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Abstract

The lithofacies classification research is part of an extended multidisciplinary reservoir
characterization and simulation study that has been implemented on the upper shale
member/Zubair formation of the southern Iraqi X oil field. This study has been
conducted through the Integrated Reservoir Management School (IRMS) at the Basrah
Oil Company (BOC). Lithofacies classification is a process to determine rock lithology
by analyzing core and well- log data set. Traditionally, lithofacies were classified
manually or with the use of some graphing approaches. Many artificial intelligence
techniques have recently been adopted to categorize lithofacies. In this work, two
robust algorithms were applied to modeling the lithofacies through specific well
section (formation), these procedures were adopted and their results were compared to
determine more accurate lithofacies classification method. Logistic Boost Regression
LBR and Multinomial Logistic Regression MLR were utilized to model the resulting
lithofacies as a function of CPI dataset in order to anticipate discrete properties
distribution in non-cored depth in wells.

CPI data, which are available for 49 wells in the upper shale Zubair formation,
includes: water saturation, porosity (@ _neutron) and volume of shale (\V_sh). However,
routine core analyses of permeability, porosity and facies are existent for only one
well. For that well, the lithofacies types are sand, silty sand and shale. Two supervised
statistical learning techniques, LBR and MLR, has been certified to model the discrete
lithofacies distribution as a function of the CPI records. The lithofacies classification
was then validated through forming the confusion table and computing the accuracy
for each method. LBR was observed to be the optimum approach as it led to more
accurate lithofacies classification than MLR in clastic reservoirs. The presented
workflow demonstrated reasonable facies distribution that leads to strong relationship
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between porosity and permeability to estimate the petrophysical properties in non-
cored wells.

In addition, the posterior lithofacies distribution were plotted to show the probability
of spatial distribution and direction of model. These algorithms implemented through
R programming a language commonly used in statistical computing by using software
packages. Then, these costs for overall data process acquisition could be reduced.

Keywords: Geostatistical, classification, lithofacies, reservoir characterization,
hydrocarbon, porosity, permeability.
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1. Introduction

The quality of static and dynamic reservoir models depends on the rocks type and

fluid properties inputs, such as lithofacies, porosity, hydrocarbon saturation of
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hydrocarbon fluids, and permeable of rocks [1]. Geo-statistical classification of
lithofacies is a significant portion of reservoir description, which allows for the
anticipation of rock facies types by using geo-statistical analysis of well- log data in
depth of wells that have not been cored. Analyses and anticipation of lithology with
fewer core data could decrease overall data acquisition costs and decrease overall
project cycle time and budget for new field developments [2].

Adoption of rock facies classification into the modeling of formation permeability
(K) and porosity (@), especially given the underlying measurement and interpretation
of the well-log. This is a critical step to decrease uncertainty in reservoir description.
[3]. Lithofacies (facies defined using core analysis) are a key property, since most
other properties show response with facies variation. The discrete facies sequence is
produced either from core analysis in the laboratory (lithofacies) or adopted cluster
method to grouping logging data and informed electrofacies [4].

As mentioned above, facies classification carried out in specifying rock sorts or
classes to a particular sample based on measured features. This process considered
important to boosting the relationship between measured permeability K and porosity
@ and their results affectively utilize to predicting the other petro-physical properties in
non-cored depths or wells. Moreover, lithofacies classification of rocks is a crucial step
in structural interpretation of seismic because different lithofacies have seen variations
in permeability K and rock saturation by water Sw for a measured porosity @ [5].
Therefore, several alternative methods to find facies types from well-log dataset have
been suggested, like classical multivariate statistical approaches and neural networks
[6].

This work presents two geo-statistical techniques for identifying and specifying
lithofacies through utilizing Logistic Boost Regression (LBR) and Multinomial
Logistic Regression (MLR) to model the discrete properties (lithofacies) as a function

of available well-logs interpretation CPI from the logging dataset.

