat, tectonic 

forces, etc., that introduce complex heterogeneities. Hydrocarbon fluids migrating into 

these sediments are stored under structural and stratigraphic traps. There are many 

challenges faced during reservoir modeling of such deposits. One of the many challenges 

include producing models that match borehole measurements from well log data. The 

generated models may eventually match observed production data but may fail to capture 

underlying complex geologic features such as fractures and channels. These features have 

significant impact on reservoir performance and if they are grossly misrepresented in 

models, they may lead to inaccurate production performance prediction and ultimately poor 

reservoir management. 

However, well bore measurements can serve as a guide for integrating geologic 

descriptions into reservoir models. Several models that match primary data can be made, 

but the goal is to use a model that matches primary data as well as represent the prior 

geologic interpretation. Although sparse, primary data such as well logs can be combined 

with secondary data such as seismic data to improve accuracy and reduce percentage error 

in reservoir performance prediction.  
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Several methods have been developed to model reservoirs in fluvial depositional 

environments. These methods can be variogram-based (two point statistics), multiple point 

statistics-based, or employ object or process- based modeling techniques. Over the years, 

these methods have been useful in modeling reservoirs with fairly simple to moderate 

geologic architecture. However, with increasing level of complexity and heterogeneity, 

many of these modeling techniques fail to realistically represent geologic uncertainty due 

to their inability to better capture geologic structures and events. Point bars are a 

culmination of a time-sequence of depositional events and consistent representation of 

these time sequences are difficult in purely stochastic models. Process-based models 

represent these time-sequence of events well but conditioning these models to actual well 

observations is very difficult. It therefore becomes necessary to develop a new stochastic 

approach to modeling point bars that can represent the time-sequence of events and at the 

same can be conditioned to available data. It is conjectured that such a model would 

realistically represent the uncertainties associated with geologic architecture in reservoir 

models. 

This work addresses some of these shortcomings of the previous methods for 

modeling heterogeneity related to channel migration and the resultant deposition of 

reservoir lithofacies. In lieu of a purely statistical modeling approach (as in mp statistics 

based algorithms), the migration of channels are modeled considering partially the physics 

of such processes and conditioned to the reservoir specific information regarding the 

observed channel and point bar deposits. This results in models that naturally preserve the 

 



 3 

connectivity of such features and improve the accuracy of the production forecasts. The 

outline of this work is as follows: 

Chapter 2 discusses the background literature on the topics of river-channel and 

point bar modeling and current two-point and multiple-point statistics based approaches. 

Object and process-based modeling methods are also discussed.  

Chapter 3 describes the development of a framework for modeling channel 

meanders.  This involves the application of a stochastic method to model channel 

meanders, conditioned the algorithm to known data regarding channel and point bars.  

Chapter 4 describes the process of identifying channel and point bar lithofacies 

from well log data available for the Cranfield site.  

Chapter 5 shows the application of the proposed methodology in Chapter 3 to model 

channel meanders in the Cranfield reservoir. After the channel meanders have been 

modeled, petrophysical properties are modeled within the channel and point bar lithofacies 

using two-point statistical schemes. These models of reservoir properties are then used to 

simulate fluid flow and predict future flow performance.  

Chapter 6 presents the summary and conclusions of this work. Recommendations 

for future work are also suggested.   
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Chapter 2: Literature Review 

The modeling of alluvial depositions is challenging because of the complexities of 

the formation geometry and heterogeneity that characterize channel systems. It is 

important to map these complexities as accurately as possible so as to better characterize 

connectivity within the formation.  Over the years, several researchers have focused on 

the conceptualization of channel meanders in order to represent them in reservoir models 

and optimize reservoir management, either in areas of groundwater management or for 

hydrocarbon production. This chapter discusses research works in these areas. 

2.1. RIVER MEANDERS 

Meanders are curves or bends that occur along river paths. Meanders are as a result 

of erosional and depositional processes. Sediment erosion occurs on the outside of the 

meander due to frictional forces, while deposition occurs on the inside of the meanders 

where the stream velocity is lower. The combined effect of these processes causes the 

lateral migration of meanders. River meanders evolve in different planform styles (Crosato 

2008). A planform is the outline of a river as viewed aerially.  Occasionally, two or more 

planforms can be observed along a river course due to changes in topology and river 

morphology. These planforms differ from areas of high elevation (mountains) to the sea. 

In elevated regions, local geology has a big influence on flow, giving rise to 

irregular planform styles. The river bed is characterized by large sediments such as gravel 

and cobbles (Crosato 2008). In areas of milder slope, usually less than 4% (Crosato 2008), 

rivers are characterized by braided planform. Fluid flow occurs within multiple smaller 

channels (braids) interlinked within the boundaries of a large broad channel. River beds 
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and banks of braided streams are also characterized by deposition of large sediments such 

as gravel and sand.   

In lower downstream areas, rivers tend to have a regular planform with one or two 

distinct sinuous channels. As these channels migrate over time, their sinuosity increases. 

Reservoir sands deposited from highly sinuous channels are as a result of lateral accretion 

that follow the sinuous growth of river meanders (Deschamps et al. 2011). This results in 

a high degree of heterogeneity. Heterogeneity is observed at different scales in different 

parts of the channel meander. Also, the degree of heterogeneity varies along the channel 

course and is often analyzed at different scales; at the scale of a meander, and at the scale 

of point bar deposits (Deschamps et al., 2011).  

 

  

Figure 2.1: Examples of river meander planforms. Image on the left is a braided river in 

elevated regions and image on the right shows a single meander planform in 

a lower downstream region. (Courtesy of University of Oregon) 
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2.1.1 Channel sinuosity 

The sinuosity of river meanders can be defined as the ratio of the length of the river 

along its centerline (line of maximum depth) measured between sections upstream and 

downstream to the length of the channel valley (Rust 1978) over the same sections.  

𝑆 =
𝐿𝑇

𝐿0
                                                                                                                              (2.1) 

where: 

S   =   channel sinuosity 

𝐿𝑇 =  length between assumed start and end points of river course measured along the 

centerline or line of maximum depth, thalweg (meters) 

𝐿0 = valley length between the same assumed start and end points of river course 

(meters). 

 

 

Figure 2.2: Cross-section of a river meander. Dotted line represents centerline, thalweg. 

(Crosato 2008).  
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2.1.2 Meander wavelength 

There are several definitions of a “meander”. Leopold et al., (1964) define a 

meander as a pair of alternate loops, however a meander is more commonly assumed as 

just one loop or river bend (Crosato 2008). The meander wavelength is proportional to 

channel width, which subsequently is dependent on several factors such as valley slope, 

sediment and flow regime (Crosato 2008). Garde & Raju (1977) estimate the 

proportionality value to be 6 while Leopold & Wolman (1960) found the proportionality 

coefficient to be about 10.9. Meander wavelength is calculated along channel centerline. 

Hence, meander length is calculated as follows: 

𝐿𝑀 = 𝑐 ∗ 𝑆𝐵                 (2.2) 

where: 

𝑆  =  channel sinuosity 

𝐵  =  channel width  

𝑐  =  proportionality constant which is between 6 and 10.9 (Garde & Raju (1977), 

Leopold & Wolman (1960). 

 

2.1.3 Size of meander belt 

A meander belt is a zone along the valley floor across which a meandering stream 

periodically shifts its channel. (Camporeale et al. 2005) defined the size of meander belt as 

the fraction of floodplain with 90% probability of containing the river channel as it evolves 

over time. Results of extensive study shows that the width of meander belts is between 40 

to 50 times of the river adaptation length, 𝜆𝑊 (Crosato 2008). A river adaptation length is 

a measure of distance in the direction of channel flow at which deviation of centerline from 

axis of flow direction is maximum. This is the equilibrium concentration point for a 
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transported sediment packet as it moves into a region of higher or lower shear stress (Lai 

and Gaeuman, 2013). 

𝑊 = 𝑘 ∗ 𝜆𝑊 ,              (2.3) 

where: 

𝑘   =  constant which is between 40 and 50 

W   =  width of meander belt (meters) 

𝜆𝑊  =  
ℎ𝑜

2𝐶𝑓
  =  river flow adaptation length (de Vriend & Struiksma, 1984) 

ℎ𝑜   = water depth 

𝐶𝑓  =  
𝑔

𝐶2  =  friction factor 

𝐶   =  Chezy coefficient (m0.5/s) which describes average flow velocity as 

a function of roughness and hydraulic radius. 

The river adaptation length is controlled by flow velocity. Areas with high flow 

velocity are characterized by high friction factor. Proximal areas of river channels where 

flow velocity is relatively high tend to display smaller adaptation length and minimum 

curvature. Sediment transport here is high and equilibrium concentration point is quickly 

reached over a short travel distance. However, in distal parts of the river where flow 

velocity is lower, more curvature is observed as sediment build up is much slower. This 

leads to a higher adaptation length and consequently larger meander belt. 

 

2.1.4 Bend sharpness 

 Crosato (2008) defines bend sharpness as ratio of bank-full channel width, B, to 

radius of curvature characterizing the channel center line, 𝑅𝑐 (see Figure 2.4). 

