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Abstract

Introduction. Drilling mud losses are among the most common complications encountered during well drilling. Forecasting
these losses is a priority as it helps minimize drilling fluid wastage and prevent wellbore incidents. Mud loss events are
primarily influenced by the geological properties of the formations being drilled. Understanding the relationship between
mud loss occurrences and the geological characteristics of the formations has both fundamental and practical significance.
Given the complexity of predicting mud loss probabilities using traditional mathematical models, this study aims to develop a
machine-learning-based system to predict the probability of mud losses based on well location and stratigraphic description.
Materials and Methods. Experimental data from 735 wells at the Shkapovskoye oil field, including well location
coordinates, geological layer indices, and mud loss intensities, were prepared for computational analysis. The dataset was
divided into training and testing subsets. The classification problem was addressed using four intensity classes with the
following machine learning models: Decision Tree, Random Forest, and Linear Discriminant Analysis.

Results. Predictions generated by the three models were compared against the experimental data in the test set. The
evaluation metrics included accuracy and recall. All three models achieved an average prediction accuracy of 91%. Linear
Discriminant Analysis was identified as the most accurate model.

Discussion and Conclusion. High-accuracy predictions enable reliable forecasting of the probability and intensity of
mud losses based on the location and stratigraphic description of new wells. The study presents three machine learning
methods that demonstrated superior results in solving this problem.
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AHHOTALUSA

Beeoenue. Tlornomenus OypoBOro pacTBopa SIBIIOTCSA OTHUM H3 HanOojee paclpoCTpaHEHHBIX BHAOB OCIOXKHEHUI
B OypeHun ckBauH. IlepBocTereHHOW 3agauei sBISETCS NPOTHO3UPOBAHHME IPOIECCa ITOTVIOMICHUS, TAaK Kak
MIPEAYNpEKACHIE TaHHOTO BHJIA OCJIOKHEHHs ITO3BOJMT MHHHUMM3HMPOBATH MOTEpH OypOBOTO pacTBOpa, a TaKxkKe
MIPEAOTBPATUTh aBapyM B CKBaKMHE. BO3HMKHOBEHME IOTIJIONMICHUI OOYCIIOBICHO MpPEXIE BCEro Te0J0rMYeCKUMHU
CBOWCTBaMH ILIACTOB. BhIsICHEHHE CBA3U MEXy BO3SHUKHOBEHHEM IOIIIONICHUH OypOBOr0 PacTBOpa U Ie0JIOTHYECKUMHU
XapaKTepPUCTUKAMH pa30ypuBaeMbIX IUIACTOB MPEACTABISIET Kak (yHAaMEHTAlIBHBIH, TaK ¥ NpakTHYecKuil nHTepec. B
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CBS3H CO CII0KHOCTBIO ONPEAEIIEHUS BEPOSITHOCTY BO3HUKHOBEHUH OTJIOLIEHUH C TOMOILIBIO U3BECTHBIX MATEMAaTUYECKUX
Mozenell OblIa IMOCTaBJICHA IIeTTh UCCIEIOBAHUS — IOCTPOHUTH C MOMOIIBI0 METOIOB MAIIMHHOTO OOYYEHHS CHCTEMY,
MIPOTHO3UPYIOUIYIO 3HAUE€HUSI BEPOSITHOCTH BO3HUKHOBEHMSI MMOTJIOIEHUH B 3aBUCUMOCTH OT MECTOIOJIOKEHHU S CKBAXKUHBI
U e€ cTpaTUrpauIecKoro OmUcaHusl.

