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Abstract 

Reservoir characterization is evolving as an integrated scientific discipline for 

enhancing oil production from mature fields. A method for integrating geological, 

geophysical and engineering data is geostatistics. This thesis applies geostatistics in a 

unique and comprehensive study of porosity variation in Little Bow oil field in Southern 

Alberta, Canada. 

The geostatistical techniques used in this study offer a wide range of assessing the 

spatial correlation of rock parameters. Methods were univariate, bivariate, and 

multivariate, each offering a level of confidence when predicting reservoir parameters. A 

univariate analysis, such as kriging, is restricted to the spatial interpolation of a single 

variable, such as well log porosity. This method is highly dependent on the number of 

control points used for interpolation and the proximity of the control points. Kriging 

tends to produce smoothed models whose error increases with increasing distance from 

the known values. Geostatistics implies that data values that are closer together 

intrinsically have higher spatial correlation than points that have greater separation 

distance. The addition of a secondary variable that is densely sampled, such as seismic 

attribute information, yields a much more credible estimation of a target rock parameter. 

Determining which seismic attributes are meaningful to assist in the estimation process 

requires rigorous analysis. Cross plots and histograms will aid in determining how the 

survey is behaving. 

Multivariate statistics offer the highest predictive power through the use of 

combining linear and non-linear transforms of target well log properties and seismic 

in 



attribute information. Cross-validation helps define which attributes help minimize error 

thus increasing predictive power. 

Stochastic simulation offers a robust way of deriving many equally probable maps 

that honor the data. Due to the presence of uncertainty at unsampled locations, simulation 

creates many renditions as to how the entire data set may behave. This process is also 

called sequential Gaussian simulation which uses a random number generator to 

randomly select a grid point to be estimated based on surrounding sample values. Each 

simulation differs random selection of grid points, thus offering many realizations that 

honor known values. 

Linear discriminant analysis provides a useful method of grouping geologic 

variables into separate populations, then allocating unknown points within the survey to 

one or the other group based on their relationship to seismic attribute information. The 

final discriminant analysis produced a useful result discriminating between producing and 

non-producing zones in the field. 
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Chapter 1. Introduction 

1.1 Outline 

In enhanced oil recovery, the estimation of rock properties is an important goal in 

locating, developing and managing petroleum reservoirs. Seismic reflection data supply 

useful information on time, velocity, amplitude, and geologic framework but due to 

limited resolution can be less diagnostic in evaluating reservoirs. Well logs detail 

petrophysical properties at control points but lack the ability to describe reservoir 

parameters between wells. Reservoir characterization of rock properties involves the 

combination of seismic data attributes and well log information. Geostatistical methods 

can quantitatively integrate geologic, geophysical and petrophysical information to 

predict reservoir models. This branch of statistics is the study of spatial correlation used 

to quantify and predict reservoir characteristics at unsampled locations using the theory 

of probability. Predictions of reservoir properties are obtained by analyzing how the 

outcomes of random variables are related. According to Isaaks and Srivastava (1989), 

estimation of an outcome is more adequately described as weighted linear combinations 

of other random variables as opposed to use of a single variable. 

The geostatistical techniques used in this study encompass a wide range of statistical 

applications including kriging, cokriging, conditional simulation, linear and non-linear 

multi-regression, and discriminant analysis. The objectives of this research are to 

compare geostatistical methods and their limitations. 

Typically, the geostatistical method involves a 2-dimensional or map based 

examination of a seismic attribute and its spatial correlation to a group of isolated well 
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logs. The idea is to interpolate between wells using the seismic data as a guide. The 

interpolation is based on an exhaustive analysis of the sample data set from v/hich an 

estimate is made on how the entire population may behave. The sample data set is 

organized and described through variograms, histograms, and crossplots which measure 

variability between control points. Once analysed, the spatial relationship between 

variables may then be applied through several geostatistical tools. Each technique 

estimates the values of spatially distributed variables from adjacent values. 

Examining relationships between borehole data and seismic attributes is time 

intensive and usually the most difficult component of any geostatistical method. In this 

thesis, we apply statistical methods to Little Bow Field in Southern Alberta. This is the 

first published geostatistical study to date for this prolific field. 

1.2 Reservoir characterization 

In reservoir engineering, enhanced oil recovery is optimized by using accurate 

estimates of porosity, permeability, lithology and reservoir thickness. Well logs and cores 

provide detailed information about these reservoir properties, but they only sample a 

small fraction of the reservoir. 3-D surface seismic surveys sample the entire reservoir 

volumes but they lack the detail of well information. Borehole seismic information from 

VSPs and cross-borehole seismic technology can help to fill in the missing wavelengths 

between well sites and 3-D seismic. By integrating sources of information at different 

frequencies (various wavelengths) reservoirs may be more accurately assessed. 



Geostatistical techniques can help improve reservoir characterization by integrating 

the detailed well information with the seismic information. Table 1 lists the wells, or 

control points, used in the analysis. 

Wells Status Producing Zones 

1. 4-18-14-18 Dry Hole 

2. 12-18-14-18 Dry Hole 

3. 14-18-14-18 Oil Undefined Pool 

4. 3-19-14-18 Oil WPool 

5. 5-19-14-18 Oil/Gas WPool 

6. 12-19-14-18 Oil WPool 

7. 16-12-14-19 Dry Hole 

8. 8-13-14-19 Water Injector GPool 

9. 02/9-13-14-19 Oil GPool 

10. 10-13-14-19 Oil GPool 

11. 16-13-14-19 Water Injector UPool 

12. 1-24-14-19 Oil UPool 

13. 2-24-14-19 Water Injector GPool 

14. 3-24-14-19 Oil GPool 

15. 7-24-14-19 Oil UPool 

16. 9-24-14-19 Water Injector WPool 

17. 03/9-24-14-19 Oil WPool 

18. 10-24-14-19 Dry Hole 

19. 02/10-24-14-19 Oil UPool 

20. 11-24-14-19 Water Injector UPool 

21. 12-24-14-19 Water Injector GPool 

22. 13-24-14-19 Oil UPool 

23. 15-24-14-19 Oil WPool 

24. 16-24-14-19 Water Injector WPool 

25. 2-25-14-19 Oil WPool 

26. 3-25-14-19 Oil WPool 

Table 1. List of available wells for the study area. Four wells are dry holes, the 
remaining 22 penetrate the G, U, or W pools within the Glauconitic member. 



Reservoir characterization involves the mapping of several key rock properties. 

Some of these properties are often correlated with the seismic signal. These parameters 

are discussed in the following section. 

Porosity is the measure of pore spaces per unit volume. Well log values and seismic 

reflection data both contribute to porosity estimates because they are inversely related to 

density and seismic velocity. Wyllie (?) related lithology and porosity in his time-average 

equation which states that sonic velocity depends on rock matrix, fluid content and 

porosity distribution. Porosity can be calculated based on a linear time-average 

relationship between sonic log transit time (tsonic), transit time of the matrix material (tma), 

transit time of the fluid (tf) and porosity (0): 

< sonic ma 

t - t 
Lf l m a 

In porous rock velocity decreases as transit time increases. Porosity can also be 

calculated from density logs (density porosity) using the rock matrix density (pma), the 

bulk density (p^) and the fluid density (pf): 

0 - ^ ^ (1-2) 

A.-A 

Permeability is critical to reservoir optimization and in general, it cannot be 

correlated directly from seismic data. It defines the connectivity of pore spaces and 

controls the flow of water, gas, and oil through a reservoir. Permeability and fluid flow 

are related to grain size, bedding structure, fracture density and orientation. Porosity and 
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permeability are necessary for a producing reservoir. Permeability can sometimes be 

inferred from porosity since its value usually increases as porosity increases. Due to the 

absence of well pressure tests and detailed core analysis, permeability will not be 

estimated in this study. 

From seismic data, estimates of petrophysical properties are less accurate even 

though seismic data may be acquired with dense sampling. This is because seismic 

reflection data are acquired at larger scales and are frequency bandlimited. Reservoir 

thickness can be estimated if the producing interval can be resolved by seismic methods. 

Resolvability limits are 1/8 the seismic wavelength according to Widess (1973) and Vt the 

seismic wavelength by Rayleigh's estimation (Kallweit and Wood, 1982). A gross 

lithology of the reservoir interval can be assessed from seismic amplitude which is an 

average of seismic reflectivity. Because of the inherent fuzzy nature of seismic data and 

the problem of combining different data sets acquired at different frequencies and scales, 

it is challenging to estimate reservoir properties. The advantage to a 3-D survey is the 

opportunity to extract 3-dimensional seismic attributes which can be used to reveal 

reservoir characteristics that would otherwise not be detected in seismic reflection data. 

This study describes geostatistical methods to potentially separate petrophysical variables 

and produce probabilistic models of hydrocarbon accumulation through integration of 

well data and seismic attribute information. 
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1.3 Geology of Little Bow 

The Little Bow Oil Field in Southeast Alberta (Figure 1) is the geologic area of 

interest for this study. A quantitative geostatistical examination of the Little Bow Field 

may supply new insight into stratigraphically trapped reservoirs of the Glauconitic 

Member. 

Figure 1. Location map of study area. The Little Bow 3D survey lies within parts of 
Range 18 and 19 of Township 14 west of the 4th meridien. (from Wood and Hopkins, 
1989). 
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Figure 2. Simplified stratigraphic column of the Glauconitic Member of the Mannville 
Group (from Wood and Hopkins, 1989). 