𝛾 =
𝐵

𝑅𝑐
               (2.4) 
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where: 

𝛾  =  bend sharpness 

𝐵   =  channel width 

𝑅𝑐  =  radius of curvature to channel center line 

 

2.1.5 Sine generated curves 

There are different approaches to model river channels. One such method is 

mathematical modeling of curves based on the “random walk” approach (Leopold & 

Langbein, 1966). A path is described by progressive steps from a fixed location. The 

directions of the steps are determined by a random process and constrained by parameters 

such as the start point, end point and the specified number of steps. But the direction of 

each successive step is random. It is important that such process is optimized by selecting 

the most probable, or average path taken within the predetermined number of steps and 

length. In modeling the course of a river meander, the most probable path is characterized 

by an angular direction (Leopold & Langbein, 1966).  

The angular direction of the channel at any point with respect to mean down-valley 

direction is a sine function of the distance measured along the channel.  

 

𝜃 = 2𝜋𝜔 sin (
𝑆

𝑀
)             (2.5) 

where: 

𝜔 = maximum angle of deviation 

 𝑆 = distance along the path 

𝑀 = total path distance traversed during a unit wavelength 
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Figure 2.3: (A) shows theoretical meander in plan view and (B) shows a plot of angular 

direction,  as a function of distance along the channel path (Leopold & 

Langbein, 1966). 

A curve described by such a function ( ) is called a “sine-generated curve”. The 

sine-generated curve mimics a river meander. The difference between a sine-generated 

curve and a sine curve is that a sine-generated curve minimizes variation in direction 

change. At the axis of bend, the curve is directed in the mean down-valley direction. At 

this point, deflection angle is zero. And at the inflection point, angle of deflection is 

maximum. On the average, displacement of the sine generated curve smoothens out and is 

minimum when compared to other curve functions.  In the study done by Leopold and 

Langbein (1966), four different geometric curves were modeled for the same length, 

meander wavelength and sinuosity: a parabola, sine curve, circular curve and a sine-
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generated curve. The square of variations in direction change was computed over 10 

equidistant intervals for each curve. The results are shown in Table 2.1. 

Table 2.1: Square of changes in direction (𝜎2) measured in degrees for geometric curves. 

Curve type  𝜎2  

Parabola 5210 

Sine Curve 5200 

Circular 4840 

Sine generated 3940 

 

 

Figure 2.4: Variations in curvature. The square of variations in direction change was 

computed over 10 equidistant intervals for each curve. The sine-generated 

curve shows minimum variation in curvature (Leopold & Langbein, 1966). 

The physical interpretation of a sine generated curve is the representation of a curve 

with minimum total work done in bending (Leopold & Langbein, 1966). This was 
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demonstrated by bending a steel spring constrained at two fixed points along the steel 

spring. When force is applied to the steel strip, it will assume a new shape with the best 

possible uniform distribution of bends along the strip. This is related to minimum total 

work done in each unit length with respect to its angular deflection. Leopold & Langbein 

argue that river meanders tend to follow this mechanism. Erosion of the outer curvature 

(cut bank) and deposition on the inner curvature (point bar) result in the lateral migration 

of river meander. This process follows a random pattern with the channel occupying every 

possible position within the river valley over a long period of time. A sine generated curve 

best models a channel meander, the form in which a river does the least work in turning 

and orienting itself in the direction of maximum gradient. 

 

 

Figure 2.5: Properties of river meander. The appearance of meanders is related to the 

ratio of its wavelength (𝜆) and radius of curvature (𝑟𝑐). The channel width 

(W) is the width of flow area from centerline (broken lines). L is channel 

length (Leopold & Langbein, 1966). 
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2.2. POINT BARS 

Point bars are accumulations of alluvial deposits as a result of lateral accretion of 

river channels. Depositions occur on the concave side of a sinuous meander where the 

stream velocity is smaller in magnitude. Depositional sequences are separated by shale 

(mud) drapes that are deposited intermittently during low flow regimes that occur in 

between major flooding events. River channels may sometimes cut off highly sinuous 

meander loops resulting in isolated fully developed point bars (Deschamps et al., 2011). 

Heterogeneity observed in point bars include variation in sediment grain sizes. The 

common sequence is a fining-upward trend. As sediments accumulate along meander 

bends, coarse grained sediments are deposited close to the apex of channel bend and finer 

grained sediments deposited further downstream. Within the point bars, facies vary 

vertically from large grain dominated facies at the trough to fine grain dominated facies at 

the top. These trends are also noticeable in the distribution of petrophysical properties of 

the reservoir such as porosity and permeability. Shale drapes (layers) that occur between 

successive depositional events also add to the complexity of point bar heterogeneity. These 

layers can be several meters thick and at meander scale, can be permeability barriers or 

seals (Deschamps et al., 2011). 
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Figure 2.6: Point bars, oxbow lakes and scroll bars on the inside of meander loops along 

the Ob River, Russia. Yellow arrow indicates direction of flow. Image 

courtesy of Saskia van Vuren (Crosato 2008). 

Scroll bars are formed as footprints of continuous lateral migration of meander 

loops. They occur as asymmetrical ridges on the inner side of loops parallel to the direction 

of meander migration. Sediment deposition follow similar trend as in point bars. Example 

of scroll bars are shown in Figure 2.6. At the scale of a point bar, the thickness of shale 

drapes that occur in-between sand beds may influence reservoir dynamics (Swanson 1993). 

Fluid flow within the reservoir may be interrupted by these shale drapes and mud units 

acting as barriers and potential baffles (Richardson and Harris 1978). They affect vertical 

permeability, sweep efficiency, breakthrough time and alter multiphase flow properties 

when upscaled (Jackson and Muggeridge 2000). Because well locations are significantly 

spaced apart (about hundreds of meters part) and greater than shale dimensions, it is 
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challenging to estimate the distribution of shales in point bar reservoirs (Deschamps et al., 

2011). 

 

 

Figure 2.7: Cross-section of a point bar showing organization and evolution of facies 

(Deschamps et al., 2011). 

 

2.3. VARIOGRAM-BASED MODELING METHODS 

 There are two traditionally used geostatistical methods for building numerical 

models in reservoir characterization. Two-point statistics techniques are based on the 

generation of variograms that model spatial correlation of facies (or any other property) 

within a geologic model by honoring sample data (Coburn & Yarus, 2005). A variogram 

is a measure of spatial variability for a separation lag distance h. It is the average square 

difference in the value of a variable for a given lag distance (Pyrcz and Deutsch, 2002). 
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2𝛾(𝒉) = 𝐸{ [𝑍(𝒖) − 𝑍(𝒖 + 𝒉)]2}      (2.1) 

 

𝛾(𝒉) =
1

2𝑁(𝒉)
∑ [𝑧(𝒖) − 𝑧(𝒖 + 𝒉)]2

𝑁(𝒉)      (2.2) 

where: 𝑁(𝒉) = number of pairs for lag h 

In modeling categorical variables, such as facies, sequential indicator simulations 

which require a modeled variogram can be used to simulate given facies within a geologic 

model. The simulation algorithm is based on spatial variability. Grid nodes are sequentially 

visited in a random path (Pyrcz and Deutsch, 2002). At each grid node, a search for 

neighboring data is done, or for previously simulated value. Kriging is executed to generate 

uncertainty distribution and a simulated node (value) is drawn from the generated 

uncertainty distribution (Pyrcz and Deutsch, 2002). This entire process is executed 

repeatedly with different seed nodes (starting node) for each run. Multiple realizations are 

then generated (Coburn & Yarus, 2005). 

However, because variograms are a measure of linear continuity, indicator 

simulation for categorical variables such as facies does not account for ordering 

relationships between categories (e.g. continuity). It only measures the probability of 

transition from one category to another (Pyrcz and Deutsch, 2002). As a result, variogram-

based algorithms generate poor representation of curvilinear or facies with complex 

geometry (Coburn & Yarus, 2005).  

Another approach to model fluvial systems is the application of multiple point 

statistics. The key concept underlying mp statistics based algorithms is that the spatial 

patterns exhibited by complex geologic systems can be represented using statistics inferred 

from training images that are stationary depictions of the salient heterogeneity expected in 

such systems (Pyrcz and Deutsch, 2002). Simulation of patterns in a target reservoir can 

then proceed using the reservoir specific information as conditioning data and using the 
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pattern statistics inferred from the analog to guide the interpolation process. The simulation 

procedure involves using a training image as input for spatial mapping (Mariethoz, Renard, 

and Straubhaar 2010). A training image (TI) is a conceptual image built on a priori 

information characterizing a given spatial structure (Meerschman et al., 2013). Training 

images are preferred to in some applications, where variogram (or two-point statistics) 

based modeling may produce simulation results that lack the spatial continuity expected 

for that particular geologic system. Photos of outcrops or modern surface meanders can be 

used as input in 2D training images, however such images, in most cases may be non-

stationary and hence not result in accurate reservoir models (Michael et al. 2010).  Complex 

training images with non-stationarity conditions often produce ambiguous simulation 

results.  

