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ABSTRACT

Diminish of error ratio to expecting the lithology of reservoir formation is considered as mean concerning of geology
nowadays. The aim of research is to minimize the wrong reading data extract the lithology facies of the reservoir by
preparing using Interactive Petrophysics program (IP) to make cluster analysis of multi well logs data. Log data of
Kirkuk oil field used in this program included: Gamma ray (GR), sonic, neutron (N), bulk density (BD), Caliper and
Resistivity logs. The basic concept of this method is to utilized K-mean clustering theory. Several wells have been
conducted to emphasize this method which shows dropping in error ratio of confining the lithology and
hydrocarbon existing as 41 wells have precisely predicted of methane prevailing.
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1. Introduction

Cluster analysis is a category of statistical approaches whose main purpose is to group objects (e.g., participants,
products, or other entities) based on their features. It's a way to combine documents based on characteristics
that make them identical. If illustrated symmetrically, the points inside clusters will be close together, whereas
the interval among clusters will be further apart. Information clustering is a technique of defining natural clusters
or clusters within multi - dimensional data dependent on some measure of similarity [1], [2].

A researcher can be presented with a vast number of findings that may not be relevant until they are grouped
into manageable categories. Cluster analysis will critically execute this data reduction technique by minimizing
information from the entire sample population to information on groups [3]. Cluster analysis has no theoretical
base from which to draw inferences from a survey to a group, and several claim that it is just an exploratory
tool. Nothing ensures novel solutions, since participation of clusters with any number of solutions depends on
many of the elements of the process, and many multiple approaches could be reached by altering one or more
aspects.

1.1. Cluster analysis in geophysics

Clustering is considered as one of the methods to establishing petrophysical correlations [4]. Fundamentally,
clustering analysis is a technique to categorize data according to a combination of petrophysical, geophysical,
petrographic, geological, or other features. It can be also estimating the optimum length of drilled well using
cluster analysis approaches through nominated an optimum petrophysical properties and the area of high
potential hydrocarbon accumulation [5]. The most intuitive clustering example is rock typing. Since the totality
of points belonging to a single cluster exhibits some physical and/or geological generality, there is reason to
believe that the petrophysical bonds will be harder expressed within a cluster than in the total dataset. Note that
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when identifying lithologies, interpreters primarily consider the relative changes in geophysical parameters, i.e.,
changes in logging curve signatures [6].

Several published sources describe the tasks of geological classifications that have been developed to predict
the physical parameters of rocks using cluster analysis algorithms [7],[8],[9], however, in our work, we will use
clustering for geomechanically modeling.

In the general case, this is a research problem, however, with all the advantages of the clustering approach,
incorrect identification of a point (i.e., when a correlation for a cluster is applied to a point that is erroneously
(or accidentally) assigned to another cluster) may cause problems. To reduce the negative effect of incorrect
cluster identification, the so-called fuzzy clustering algorithms should be applied which essentially fit the weight
of each cluster membership in each point; in controversial cases (unclear membership, i.e., of several clusters
with close weights simultaneously), we can choose the most reasonable and consistent version of the correlation.

2.  Material and methods

Interactive Petrophysics program (IP) has been used. Collecting log data of wells was first step to present in IP.
K-mean clustering theory which is considered as main concept of cluster analysis contain following steps:

Cluster means are pre-determined by manual input or automatic seeding.

o K-mean clustering assigns each point to mean by calculation of the sum of the variance ranges for the
datasets of the average.

¢ Allocate the item to the cluster with the least variation.

e The loop continuous until the cluster mean no longer move with each run.

Furthermore, the steps of work include preparing the well data including well log data, drilling mud and
cemented as well as selecting the top and bottom of logged formation to the cluster analysis by correction logs
as shown in Fig.1. In this step, it will find petrophysical properties of rock formation such as (porosity and
permeability) and save it in the database.
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Figure 1. correction input logs by SLB correction

While Fig. 2 is showing inputting clustering parameters represented by well logs data as following symbols
(GR, DT, SONIC, RHOB, CALI...etc.) and show the plots of any well after input data through choose the
interval of logged formation depth. Picking discriminators data of all well logs for 1 and 2 model build as shown
in Fig. 3.
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Figure 2. Input data of cluster analysis
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Figure 3. Input discriminators data

After inputting well data in IP program (cluster analysis), the next step will be driven randomness consolidation
and editing output curves to show the result of editing clusters mean and lithology facies in multi well plot as
shown in Fig.4, and Fig. 5.
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Figure 4. Editing wrong cluster mean data
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Figures 5. Plot of cluster editing result

Final step is to increase resolution and improving filtration of output due to select the bulk density cluster as
illustrated in Fig. 6. For instance, of previous procedure, Fig. 7 shows a result of one of inputting data of well
logs which is neutron log data and the outputting of visualization data.
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Figure 6. Bulk density clustering
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Figure 7. Result of clustering of neutron log
Hint: Editing other logs similar to above logs.
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3. Result and discussion

It is clear to show that the result of outputting of cluster analysis which presents an obviously simulation among
the lithology layers. This could be done through picking correct cluster data by consolidated a group of data for
specific well then applied for rest well (see Fig. 8). Whereas Fig. 9 and Fig 10 shows the number of cluster
randomness and editing outputting faces for easily recognize of lithology. Where, the comparison among the
result of well data present slightly different in interface of lithology which could be neglected.
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Figure 8. Cluster consolidation of well
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Figure 10. Cluster output facies editing
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To improve visualization data, we will remove wrong or annoying data to concentration, correlate and mitigate
the overlap among of lithology layers (show Fig. 11 - 12).
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Figures 11. The distribution of bulk density log data and removal the wrong data
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Figures 12a. The distribution of bulk density log data and removal the wrong data
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Figures 12b. The distribution of bulk density log data and removal the wrong data

As a result, Fig. 13 illustrated final lithology facies of one well as an example, and it is clear to distinguish
among the lithology layers and the exact area of hydrocarbon by choosing the correct depth. Thus, building a
structure of reservoir by stratigraphic correlation can be done through this method.
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Figure 13. The result of clustermg of well logs and show lithology facies
Conclusions

A technique used to evaluate well log clusters and identify electro facies for exploration purposes has been
introduced. This approach is intended to classify areas with increased effectiveness for deposition of petroleum

products. A random test conducted on 41 wells has shown that the designation of electro facies reliably forecasts
interval output of methane.
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Categorization was carried out on 395 wells in a 28-town district and the findings were used to classify natural
gas aggregation and potential areas. This method is especially well suited for exploration in developed reservoirs
where high quantities of well data are available and where reservoir structure makes traditional log evaluation
less efficient. Various domain concepts that can be introduced into the logistic system are rapidly examined.
Heterogeneous data is expressed in several aspects. Hydrocarbon ontology is properly defined for the
representation of spatial and temporal operating in various aspects. This methodology enables the recognition
and analysis of a variety of data categories in the data mining phase between oil discovery and development
data aspects, either geographically based servers or on a local computer. Dimensions assigned graphically (data
visualization) to the structure, reservoir and other reservoir resources depicted in various clusters indicate unique
data alignments or trends.
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