Figure 2 illustrates a simplified stratigraphic column of the Lower Cretaceous Mannville 

Group. The pools are stratigraphically trapped within three elongate sandstone channels 

within estuarine valley fills. The Glauconitic ribbon-like paleovalley fill is believed to be 

the oldest valley fill in the area and to have been incised during a fall in relative sea-level 

and later infilled with estuarine sediments during a subsequent rise of relative sea-level. 

The valley fill lies at the base of the Glauconitic member and cuts the Ostracod beds 

below. Dimensions of the paleovalley are 2.0-2.5 km wide with reference to Unit C of the 

Ostracod Beds, 4 meters thick at its margin to 30 meters thick along its medial axis. The 

reservoir sandstone bodies are approximately 3-4 km long, 300-500 m wide and 22 m 

thick. The valley fill cuts the Ostracod beds and the upper Sunburst Member and is 
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overlain by a thick succession that coarsens upward from intensely, bioturbated, 

interlaminated mudstone, siltstone and very fine-grained sandstone to a sheet of rippled 

fine-grained sandstone (Wood and Hopkins, 1989). It should be noted that the 

Glauconitic member was named because of the presence of glauconite within the marine 

sandstones of the lowermost unit of the Upper Mannville of Central Alberta. Glauconite 

is defined in the Dictionary of Geological terms (1984) as a green hydrous potassium iron 

silicate that is common in sedimentary rocks and an indicator of very slow sedimentation. 

The name was extended to associated strata in southern Alberta which, ironically, rarely 

contains the glauconite mineral. 

1.4 The Little Bow data set 

The Little Bow 3-D dynamite acquired seismic survey was provided by Crestar 

Energy Resources. It was post-stack finite-difference migrated, spatially decimated, 

temporally resampled and truncated to 1.1 seconds. The decimated seismic survey has 80 

inlines by 67 crosslines with 37.5 meter spacing. 

Seismic attributes were generated to correlate with available log data because they 

have been shown to indicate hydrocarbon accumulation. Schultz et al. (1994) 

demonstrated that seismic attributes can exhibit greater detail and higher accuracy of the 

reservoir. Seismic attribute technology may enhance the prediction, characterization, and 

monitoring of petroleum reserves since attributes are specific measurements derived from 

statistical components of the complex seismic trace. The Encyclopedic Dictionary of 
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Exploration Geophysics defines the complex number representation F(t) of a real time 

series f(t) is: 

F(t) = f(t)+jf1(t) = A(t)eiY(t) (1-3) 

where y(0 is the instantaneous phase, dy(t)/dt is the instantaneous frequency (or the 

frequency of the complex sinusoid that locally best fits a complex trace), and A(t) is the 

amplitude of the envelope of the trace (or reflection strength). Instantaneous frequency is 

used to estimate seismic attenuation since petroleum reservoirs may cause a drop-off in 

high frequency components. Instantaneous frequency also helps to measure cyclicity of 

geological intervals, but it tends to be unstable if noise is present. Instantaneous phase 

enhances weak intra-reservoir events and is used as a hydrocarbon indicator. Less 

desirably it enhances noise (Chen and Sidney, 1997). The seismic attributes chosen were 

instantaneous frequency, instantaneous phase, and amplitude envelope. These attributes 

were averaged over a 40 ms window centered on the interpreted glauconitic horizon. 

Figure 3, from Chen and Sidney (1997), illustrates the classification of seismic attributes. 

They may be generated from a seismic section, a seismic event, a seismic timesice, or 

derived from a complete 3-D volume. For the purposes of this study, attributes were 

event based and averaged over a 40 millisecond window centered on the top glauconitic 

seismic horizon. 

A constrained inversion was performed to calculate an acoustic impedance from 

seismic amplitudes. Sonic and density logs were constrained with the seismic reflection 

data to define the waveform associated with the seismic trace. The seismic trace can be 
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represented by the one-dimensional earth model which contains a series of horizontal 

layers with characteristic densities, velocities, and thicknesses (Lines, 1988). Acoustic 

impedance was averaged over a 40 millisecond window centered on the glauconitic 

horizon and was used as another attribute. 

Section Object 

Event Object 

Seismic section based attribute objects are 
mostly the traditional instantaneous seis
mic attributes usually generated on the fly 
and often displayed in conjunction with 
the seismic wiggle trace. 

Seismic event (or horizon) based attribute 
objects are seismic attributes derived at or 
near an interpreted event. 

^ 

Timeslice Object 

J 

Seismic timeslice attribute 
objects are special cases, 
either flat event attributes or 
timeslices from a volume 
attribute 

Seismic volume based attribute objects 
are complete volumes of attributes 
derived from a 3-D seismic wlume. 

Figure 3. Classification of seismic attributes (Chen and Sidney, 1997). Attributes can be 
calculated based on a 2-dimensional section of seismic data, an interpreted event, or a 
timeslice through a seismic volume. 

The rock parameters of interest were: porosity distribution, reservoir thickness, 

velocity, and producing and non-producing wells. Each parameter was averaged over the 

glauconitic reservoir interval. Figures 4-8 are point averages of well log measurements 

for the 26 wells in the survey. Figure 4 shows an overlay of the producing zones (the G, 
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U, and W pools) over the reservoir porosity. As a general trend porosity and reservoir 

thickness are greatest in the northwest and lowest in the southeast (where three dry holes 

were drilled). Figure 8 shows the expected result that seismic velocity decreases as 

porosity increases. Figures 9-17 are event based seismic attributes averaged from the 

original seismic reflection data and the acoustic impedance result. Figure 9 shows that 

low impedance zones (in brown) overlay the G, U, and W pools while the high 

impedance zones (in blue) overlay the areas between the pools. These pools generally 

coincide with higher instantaneous frequency (Figure 10), lower instantaneous phase 

(Figure 11), higher envelope values (Figures 12 and 13), and larger seismic amplitudes 

(Figures 14 and 15). Porosity and reservoir thickness are self-explanatory since that are 

essential in estimating petroleum reserves. Compressional velocity was chosen as a target 

parameter since seismic data is acquired in travel-time, yet geologic structures must be 

interpreted in depth. Knowledge of velocity variations within a survey are critical for 

proper time-depth conversion of geologic structures and for proper seismic processing 

such as migration. 



12 

-100-

-200 y^Z5 - 1 4 - 1 9 ^ ^ ^ 
(^ Z -2S-14^1>*N^ 

0.2130 

f - s ^ V . 15-24-14-19 > v 0.1904 
-300- ( 13-24>»>^J J6-24-I4-1K. 

V U - P O O N ^ . 9-24-14-19^. 

-400-
X> i X n i i K 1 120€-14-19 

( 12 Z 4 > ^ t 3 ^ v X * I P M * l l f i H X 

0.1829 

\ " ^ ^ v 0 2 / i ( N * 4 - i 4 - i 9 \ W - P o o l \ 0.1 G74 

-500-

\ " ^ ^ v 0 2 / i ( N * 4 - i 4 - i 9 \ W - P o o l \ 

\ G - P 0 0 l \ \ N . N . 3-1A14-I8 

\ . Ns/\t-24-14Nfl \ ° \ 0.1519 

-G00- \ ^ 3-24-14-lV2Sr14-19 \ \ J4-18-W-1B 

Xw ^ \ 1B-13jl4-19 ' 0.1365 

-700- \ . >^J 
>w 1 0 O 3 1 4 ^ W - 1 3 - 1 4 - l W - i a - 1 4 - 1 8 0.1Z10 

""": X. \ 0.1055 

-900-
>v^ 8-13-14- l9 \ 

^ ^ ^ _ y 4-18-14-10 
• 

0.0900 

1G-1Z-14-19 
0.0745 

-1100-
1 0.0591 

-1100-

-200 -100 0 100 ZOO 300 400 

1 0.0591 

Figure 4. Areal distribution of density porosity averaged over reservoir intervals. 
Porosity is lowest in the SE quadrant of the survey and increases to the NW. The G, U, 
and W pools are shown trending SE-NW. 

3-Z5-14-19 
Z-Z5-14-19 

13-24-14-19 16-24-14-19 

• 
9-24-14-19 

l l . 9 4 . 1 4 . l f i 1Z-19-14-
J l Z4 14 i a _ Z 4 _ 1 4 _ 1 3 • 

103y9- i4pJ4rJ9.f i  
12-24-14-19 • jN19--'I4-"1fl 

1DZ/1Q-Z4-14-19 

" 7-24-14-19 
• 

J Z4 14- IH 

'J 

1E-13-14-19 

3 -19-14-18 

14-18-14-10 

1 Q - U - 1 4 - j * M - 1 3 - 1 4 - l « - 1 B - 1 4 - 1 

8-13-14-19 

4 -1B-14-18 

-200 -100 100 ZOO 300 

0 

Figure 5. Porosity - thickness product. 

file:///G-P00l
ll.94.14.lfi
103y9-i4pJ4rJ9.fi


' 

13 

-100-

-200- 3-25-14-19 
" 2-2S-14-19 

• 

18J 

15-24-14-19 16-
-300- J 3 - 2 4 - 1 4 - 1 3 ° J 6 - 2 4 - 1 4 - 1 9 

9-24-14-19 

-400-
J1-24-14-18.24.^,3 J*-19-M-W 

" 03/9-24-.U-J9 1 R 
1Z-Z4-14-19 • ^ n T - T f - I B 

° 02/10-24-14-19 

14.". 