In the study done by Benson and Shekhar (2015), mp statistics methods were used 

to build TI for fluvial point bar. Point bars show complex lateral and vertical heterogeneity 

at multiple scales.  The TI was constructed using a layered framework where each layer of 

the TI represents a single time slice (Benson and Shekhar 2015). Trends that characterize 

point bars such as fining upward sequence and cyclicity within the thickest beds were 

defined by mathematical functions and used to populate the TI. Dominant facies were 

identified from core data and assigned to different locations within the model (Benson and 

Shekhar 2015). Four fining-upwards cycles were identified in 15 m thick core plugs, and 

these cycles were designed into the TI algorithm; a piece-wise linear function describing 

the locations and magnitudes of discontinuities across the boundaries of each cycle. These 

cycles were combined to represent general vertical and lateral trends in the TI (Benson and 

Shekhar 2015). To add more geologically realistic variation, a correlated noise function 

was added to the generated TI. Core and well log facies data was imposed on the TI using 

a rank transform function. Although mp simulation done using the generated TI accurately 
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captured the trends and cyclicity observed in point bar systems, the method was 

computationally expensive (Benson and Shekhar 2015).  

Challenges encountered in the application of training images limit its use. It is 

uncertain how to quantify geological understanding of origin of depositional systems and 

accurately integrate it into numerical training images. The spatial connectivity of simulated 

features are strongly affected by the choice of the spatial template(s) used to compute the 

spatial mp statistics. All these drawbacks associated with the mp statistics based approach 

motivate the development of a new stochastic framework that explicitly considers the 

meander of the river channel while at the same time taking into account the constraints 

posed by the data observed along wells. 

2.4. OBJECT BASED FLUVIAL MODELING 

 Object based modeling is a technique of facies model construction where geological 

objects such as channels, shale drapes, sands are fixed in a matrix (Pyrcz and Deutsch, 

2002). In geological modeling, it is easier to apply hierarchical classification to a reservoir 

in order to split it into several major layers (Pyrcz and Deutsch, 2002). Each layer is 

modeled independently. Stratigraphic coordinates are transformed to map irregular shapes 

on to regular 3-D volume (Pyrcz and Deutsch, 2002). Selected objects are then 

stochastically simulated. In the case of fluvial reservoirs, a coordinate transformation 

procedure is applied to map a curvilinear channel to a regular 3-D volume (Pyrcz and 

Deutsch, 2002). Variations in petrophysical properties within the channel are modeled in 

this transformed space. This process is followed by a back-transformation of simulated 

channel facies from regular 3-D volume coordinates into irregular stratigraphic 

coordinates. Coordinate transform is adapted to the principal direction of continuity, which 

in fluvial settings is in the direction of flow. This process is scale dependent (Pyrcz and 
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Deutsch, 2002). After all channel facies and properties have been filled into the matrix, 

they are transformed back into the original reservoir layer position.  

 In the work by Deutsch and Tran (2001), a simple geometric model, FLUVSIM, is 

applied to model fluvial facies. Four basic object facies were defined: channel fill, crevasse 

splay, levee sand and shale as background. Within the channel fill, special features such as 

fining-upward trends and channel-lag deposits may be represented (Deutsch and Tran 

2002). Levee sands are represented along channel margins. They are characterized as less 

quality sands within the reservoir (Deutsch and Tran, 2001). Crevasse splay sands are 

deposited away from the main channel during flooding as a result of levee breach. Relative 

to channel fill sands, crevasse splay sands are also considered to be of low quality (Deutsch 

and Tran, 2001). 

 

 

Figure 2.8: Work flow showing execution steps in object-based facies modeling (Pyrcz 

and Deutsch, 2002). 
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From geological modeling perspective, one of the most important steps in object-

based modeling is object parameterization. This is the application of geometric form and 

parameters to define each facies unit (Deutsch and Tran, 2001). An identification parameter 

(template) is assigned to identify each “object”. Grid blocks are chosen and sizes are 

carefully selected to preserve geological forms described by the template (Deutsch and 

Tran, 2001). Parameters that define channels include channel direction, meander 

wavelength, thickness, width undulation, and width/thickness ratio. Some of the 

parameters are shown in Figure 2.9.  

 

 

Figure 2.9: Some parameters used to define channel object: (a) channel direction angle 

and centerline deviation, (b) blocky connections between channel 

boundaries, showing channel width. (Deutsch and Tran, 2001). 
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Figure 2.10: Cross section view of channel object showing width and thickness relative 

to channel curvature (Deutsch and Tran, 2001). 

Values for each parameter is drawn from a range of values according to a user-

defined probability distribution. Parameters such as channel width and channel thickness 

are defined on a 1-D plane along the channel direction coordinate by Gaussian probability 

distributions (Deutsch and Tran, 2002). The algorithm steps in FLUVSIM include 

initializing grids as background floodplain, sorting of channel objects starting from the 

base stratigraphic elevations, and assigning grids within the background matrix to channel 

objects, levee or crevasse splay facies (Deutsch and Tran, 2002).  

The proportion of each object type can be specified from areal proportion maps or 

vertical proportion curves (Deutsch and Tran, 2002). Areal proportions can be determined 

from seismic data or geological interpretation. In general, proportion maps curves are used 

in data conditioning (Deutsch and Tran, 2002).   

Facies proportion is conditioned to local well data by an objective function that 

measures mismatch from known proportion data and facies intersection at wells (Deutsch 

and Tran, 2002). Geological objects are perturbed iteratively until minimum objective 

function is achieved. The iterative simulation algorithm outputs facies distribution within 

each layer. The procedure follows the annealing technique as described by Deutsch and 

Cockerham (1994): 
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1. Objects are randomly placed to match global proportion to each facies. Assign as 

initial objective function, 𝑂. 

2. An array of operations is defined: replace, add, remove or redefine a channel. One 

operation is chosen at random. New locations to be simulated are also chosen at 

random. Parameters defining such new locations are selected from user defined 

parameter distribution. 

3. Objective function is updated 𝑂′ and channel list is updated. 

4. Process is repeated until the value of objective function 𝑂′ is minimized (Deutsch 

and Cockerham 1994). 

Some limitations of FLUVSIM include its inability to capture channel meanders 

that crisscross each other as obtainable in a braided stream. This is due to perpendicular 

measurements of channel widths relative to straight channel line direction (Deutsch and 

Tran, 2002).  It is also difficult to control the meander of channels in order to result in 

point-bars at specific location along the channel path. Although conditioning FLUVSIM 

to well data is not very computationally effective, it nevertheless provides a useful 

starting point for object-based geologic facies modeling techniques (Deutsch and Tran, 

2002).  

2.5. PROCESS BASED FLUVIAL MODELING 

Process based simulation is a modeling technique that integrates geological 

information guided by geological rules (Pyrcz and Deutsch, 2002). Geologic models built 

using process based methods include “objects” just like in object based modeling, and 

result in models with high complexities and heterogeneity (Pyrcz and Deutsch, 2002). 

Layers of the reservoir model are constructed sequentially based on chronological geologic 

processes. Although there are several process-based fluvial modeling algorithms 
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developed, such as SEDSIM (Tetzlaff, 1990) and DIONISOS (Granjeon, 2009), many of 

them are based on the same framework: initial and boundary conditions are defined, and 

then chronological processes are modeled; erosion, transport, deposition, compaction, 

diagenesis and tectonic processes such as faulting (Pyrcz and Deutsch, 2002). 

 

 

Figure 2.11: Process based method of modeling of lobes guided by erosional and 

depositional geologic rules. These successive geologic events constrain 

object-based templates for modeling erosional surfaces (Pyrcz and Deutsch, 

2002). 
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Figure 2.12: Work flow showing execution steps in process-based facies modeling (Pyrcz 

and Deutsch, 2002). 

Some depositional settings with complex geometries and architecture may not be 

efficiently modeled using just object-based methods. Common statistical simulations occur 

along random paths limited to sparse stationary data used as input and made to follow non-

stationary trends (Pyrcz and Deutsch, 2002). Process-based facies modeling methods help 

develop and capture more complex interactions in depositional environments. The output 

models may serve as conceptual models. Also, the application of process-based modeling 

methods enable the development of models for property trends (Pyrcz and Deutsch, 2002).  

However, certain limitations are encountered in the application of process based 

methods in modeling facies in a fluvial system. In a bid to capture complex heterogeneities 
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within the model, extensive characterization of paleo-conditions during reservoir formation 

is required (Pyrcz and Deutsch, 2002). Generally, inferring such conditions is difficult. It 

is also challenging to condition process based methods to local data or seismic information. 

It is crucial to develop models that reproduce locally observed well or seismic data (Pyrcz 

and Deutsch, 2002). Also, in order to obtain complex models capturing reservoir 

heterogeneity, too many inputs are required (in the form of rules for facies association, etc.) 

and this may lead to production of ambiguous models (Pyrcz and Deutsch, 2002). In 

addition, compared to conventional geostatistical simulation methods, process-based 

modeling methods are slower and produce models at a basin scale that is much larger than 

the reservoir scale. Properties, trends and behaviors are averaged out and may not result in 

accurate flow performance prediction (Pyrcz and Deutsch, 2002). 