2. Field And Reservoir Description

Classification and prediction were performed on the X oil field dataset for a

reservoir with sandstone, shale and siltysand layers as well limestone at lower and
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above parts of the reservoir. Zubair formation is divided into three members, which are
upper shale, sand and lower shale.

X oil field is one of Basrah oilfields in the south of Iraq about 100 km north-west
of the center of Basrah city and 80 km north of Rumelia oilfield as shown in Figure
(1). The API gravity for produced oil reached 32° [7].

3. Research Methodology

The classification represents modeling the observed discrete lithofacies in a well
depth as a function of well-logging interpretations of CPI for the purpose of estimating
their distribution in missing depths in the same well or other wells that have unknown
facies [8]. In this paper, the Logistic Boosting Regression (LogitBoost) was utilized as
an effective classification approach to model the measured discrete distribution of
lithofacies in the well of the sandstone reservoir under study.

3.1. Logistic Boosting Regression (LBR)

Logistic Boosting Regression is one of an efficient computational in classification
methodology for learning accurate classifiers. this approach starts by sequentially
applying a classification algorithm to reweighted blocks of training dataset and then
taking a weighted majority vote of the series of classifiers that produced. Recently this
algorithm utilized widely to a variety of classification problems, due to its ease of
implementation, show high accuracy, and don’t need an external tool to optimize the
algorithm [9].

This algorithm (LogitBoost), Observable as a multilateral, measured regression
function from the statistical aspect. For each time, we can fit individually weighted
function regression (base learner) to recognize the optimization progressively [9]. An
implementation of extensions to Freund, Schapiro’s AdaBoost Algorithm, and
Friedman's gradient boosting machine. Includes regression functions for least squares,
absolute loss, t-distribution loss, quantile regression, logistic, and multinomial logistic
[10].
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3.2.Multinomial Logistic Regression (MLR)

This algorithm is a classification approach that generalizes logistic regression to
multi-set categories, i.e. with more than two possible discrete results. This sort is
utilized to estimate categorical placement in, or the probability of category
membership on a dependent variable based on multiple independent variables. This
variable can be either binary, interval or ratio in scale.

Multinomial logistic regression is an easy expansion of (binary logistic regression)
that gives for more than two groups of the dependent or result variable. Like (binary
logistic regression), (multinomial logistic regression) utilizes maximum likelihood
predict to estimate the probability of categorical membership [11].

(Multinomial logistic regression) require accurate regard of the sample size and
check for isolated states. Like other dataset analysis proceedings, initial data analysis
should be thorough and include careful univariate, bivariate, and multivariate
assessment.

precisely, multi-collinearity should be estimated with simple regression through
independent variables. Also, standard multiple regression (multivariate diagnostics)
can be utilized to reach for multivariate outliers and for the exclusion of outliers or

influential cases [2].

4. Results and Discussion

In this paper, two algorithms were applied for lithofacies classification on the data
of X oil field. Firstly, the modeling of classification procedure start with correlated
discrete properties (lithofacies) with well-log interpretation CPI (i.e. porosity @, water
saturation Sw and volume of shale Vsh). Fig.2 & Fig.3 shows the relationship between
each two variables in the well-logs & core dataset: depth, core porosity, core
permeability, saturation of water, shale of volume and log porosity. The sand, siltysand
and shale were shown in Fig.4 to represent the properties variation for each facies. The

X dataset display and summarize as shown below:
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- head (data)
Depth.m Core.Porosity Core.Permeakbilty 5W Vsh Porosity.Log LithoFacies

1 2786.66 0.031 0.1% 0.9% 0.24 0.00 =ilty sand

2 2785.40 0.035 0.1% 0,88 0.51 0.03 =ilty sand

3 2785.86 0.028 0.1% 0.98 0.35 0.01 =silty sand

4 2790.35 0.074 0.1% 0.50 0.43 0.07 silty sand

5 2790.77 0.124 0.75 0.9% 0,589 0.05 silty sand

6 2794.26 0.068 0.68 0,599 0.67 0.00 silty sand
- summary (data)