13.1 

-500- " 7-24-14-19 
• 

3-19-14-18 
• 

1-24-14-19 
11. ' 

-600- 3-24-14-192-24-14-19 14-18-14-18 
D • u 

16-13-14-19 
• 

9.0 

-700-

1 B - 1 3 - 1 4 j S f l - , 3 - , 4 - 1 ? Z 1 6 - 1 4 - i a B.I 

-600-

-300-
B-13-14-19 

• 

4-18-14-18 4.8 

-1000-

1G-1Z-14-19 " 
-1100-

1 
-1100-

-200 -100 0 1DO ZOO 300 400 1 
Figure 6. Reservoir thickness (meters). 

-100-

-ZO0- 3-Z5-14-19 
" Z-ZS-14-19 

1X0 

15-24-14-19 0.90 
-300- J3-Z4-14-19 ' J6 -24-14-19 

9-24-14-19 

-400-
i i 7a ta i i 12-19-14-18 

J 1 - M - 1 4 - 1 8 - 2 4 - 1 4 - 1 9 • 

12-24-14-19 • B*-^9-T4-TB 

" 102/10-Z4-14-19 

040 

0.70 

-500-
" 7-24-14-19 

3-19-14-18 
• 

1-24-14-19 

3-Z4-14-192-Z4-14-19 14-18-14-1B 
• • 

" 7-24-14-19 

3-19-14-18 
• 

1-24-14-19 

3-Z4-14-192-Z4-14-19 14-18-14-1B 
• • 

0X0 

-600-

" 7-24-14-19 

3-19-14-18 
• 

1-24-14-19 

3-Z4-14-192-Z4-14-19 14-18-14-1B 
• • 

16-13-14-19 
• 

0X0 

-700-

J 0 - 1 3 - 1 4 j ^ - , 3 - , 4 - L E - , e - 1 4 - , B 0.40 

-B00-

0.30 

-900-
6-13-14-19 

• 

4-18-14-18 0.20 

-1000-

16-12-14-19 

_ 0.10 

-1100-
I 0.00 

-1100-

-200 -100 fl 100 ?IH1 300 4fln 

I 0.00 

Figure 7. On / off channel. 



14 

-100-

-200- 3-25-14-19 
" 2-25-14-19 

D 

4160 

15-24-14-19 4044 
- 3 M - J3-24-14-19 ° JG-24-14-19 

9-24-14-19 

-400-
i i 7A \a m " 12-19-14-18 

J 1 - 2 4 14"J1-Z4-14-11 • 
1 03 /9-UU -JJ 1fl 12-24-14-19 • V - f l T - W - i a 

° 02/10-24-14-19 

39ZB 

3012 

-500-
° 7-24-14-19 

a 

3-19-14-10 
• 

1-24-14-19 
3696 

-600- 3-24-14-192-Z4-14-19 14-18-14-18 
a o • 

16-13-14-19 
• 

3580 

-700-

D 1 0 - 1 3 - 1 4 ^ / 3 - 1 3 - 1 4 1 S Z - 1 8 - , 4 - ' , e 34G4 

-800-

334B 

-900-
0-13-14-19 

a 

4-18-14-10 -V'.V' 

-1(100-

16-12-14-19 
_ 3116 

-1100-

1 300G 

-1100-

-200 -100 0 100 200 WO 400 

1 300G 

Figure 8. Sonic velocity (m/s). 

-100-

12000 
-200-

** #i3!*5 Skk. 
11510 

-300 -

J ^ ^ ' h 
1102O 

- 4 0 0 - TB - -' Em m W W r 
10530 

-500-

w 10040 

^H • g^ ' . f * # 
! *&0 

-700 - HBt^~-vNi^k^^i 

*T^5 <?Sv3\2 9060 

-800- V. I&JLJF, ^L ! 
>iff i y * y •^H^y : Bch 8670 

-soo- ^^vi "*•* "'T IL . 

^ r lJStf'W 
0080 

-1000-

_ 7S90 

-1100- , ^ ! ^ * 
<t& 

1 7100 

-200 -100 (1 100 200 300 400 

1 7100 

Figure 9. Average impedance (m/s*g/cc). 



15 

^ « j £ » > 
-ZOO -100 100 ZOO 300 400 

Figure 10. Instantaneous frequency (Hz). 

-ZOO -100 

Figure 11. Instantaneous phase (degrees). 



16 

Figure 12. Average envelope. 
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Figure 14. Minimum amplitude. 
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Chapter 2. Methods 

Preparing a data set for examination is arduous, but essential. A detailed knowledge 

at well sites provides a map-based insight into the spatial distribution of petrophysical 

variables and possible correlations between them. Control points can be summarized by 

calculating their mean, variance, minimum and maximum values of a specific property 

such as porosity. Combining accurate, yet sparse well data with densely sampled seismic 

values will help forecast geologic properties between control points. 

Traditionally, geological information is represented as points and mapped in two-

dimensional space. Analysis begins by identifying patterns within the known data to 

determine if points are uniform, random, anisotropic, correlated or clustered. 

Determination of point distributions is based on sampling from which inferences can be 

made; the higher the number of control points, the more accurate the prediction. These 

point distributions also allow for error estimates or validation. How good can a value be 

predicted if it is removed from the training set? 

The essence of geostatistics is spatial correlation. The objective is to determine 

spatial correlation patterns which describe how trends vary in space and convolve a 

spatial convolutional operator onto points of the entire survey. The concept of spatial 

correlation is analogous to spiking deconvolution. In deconvolution the aim is to predict 

the waveform from a randomly distributed reflectivity series and subsequently remove it. 

The process of spatial correlation involves imposing a wavelet of known character which 

is believed to represent geologic trend. The difference between geostatistics and 
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deconvolution is that while deconvolution seeks reflections in the form of "prediction 

errors" , geostatistics uses the predictions to estimate reservoir properties between wells. 

2.1 Statistics and probability of random variables 

Geostatistics is governed by random functions and the law of probability. A 

random variable is a numerical outcome of a random process in which the outcome has a 

probability of occurrence. The chances of predicting an outcome depends on the available 

information that can be integrated into a probabilistic model. Probability can be 

considered the study of chance. The law of probability assigns a weight to the possibility 

of a specific outcome. For example, if events have equal probability of occurrence, the 

probability of one of N events occurring is 1/N. For two events (A and B), the outcome of 

either event occurring is the sum of the individual probabilities, written as 

P(AuB) = P(A) + P(B) - P(AnB) (2-1) 

The foundation and mechanism for making inferences from sample data of any statistical 

examination is built on the theory of probability. 

2.2 Measures of spatial distribution 

Correlation is most commonly defined by variance and covariance. Variance is 

the measure of standard deviation from the mean. The mean (m) is calculated by 

summing a set of observations and dividing by the number of observations: 

1 v^ sum of measurements 
m = - 2 , x,:= (2-2) 

n ~7 number of measurements 
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Variance is a measure of variability between values and is calculated as the average 

squared difference of values about their mean: 

C T 2 = i V ( w , - m ) 2 (2-3) 

Standard deviation is the root-mean-square of data about their mean. It is also the square 

root of variance. Covariance is expressed as: 

ay = l/n£(wj - m)(wj - m) (2-4) 

The covariance matrix is used to assess the variation between variables and can be 

defined in matrix form as follows: 

1 = (T2] (722 •••<3"2x 

VCTX | ( J x 2 . . . f J x x y 

(2-5) 

where a is variance and E is the sum of the variances in the diagonal of the matrix. The 

matrix is symmetric about the leading diagonal which represents the autocorrelation 

function. Covariances between pairs of different variables are the off-diagonal 

components. The covariance between a random variable and itself is the same as its 

variance. Covariance can also be defined as an averaged cross product where the 

deviation between one variable and its mean multiplied by the deviation of another 

variable and its mean (Tabachnick and Fidell, 1996). 

Relating random variables can also be described by the correlation coefficient which 

shows a linear relationship between variables. Random variables can be positively 
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correlated (such as porosity and permeability), negatively correlated or uncorrected. The 

assumption of linearity is useful because variables can be expressed by the equation of a 

straight line, y = ax + b, where the slope a is defined as the correlation coefficient 

multiplied by the ratio of the standard deviations. Knowing the slope, the constant b can 

be calculated from the means of the two variables (Isaaks & Srivastava, 1984). 

2.2.1 Histograms 

Organization of data is best accomplished graphically through histograms and 

cross plots. A histogram is a frequency of occurrence of certain classes of data. Each 

class occupies a rectangle whose width is constant with respect to other classes. Figure 

18 shows the histograms of target well log properties and some seismic data attributes. 