 

2.6. CHAPTER SUMMARY 

Each traditional fluvial modeling method has been shown to have its own 

limitations. Modeling the meander of channels using deterministic “sine-generating 

curves” may downplay the uncertainty associated with such models. In addition, 

conditioning such models to specific well information may not be possible. Stochastic 

schemes implemented using pixel-based algorithms (sequential simulation and mp 

simulation) are more flexible and permit conditioning of models, but it is impossible to 

inject the process of channel meander and subsequent point-bar formation in such models. 

Object-based models in general require several inputs regarding object parameters and 

rules for associating lithofacies to one another. In the next chapter, we propose a 

methodology that borrows some features from each of these algorithms while generating 

models for point bar systems that are conditioned to the available data. 
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Chapter 3: Methodology 

This chapter discusses the proposed algorithm to model meander paths in a 

channelized system. It is a grid-based algorithm that utilizes channel meander functions 

such as those discussed in the previous chapter and combines that with an easy approach 

to conditioning the models such that the process of migration is geologically realistic. The 

approach involves the application of sine-generated curves to simulate channel meander 

paths conditioned to channel well location and neighboring point bars locations.  

3.1. ALGORITHM WORK FLOW 

This method is an object-based fluvial modeling technique that considers placement 

of objects within a matrix. For the purpose of this work, two “objects” within a matrix are 

identified: channel and point bar. These are distributed within a “mudstone” matrix. Extra 

conditioning nodes are generated to represent possible channel locations. The coordinates 

of these extra nodes are randomly selected from a defined probability distribution. 

Parameters defining channel characteristics are established so as to honor the constraints 

posed by data. Point bar locations are fixed while channel locations are modeled relative 

to point bars such that the channel meanders are geologically plausible. The steps taken 

during channel meander modeling are as follows: 

1. Generate channel centerline 

The initial step in this approach is to determine the centerline of the channel. 

Traditionally, this can be done by generating a training image and obtaining a 

centerline by medial axis transform methods (Tam and Heidrich 2003). The 
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training image should capture realistic channel meander geometry. The source 

of training image may be photo of analogous modern channel.  Channel 

meanders are usually characterized by defined wavelength, meander amplitude, 

radius of curvature, sinuosity and channel cross section. In this work, channel 

center line is constructed manually by using sine-generated curve to link up 

channel well locations available from well log data.  

2. Identify direction of meander progression and sort data 

The direction of channel progression is inferred from geologic history of the 

river. Coordinates for channel wells are sorted in order of progression on the x-

axis in the inferred direction of the river flow. The sorted channel well locations 

are an initial constraint for meander models. 

3. Condition sine-generated curve to primary and secondary nodes 

In running the algorithm, channel well locations are set as primary conditioning 

data or nodes. The sine-generated curve represents the channel centerline and 

is made to pass through channel well nodes. Point bar locations are set as 

secondary set of constraints (as nodes) imposed on the meander direction. This 

follows the geological sequence of point bar deposition on the inside or concave 

bank of meanders. A single array of coordinates is generated to represent both 

primary and secondary nodes. A sine-generated curve, defined by a parametric 

cubic spline curve, is made to pass through primary nodes.  

𝑃(𝑡) = 𝒂𝑡3 + 𝒃𝑡2 + 𝒄𝑡 + 𝒅                          𝑡 ∈ [0,1)        (3.1) 

where a, b, c, d   =   coefficients defining each cubic curve 
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Parameter t(j) for jth point is defined as sum of square root of chord length 

(Lee E., 1986). 

𝑡𝑗 = ∑ √‖𝑝𝑜𝑖𝑛𝑡𝑠(: , 𝑖 + 1) − 𝑝𝑜𝑖𝑛𝑡𝑠(: , 𝑖)‖2𝑖<𝑗          (3.2) 

Supplementary nodes are generated relative to secondary node locations. 

Between successive primary nodes, a channel axis spine is defined by the 

equation of a line joining successive primary nodes. The locations of 

neighboring secondary nodes is evaluated relative to the channel axis spine. The 

secondary nodes impose the constraint that the channel has to be curved such 

that the point bar occurs on the inside bank of the channel meander. This 

determines the direction of supplementary primary node generated to further 

constrain the sine generated curve around secondary nodes. 

4. Interpolate coordinates along new sine-generated curve 

Having defined a channel centerline represented by a sine-generated curve, the 

coordinates along the curve are interpolated. An array of equidistant points on 

the x-axis is set up along the sine-generated curve trajectory. The array is input 

as query points for the shape-preserving piecewise cubic interpolation. 

Interpolation is done piecewise relative to values at neighboring grid points. 

Output is a vector array of y-axis coordinates corresponding to each query point. 

Channel centerline is then defined by the coordinates of the query points.  

In order to recreate a channel fully, channel width is defined by the user relative 

to centerline grid blocks in the output array. Channel width is specified as a 

variable that can be estimated from soft data such as seismic data. It is 
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implemented as half-length on either sides of the generated centerline. The 

possible value defining channel width is chosen from a range according to a 

probability distribution. The channel width is measured perpendicular to the 

channel direction. The algorithm is applied for each layer of the reservoir and 

then exported as grid blocks representing a three-dimensional volume. 

 

Figure 3.1: Algorithm results showing stages in channel meander simulation. Secondary 

channel nodes are generated relative to point bars to condition channel 

meander path around point bars. 

For each layer in the reservoir model, multiple realizations for channel meander 

path are made. These layers are stacked together in order to obtain a full realization of the 
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3-D volume. Figure 3.2 shows the stacking of multiple layers in aerial view. The 

conditioning data for each layer may be different.  

 

 

 

Figure 3.2: Algorithm results showing stacking of successively generated channel 

meander paths in four layers in areal view. Top left shows layer 1. Top right 

shows layers 1 and 2. Bottom left shows layers 1, 2 and 3. Bottom right 

shows channel meander paths from layers 1 through 4.  

The obtained channel meander curve is interpolated to obtain corresponding y-

coordinates. This enables points along the curve to be represented as blocks on a grid 
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system. Figure 3.3 shows the representation of channels in a gridded domain. The channel 

positions in three layers of the 3-D models are shown. For simplicity, the same set of 

conditioning data are assumed for the three layers. The three layers are therefore three 

possible realizations of the channel conditioned to the same information.  

 

 

Figure 3.3: Algorithm results showing representative profiles of possible channel 

meander paths in three layers in a geologic model. The channel is shown in 

red facies while the matrix shale facies is represented in blue. Point bar 

locations are shown in yellow. 
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Figure 3.4: A 3-D volume representation of one realization of channel meander 

simulation in a geologic model. The channel is shown in red facies while the 

matrix shale facies is represented in blue. 

3.2. CHAPTER SUMMARY 

In this chapter we presented a new methodology to model channel meander using 

primary (channel) nodes and stochastically generated supplementary (channel) nodes 

conditioned to point bar locations. This method places further constraint on possible 

meander path between successive channel nodes. In Chapter 4, we will discuss methods on 

how to identify fluvial facies from well log data and how facies-based conditioning nodes 

are assigned. 
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Chapter 4: Channel and Point Bar Identification from Well Logs 

This chapter discusses the use of well log data for lithofacies identification and 

defining depositional environments. Due to the sparse nature of available data in reservoir 

modeling, it is imperative to find ways to analyze the well log data and make correct 

geological and petrophysical interpretations. 

4.1. ALTERNATIVE TO OUTCROP ANALYSIS 

Generally, outcrops serve as primary samples for geologic investigation and 

interpretation. They are exposed rocks resistant to weathering. From a reservoir modeling 

perspective, outcrops provide biased samples of rock units (only those rocks resistant to 

weathering are exposed) and may not represent subsurface geology. Due to this limitation, 

core samples are retrieved from target reservoir zones during drilling, and provide less 

biased rock samples. Also, log readings are made along wells to further obtain more 

petrophysical information at in situ conditions. Unlike outcrop and core samples, well logs 

sample continuous and uninterrupted sections of target zones (Selley 1976). Seismic 

reflections are another source of data for subsurface structure analysis. However, scale and 

resolution related issues are major limitations faced in the application of logs and seismic 

data for reservoir characterization (Singh 2014). Facies or trends identifiable in core 

samples or outcrops may be below the resolution of seismic and logging tools. In reservoir 

modeling, the differences in scales of investigations of outcrop data, core samples, well 

logs and seismic volumes are a major research challenge to their integration in reservoir 

models and have significant economic impact (Selley 1976). 

4.2. SUBSURFACE METHODS 

To make better investigations and geologic interpretations, a combination of 

subsurface data is used. Core data and well log measurements (geological) are combined 
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and correlated to seismic data (geophysical). Several methods have been developed to 

integrate geological and geophysical data (Journel, 2002, Goovaerts, 1997, Morteza 2014). 