Mamepuanst u memoowl. JKCIepUMEHTaNIbHBIE TaHHbIE 0 735 ckBaxkuHax IIIkamoBckoro MecTopoxkaeHus (KOOpIUHATHI
MECTOTIOJIOKEHHUS, T€OJIOTHUECKUI NHAEKC M1acTa, 3HAYeHNE MHTEHCUBHOCTH MOTJIOIIEHH ) ObLIN TIOJTOTOBJICHBI aBTOPAMHU
K BeIYHCIIEHUAM. VcxomHble qaHHbBIe OBUTH pa3efieHbl Ha 00yJaromlylo U TeCTOBYIO BEIOOPKH. [IpencraBieHbl BapHaHTHI
pemeHns 3a1aun KIacCu(UKAUU 10 YeThIpeM KilaccaM MHTEHCHBHOCTH TOTJIOMICHHHA C WCHOJNB30BAHHUEM CIETYIOMINX
MOJIEIICH MAITIHHOTO O0YUYCHHUS: «ICPEBO PEIICHUID, «CITyJallHBIN JIECy, «IMHCWHBIN TUCKPIMHUHAHTHBIA aHAIIN3).
Pezynomamul uccnedosanus. Pe3ynbtaTsl IPOTHO3UPOBAHUS MO TPEM MOJAEISIM CPAaBHUBAIIUCH C OKCIIEPUMEHTATLHBIMU
JTAHHBIMH TECTOBOM BHIOOPKH. J[JIs1 OIICHKH KayecTBa MOJIEJICH UCIIOIb30BAIMCH METPUKH «TOUYHOCThY U «IOJIHOTaY. 1o
BCeM TPEM MOJIENIsIM OblIa JIOCTUTHYTA CPEAHss TOYHOCTh MpezckazaHus 3HaueHuit — 91 %. beuto ycranoBieHo, 4yTo
HauboJIee TOYHOW MOJIEIBIO SBISETCS «IMHEHHBIN TUCKPUMUHAHTHBIN aHATH3Y.

Obcyscoenue u 3aknrouenue. [IporHO3BI BBICOKOH TOYHOCTH MO3BOJBIIOT IPECKA3bIBaTh, C KAKOH BEPOSTHOCTHIO OyIyT
BO3HMKATh TOIVIOIIEHHS ONpPENeNEHHON MHTEHCUBHOCTM B 3aBUCUMOCTH OT MECTOIIOJIOXKEHHUSI HOBOM CKBAXXHHBI U €€
crpaturpaduueckoro onucanus. B paboTe mpeIcTaBIeHO TPU METO A PEIICHHS 33 Ia4H, TIOKA3aBIINX HAWITYYIIINC PE3YIbTATHL.

Kouessie cioBa: Python, norsnoenue, 0ypeHne, METO/ bl MAITMHHOTO 00y YEHUsI, IepPEBO PELICHHUH, TUCKPUMUHAHTHBIN
aHaJIN3, CIIy4YalHbIN Jec

s uurupoBanus. Koprmwraes H.B., Konequna K.®. IlporrosupoBanwe mormormenuii OypoBoro pactsopa Ha Python.
Computational Mathematics and Information Technologies. 2024;8(4):19-26. https://doi.org/10.23947/2587-8999-2024-8-4-19-26

Introduction. To enhance competitiveness and optimize drilling expenses, artificial intelligence methods are widely
employed in managing drilling processes today. Preventing complications and accidents remains a primary objective, as
it helps minimize or entirely avoid unexpected costs associated with their mitigation.

Mud losses represent the complete or partial loss of drilling fluid as it filtrates into the formation. This phenomenon
is influenced by numerous factors grouped into two major categories: geological and technological. Geological factors,
such as rock properties (porosity, fracturing, permeability), have a greater impact than technological factors (properties of
the selected drilling fluid, flushing fluid pressure). This is because surface operations allow for fine-tuning of the drilling
process and control of critical parameters, whereas obtaining precise rock characteristics is not always feasible. Under
conditions of high subsurface pressures and temperatures, formations may exhibit unpredictable properties.

In [1], the patterns of mud loss occurrences were thoroughly studied at the Yuzhno-Orlovskoye field in the Samara
region. Table 1 presents data on the presence and intensity of mud losses based on research conducted at specific drilling
intervals, accompanied by stratigraphic descriptions of the underlying formations.

Table 1

Intensity of Mud Losses in Wells

Well Number Loss Interval Stratigraphy Mud Loss, m*h

16 2079-2087 o8 10
21742624 D"+ D/" catastrophic

4 2005 D™+ DJ" 0.4

5 2124-2181 6-20

2188 D+ Dy full

2245-2259

12 1925-1964 C/ 2-3
2064-2114 D/ 4-18
2150-2178 D™ full

19 2099-2103 D/ 12-60
2130-2236 D" full

From Table 1, it is evident that wells with similar rock properties exhibit mud losses of varying intensity, highlighting
the unpredictable nature of mud loss occurrences.
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Numerous studies [2—5] have focused on forecasting various types of complications and developing recommendation
systems to address potential issues, including mud losses. The core of such software solutions relies on artificial neural
networks trained on large volumes of geological data collected from geophysical logging stations. However, these systems
share common drawbacks, including the inability to promptly obtain comprehensive downhole data in real time. This
limitation restricts the amount of input data, reducing the model’s prediction accuracy. Furthermore, when developing
such systems, it is essential to consider the protective policies of oil and gas companies, which often make it impossible to
access sufficient initial data for model development. Therefore, there is a need to create effective algorithms and software
solutions capable of operating under conditions of limited input data.