The target well log parameters are sonic velocity, density porosity, reservoir thickness, 

logs that were drilled on and off the channels, and porosity - thickness product. These 

target parameters were chosen because they are most commonly sought in reservoir 

characterization studies. The seismic attributes generated were averaged over the 

Glauconitic horizon using a window of 40 ms. Several statistical diagnostic methods 

were used such as root-mean-square, minimum, and maximum. Ten seismic attributes 

tested were instantaneous phase, instantaneous frequency, average envelope, maximum 

envelope, minimum amplitude, RMS amplitude, average impedance, RMS impedance, 

minimum impedance, and maximum impedance. 
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Figure 18. Histograms of (a) instantaneous phase, mean = 97, standard deviation = 9.2; 
(b) rms impedance, mean = 8652, standard deviation = 627; (c) minimum impedance, 
mean = 8652, standard deviation = 627; (d) on/off channel, mean = 1, standard deviation 
= 0.4; (e) sonic velocity, mean = 3531, standard deviation = 377, (f) porosity, mean = 
0.16, standard deviation = 0.01; (g) reservoir thickness, mean = 8, standard deviation = 
5.4; (h) porosity x thickness, mean = 1.5, standard deviation =1.1. 
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2.2.2 Cross plots 

Cross plots pair two variables at different locations to measure the strength of the 

linear relationship between points by fitting points to a straight line. Values that fall 

close to or on the line have a higher correlation than those that lie away from the line. 

Target well properties were acquired by averaging over the Glauconitic Member to obtain 

the following: reservoir thickness, density porosity, sonic velocity, and porosity times 

thickness. The well data was also divided into two groups: (1) on and (2) off the 

producing channels. Figure 19 shows the cross plots of the best single attribute that 

correlates with the target rock properties. It also shows that there are certain attributes 

which correlate well with important reservoir properties. Figure 19(a) shows that 

instantaneous phase indicates whether or not we are in a glauconitic channel. As shown 

in Figures 19(b) and (e), the porosity-thickness product correlate with a lower RMS 

impedance. This result is not surprising since velocity decreases with increased porosity, 

and impedance (density-velocity product) generally increases with increasing velocity 

(Figure 19(d)). Figure 19(c) indicates the expected result that impedance decreases as a 

porous reservoir zone increases in thickness. Table 2 lists 50 combinations of well data 

and seismic attributes and their corresponding correlation coefficients. 
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Figure 19. Cross plots of best single seismic attribute that correlates with target log 
properties: (a) on/off channel wells and instantaneous phase, correlation = -0.83; (b) 
porosity and minimum impedance, correlation = -0.74; (c) reservoir thickness and rms 
impedance, correlation = -0.69; (d) sonic velocity and minimum impedance, correlation = 
0.76; (e) porosity x thickness and rms impedance, correlation = -0.67. 
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Well Log Data Seismic Data Correlation 
1. On/Off Channel Instantaneous phase -0.832 
2. Velocity Minimum Impedance 0.757 
3. Density Porosity Minimum Impedance -0.735 
4. Thickness RMS Impedance -0.693 
5. Density Porosity RMS Impedance -0.677 
6. On/Off Channel Minimum Impedance -0.670 
7. On/Off Channel RMS Impedance -0.658 
8. Porosity x Thickness RMS Impedance -0.651 
9. Density Porosity Instantaneous phase -0.596 
10. Thickness Maximum Impedance -0.592 
11. Thickness Minimum Impedance -0.582 

12. Porosity x Thickness Maximum Impedance -0.578 
13. Velocity RMS Impedance 0.575 
14. Porosity x Thickness Minimum Impedance -0.572 
15. Thickness RMS Amplitude 0.559 
16. On/Off Channel Minimum Amplitude -0.554 

17. Thickness Average Amplitude 0.535 
18. Porosity x Thickness RMS Amplitude 0.534 

19. On/Off Channel Maximum Impedance -0.528 
20. Porosity x Thickness Impedance -0.527 

21. On/Off Channel RMS Amplitude 0.526 
22. Thickness Instantaneous phase -0.522 

23. Thickness Minimum Amplitude -0.517 

24. Thickness Impedance -0.510 

25. Porosity x Thickness Average Envelope 0.508 

26. Density Porosity Maximum Impedance -0.496 
27. On/Off Channel Average Envelope 0.490 

28. Porosity x Thickness Instantaneous phase -0.484 

29. Density Porosity RMS Amplitude 0.473 

30. Porosity x Thickness Minimum Amplitude -0.468 

31. Density Porosity Instantaneous Frequency -0.438 

32. Density Porosity Average Envelope 0.438 

33. Density Porosity Minimum Amplitude -0.436 
34. On/Off Channel Instantaneous Frequency -0.426 

35. Velocity Instantaneous phase 0.422 

36. Thickness Maximum Envelope 0.415 

37. Velocity Maximum Impedance 0.408 

38. Porosity x Thickness Maximum Envelope 0.401 
39. Density Porosity Impedance -0.360 

40. Velocity Minimum Amplitude 0.343 
41. Velocity RMS Amplitude -0.320 

42. On/Off Channel Maximum Envelope 0.295 

43. Velocity Average Envelope -0.295 
44. Density Porosity Maximum Envelope 0.284 

45. Velocity Impedance 0.237 

46. On/Off Channel Impedance -0.235 

47. Velocity Instantaneous Frequency 0.227 

48. Porosity x Thickness Instantaneous Frequency -0.196 

49. Thickness Instantaneous Frequency -0.172 
50. Velocity Maximum Envelope -0.149 

Table 2. List of event-based seismic attributes and well log combinations sorted in 
descending order by correlation coefficient. 
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2.2.3 Variograms 

Variogram modeling is a necessary statistical technique for kriging, cokriging, 

and conditional simulation because it relates spatial continuity changes as a function of 

distance and direction. Goestatistics implies that there is structure to the data. That is, 

values that are close together have higher spatial correlation than measurements that are 

farther apart. The variogram is defined as 

rW=—£(",-«, )2 (2-6) 

where h is distance between variables w, and Uj. Variograms can be modeled with respect 

to different directions and if the variograms differ with direction, the data is anisotropic. 

Figure 20 illustrates the three components of a variogram: sill, range and nugget. The sill 

indicates the level at which the variogram reaches a plateau. The distance where the 

variogram plateaus is called the range and is the distance at which the covariance changes 

to zero. The range is the distance at which the variogram reaches a plateau. The nugget 

is the discontinuity at the origin where h is zero but due to errors in sampling intercepts at 

a value greater than zero. Once the variogram is modeled, covariance for a distance and 

direction (h) can be calculated by subtracting y(h) from the sill (Isaaks and Srivastava, 

1989). 
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Figure 20. Anatomy of a variogram. The sill is the variance of the data, the nugget is 
the discontinuity at the origin, and the range is the distance at which the data becomes 
uncorrelated (Wolf et al., 1994). 

There are three standard equations for modeling a variogram: spherical, gaussian 

and exponential (Isaaks and Srivastava, 1989). The spherical model is defined as: 

Xh) 
1.5—-0.5 

a 
1 

' h ^ 3 

* a , 

if h <a 

otherwise (2-7) 

and is linear near the origin and demonstrates good continuity. This model is possibly the 

most widely used of the three functions. 
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The Gaussian model reaches its sill asymptotically and is parabolic about the 

origin (suggesting excellent continuity). It is defined as 

y (h )= 1 - exp 
c 3h 2 ^ 

(2-8) 

J 

The exponential model is linear near the origin but rises steeply and reaches a plateau 

more gradually than the spherical model and is written: 

' 3h^ 
y (h )= 1 - exp 

a J 
(2-9) 

Three variograms can be constructed: well-well, well-seismic and seismic-seismic 

using the above modeling functions. 

Because the variogram is a vector it provides information about anisotropy. If the 

range for all directions are the same the data are isotropic, if not then the data exhibit 

anisotropy. The best methods for calculating variograms are outlined by Isaaks and 

Srivastava as follows: 

(1.) Calculate an omnidirectional variogram to determine distance parameters that 

easily define structures. 

(2.) Test for anisotropy by calculating directional variograms. 

(3.) Choose a directional tolerance that will yield the clearest variogram. 
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Chapter 3. Application of spatial relationships 

Once the nature and distribution of petrophysical parameters at well sites has been 

examined several geostatistical algorithms can be implemented to model and estimate 

reservoirs. Estimates of uncertainty within each model can also be generated to supply 

levels of confidence. Conventional geostatistical algorithms, such as kriging and 

cokriging are designed to estimate unknown values from known values through a linear 

system of equations. Multivariate regression and prediction allow for the integration of 

multiple variables at once. This is not only practical and less time intensive but it also 

attempts to expose the complicated interrelationships of multivariate statistics 

(Tabachnick and Fidell, 1996). 

3.1 Kriging 

Kriging is the process of estimating values based on a linear weighted combination 

of surrounding sample values of a single variable: 

a=2>, (3-D 

Where w, are sample values and at are linear weights. 

The well-to-well variogram model calculates weights to be assigned in the spatial 

interpolation process. Kriging is a local estimation technique, rather than a global 

estimation, since is defines a best estimate of a regionalized variable within sample 

space. 
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3.1.1 Ordinary kriging 

Ordinary kriging can be considered the best linear unbiased estimator (B.L.U.E.) 

because its estimates are weighted linear combinations of point values, unbiased because 

it attempts to have the mean residual (niR) or error variance (o~ R) equal zero, and best 

since it tries to minimize the variance of errors. Since mR and a2
R are never known, it is 

best to work with a probability model and calculate the error for it. By assuming that the 

random function model has the same mean and variance, the following relationship 

between the model variogram (yij) and model covariance (Qj) are defined by Isaaks and 

Srivastava (1989) as: 

= \E{v;-}+lE{v;}-E{VrVl} <3-2) 

= E{v2}-E{VrVj} 

= E{v2}-m2 -\E\Vt -Vj-m2] 

The ordinary kriging system can be expressed in terms of the variogram: 

n 

2 ^jTij - H = Tio V i = l , . . . , n (3.3) 
j=i 

where the weights are unbiased: 

t ffl, = 1 0-4) 
i=i 
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and the modeled error variance is: 

n 

O R = X WfYio + r* (3"5) 
i = l 

The variable (i in equation (3-3) is the Lagrange parameter. As Isaaks and Srivastava 

(1989) explain, difficulties arise when trying to minimize the error variance as an 

unconstrained problem because setting n partial first derivatives of the error variance to 0 

will produce a system of n equations with n unknowns. The unbiasedness condition will 

add another equation to produce a system of n+\ equations and n unknowns. The 

Lagrange parameter is added to convert a constrained minimization problem into an 

unconstrained problem. The error variance is now a function of n+\equations and 

«+lunknowns. Setting the n+lpartial first derivatives to 0 with respect to each variable 

will satisfy the unbiasedness condition. 