However, in cases where only well logs are available, they can still be used for geologic 

interpretations. Well log readings are obtained by tripping measurement tools in and out of 

the borehole. It is a measurement of some physical property acquired continuously along 

the trajectory of a well (Torres-Verdin, 2014). Measured properties include natural gamma 

ray activity, spontaneous electric potential, electrical resistivity, bulk density, acoustic 

wave propagation, bulk density, neutron magnetic resonance relaxation, etc. Table 4.1 

below summarizes common well log types, properties measured and geological inferences 

that can be made from them. 

Table 4.1: Log types, properties measured and geological application (Salley 1976). 

Log Property Measured Units Geological Application 

Spontaneous 

potential 

Natural electric potential 

(compared to drilling mud) 
mV 

Lithology (in some case), correlation, 

curve shape analysis, identification of 

porous zones. 

Gamma-ray 
Natural radioactivity, 

related to K, Th, U. 
API units 

Lithology (shaliness), correlation, curve 

shape analysis 

Electrical 

resistivity 

Resistance to electric 

current flow 
Ωm 

Identification of coals, bentonites, fluid 

evaluation. 

Acoustic 

(sonic) 

Velocity of compressional 

(and/or shear) sound wave 
µs/m 

Identification of porous zones, coal, 

tightly cemented zones. 

Caliper Size of hole cm 
Evaluate hole conditions and reliability 

of other logs 

Neutron 

Concentrations of hydrogen 

(water and hydrocarbons) in 

pores 

% 

porosity 

Identification of porous zones, cross plots 

with sonic, density logs for empirical 

separation of lithologies 

Density 

Bulk density (electron 

density) includes pore fluid 

in measurement 

kg/m3 

(gm/cm3) 

Identification of some lithologies such as 

anhydrite, halite, nonporous carbonates. 

Dipmeter 

Orientation of dipping 

surfaces by resistivity 

changes 

º  

(and 

direction) 

Structural analysis, stratigraphic analysis. 
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4.2.1. Gamma ray (GR) logs 

This well log measures the natural gamma ray emission in layers of 

investigation along the trajectory of a well. This property is related to the 

abundance of radioactive elements such as uranium, thorium and potassium 

(Torres-Verdin, 2014). These elements are significantly abundant in clay 

minerals and some evaporites (Salley 1976). Consequently, this log helps to 

identify layers with high clay concentration (shales) from those with low clay 

content. Clean lithologies such as sandstone and conglomerates are better 

distinguished from shale layers using a combination of logs and core sample 

investigation. Gamma ray logs are then better calibrated to lithology by 

correlating maximum and minimum readings of non-shaly lithology to pure 

shale lithology (Salley 1976).  

4.2.2. Spontaneous potential (SP) logs 

This log records electric potential between electrodes placed in logging tool and 

reference electrode at surface. This potential difference arises due to different 

salt concentration in formation water and mud filtrate. Spontaneous potential 

can be positive, zero or negative (Torres-Verdin, 2014). Spontaneous potential 

logs may be a good indicator of lithology in permeable and fluid saturated zones 

within the reservoir, except in low permeability formations such as tight sands 

(Salley 1976). The surfaces of clay minerals selectively allow passage of 

cations compared to anions, thereby increasing relative potential readings in 

shaly zones. The maximum (positive) reading is be used to define a “shale line” 

on the log (Salley 1976). Deflections of SP logs from the shale line indicate 

permeable zones saturated with fluid(s) with salt concentration different from 

that of the drilling mud (Salley 1976). However, the use of oil based muds, 
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which are not able to dissolve formation salt, suppresses SP measurements and 

render them unusable (Torres-Verdin, 2014). Also, if permeable zones contain 

fresh water rather than saline water, SP log readings may be suppressed or 

reversed relative to drilling mud salinity (Salley 1976). To test reliability of SP 

readings in lithology identification, measurements can be calibrated against 

readings from core samples and cuttings (Salley 1976).   

4.2.3. Porosity logs 

Density and neutron logs can be used to estimate rock porosity. The density log 

is related to measurements of the solid rock density and that of the fluid in the 

pores. Neutron log density is however related to the measure of hydrogen 

concentration in fluids present in the pores (Salley 1976). A combination of 

these logs give reliable understanding of lithofacies along well depth and yield 

better porosity estimates. One of the most useful applications of porosity logs 

in lithofacies identification is by using cross plots (Torres-Verdin, 2014). An 

example of such cross plots is density vs neutron porosity cross plot. From such 

cross plot, specific groupings are evident, with similar matrix density. Although 

density values for rock minerals vary over a large range, studies have shown 

common trends associated with specific lithofacies. Table 4.2 shows common 

trends for some lithofacies. 
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Table 4.2: Example of common characteristics identifying lithology from cross plots 

(Heeremans 2008). 

Lithology Characteristics 

Sandstone Neutron-density cross over of 6 to 8 porosity units 

Limestone Neutron and density curves overlay (∅𝑁 = ∅𝐷) 

Dolomite Neutron-density separation (∅𝑁 < ∅𝐷) of 12 to 14 porosity units 

Anhydrite Neutron porosity is greater than density porosity (∅𝑁 > ∅𝐷) by 14 

units; ∅𝑁 ≈ 0 

Salt Neutron porosity is slightly less than zero. Density porosity is 40 

porosity units (0.40) or more. Caliper logs usually show washed out 

hole. 

4.2.4. Interpretation of facies and depositional environment 

From the study done by Hornung and Aigner (2002) on fluvial sandstones of 

the Stubensandstein formation in southern Germany,  investiagtion of the shape 

of the well log profile can be calibrated against the results from core analysis in 

order to define facies and depositional environments. Gamma-ray log shapes 

can be used to classify trends such as grain size along a vertical well profile. 

Although, a log profile is not specific to a particular sedimentary environment, 

a combination of log profile and core sample investigation permits an 

interpretation of geologic environment (Selley, 1998). In terms of grain size, 

studies of modern depositional environment classify three main categories of 

trends that can be identified on gamma-ray and spontaneous potential log 

profiles (Shell, 1982). 
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Figure 4.1: Gamma-ray and spontaneous potential log profiles showing basic shapes of 

facies based on grain size trends. Left column shows common profiles with 

smooth profile. Right column shows corresponding profiles with serrated 

profile (Shell, 1982). 

Studies by Schlumberger (1985) show that funnel shaped gamma ray profile 

indicate an upward coarsening sand commonly found in barrier bars, bell 

shaped gamma ray profile indicate an upward fining sand associated with 

fluvial deposited sand, and the cylindrical gamma ray profile indicate massive, 

non-graded sands commonly characterizing channel fills (Okiotor and Imasuen 

2010). When correlated with SP logs, depositional facies can be delineated 

along well trajectory. In zones where log profiles do not assume any particular 

shape or trend, an aggradation of shales and silts is assumed (Emery and Myers, 

1996). This assumption can be confirmed by investigating core samples from 

such zones and may be indicative of basin plain environment where deposition 
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is mostly from suspension of sediments and parallel laminae are the primary 

structure (Coleman and Prior, 1980, Odundun and Nton, 2012). 

In fluvial settings, gamma ray and spontaneous potential logs can be combined 

to interpret specific geologic features. Table 4.3 shows typical gamma ray and 

SP log characteristic of different facies associated with channel and point bar 

systems. 

Table 4.3: Typical GR and SP log signatures characterizing different facies within 

channel and point bar systems (Hornung and Aigner, 2002). 
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4.3. CHAPTER SUMMARY 

 In this chapter we have presented relevant review of methods that can be used to 

identify lithofacies using well logs. Due to the limited availability hard data, usually in 

form of well logs, the application of geologic interpretational methods discussed in this 

chapter enables the application of the methodology introduced in Chapter 3. In the next 

chapter, we will employ the techniques of lithofacies identification to extract facies 

conditioning nodes for the modeling of channels in Cranfield reservoir. 
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Chapter 5:  Field Case Application: Cranfield Data Set 

This chapter discusses the data available for the Cranfield carbon sequestration site 

in Mississipi and the application of the developed methodology for modeling channels in 

the reservoir. While the Tuscaloosa sand in Cranfield is the target for oil recovery activities, 

a small study area is being used for injecting CO2 for sequestration and for testing many 

field strategies for monitoring the CO2 plume in the subsurface. In this chapter, the 

available data are analyzed and described. The reservoir location and geologic description 

are presented.  