The aim of this study was to develop a machine learning-based system to predict the probability of drilling mud losses
of a specified intensity, depending on the well’s location and the stratigraphic description of the formations being drilled.

To achieve this goal, the following tasks were undertaken:

— prepare experimental data for calculations;

— analyze machine learning algorithms and develop a program using the most optimal methods.

Materials and Methods. The Shkapovskoye oil field, located in the Republic of Bashkortostan, was selected for
studying mud losses. In [6], a map of the field was presented, where wells are marked with symbols indicating the
intensity of mud losses for each well. The map of the Shkapovskoye oil field is shown in Fig. 1.

Fig. 1. Shkapovskoye Oil Field

Four classes of mud loss intensity were defined:

— 0 m*h — no mud losses (dot, or a small circle);

— 0 to 40 m*/h — low-intensity mud losses (large circle);

— 40 to 80 m*h — moderate-intensity mud losses (triangle);

— Over 80 m*h — catastrophic mud losses (square).

Using the Yandex.Maps service, the length and width of the field were determined. Then, based on the map data, the
coordinates of each well were calculated using the GeoGebra software package. A fragment of the calculation is shown in Fig. 2.

Fig. 2. Determination of Well Coordinates
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Wells marked with differently colored dots correspond to mud loss intensity levels in increasing order:

— blue dots — 0 m*h (no mud losses);

— green dots — 0 to 40 m*/h (low intensity);

— orange dots — 40 to 80 m3/h (moderate intensity);

—red dots — over 80 m3/h (catastrophic losses).

For stratigraphic descriptions, we utilized information indicating that the primary productive horizons are the Pashian
(d3_p3), Kynovian (d3_kn), and Starooskolskiy (d2_st) horizons of the Devonian system. Additionally, the Bobrikovian
horizon (c1_bb) has industrial significance, albeit to a lesser extent [7].

The data for the wells were categorized as follows: coordinates, stratigraphic description, and mud loss intensity.
Various machine learning methods were tested on this dataset, and the most suitable ones were selected for further model
optimization.

Decision Tree. This algorithm creates a tree-like structure based on “If ..., then ...” rules. These rules are generated
during training on the dataset by generalizing multiple observations, making them easily interpretable. Mathematically,
the decision rule can be expressed as a set of conjunctions:

R(x)=n,, [a/. sf,.(x)sbj], (D

where J is the set of features selected for decision-making; f,(x) represents a real-valued feature, and a, bj are the
conditions. If all features satisfy the conditions, the rule returns 1; otherwise, it returns 0.

The advantages of decision trees include their simplicity of interpretation compared to neural networks and some
other machine learning algorithms, as well as low requirements for data preprocessing. However, the disadvantages
include a high likelihood of overfitting, as the algorithm can create excessively large trees, which may not generalize
well to other datasets.

Random Forest. The Random Forest algorithm is a versatile machine learning method based on an ensemble of decision
trees. Compared to other machine learning methods, the theoretical foundation of Random Forest is straightforward. The
formula for the resulting classifier a(x) is as follows:

ibi (x), 2)

where N is the number of trees; i is the tree index; b represents a decision tree, and a(x) is the sample generated based on
the input data.

Despite its versatility, this method has several significant drawbacks:

— difficulty in interpretation;

— inability to extrapolate;

— susceptibility to overfitting on highly noisy data;

— bias towards features with a larger number of levels when working with datasets containing categorical variables
with varying levels [9].

Linear Discriminant Analysis (LDA). The main idea behind the selected algorithm is based on the assumption of
a multivariate normal distribution within classes and the search for a linear transformation that maximizes the between-
class variance while minimizing the within-class variance [10].