Although the mean does not have to be the actual value, the choice of covariances 

for the ordinary kriging system are important. The covariance model in ordinary kriging 

provides a powerful ability to customize the ordinary kriging estimation procedure and 

also provides valuable qualitative insights into anisotropy (Isaaks and Srivastava, 1989). 

Kriging is analogous to a type of least-squares prediction. Lines (1988) describes 

mathematical models that are computed to find the best fit to observed data by fitting 

straight lines are fitted to measurements by minimizing the sum of squares of differences 

given by 

X[y(t) - f(t)]2 <3"6) 
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where the vector y(t) is a set of data observations which are fit, using least squares, to a 

model f(t) = at + b (Figure 20). 

f(t) 

f C*N, yN ) 
f (t) = at + b 

Figure 21. Example of modeling a set of observations (yi, y2, V3, .. .,yn) to a straight line; 
a and b are chosen so as to minimize the difference between measured data and model 
response by least squares (Lines, 1988). 

Modeling requires minimizing the differences between observations (y) and the model 

response (f). Reduction on differences is traditionally achieved by minimizing the sum of 

squares of residuals (e=y-f) of the L2 norm. 

3.1.2 Kriging with external drift 

Geostatistical modeling is based on the assumption that the data are stationary. That 

is, the mean is constant through sample space. An extension of ordinary kriging would 

be to combine secondary information, i.e. seismic data, into the model. Seismic 

structures nearly always change with distance over an entire area but generally adhere to 

the stationary requirement over subsets of the survey where the search neighborhood is 

restricted. A method of handling non-stationarity would be to remove the trend and work 
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with the stationary residual and later add the trend back to the kriged result. The residual 

is the difference between actual values and the drift calculated from average and trend 

effects (Swan and Sandilands, 1995). The trend function can be estimated from a data set 

as being linear, cubic, or quadratic. 

3.2 Cokriging 

This geostatistical tool is a modification of kriging and is based on a weighted linear 

integration of two variables, primary and secondary, unlike kriging which constructs 

models based on a single variable. Theoretically, however, both systems are alike. 

Well log data is considered primary because it is exact at known locations. Due to 

the sparse nature of well data, it is often useful to incorporate another variable or 

secondary data set such as seismic information. Seismic reflection data is densely 

sampled but inherently unclear because it is bandlimited and corrupted with noise and 

multiples. By correlating both variables it is believed that the error variance can be 

minimized, in turn, estimation procedures are enhanced. 

There are two types of cokriging: simple and collocated. Simple cokriging relates 

n variables to a target attribute. Combining undersampled primary information (well 

data) with densely sampled secondary (seismic) information is accomplished through a 

weighted linear system expressed as: 

n m 

u=£a,w,. +£V; (3"7) 

i=i j=i 
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where a, and bj are the weights for both data sets, w,- represents the primary data and Vj 

represents the secondary data (Isaaks and Srivastava, 1989). The weights must produce 

an unbiased estimate and yield the smallest error variances. 

Three variogram functions are required for cokriging: well-to-well, well-to-

seismic, and the seismic-to-seismic. 

3.2.1 Collocated cokriging 

The problem associated with simple cokriging is matrix instability (Journel, 1989). 

Unstable matrices result from the combination of large separation distances and poor 

auto-correlation between well data. Collocated cokriging presents a solution whereby 

each control point has an associated secondary value. Collocated cokriging uses one 

seismic variable in conjunction with well log values and is believed to give more reliable 

estimates. 

3.3 Discriminant analysis 

This technique is useful in classifying data populations or clusters according to a 

discriminant function of a vector that best separates populations between groups in 2D 

space (Figure 21). The discrimination between groups is arbitrary and may be assigned 

based on, for example, ranges in porosity, net pay, lithology, or the number of fossils 

occurring in a stratigraphic sequence. A training group is formed based on known values 

of a particular property which will then act to assign unknown values to a particular 

group. 
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Figure 22. Linear discriminant analysis for two attributes (X) and X2) and two clusters, 
A and B (from Hampson-Russell Innovations, Vol. 12, No. 1, 1999). 

The geological property of interest and the number of separate clusters is user defined 

and is usually bound by trial and error. A discriminator relies on how accurately 

proportions of values are assigned to the entire data set. According to Swan and 

Sandilands (1995) the assumptions in linear discriminant analysis are the data are 

normally distributed and the covariance matrices are equal. When the covariance 

matrices are not equal quadratic and linear terms are included in the discriminant function 

and make classification much more difficult. 

The points along the discriminant function axis for two attributes, Xi and X2, are 

described by Hampson-Russell (1999) as: 

R = W1X1 + W2X2 (3-8) 
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where xi and x2 are two attribute values weighted by wi and w2. The central value R0 is 

expressed as: 

R0 = wjmi + w2m2 (3-9) 

Where mi and m2 are average means on the two axes. Weights are computed as: 

(3-10) w, 
= 

C l l C12 

. .C21 C 22 _ 

-1 

. d 2 . _ W 2 _ 

= 
C l l C12 

. .C21 C 22 _ 

-1 

. d 2 . 

where cy is the average of the covariances between ith and j t h attributes given by: 

cu = 
Cov[A,.A;] + C0v[B,By] 

number of points - 2 
(3-11) 

and dj = iriAj - ITIBJ = distance between means on Xj axis. 

3.4 Multi-regression and prediction 

Prediction based on the combination of more than one variable is done using 

multivariate statistics. The simplest case of this method would be cokriging which 

spatially relates two variables, yet this technique includes any number of weighted 

random variables that can be summed to better constrain and enhance reservoir 

predictions. 

Multi-regression and prediction is the process of merging seismic and well data to 

determine whether there is some transform (linear or non-linear) of the input data that 

best models the desired log property. A linear function relating multiple attributes is 

<|>(x,y) = w0 + wiA(x,y) + w2B(x,y) + w3C(x,y) (3-12) 
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where <j)(x,y) is porosity is expressed as a weighted linear combination of seismic 

attributes. The process of deriving a multi-attribute transform to predict the desired rock 

property is based on step-wise regression, which is an extension of conventional cross-

plotting. 

During the multi-attribute transform, estimation of the calculated multi-attribute 

transform can be tested through a process called cross-validation. This involves hiding 

each well systematically and using the remaining wells to re-derive the transform. The 

validation is the average error for all wells. Prediction error is tested against the number 

of attributes used in the multi-variate transform. Prediction, theoretically, decreases with 

increasing number of attributes, however, they do not always improve the interpolation. 

Cross-validation is analogous to fitting a cross plot with increasingly higher order 

polynomials (Hampson et al., 1999). 

3.5 Stochastic simulation 

Earth science data is often acquired such that there is limited data from which a 

detailed model can be deterministically defined. Due to the presence of uncertainty at 

unsampled locations many models can describe a given data set. There are an infinite 

number of outcomes of a random function. Stochastic simulation produces many equally 

probable maps, each honoring the information from the real data values. Condtioning the 

data requires, like kriging, that the estimator be unbiased, the variograms must be 

identical, and the control points must be respected. As Figure 22 illustrates, this 

technique offers reasonable variations in contouring. 
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Figure 23. Multiple realizations of the same map can be produced through conditional 
simulation (Wolf et al., 1994). 

Conditional simulation provides an infinite number of realizations associated with a 

stationary random function. The realizations are called conditional simulations of a 

regionalized event. They help predict variations in the distribution of reservoir 

properties. Each realization is conditional in that the simulated points and the measured 

points are the same. Conditional simulation also requires that the variograms are 

identical. Estimation differs from simulation in that an estimator predicts a point closest 

to the real value whereas simulation involves generating maps that provide detail in the 

distribution of a random function at the expense of accuracy. 
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The type of conditional simulation used in this study is called Sequential Gaussian 

Simulation. Jensen et al. (1997) describe the procedure for this method as follows: 

(1.) Transform the sample data to be Gaussian. 

(2.) Randomly select a point to be estimated. Use known values that surround that 

point and perform ordinary kriging. The mean of the Gaussian distribution and 

the error variance are now defined. 

(3.) The transformed value is then added to the known data. 

(4.) Repeat steps 2 and 3 until all points have been visited in the sample space. Each 

simulation will differ because of the random collection of grid points. 