5.1. GEOLOGIC DESCRIPTION AND HISTORY 

Cranfield reservoir is a part of the Mississippi salt basin, located 20 km east of 

Natchez, Mississippi near the border with Louisiana (Figure 5.1). Geological study of the 

reservoir shows the Tuscaloosa sandstone formation of the Upper Cretaceous age as the 

main geological unit as seen in Figure 5.2. The top of the reservoir is marked at a depth of 

about 10000 feet and the bottom marked at a depth of about 10500 feet. Petrophysical 

studies by Lu et al. (2012) show the average porosity value to be 20% but porosity values 

across the reservoir range between 0-37 %. Temperature and current pressure values within 

the reservoir are 125 oC and 32 MPa respectively. Permeability of Cranfield reservoir is 

between 0.1 – 1000 millidarcies  (Lu et al. 2012). The reservoir is sealed by the thick marine 

shales of the Middle Tuscaloosa formation (Figure 5.2). Buoyant salt body rising from 

beneath the formation caused an anticline with a 1-3 degree dip (Zhang et al., 2013a). The 

depositional system characterizing the reservoir is fluvial. Studies done by Hovorka et al. 

(2013) showed highly channelized systems within the Cranfield reservoir. 
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Figure 5.1: Contour map of the study area. Red triangles show injection wells, green 

squares show the sample wells, and small blue circles show other wells 

including producers. Observation wells to monitor CO2 are marked by 

arrows. The large dashed-lined black box shows the approximate extent of 

the 3D surface seismic surveys. A sealing fault is shown running diagonally 

across the study area (Lu et al., 2012). 

Investigation of core samples reveal an overall fining upward sequence with low angle 

cross bedding. This is characteristic of river meander systems. Grain sizes range from 



 43 

conglomerate to siltstones. Conglomerates in lower sections of core samples show series 

of deposition and erosion events (Lu et al., 2012). 

 

Figure 5.2: Stratigraphic column showing Cranfield reservoir. Yellow zones show 

producing sand units in the Tuscaloosa formation. Shales in the lower 

Cretaceous and Middle Tuscaloosa seal the reservoir (Carter 2014).  

5.2. DATA DESCRIPTION 

With the understanding of log interpretation methods described in Chapter 4 above, 

well logs available for some wells in the Cranfield reservoir were analyzed and geologic 

interpretations were made. The well log data used in this research work includes gamma 

ray (GR) and spontaneous potential (SP) logs obtained from open hole measurements. The 
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gamma ray logs were used to set shale baselines, delineating alternating layers of sand and 

shale, to identify producing sand zones. Spontaneous potential logs distinguish point bar 

stacks from channel deposits within sand units (Hornung and Aigner, 2002, Schlumberger, 

1985). Well logs from sample wells 48-2, 28F-3 and 31F-3 are shown in Figure 5.4. In the 

figures, gamma ray and spontaneous potential logs are plotted in panels (a), (b) and (c). In 

each panel, the blue log on the left indicate SP readings while the black log on the right 

show GR count along the trajectories of the three wells. The reservoir sand between shale 

units are identified as regions with reduced gamma ray count compared to those of shale 

layers. Basal channels of the Cranfield reservoir are identifiable as depths with relatively 

constant SP readings. Point bars are identified as stacks of gradually reducing SP readings 

within reservoir sand layers as shown in Figure 5.4. (Hornung and Aigner, 2002, 

Schlumberger, 1985).  

 

 

Figure 5.3: Areal view of wells 48-2, 28F-3 and 31F-3 at Cranfield. Bold black arrows 

show distance between wells. 
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Figure 5.4: Well log readings for wells 48-2, 28F-3 and 31F-3 at Cranfield. In each panel, 

the blue line show SP reading and black line represent GR count along the 

well section shown. Identified channel facies are shown in black rectangle 

while point bar facies are in magenta rectangles. 

5.2.1. Gamma Ray (GR) Logs 

Gamma ray logs were available for 8 wells within the study area. Logs at the depths 

of interest are analyzed. Alternating peak values indicate thin laminated sequences of shale 

and sand layers. Gamma ray count decreases in sand and increase in shale layers.  A 

correlation across wells is a major step in identifying stratigraphic layers. Identical patterns 
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of GR count can be traced at different depths from well to well. Correlation of these 

readings show a deepening trend in reservoir from west to east, indicative of a dip in the 

reservoir formation. Figures 5.5 and 5.6 show GR plot of wells along two cross sections of 

the Cranfield reservoir. An areal view of these wells is shown in Figure 5.7. 

 

Figure 5.5: Measured gamma ray logs for well along the east-west cross-section. Panels 

(a) to (d) show gamma ray count for wells 48-2, 31F-1, 31F-2, and 31F-3 

respectively. A fault runs between wells 48-2 and 31F-1. Average thickness 

of the reservoir zone is 90 feet, enclosed within the rectangle in all panels.  



 47 

In both figures, each panel shows gamma ray log of a corresponding well. The blue 

line represents the gamma ray count as a function of well depth. Black rectangle in each 

panel highlight the producing interval. The well logs obtained were calibrated to match 

core data, so as to minimize errors in measurement, however, some uncertainty may still 

exist in the log data. Nevertheless, gamma ray logs are sufficient for delineating different 

shale layers from sand layers along the reservoir interval. 

 

Figure 5.6: Measured gamma ray logs for wells along cross-section. Panels (a) to (e) 

show gamma ray count for wells 28-1, 28F-3, 31F-1, 31F-2, and 31F-3 

respectively. Average thickness of the reservoir zone is 90 feet, enclosed 

within the rectangle in the panels.  
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Figure 5.7: Areal view of wells 48-2, 28-1, 28F-3 and 31F-3 at Cranfield. Bold black 

arrows show distance between wells. 

 

5.2.2. Spontaneous Potential (SP) Logs 

Spontaneous potential logs measure the electric potential difference between 

surface and borehole electrodes. SP readings along well depth follow a fairly straight line. 

Along permeable regions, SP readings deflect either to the right to left, departing from the 

base line. The direction of departure depends on the relative salinity of the formation fluid.  
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Figure 5.8: Spontaneous potential logs for east-west cross-section. Panels (a) to (d) 

show SP readings for wells 48-2, 31F-1, 31F-2, and 31F-3 respectively. A 

fault runs between wells 48-2 and 31F-1. Point bar stacks and channels are 

enclosed in magenta and black rectangles respectively in all panels.  

Deflections within thick permeable zones of Cranfield reservoir are to the left. 

Where they are fairly straight, it is referred to as the sand line. These deflections help 

identify channel and point bar deposits based on deflection progression using the approach 

discussed in Chapter 4. Within the reservoir interval, fairly straight sand lines are 

identified, indicating channel body deposits. Point bar deposits are identified by 
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progressive stacks of SP log deflections from shale base line. Figures 5.8 and 5.9 show 

spontaneous potential log plots along the previous two cross sections through the reservoir. 

 

Figure 5.9: Spontaneous potential logs for inclined cross-section. Panels (a) to () show 

SP readings for wells 28-1, 28F-3, 31F-1, 31F-2, and 31F-3 respectively. 

Point bar stacks and channels are enclosed in magenta and black rectangles 

respectively in all panels.  

In both figures, panels show SP readings along selected wells. Point bar stacks are 

identified by magenta rectangles in the panels. Sections along the wells where channel 

deposits are dominant are highlighted by black rectangles. The transition from channel at 
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the base to a point bar at the top is generally indicative of a channel that has progressively 

migrated to a new position leaving behind a lateral accretion in the subsequent interval. A 

thin shale layer generally separates point bar stacks from channel deposits. This figure 

indicates that the conditioning data for each layer in a 3D model is going to be different. 

5.2.3. Seismic Data 

The only seismic data available for this study include the subsurface imaging of top 

and bottom layers of Cranfield reservoir. Figures 5.10 and 5.11 show the top and bottom 

horizons interpreted from the seismic data respectively. The figures are color coded with 

depth. The seismic horizons also confirm that the reservoir dips to the east.  

 

Figure 5.10: Top layer of Cranfield reservoir. Relative depth of reservoir measured in 

meters. Black dots mark well locations. The black line highlights a fault 

running diagonally in the study area. The seismic horizons show a dip in 

reservoir formation to the east. 
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Figure 5.11: Base layer of Cranfield reservoir. Relative depth of reservoir measured in 

meters. Black dots mark well locations. The black line highlights a fault 

running diagonally in the study area. The seismic horizons also shows a dip 

in reservoir formation to the east. 

In both figures, a fault can be seen in the southern half of the reservoir as a depth 

discontinuity running in the NW-SE direction. Reservoir thickness varies within the 

reservoir. At wells 31F-1, the approximate reservoir thickness is reportedly 30 meters while 

to the north at well 28-1, reservoir thickness is approximately 20 meters.  

5.2.4. Data summary 

After combined well log data analysis and using the reservoir topology information 

from the seiemic, geologic interpretations about the fluvial depositional environment were 

made. Studies done on the Cranfield reservoir show channelization between some sample 
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wells. An attempt was made to correlate channel signature on well logs to establish fluvial 

continuity.  

 

5.3. CRANFIELD CHANNEL MEANDER MODELING 

Studies done on the Cranfield reservoir show channelization in the reservoir. An 

attempt was made to correlate channel signature on well logs to establish fluvial continuity. 

The average depth of Cranfield reservoir is 30 meters. Facies information varies along the 

depth of sample wells used for this study. The reservoir is modeled using six layers 

correlated to depth intervals, to capture the changes in facies along each well. Identified 

facies at each depth of the reservoir determines the conditioning node at each depth. Layer 

modeling is done from bottom to top. This follows geologic stratigraphic depositional 

sequences. 