Depth.m Core.Porosity Core.Permeabilty SwW
Min. 12787 Min. :0.0280 Min. : 0.15 Min. :0.0500
1st Qu.:2804 1st Qu.:0.1270 1st Qu.: 10.45 1=zt Qu.:0.1700
Median :2814 Median :0.2000 Median : 1&8.00 Median :0.5400
Mean 12815 Mean 10,1796 Mean 1 422,09 Mean 10,5867
3rd Qu.:2827 3rd Qu.:0.2380 3rd Qu.: T07.00 3rd Qu.:0.93900
Max. 12839 Max. 10,2820 Max. :418&.00 Max. t0.9900
Vsh Porosity.Log LithoFacies

Min. t0.0200 Min. 10,0000 sand 59
l1st Qu.:0.0500 1st Qu.:0.0600 shale 1
Median :0.1200 Median :0.1500 silty sand:21
Mean t0.15821 Mean t0.1322
3rd CQu.:0.2800 3rd Qm.:0.2100
Max. t0.eT00 Max. 10,2400
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Fig. (2): The plots are shown the relationship between core & well-logs
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CPI variables as Scatter matrix

Depth.m Core Porosity Core Permeabilty SwW Vsh

Fig. (3): Variations for CPI well-logs & core properties for each lithofacies

Min Max

sand shale silty sand

LithoFacies

Porasity Log

Vsh

swo i

Core Permeabilty

Core.Porosity

Depth.m

Fig. (4): Variation CPI well-logs & core properties as a Parallel plot for each
Lithofacies

The accuracy of classification approaches was measured based on accuracy of
the estimated discrete lithofacies distribution. In this work, we find posterior
probability distribution of rock facies was conducted through MLR & LBR as shown
in Figures (5) & (6).
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Fig. (6): Total percentage for each estimated facies by LBR along with the Well

depths.

The total percent correct of the estimated discrete properties (lithfacies) for

Logistic Boost Regression and Multinomial Logistic Regression were 100% and 80%,

respectively.

For further illustration about the efficiency of logistic boosting regression and
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Multinomial Logistic Regression lithofacies classification approaches, the predicted
discrete lithofacies given the test subset were decorating in a boxplot matching with

the observed lithofacies, as shown in Figure (7).
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Depth, m
Depth, m
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1
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27480
2790
1
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1 1 1
- - -

T T T T T T T T T
sand shale  sity =and sand shale  silty =and sand shale  sity =sand

observed Facies Predicted Facies by LBR Predicted Facies by MLR

Fig. (7): Compare the real lithofacies and predicted facies with depths by utilized
LBR & MLR approach.

The summations of diagonal table for predict and observed Lithofacies for LBR:

sand shale silty sand

sand 59 1] 0
shale a 1 0
silty sand a 1] 21

» diag(prop.tabkle (ct2))
sand shale silty sand
0.72839506 0.01234568 0.2592592¢

> sum{diag(prop.table(ct2)))
[1] 1

The summations of diagonal table for predict and observed Lithofacies for MLR:
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sand shale =silty sand

sand 51 1 7
shale 0 0 1
silty sand 7 0 14
> diag(prop.tabkle (ct4))

sand shale silty sand

0.62%962%6 0.0000000 O0.17T283595

> sum({diag(prop.takble(ctd)))
[1] 0.8024691

5. Conclusions:

Two statistical algorithms were taken on models for the observed discrete

properties (lithofacies) correlated with core and well-log dataset. The two algorithms

of facies classification include: Logistic Boosting Regression and Multinomial

Logistic Regression. The comparison between these algorithms were the total correct

percent of the different facies in (The summations of diagonal table for predict and

observed Lithofacies). This case study observed that Logistic Boosting Regression is

the most accurate modeling as resulted in 100% total correct percent of facies

classification, Multinomial Logistic Regression resulted 80% total correct percent of

facies classification.
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