Probability maps can be generated from simulated results which allow a user defined 

probability of occurrence for a specific measurement. Indicator maps estimate a 

probability distribution for a certain cutoff value, or class of data. 
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Chapter 4. Results 

The seismic attributes that best correlate with the target reservoir parameters were 

instantaneous phase, and impedance properties. The effect of reservoir changes on 

instantaneous phase resulted in local phase changes possibly caused by the presence of 

hydrocarbons. It is not surprising that impedance would be influenced by changes in 

porosity since both density and seismic velocity are affected by porosity. 

4.1 Porosity prediction 

Linear regression was first applied based on the cross-correlation between 

porosity and minimum impedance (Figure 24). This result is highly dependent on the 

Figure 24. Linear regression applied to porosity values and minimum impedance. 
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scatter of points about the regression line. As Figure 19(b) showed, the correlation 

coefficient was -0.74. Porosity estimates by best fitting data points to a straight line can 

be significantly impacted by the amount of scatter from the regression line and the 

presence of outliers. 

Several variograms were calculated to determine the spatial distribution of 

porosity values as a necessary step for kriging estimation. Three model variograms 

(spherical, exponential, and Gaussian) were analyzed and are shown in Figures 25-27. 

Variogram 
Well-to-Well Variogram 

0.0030- • 

0.0025-

• 
• • 

0.0025-
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• 
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Offset 

700 

• Isotropic variogram Modelled variogram 

Figure 25. Spherical well-to-well variogram for porosity. Nugget=0.0005, sill=0.0033, 
and range=210 meters. Average values are black squares. The red line is the modeled 
variogram that best fits the average variogram values. 
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Figure 26. Exponential well-to-well variogram. Nugget=0.0005, sill=0.0035, and 
range=115 m. 
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VRrlngram 
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Figure 27. Gaussian 4 well-to-well variogram. Nugget=0.0005, sill=0.0033, and 
range=120 m. 

The range for the spherical variogram is much greater than the ranges of the other 

two variograms which are about equal. The effect of different ranges on kriging weights 

is negligible and there is no apparent difference in estimation. As Isaaks and Srivastava 

(1989) pointed out, the variance in ordinary kriging is lowered when the range is made 

larger. The values did not have a normal distribution, therefore the gaussian model was 

not used. Ordinary kriging on averaged porosity values was tested using several search 

neighborhoods, 100 meters, 200 meters, and 1300 meters. Results are plotted in Figures 

28-30. Kriged results using the spherical and experimental variograms were compared to 

test their predictability of porosity. The difference between the two results (Figure 31) 

shows that there is no difference in the estimations at, or directly surrounding the sample 

values, but in areas that lack well control, this estimation method becomes unreliable 

using either procedure. 

Ordinary kriging results show a smoothed interpolation between well values. 

They demonstrate how kriging produces a crude contour of actual data samples. The 
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Figure 28. Ordinary kriging result using the exponential variogram with a search radius 
of 100 m. The porosity estimate is a linearly weighted average of porosity values within a 
100 meter range. 

Figure 29. Ordinary kriging result using the exponential variogram with a search radius 
of 200 m. The result is slightly smoother than the kriged result computed using the 
exponential variogram model. 
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Figure 30. Porosity map calculated using ordinary kriging. The exponential variogram 
and a search radius of 1000 m were used. 
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Figure 31. Difference between kriged result using exponential and spherical variograms. 
Errors are highest in zones that lack well control. 
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effect of the search radius shows that with increasing sample values, variance decreases. 

At small search neighborhoods, bull's eyes are apparent. As the search neighborhood 

increases, the non-producing zones in the SE quadrant are clearly defined the producing 

zones lack channel structure. The error at control points is negligible, but with increasing 

distance from known values, this error becomes very high, as shown in Figure 32. Cross-

validation (Figure 33) shows absolute error of ±10% porosity. Therefore, it is preferable 

to incorporate a secondary data set through cokriging in an attempt to minimize error. 

Using the cokriging method, well data would be the primary variable guided by a densely 

sampled seismic data as a secondary variable. 

Figure 32. Error using ordinary kriging method for porosity estimation. At well sites, 
error is zero. Unsampled locations have the greatest error. The result is a smoothed 
interpolation between sparse well values. 
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Figure 33. Cross validation of kriged result obtained by hiding each well systematically 
and calculating the hidden well based in the values of the surrounding wells. 

Distribution of a second variable was calculated using the seismic-to-seismic 

varioagram, using one direction (Figure 34) and four directions (Figure 35). An 

exponential variogram best fit the seismic attribute minimum impedance. 
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Figure 34. Exponential seismic-to-seismic variogram for minimum impedance. 
Nugget=8500, sill=3e+05, and range=80 m. 
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Figure 35. Anisotropy was tested by computing the above variogram with four directions. 
The variogram type is exponential and has a nugget=8500, sill=3e+05, and range=80 m. 
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Figure 36. Covariance map showing anisotropy approximately 45 degrees west of north 
following channel structure. 
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The covariance map (Figure 36) illustrates anisotropy or trend approximately 45 

degrees west of north corresponding to channel structure. Mapping improves with the 

addition of the seismic attribute minimum impdance as shown in the kriging with 

external drift result and the cokriged results (Figures 37 and 39). 

Figure 37. Kriging with external drift using a linear relationship between the porosity 
values and minimum impedance. 

Figure 38. Porosity map computed using conventional cokriging. 
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Figure 39. Collocated cokriging result 

The addition of a secondary variable improved the estimated models significantly 

by better modeling the channel porosity. It is evident that bivariate estimation implies 

that porosity distributions are not as laterally continuous as modeled in the kriged result 

using wells alone. The seismic attribute has acted as a guide in the interpolation between 

well values. Kriging with external drift is less computationally intensive because it 

calculates grid points based on a weighted average of wells values using the seismic 

attribute directly to guide the estimation. This method provide a first order approximation 

of cokriging (Wolf et al., 1994). Cokriging calculates a weighted combination of primary 

and secondary variables, honoring the spatial correlation of well values and seismic 

values, thus requiring more computation time 

Figure 40 shows the results mapping estimation uncertainty of ten equally 

probable realizations of density porosity. Each map honors the well data. The average of 

the ten simulations is shown in Figure 41. The probability map (Figure 42) 
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-soo 3fâ Lj1 l̂iCf P jBBt H 02100 

D.lltOO 

-750 
H 0.1200 

-1000-
D.09OO 

oo6oa 

^ ^ e # * 0.0300 

H 0JM00 -200 -100 0 100 200 300 400 

0.0300 

H 0JM00 

Senulalion Result: 5 Dinsily funni ly 

-250- ^Hfe fc . iii
 

-500- ^^Hi&W'^liSffi^ • 02100 

H 0.1BOO 

-750-

-1000-

n.isno 

• • 1 0.1200 

O.OWO 

o.oeoo 

U.UJUU 

H 0.0000 

-750-

-1000-

-ZOO -100 0 100 ZOO 300 400 

n.isno 

• • 1 0.1200 

O.OWO 

o.oeoo 

U.UJUU 

H 0.0000 

Simulation Result: 6 Density Porosity 

-250- _ a j 4 « ^ 9 H '••:> - H 0.3000 

^ ^ B W ^S^Lw 
H 02700 

H 02400 
-500-

iSS^JHfei H 02100 

U.I(Kin 

7 M - 41 HHK«K v 
O.ISOfl 

H 0.1200 41 HHK«K v 
n.il'lilil 

-1000 0.0600 

_ 0.0300 

• oxooo 

-1000 

-ZOO -100 0 100 ZOO 300 400 

0.0600 

_ 0.0300 

• oxooo 

-250-

-500 

-750-

-1000-

Simulation Result: 7 Density Porosity 
v/v 

H Q.3DD0 

H 0.2700 

H 02400 

H 02100 

n.iniiu 

H 0.1500 

H 0.1200 

0.0900 

O.0G00 

^ 0.0300 

H 0.0000 

-250-

-500 

-750-

-1000-

M^^£\ 

Density Porosity 
v/v 

H Q.3DD0 

H 0.2700 

H 02400 

H 02100 

n.iniiu 

H 0.1500 

H 0.1200 

0.0900 

O.0G00 

^ 0.0300 

H 0.0000 

-250-

-500 

-750-

-1000-

i 

Density Porosity 
v/v 

H Q.3DD0 

H 0.2700 

H 02400 

H 02100 

n.iniiu 

H 0.1500 

H 0.1200 

0.0900 

O.0G00 

^ 0.0300 

H 0.0000 -ZOO -100 0 100 ZOO 300 400 

Density Porosity 
v/v 

H Q.3DD0 

H 0.2700 

H 02400 

H 02100 

n.iniiu 

H 0.1500 

H 0.1200 

0.0900 

O.0G00 

^ 0.0300 

H 0.0000 

Simulation Result: B -Density Porwtty 
v/v 

-250-
H 0.3000 

H 02700 

H 02400 
-500 j w ^ ^ t H ^ n H 02100 

H 0.1800 

-750 H 0.1500 

H 0.1200 

0.0900 
-1000 0.0GO0 

0.0300 

H 0.0000 -200 -100 0 100 200 300 400 

0.0300 

H 0.0000 

Simulation Result: 9 Density Porosity 
v/v 

-250-

-500-

^•^B 

iNM 
• ' , 

H 0.3000 

H 02700 

H 02400 

H 02100 

nffajfflh " mm* H 0.1000 

-750-
0.1500 

H 0.1200 

1000 
II .051X1 

0.0600 

0.0300 

B 0.0000 

1000 

-200 -100 0 100 ZOO 300 400 

II .051X1 

0.0600 

0.0300 

B 0.0000 

Slmuration Result: 10 Density Porosity 
v/v 

250-
H 0.3000 

H 02700 

H 02400 
-500 

"^ESSM • 0.21 DO 

o.iaoc 

-750- K i B 0.1500 

-1000- P 
• 0.1200 

0.0900 

O.DfiOO 

0.03OO 

H 0.0000 

-1000-

-200 -100 0 100 200 300 400 

• 0.1200 

0.0900 

O.DfiOO 

0.03OO 

H 0.0000 

Figure 40. Ten stochastic simulations of density porosity. 
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Figure 41. Average of ten simulations. 