The proposed algorithm has the following advantages:

— lower tendency to overfit (compared to logistic regression), as LDA models the data distribution within each class
and requires fewer parameters for estimation;

— it is more stable and efficient when there is a large number of classes with good linear separability.

The main disadvantage of LDA is its sensitivity to outliers and inefficiency when the number of features significantly
exceeds the number of objects.

Results. The classification task was solved using the Python programming language, with the libraries sklearn, pandas,
numpy, tkinter, and the MySQL DBMS. The program flowchart is shown in Fig. 3.

To visualize the modeling results, we compared the absorption intensity of wells in the test sample with the absorption
intensities predicted by the models. The absorption intensity schemes for the test sample wells are shown in Fig. 4.
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Forecasting Experiment Results

Start

Input Data:

— coordinates (X and Y) of the
well’s location;

— geological index of the productive layer

Classification Task Solution:

— Decision Tree;
— Random Forest;
— Linear Discriminant Analysis

Input Data:

absorption intensity

End

Adding New Data

Start

Input Data:

coordinates (X and Y) of the
well’s location;
geological index of the
productive layer;
absorption intensity

Saving Data

End

Fig. 3. The program flowchart

Fig. 4. Absorption intensity scheme (test sample wells)

Wells marked with differently colored dots correspond to mud loss intensity levels in increasing order:

— blue dots — 0 m*h (no mud losses);
— green dots — 0 to 40 m*/h (low intensity);

— orange dots — 40 to 80 m*/h (moderate intensity);
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— red dots — over 80 m*h (catastrophic losses).
Fig. 5-7 show the schemes of the deposits with wells and predicted absorption intensities for the three machine
learning models considered. Differences from the test sample are noted.

Fig. 5. Absorption intensity scheme (for the “Decision Tree” algorithm)

Wells marked with differently colored dots correspond to mud loss intensity levels in increasing order:
— blue dots — 0 m*h (no mud losses);

— green dots — 0 to 40 m*/h (low intensity);

— orange dots — 40 to 80 m*/h (moderate intensity);

— red dots — over 80 m*h (catastrophic losses).

Fig. 6. Absorption intensity scheme (for the “Linear Discriminant Analysis” algorithm)

Wells marked with differently colored dots correspond to mud loss intensity levels in increasing order:

— blue dots — 0 m*h (no mud losses);

— green dots — 0 to 40 m*/h (low intensity);

— orange dots — 40 to 80 m3/h (moderate intensity);

— red dots — over 80 m*h (catastrophic losses).

The greatest number of “mismatches” was observed with the “Random Forest” algorithm model. This can be explained
by the insufficient size and number of features in the training sample for constructing the ensemble of decision trees.



Comp ional Mathematics and Information Technologies. 2024;8(4):19-26. eISSN 2587-8999

Fig. 7. Absorption intensity scheme (for the “Random Forest” algorithm)

For accuracy metrics, recall (sensitivity) was used, which characterizes the ability to identify the considered class, as
well as precision, which allows distinguishing one class from another. These metrics are calculated using formulas (3, 4):

P 3)
precision =————,
TP + FP
TP @
recall =——,
TP+ FN

where TP — True Positives: correctly predicted values of the class under consideration; /’P — False Positives: incorrectly
predicted values of the class under consideration; FN — False Negatives: incorrectly predicted values of other classes.
The calculation results for each class are presented in Table 2.

Table 2

Metrics for evaluating the quality of machine learning models

Absorption Class Precision max Recall max
0m’ 0.88 (LDA) 0.97 (Decision Tree)

040 m’ 0.89 (Random Forest) 0.93 (LDA)

40-80 m? 0.93 (Decision Tree) 0.84 (LDA)
>80 m? 0.98 (LDA) 0.92 (Random Forest)

From Table 2, it can be concluded that all three models demonstrated high prediction performance. The most effective
algorithm for the problem at hand is Linear Discriminant Analysis.

Discussion and Conclusion. The results obtained during the prediction of drilling fluid loss intensity in wells are
relevant for practical application in assessing complications in the field. Despite the high predictive capability of the
model, its main limitation is the lack of applicability to other fields. To achieve accurate classification for different fields,
the model must be retrained on the corresponding operational data.

Thus, it is essential to develop solutions for the preliminary analysis of “raw” data provided by geological exploration
and the subsequent transfer of processed data to machine learning algorithms.
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