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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. 

 لنمذجة الحصىوالبيانات الأساسية في الانحذار اللوجستي  CPIدمج 

 الخلاصة:

اٌ ثحث رصُٛف َٕعٛخ انصخٕس ْٕ خضء يٍ دساسخ رٕصٛف ٔيحبكبح انًكًٍ ٔانزٙ أخشاْب فشٚك 

انجحث ْٕ احذٖ / ركٍٕٚ انضثٛش ٔانٕالع فٙ خُٕة انعشاق. ْزا Xنزخصصبد ٔانزٙ رًذ عهٗ حمم يزعذدح ا

ُٛف صخٕس انطجمبد اٌ رص .(BOC) فٙ ششكخ َفظ انجصشح (IRMS) َزبخبد يذسسخ الاداسح انًكًُٛخ انًزكبيهخ

  ٔيخططبد يدسبد الاثبس core يٍ خلال رحهٛم يدًٕعخ انجٛبَبد الأسبسٛخ نجبة انصخٕس اندٕٛنٕخٛخ رزى

Logs. عض أسبنٛت انشسٕو انجٛبَٛخ. ٔفٙ الأَٔخ الاخٛشح رى اعزًبد رمهٛذٚب ، رزى ْزِ انعًهٛخ يخزجشٚبً أٔ ثبسزخذاو ث

انعذٚذ يٍ رمُٛبد انزكبء الاصطُبعٙ نزصُٛف انطجٛعخ انصخبسٚخ نهطجمبد. ٔفٙ ْزا انجحث ، رى رطجٛك 

نًُزخخ انطجٛعخ انصخبسٚخ انًعهٕيخ فٙ الاثبس انزٙ رحزٕ٘ عهٗ ًَبرج  LBR ٔ MLR خٕاسصيٛزٍٛ يٕثٕلزٍٛ

نُفس انجئش ٔرطجٛك ْزا انًُٕرج عهٗ  CPI اندٛهٕخٛخ كذانخ نًدًٕعخ يٍ رفسٛشاد انًدسبدصخشٚخ نهطجمبد 

 (.نُفس )انزكٍٕٚ Core ثمٛخ الاثبس انزٙ لا رحزٕ٘ عهٗ ًَبرج نجبة

ثئش نحمم انضثٛش/ ركٍٕٚ انضثٛش /  94اٌ انجٛبَبد انًزبحخ فٙ ْزِ انذساسخ رزضًٍ انزسدٛلاد انجئشٚخ نـ 

نزٙ رحزٕ٘ عهٗ: انزشجع انًبئٙ ، انًسبيٛخ انُٕٛرشَٔٛخ ٔ حدى انصخٕس٘. ايب انجٛبَبد انخبصخ انعطبء الاعهٗ ٔا

ثبنزحبنٛم انًخزجشٚخ نًُبرج انصخٕس ٔانزٙ ٚحست يُٓب: انُفبرٚخ ٔانًسبيٛخ ٔانسحُخ فٓٙ يزبحخ نجئش ٔاحذ فمظ. اٌ 

 . sand  ،silty sand ٔshale نشيمانزشكٛجخ انصخشٚخ انُبردخ يٍ انزحهٛم انًخزجش٘ نًُٕرج انهجبة ْٕ ا

، نًُزخخ رٕصٚع انصخٕس انًُفصهخ  LBR ٔ MLR : رى اعزًبد طشٚمزٍٛ يٍ طشق انزكبء الاصطُبعٙ ْٔٙ

، ٔرى انزحمك يٍ صحخ عًم ْبرٍٛ انطشٚمزٍٛ ثبسزخذاو خذأل خبصخ نحسبة انُسجخ CPI كذانخ نهزفسٛشاد انجئشٚخ

 MLR انُٓح الأيثم لأَّ أدٖ إنٗ رصُٛف نهطجٛعخ انصخشٚخ أكثش دلخ يٍْٕ  LBR انًئٕٚخ نهخطأ، ٔلذ نٕحع اٌ

 .clastic فٙ انًكبيٍ انشيهٛخ

ً يعمٕلًا نهسحُبد ٚؤد٘ إنٗ علالخ لٕٚخ ثٍٛ انًسبيٛخ ٔانُفبرٚخ نزمذٚش انخصبئص  أظٓش سٛش انعًم انًمذو رٕصٚعب

 .انجزشٔفٛضٚبئٛخ فٙ اٜثبس انزٙ لا رحزٕ٘ عهٗ ًَبرج كٕس

عهٗ رنك ، رى سسى انزٕصٚع انصخٕس٘ يع انعًك لإظٓبس احزًبنٛخ انزٕصٚع انًكبَٙ ٔاردبِ انًُٕرج. ٔلذ رى علأح 

، ْٔزِ انهغخ يدبَٛخ ٔ شبئعخ الاسزخذاو فٙ انجشايدٛبد الاحصبئٛخ.  R رُفٛز ْزِ انخٕاسصيٛبد يٍ خلال ثشيدخ

 .د انًطهٕثخٔثأسزخذاو ْزِ انطشٚمخ ًٚكٍ رخفٛض ركبنٛف انحصٕل عهٗ انجٛبَب

 

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 

( ) 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   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   and rock saturation by water    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
o
 [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]. 

 

 



Journal of Petroleum Research and Studies 

P- ISSN: 2220-5381 

E- ISSN: 2710-1096 

 

Open Access 

No. 34 part 2, April 2022, pp. 138-149 

  
  

 
142 

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    and volume of shale    ). 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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Fig. (2): The plots are shown the relationship between core & well-logs 
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 CPI variables as Scatter matrix 

 

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

 

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. (5): Total percentage for each estimated facies by MLR along with the Well 

depths. 

 

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). 

 

 

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: 

 

 

 

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