Figure 42. Probability map showing the likelihood of porosity between 15% and 25 % 
occurring. 

Figure 43. Indicator map separating areas that contain porosities of 15-25% (blue) versus 
areas with <!5% porosity (white). 
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shows the likelihood of finding the highest porosity corresponding to the producing 

zones. The northern and southwestern portions of the survey indicate high porosity in 

undrilled areas that may promote further drilling. The indicator map (Figure 43) acts as a 

cluster map, separating porous populations from non-porous. White areas indicate non-

porous zones while blue areas are associated with porosity development. 

Multi-attribute regression was used to determine the best combination of 

attributes that predicted porosity using linear and non-linear transforms of the target 

porosity values and the seismic attributes. The cross-correlation of minimum impedance 

squared was the best single attribute that correlated with porosity to yield a cross-

correlation of -0.74 with 4% error (Figure 44). The cross correlation of actual porosity 

with predicted porosity for a weighted combination of seven attributes had a maximum 

value of 0.89 and a 3% error (Figure 45). 
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Figure 44. Cross plot of single attribute regression result showing the non-linear 
transform is minimum impedance squared yielding a -74% cross-correlation and 
estimated 4% error. 
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Figure 45. Cross plot of multi-attribute regression result using a weighted combination of 
7 attributes. Cross-correlation is 87% and error is 3%. 

Although ten attributes were tested in the analysis, seven of them were used for 

porosity prediction. Elimination of attributes was based on the cross-validation of all ten 

attributes. Theoretically, error should decrease with the addition of more attributes. As 

Figure 46 shows, prediction error increases at the eighth attribute. Therefore, the last 

three attributes do not increase the predictive power of the target property. Application 

of the derived transform resulted in a significant improvement in resolution (Figure 47). 

The non-porous zones no longer occupy the majority of the southeast quadrant but define 

areas in their proximity that may be porous. 

Table 3 lists the ten attributes used in the regression analysis, and Table 4 lists the 

derived seven attributes, their transforms and weights that best predict porosity. 
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Figure 46. Validation of all attributes used in multi-regression. Predicting power 
decreases as validation error (red line) increases. The validation error is the average error 
for all hidden wells. 
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Figure 47. Application of multi-attribute transform using 7 attributes, anomalously high 
porosity zones are detected in the north-western and southern portions of the survey 
where no wells information is provided. 
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Number of 
Attributes 

Target Final Attribute Error 

1 Density Porosity (Minimum impedance) 0.039 

2 Density Porosity (X-coordinate)2 0.034 

3 Density Porosity 1 / Minimum Amplitude 0.033 

4 Density Porosity Log (RMS Amplitude) 0.032 

5 Density Porosity 1 / phase 0.030 

6 Density Porosity 1 / RMS impedance 0.029 

7 Density Porosity (Impedance)2 0.027 

8 Density Porosity (Maximum Impedance) 0.026 

9 Density Porosity Square root (average envelope) 0.025 

10 Density Porosity Y-coordinate 0.023 

Table 3. Ten attributes used in multi-attribute regression analysis. 

Attribute Name Attribute Transform Weight 

Minimum impedance Square -5.209e-09 

X-coordinate Square -4.001e-07 

Minimum amplitude 1/X -1025 

RMS amplitude Log 0.2705 

Instantaneous phase 1/X 20.71 

RMS impedance 1/X -5504 

Impedance Square -1.945e-09 

Constant -1.261 

Target Transform None 0 

Table 4. Derived seven attributes, their transforms, and weights that when combined 
have the highest predicting power. 



57 

4.2 Porosity-thickness product prediction 

This reservoir parameter was difficult to define since wells were drilled at the 

channel edges where reservoir thickness was thinnest and along the medial axis where 

reservoir thickness was the greatest. Porosity in both situations was good. 

Linear regression was first calculated by least squares fitting the porosity-

thickness data with the root-mean-square impedance values. The result is shown in 

Figure 48. 

Figure 48. Application of linear regression based on the cross-correlation betweem 
porosity-thickness logs and root-mean-square impedance. Porosity-thickness is greatest 
along the medial axis of the channels and in the southern portions of the survey and is 
lowest at the edges of the channels. 
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Kriging was performed after a spherical well-to-well variogram was calculated to 

determine the spatial distribution of porosity-thickness with distance (Figure 55). The 

parameters that best fit the average variogram values were a nugget of 0.0014, a sill of 

1.19, and a range of 200 meters. 

Well-to-Well Variogram 
Variogram 

1.0-

0 .5-

0 100 ZOO 300 400 S00 600 700 

Offset 
r- Legend 

• Isotropic variogram Modelled variogram 

Figure 49. Spherical well-to-well variogram for logs derived from the product of porosity 
and thickness. 

The result of ordinary kriging based on the derived variogram is displayed in 

Figure 50, and its associated error in Figure 51. Error is lowest at the well points but 

increases dramatically away from the well values. Wells that are closely spaced in the 

middle of the survey exhibit little error in the kriging result. Once the secondary seismic 

variable (RMS impedance) was incorporated in the estimation procedure, the seismic-to-

seismic variogram was calculated and shown in Figure 52. A spherical best fit the 

modeled variogram. Anisotropy tests and shown in Figures 53 and 54. They reveal the 

same orientation as calculated from the porosity values showing trend approximately 45 

degrees west of north. 
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Figure 50. Ordinary kriging result using a search radius of 1300 meters. 
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Figure 51. Kriging error shows zero error at well locations but large errors at unsampled 
locations. 
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Figure 52. Spherical seismic-to-seismic variogram for RMS impedance; nugget=5735, 
sill=2.2e+05, and range=225. 
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Figure 53. Spherical seismic-to-seismic variogram showing six directions. 
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Figure 54. Covariance map showing anisotropy 45 degrees west of north. 
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Kriged and cokriged maps are shown in Figures 55 and 56. Their associated errors 

are displayed in Figures 57 and 58. 

Figure 55. Kriging with external drift result of porosity-thickness product logs. 

Figure 56. Collocated cokriging result using porosity-thickness product as the primary 
variable and root-mean-square impedance as the secondary variable. 
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Figure 57. Error in kriging with external drift result. 
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Figure 58. Collocated cokriging error. 
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Stochastic simulations are shown in Figure 59. Variability between each 

realization is high, introducing a higher risk in the estimation procedure. The second 

simulation is the only realization that that exhibits the trend of the channels. Analysis of 

the ten realizations convey there is little correlation between porosity and thickness. The 

probability of discovering potential reservoirs based on this target parameter is very low 

due to variations in thickness along channels different portions of the channel. The 

average (Figure 60) shows no definition of porosity development associated with 

reservoir thickness. Probability of finding a thick porous zone is very low as shown in 

Figures 61 and 62. 

Mutli-variate regression derived a weighted combination of four attributes that 

demonstrate a higher predictive power, as was the case for porosity estimation. Table 5 

lists the ten attributes used in the calculation. The highest predictive power includes a 

weighted grouping of the first four attributes yielding a cross-correlation of 0.84 with a 

6% error (Figure 63). Table 6 lists the four derived attributes, their transforms and 

weights. Cross validation checks the derived transform to determine the correct number 

of attributes to apply (Figure 64). Application of the multi-variate transform, Figure 65, 

did suggest an overly optimistic thick porous rock in the south. 
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Figure 59. Ten stochastic simulations of porosity-thickness product. 
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Figure 60. Average of ten simulations 
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Figure 61. Probability that porosity-thickness product ranges from 2 to 4. 
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Figure 62. Indicator map separating populations that likely contain values between 2 and 
4 (blue areas) versus the regions that don't (white). 
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Figure 63. Cross plot of multi-attribute transform using 4 attributes. Cross-correlation is 
84%. 
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Figure 64. Validation for all attributes. Error increases after 4 attributes consequently 
decreasing predictive power. 
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Figure 65. Application of linearly weighted combination of 4 attributes to produce a 
porosity-thickness map. Porosity and thickness are consistently the highest in the U pool. 
The SE quadrant is has no producing wells and correctly shows the thinnest and lowest 
porosity combinations. 
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4.3 Depth conversion 

Accurately deriving depth values for recommended drilling sites is a constant goal 

in exploration and exploitation of petroleum reservoirs. Knowledge of velocities for 

proper depth mapping is also essential for estimating reserves and correctly placing 

development wells (Hwang and McCorkindale, 1994). Average depths (Figure 66) and 

seismic traveltime (Figure 67) were cross plotted (Figure 68) using linear regression. This 

method demonstrates how the well data fit the equation of a straight line. The regression 

line shows the variance of points relative to the regression line, and the variance of data 

points that do not fit the regression line. The resulting correlation coefficient of 0.50 

introduces high risk associated with this estimation method. Data points are too scattered 

to adequately fit the model response, therefore, giving very poor depth estimates to the 

top of the reservoir. The predicted map is shown in Figure 69. 