In each depth interval, well logs are analyzed to determine identified facies. Log 

signatures that indicate channel deposition result in that well getting marked as a channel 

conditioning node. Well logs that show point bar signatures subsequently indicate such 

wells as point bar conditioning node locations. After analyzing well logs to distinguish 

channel wells and point bar wells, a distribution of both sets of objects is done layer by 

layer according to well depth. 
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(a)  

(b)  

Figure 5.12: Channel and point bar wells identified from log data in Cranfield reservoir. 

(a) shows data corresponding to layer 1 at a depth of 10260 ft., (b) shows 

data corresponding to layer 2 at a depth of 10235 ft. The blue dots represent 

wells through channel sands. Red dots show wells through point bar sands. 
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(a)  

(b)  

Figure 5.13: Channel and point bar wells identified from log data in Cranfield reservoir. 

(a) shows data corresponding to layer 3 at a depth of 10210 ft., (b) shows 

data corresponding to layer 4 at a depth of 10200 ft. The blue dots represent 

wells through channel sands. Red dots show wells through point bar sands. 
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(a)  

(b)  

Figure 5.14: Channel and point bar wells identified from log data in Cranfield reservoir. 

(a) shows data corresponding to layer 5 at a depth of 10180ft., (b) shows 

data corresponding to layer 6 at a depth of 10160 ft. The blue dots represent 

wells through channel sands. Red dots show wells through point bar sands. 
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To infer direction of flow, geologic interpretation of point bar well locations 

relative to channel well location served as guide. Figure 5.15 shows a distribution of 

channel wells and point bar wells at a depth of 10160 ft. modeled as the top layer of the 

reservoir. Flow direction is determined following geologic rules for river meanders and 

guided by modern fluvial behavior of the Mississippi river. Channel wells and point bar 

wells are ordered in the inferred direction of flow. Figure 5.15 also shows the interpreted 

fluvial outline of the Cranfield reservoir. 

 

 

Figure 5.15: Inferred direction of channel progression in the fluvial deposition setting for 

Cranfield reservoir shown in the reservoir top layer. Channel and point bar 

facies are shown in blue and red markers respectively. Dotted blue line links 

channel well facies. Flow direction is inferred from connect channel facies 

and guided by study of modern Mississippi river. 
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In order to establish positions of point bars relative to possible channel path, a 

channel axis is generated, linking successive channel wells. Figures 5.16 show channel 

axes linking successive channel well locations within each layer of the reservoir. 

 

 

Figure 5.16: Axes linking successive channel facies, displaying relative positions of 

neighboring point bar facies in layers 1 through 6 of the reservoir model.  
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The algorithm for modeling the meander of channels is then tested on the data set. 

Due to sparse data spread across large distances, channel path modeling is constrained to 

meander zones where point bars locations are in neighborhood of two successive channel 

well locations. Figures 5.17 shows five realizations of channel meander simulation for each 

layer of the reservoir.  

 

 

Figure 5.17: Five realizations of simulated channel meander for layers 1 to 6. 
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Multiple realizations are generated for each layer of the reservoir. The application 

of point bar nodes as constraints in channel meander direction simulation reduces the 

uncertainty in channel path prediction. There is only limited well log data available hence 

the need to streamline channel location prediction.  

 

5.3.1. Result: Grid visualization 

The interpolated values of the meander curve is translated into a grid system. 

Simulated layers are stacked successively to create a 3-D volume. This enables the 

visualization of channel paths within the entire model. Petrophysical properties are 

populated in the simulated facies and connectivity can be analyzed. The modeling of 

channel width is specified as grids perpendicular to generated channel centerline in channel 

direction. At each point along the channel meander, channel width value is specified as 

half-length on either sides of the generated centerline. The value of channel width is drawn 

from a user-defined probability distribution. For Cranfield reservoir, the range of channel 

width was estimated from the distance between two fairly closely positioned channel wells 

available in well log data. 
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(a)  

 

(b)  

Figure 5.18: Simulated channel meander grids linking known channel well nodes in the 

Cranfield reservoir. (a) and (b) show channel grids in layers 1 and 2 

respectively. Light blue shows channel meander. Dark blue represents 

reservoir matrix. Red grids show identified point bar locations. 
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(a)  

 

(b)  

Figure 5.19: Simulated channel meander grids linking known channel well nodes in the 

Cranfield reservoir. (a) and (b) show channel grids in layers 3 and 4 

respectively. Light blue shows channel meander. Dark blue represents 

reservoir matrix. Red grids show identified point bar locations. 
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(a)  

 

(b)  

Figure 5.20: Simulated channel meander grids linking known channel well nodes in the 

Cranfield reservoir. (a) and (b) show channel grids in layers 5 and 6 

respectively. Light blue shows channel meander. Dark blue represents 

reservoir matrix. Red grids show identified point bar locations. 
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Following the modeling of the channel meander, point bars were attached to the 

simulated channel. The modeling of point bars is done for each layer using indicator 

simulation. A probability map for each layer is computed based on the proximity to the 

simulated channel location. The probability was calculated by averaging the facies code (1 

for channel and 0 for non-channel) within a window as shown in Figure 5.21.  

 

 

Figure 5.21: Sample realizations of point bar locations generated using indicator 

simulation. These realizations are used in computing point bar probability. 

Red indicate point bar facies and blue non-point bar facies.  
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The probability of a point bar is set to zero at concave locations of the channel. The 

resultant attachment probability map for point bar is shown in Figures 5.22. For each grid 

node in a layer, a point bar is stochastically simulated based on the conditioning data 

available for the layer and the attachment probability computed for that layer. Figures 5.23 

to 5.27 show simulated channels and attached point bars.    

 

 

Figure 5.22: Point bar probability maps for all layers in the reservoir model. Probability 

values are highest in areas closest to the simulated channel (red). 
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(a) 

 

 

(b) 

Figure 5.23: Simulated channel meander and attached point bars in (a) layer 1 and (b) 

layer 2 of the reservoir model. Green depicts the simulated channel. Red 

dots show point bar locations. Blue represents reservoir shale matrix. 
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(a) 

 

 

 

(b) 

Figure 5.24: Simulated channel meander and attached point bars in (a) layer 3 and (b) 

layer 4 of the reservoir model. Green depicts the simulated channel. Red 

dots show point bar locations. Blue represents reservoir shale matrix. 
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(a) 

 

 

(b) 

Figure 5.25: Simulated channel meander and attached point bars in (a) layer 5 and (b) 

layer 6 of the reservoir model. Green depicts the simulated channel. Red 

dots show point bar locations. Blue represents reservoir shale matrix. 
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5.4. CHAPTER SUMMARY 

In this chapter, we demonstrated the application of the developed algorithm to 

simulate medial axis of channel layer by layer within the Cranfield reservoir. Channel 

width was then modeled by sampling from a user-defined probability distribution. The 

result is presented in grid format. This result can be (1) used as training image for mp 

statistical simulation, and (2) further developed to model more facies where two point 

statistical methods may be inadequate. It was seen that the incorporation of point bar nodes 

imposed additional constraint on the fluvial description of the channel.  Also, using 

indicator simulation, point bar nodes are stochastically simulated based on a probability 

distribution generated conditioned to available data and the attachment probabilities. 

Chapter 6 provides a summary of this project and recommendations for future work. 
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Chapter 6: Summary and Conclusions 

We reviewed different approaches to model channel meanders. A new approach to 

model channel meanders was developed by combining different aspects of traditional 

fluvial facies modeling techniques. This new approach provides an alternative method to 

represent geologic characteristics and architecture, and thus produce models that depict the 

spatial continuity of such systems accurately. 

We started by using a object-based process approach for assigning channel facies 

as objects within a matrix. Well logs are interpreted to identify channel and point bar well 

locations (nodes). Direction of river flow is inferred from modern river analogs. The 

channel is represented by a medial axis passing through known channel well locations 

interpreted from available well logs. Channel path is curved so as to honor secondary 

constraints posed by point bar well locations. 

To predict the channel meander path, we developed an algorithm in MATLAB to 

simulate additional pseudo-conditioning nodes relative to point bar locations. The location 

of conditioning nodes is stochastically simulated, with values drawn from within a defined 

range such that geologic processes forming point bars and meander scrolls are honored. 

This algorithm was able to generate paths representing channel axis. In order to honor the 

chronology of channel migration, the algorithm is progressively run layer by layer within 

the reservoir model. This integrates a beneficial aspect of process-based simulation into the 

new approach developed in this work. 

In order to visualize the simulated channel path, sine-generated curves representing 

channel meanders are interpolated to obtain 2-D coordinates. Several simulated 2-D 

coordinates are combined to form a 3-D volume. This volume is then inputted into geologic 

modeling software such as S-GeMS.  Subsequently, probability maps for attaching point 
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bars to the previously simulated channel are computed. The point bar conditioning nodes 

together with the “soft” attachment probability are used to simulate point bar facies along 

the meander of the generated channel path. The sequential indicator simulation method is 

used for this simulation. 