Figure 66. Areal distribution of logs Figure 67. Event time structure map 
mapping depth to Top Glauconite. Depth of glauconite seismic horizon. Time 
ranges from 1100 meters to 1140 meters. ranges from 785 ms to 805 ms. 
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Figure 68. Cross plot of depth to Top Glauconite versus time structure of glauconitic 
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scatter in the data points about the regression line yielding a poor correlation coefficient 
of 0.50. 
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Figure 69. Linear regression of depth values and Glauconitic time structure. Prediction 
error is high due to the poor correlation of seismic times versus well depths. 
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Ordinary kriging using one variable (depth to Top Glauconitic member) was 

computed using a spherical variogram with range 83.55 meters, sill at 74.92 meters, and 0 

nugget. The result is shown in Figure 70. Associated error with this method is shown in 

Figure 71. Error is zero at conrol points, but increases to > 10 meters away from the 

known depth values at well locations. 

Figure 70. Ordinary kriging on depth values for 26 wells. Depth is in meters. Dry holes 
are structurally 20-30 meters higher than producing wells. 

Although the ordinary kriging method minimizes the error variance, it produces 

bull's eye maps of the depth values because of sparse sampling. Geologically, this 

method lacked the ability to define channel structure. A general channel trend from this 
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map would estimate the direction of the channels to run east-west rather than northwest-

southeast. 

Figure 71. Error in meters of ordinary kriging method. 

Addition of a second variable (seismic times) using kriging with external drift and 

cokriging provided more reliable results. One method for depth estimation is cokriging 

seismic times and measured depths. This process takes depth values from wells as 

primary variables, and the seismic time structure as secondary information. The result of 

collocated cokriging is shown in Figure 72. Errors associated with this method are 0 at 

well locations and approximately 2 - 5 meters throughout most of the survey (Figure 73). 

The edge of the survey has highest errors of about 10 meters. 
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Figure 72. Depth estimates for glauconitic structure using collocated cokriging. 

Figure 73. Collocated cokriging error in meters. 
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A second method of kriging with external drift was used to predict depths based 

on the correlation of average velocities from wells using seismic times to constrain 

velocities between wells. Velocities have similar directional trend as the channels. 

Kriging these velocities, then multiplying them by the original time structure produced 

another interpolation of depth structure (Figure 74). 

Figure 74. Depth map generated by multiplying the kriged velocity result by event time 
structure. 

The difference between the kriged result and the cokriged result is displayed in 

Figure 75. Absolute difference varies by ±10 meters. The average difference in depth is 

close to zero. This demonstrates similar results obtained using two different geostatistical 

methods, kriging and cokriging. 
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Figure 75. Difference between kriged result and cokriged map in meters. 
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4.4 Discriminant analysis 

A supervised clustering of producing wells and non-producing wells was 

performed using linear discriminant analysis for two attributes. The first being well logs 

and a secondary being instantaneous phase. Wells that were drilled within the G, U, and 

W pools were assigned the number 1, while wells that were drilled off channel were 

assigned the number 0. The best correlation of this clustering was with the complex 

seismic trace attribute instantaneous phase. Obviously, the phase changes are affected by 

the presence of porous reservoir sands. The result is displayed in Figure 76. Channel 

orientations and separations are defined using this method, however the producing zones 

look over optimistic, this is due to the fact that the analysis was performed using two 

clusters. This is a useful technique for infill drilling. The only wells in the green area are 

dry holes, and those in the pink are all producers. The discriminant analysis is binary in 

nature, it shows where to drill and where not to drill. 
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Figure 76. Discriminant analysis result using instantaneous phase as a seismic attribute 
and logs that are either on (1) or off (0) the channels. Purple represents areas on the 
channel, green shows off channel responses. 



Chapter 5. Discussion and Conclusions 

Petroleum reservoirs are inherently complex and difficult to characterize in detail 

Drilling is expensive and risky, especially in frontier exploration. Understanding the 

geological, geophysical and engineering aspects of a reservoir can be overwhelming for 

most geological settings. The combination of statistics, geology and geophysics allows 

for more robust modeling methods of petroleum reservoirs. Geostatistical methods for 

predicting rock properties help integrate geoscience and engineering disciplines to 

enhance reservoir characterization. 

Statistics provides methods for analyzing and summarizing rock parameters from 

measured values. By examining observations at known points, inferences may be made 

as to how a survey behaves between measured locations. There are two categories of 

statistical systems: deterministic and stochastic. Deterministic models have no 

uncertainty associated with them. That is, the data set being modeled is described in 

detail and completely understood. It is obvious that earth science phenomena are not 

perfectly understood, therefore, a more geologically feasible method would be stochastic 

modeling. Stochastic methods use the theory of probability in an attempt to uncover 

specific properties of variables at unsampled locations. Due to the limited sampling of 

known values, there is always uncertainty associated with stochastic estimation. 

Stochastic methods may be univariate, bivariate, or multivariate. The choice of a specific 

method is arbitrary and user defined. Many methods can be tested showing ranges of 

predictive capabilities and error estimates. Each method will generate a new map 



characterizing the spatial distribution of reservoir parameters. Deciding which technique 

is relevant is not only a science but an art. The techniques used in this study were 

kriging, cokriging, conditional simulation, multi-regression, and linear discriminant 

analysis. Purists in classical geostatistics would argue that the latter two techniques are 

not geostatistical methods since their models do not rely on the variogram to define the 

spatial distribution of variables. Krige and Matheron, pioneers in geostatistics, defined 

the term geostatistics as the quantification of geologic principles and statistics. "Geo" 

referred to structure and "statistics" signified the randomness of modeling geologic 

properties (Jensen et al., 1997). Discriminant analysis and multi-attribute regression do 

fall into the geostatistical toolbox because they attempt to spatially correlate geologic and 

geophysical variables using statistical principles. Multiple attribute regression derives a 

transform which is a weighted linear combination of multiple variables (two or more) 

using step-wise regression. Discriminant analysis makes the valid assumption that the 

entire population is not stationary. Well data was clustered into two groups of producing 

and non-producing wells and were correlated with the complex seismic trace attribute 

instantaneous phase. These clusters acted as a framework for predicting future 

measurements. Geostatistics refers to applying statistics, which explore the randomness 

of geologic variables. In this sense, all methods used in this study are geostatistical. 

Due to the complexity of geologic events, it is necessary to have a knowledge of the 

geologic framework of a study area before undertaking a geostatistical analysis. 

Structurally complicated areas would be the least likely candidates for a geostatistical 

study due to the presence of faults and fractures that may increase the variability of 



petrophysical properties dramatically over small distances. Faults, by definition, are 

unpredictable. This survey was an excellent candidate for a geostatistical study because 

it is a stratigraphic play. This does not mean that a structurally complicated area cannot 

be used in a geostatistical analysis, but care should be taken in this type geologic setting. 

It has been shown that univariate geostatistics, such as ordinary kriging, is the least 

robust method since it interpolates only between point values from well logs. Estimation 

using this method is highly dependent on the number of control points and their 

proximity to one another. Kriging tends to produce a smoothed interpolation of well 

values. Addition of a secondary seismic variable through cokriging produced more 

credible results than kriging of well data alone. This emphasizes the power of using 

cokriging with 3-D seismic surveys and well data for reservoir modeling of porosity 

variation. Cokriging is a bivariate geostatistical methods and is similar to cooperative 

inversion which finds a model whose response best fits all data types. Integration of all 

observations helps reduce the ambiguity underlying an earth model. 

Depth estimation by two methods, ordinary kriging and collocated cokriging, 

produced similar results. Agreement was within A/10 to A/20, where A is seismic 

wavelength. This agreement is well within seismic resolution. 

Linear discriminant analysis produced an interesting result discriminating between 

producing and non-producing zones in the survey using the relationship with the seismic 

attribute instantaneous phase. This method offers a new approach to analyzing locations 

for infill drilling. 



Probabilistic models of hydrocarbon indicators were constructed by honoring exact 

well properties at specific locations and incorporating seismic information as a guide. 

Stochastic modeling provided a level of confidence for realizations that have a certain 

level of consistency. 

The application of multiple attributes for geostatistical analysis produced the most 

robust map and yielded the highest correlation coefficient of any other method. 

Theoretically, the addition of weighted attributes should decrease prediction error, but, as 

shown, there is a point of diminishing returns as was verified through cross validation. 

The most useful seismic attributes were instantaneous phase and minimum impedance. 

Although 10 attributes were tested during the multiple attribute regression procedure, a 

weighted linear combination of seven of ten produced the highest predictive power for 

estimating porosity. 

Statistics, geology and geophysics are complementary disciplines that when 

combined yield a better understanding of a reservoir. With a wide array of geostatistical 

techniques, improved reservoir models can be calculated. Any quantity being measured is 

itself probabilistic since geophysical measurements inherently have inaccuracies. As to 

which maps provide the best rendition of a petroleum reservoir, this remains to be tested 

with new drilling. Future work would involve the addition of recently drilled wells and 

information from deviated wells when the data become available. Reservoir 

characterization using geostatistics is a dynamic and iterative process, whereby models 

can be updated with the addition of more information about the survey. 
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