We demonstrated the application of the meander modeling algorithm for two cases: 

(1) a purely synthetic case where point bar wells are situated at random relative to channel 

well locations, and (2) a field case using well log data and seismic observations from 

Cranfield reservoir, Mississippi. In both cases, the algorithm showed capability to simulate 

realistically model channel meanders and model the associated facies so as to reduce the 

uncertainty in the geologic characteristics of the model. 

6.1. FUTURE WORK 

The simulated channel profiles could be parameterized and used within a grid 

transformation scheme in order to model the complexity of point bars (Li, 2015). Point bars 

are characterized by incline heterolithic surfaces (IHS) along which depositional facies 

exhibit discontinuities. The combination of the channel meander algorithm and the point 

bar simulation scheme will render this a comprehensive approach to model these complex 

reservoirs. 

In order to further validate the generated geologic models, fluid flow simulation 

can be done using commercial simulation software such as CMG© or ECLIPSE©. The 

output model in grid form will be input to the software and grid blocks populated with 

pressure and other petrophysical properties such as porosity and permeability. The ability 

to history match output geologic models with real production data will further reduce 

uncertainty in the generated model and can be used to forecast production profiles. 
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We also seek to develop the algorithm to include more than two “objects’ as 

conditioning nodes. This will enable the method to capture more complex geologic 

architecture. Where more than one facies are present and occur in sequences, the algorithm 

will be able to order these geologic events and simulate accordingly. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 73 

References 

Benson, G., and Shekhar, R. 2015. “Function-Based Training Image Construction of 

Fluvial Point Bars : A Modern Analog Example from the Brazos River , Texas.” 

AAPG Annual Convention and Exhibition, Denver, Colorado, June 2015. 

Camporeale, C., Perona, P., Porporato, A., and Ridolfi, L. 2005. “On the Long-Term 

Behavior of Meandering Rivers.” Water Resources Research 41 (12): 1–13.  

Coleman, J.M. and Prior, D.B. 1980. “Deltaic sand bodies. A 1980 short course, 

education course.” Note series #15, The American Association of Petroleum 

Geologists. 195p 

Carter, R. W. 2014. “Fluid Characterization at the Cranfield CO2 Injection Site: 

Quantitative Seismic Interpretation from Rock-Physics Modeling and Seismic 

Inversion.” The University of Texas at Austin. Thesis. 

Crosato, A. 2008. "Analysis and Modelling of River Meandering." Delft University of 

Technology. Dissertation. 

Deschamps, R., Guy N., Preux C., and Lerat, O. 2011. “Impact of Upscaling on 3-D 

Modelling of SAGD in a Meander Belt.” SPE Annual Technical Conference and 

Exhibition 2011, no. November: 1–16. 

Deutsch, C.V. and Tran, T.T. 2002. “FLUVSIM: A Program for Object-Based Stochastic 

Modeling of Fluvial Depositional Systems.” Computers and Geosciences 28: 525–

35.  

Deutsch, C.V. and Cockerham, P.W. 1994. “Practical Considerations in the Application 

of Simulated Annealing to Stochastic Simulation.” Mathematical Geology 26 (1): 

67–82.  

Garde R.J. and Raju K.G.R. 1977. “Mechanics of sediment transportation and alluvial 

stream problems.” Wiley Eastern, New Dehli. 

 

Goovaerts, P. 1997. “Geostatistics for Natural Resources Evaluation.” Oxford University 

Press. 

 

Granjeon, D. 2009. “3D stratigraphic modeling of sedimentary basins.” AAPG Annual 

Convention and Exhibition, Denver, Colorado, June 2009.  

Heeremans, M. 2008. “Porosity Logs.” Basic Well Logging Analysis, Course Notes, The 

University of Oslo. 



 74 

Hornung, J. and Aigner, T. 2002. “Reservoir architecture in a terminal alluvial plain: an 

outcrop analogue study (Upper Triassic, Southern Germany).” Journal of Petroleum 

Geology, vol.25 (1), pp. 3-30. 

Jackson, M.D. and Muggeridge, H. 2000. “Effect of Discontinuous Shales on Reservoir 

Performance during Horizontal Waterflooding.” SPE Journal 5 (4): 446–55. 

Journel, A. 2002. “Combining knowledge from diverse sources: an alternative to 

traditional data independence hypotheses.” Mathematical geology, 34 (5), 573-596. 

Lai, Y.G. and Gaeuman, D. 2013. “Bedload Adaptation Length for Modeling Bed 

Evolution in Gravel- Bed Rivers (Interim Report).” U.S. Department of the Bureau 

of Reclamation Technical Service Center, Denver, Colorado. 

Langbein, W.B. and Leopold, L.B., 1966. “River meanders - theory of minimum 

variance.” U.S. Geological Survey, Professional Paper 422-H, p. 15. 

 

Lee, E.T.Y. 1989. "Choosing nodes in parametric curve interpolation." Computer-Aided 

Design 21, 363–370. 

 

Leopold, L.B. and Wolman, M.G. 1960. “River meanders." Bulletin of the Geological 

Society of America, Vol. 71, pp. 769-794. 

Lu, J., Cook, P.J., Hosseini, S., Yang, C., Romanak, K.D., Zhang, T., Freifeld, B.M., 

Smyth, R.C., Zeng, H., and Hovorka S.D. 2012. “Complex Fluid Flow Revealed by 

Monitoring CO 2 Injection in a Fluvial Formation.” Journal of Geophysical 

Research: Solid Earth 117 (B3). 

Mariethoz, G., Renard, P., Straubhaar, J. 2010. “The Direct Sampling Method to Perform 

Multiple-Point Geostatistical Simulations.” Water Resources Research 46 (11) 

Michael, H.A., Li, H., Boucher, T., Sun, J.C., and Gorelick, S.M. 2010. “Combining 

Geologic Process Models and Geostatistics for Conditional Simulation of 3-D 

Subsurface Heterogeneity.” Water Resources Research 46 (5): 1–20.  

Morteza, E. N. 2014. “Geostatistical Data Integration in Complex Reservoirs.” The 

University of Texas at Austin. Thesis. 

Odundun, O., and Nton, M., 2012. “Facies Interpretation from Well Logs: Applied to 

SMEKS Field, Offshore Western Niger Delta.” Journal of Physical Sciences and 

Innovations (2). 



 75 

Okiotor, M. E, and Imasuen, O.E. 2010. “Facies characterisation of Well A, Field Y, 

North-Eastern Niger Delta.” Journal of Physical Sciences and Innovations (2). 

Richardson, J., and Harris, D. 1978. “The Effect of Small Discontinuous Shales on Oil 

Recovery.” Journal of Petroleum Geology, 1531–37.  

Rust B.R., 1978. “A classification of alluvial channel systems.” In: Fluvial 

Sedimentology, Canadian Society of Petroleum Geologists, Memoir No. 5, pp.187-

198. 

 

Schlumberger. 1985. “Well Evaluation Conference, Nigeria.” Schlumberger Ltd., Paris, 

France, Chapter 4, pp.135-153. 

Selley, R.C. 1976. “Subsurface Facies Analysis.” The Log Analyst 17 (1): 3–11. doi:-. 

Selley, R.C. 1998. “Elements of Petroleum Geology.” Published by Freeman and 

Company, pp. 37- 131, 239-299. 

 

Shell. 1982. “Well Log Interpretation.” Chapter 11, 12 and 13. 

Singh, Harpreet. 2014. “Scale-up of Reactive Processes in Heterogeneous Media.” The 

University of Texas at Austin. Thesis. 

Swanson, D. 1993. “The Importance of Fluvial Processes and Related Reservoir 

Deposits.” Journal of Petroleum Technology 45 (4): 368–77. 

Tam, R., and Wolfgang, H. 2003. “Shape Simplication based on the Medial Axis 

Transform.” Department of Computer Science, University of British Columbia, 481–

88. 

Tetzlaff, D.M. 1990. “Limits to the predictive ability of dynamic models in the 

simulation of clastic sedimentation.” Quantitative Dynamic Strategy, pp. 55-65. 

Prentice-Hall, Netherlands. 

 

Timothy C.C., Jeffrey M.Y., Chambers R.L., 2005. “Stochastic Modeling and 

Geostatistics: Principles, Methods, and Case Studies. Vol. II." AAPG Computer 

Applications in Geology (5). 

 

Torres-Verdin, C. 2014. “Integrated Geological-Petrophysical Interpretation of Well 

Logs.” Class Notes. Department of Petr oleum and Geosystems Engineering. The 

University of Texas at Austin. 

 



 76 

Zhang, R., Ghosh, R., Sen, M.K., and Srinivasan, S. 2013a. “Time-lapse surface seismic 

inversion with thin bed resolution for monitoring CO2 sequestration: A case study 
from Cranfield Mississippi.” International Journal of Greenhouse Gas Control, 18, 

pp. 430–438. 

 

 

 

 

 

 

 

 

 


