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Abstract. Relevance. Young modulus prediction from drilling data is highly relevant to enhancing the efficiency and safety of oil 
and gas operations, particularly in complex geological settings. This study addresses the pressing need for cost-effective, real-
time geomechanical characterization methods, reducing dependence on costly traditional techniques. Aim. To develop a 
methodology employing machine learning and artificial intelligence to accurately predict the Young modulus using drilling 
parameter data from oil and gas wells at the CT oil field, offshore Vietnam. Objects. Encompass rock and soil formations 
encountered in oil and gas wells, focusing on drilling parameters such as weight on bit, torque, rotary speed, and rate of 
penetration. Methods. Advanced machine learning techniques, including deep neural networks and ensemble methods, to 
analyze and map the non-linear relationships between drilling data and Young modulus. Models are trained and validated using 
reference data from core testing and well logs, with data preprocessing applied to mitigate noise and enhance predictive 
accuracy. Results. By applying machine learning algorithms, the research team successfully developed models to directly predict 
Young modulus from drilling parameters measured in real-time during the drilling of wells at the CT oil field, offshore Vietnam. 
The model employing a backpropagation neural network demonstrated superior performance, achieving a correlation 
coefficient of up to 0.94 and an RMSE of only 0.483 when subjected to a blind test on a new well within the study area. 
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Аннотация. Актуальность. Прогнозирование модуля Юнга по данным бурения имеет большое значение для по-
вышения эффективности и безопасности нефтегазовых операций, особенно в сложных геологических условиях. Рас-
сматривается насущная потребность в экономически эффективных методах определения геомеханических характе-
ристик в режиме реального времени, снижающих зависимость от дорогостоящих традиционных методов. Целью 
исследования является разработка методологии, использующей машинное обучение и искусственный интеллект 
для точного прогнозирования модуля Юнга с применением данных параметров бурения скважин на месторождении 
CT шельфа Вьетнама. Объектом исследования являются горные породы и грунты, встречающиеся в скважинах. 
Особое внимание уделяется параметрам бурения, таким как нагрузка на долото, крутящий момент, скорость враще-
ния и механическая скорость бурения. Методы: передовые методы машинного обучения, включая глубокие 
нейронные сети и ансамблевые методы, для анализа и отображения нелинейных связей между данными бурения и 
модулем Юнга. Модели обучаются и проверяются с использованием эталонных данных, полученных в результате 
испытаний керна и геофизических исследований скважин, с предварительной обработкой данных для снижения 
шума и повышения точности прогнозирования. Результаты. Применяя алгоритмы машинного обучения, исследо-
вательская группа успешно разработала модели для прямого прогнозирования модуля Юнга по параметрам буре-
ния, измеряемым в режиме реального времени при бурении скважин на нефтяном месторождении CT, шельф Вьет-
нама. Модель, использующая нейронную сеть обратного распространения, продемонстрировала превосходные ре-
зультаты, достигнув коэффициента корреляции до 0,94 и среднеквадратичной ошибки всего 0,483 при слепом те-
стировании на новой скважине в пределах исследуемого участка. 
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Introduction 
In the realm of geomechanics and subsurface engi-

neering, understanding the mechanical properties of 

rock and soil formations is paramount for ensuring the 

safety, efficiency, and economic viability of oil and gas 

exploration and production operations. Among these 

properties, Young modulus stands out as a critical pa-

rameter that quantifies the stiffness or elasticity of geo-

logical materials under uniaxial stress [1]. Defined as 

the ratio of axial stress to axial strain within the elastic 

limit of a material, Young modulus (denoted as E) pro-

vides insights into how rocks and soils deform under 

applied forces, such as those encountered during drill-

ing, hydraulic fracturing, or reservoir depletion. In the 

context of oil and gas wells, accurate determination of 

Young modulus is essential for designing stable bore-

holes, optimizing drilling parameters, predicting for-

mation behavior, and mitigating geomechanical risks 

such as wellbore instability, sand production, and fault 

reactivation. Despite its importance, obtaining reliable 

estimates of Young modulus across heterogeneous 

subsurface formations remains a significant challenge, 

necessitating innovative approaches that leverage both 

traditional methodologies and cutting-edge technolo-

gies [2]. 

Young modulus, fundamentally, reflects the ability 

of a material to resist deformation under stress, making 

it a cornerstone of rock mechanics and engineering 

geology. Mathematically, it is expressed as E=σ/ε, 

where σ represents the stress (force per unit area) and ε 

denotes the strain (relative deformation) [3]. For rocks 

and soils, Young modulus varies widely depending on 

factors such as mineral composition, porosity, cemen-

tation, fluid saturation, and in-situ stress conditions. In 

sedimentary basins targeted for hydrocarbon extrac-

tion, Young modulus can range from a few megapas-

cals (MPa) for unconsolidated sands to tens of gi-

gapascals (GPa) for highly compacted carbonates or 

crystalline basement rocks [4]. This variability under-

scores the need for precise measurement or estimation 

techniques tailored to specific geological settings. Tra-

ditionally, Young modulus has been determined 

through laboratory testing of core samples or inferred 

from wireline logging data, such as acoustic or sonic 

logs [5, 6]. However, these methods are often limited 

by cost, availability, and spatial resolution, prompting 

researchers and engineers to explore alternative data 

sources, such as drilling parameters, and advanced 

computational tools, including machine learning and 

artificial intelligence, to enhance prediction accuracy. 

The urgency of developing reliable methods to pre-

dict Young modulus stems from the increasing com-

plexity of modern oil and gas projects. As exploration 

moves toward deeper reservoirs, unconventional re-

sources (e. g., shale gas and tight oil), and geologically 

challenging environments, the demand for real-time, 

cost-effective geomechanical characterization has 

surged. Drilling operations generate vast amounts of 
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data, including measurements of weight on bit (WOB), 

rotary speed (RPM), rate of penetration (ROP), torque, 

and mud pressure, collectively referred to as drilling 

parameters. These data, historically used to monitor 

and optimize drilling performance, are now recognized 

as potential proxies for inferring subsurface mechanical 

properties. The ability to predict Young modulus di-

rectly from drilling data could revolutionize geome-

chanical analysis by reducing reliance on expensive 

core sampling or extensive logging campaigns, thereby 

accelerating decision-making and lowering operational 

costs. Moreover, such predictions could enable contin-

uous, high-resolution profiling of formation stiffness 

along the well trajectory, offering a dynamic under-

standing of subsurface behavior that static measure-

ments cannot provide. 

Historically, the determination of Young modulus in 

the oil and gas industry has relied on a combination of 

direct and indirect methods. Direct measurement in-

volves laboratory testing of core samples retrieved from 

boreholes [2, 7]. In these tests, cylindrical rock speci-

mens are subjected to controlled uniaxial or triaxial 

compression, and the resulting stress-strain relationships 

are analyzed to calculate Young modulus. While this 

approach provides high accuracy, it is constrained by 

several limitations. Core retrieval is expensive, time-

consuming, and often infeasible in highly fractured or 

unconsolidated formations. Additionally, core samples 

represent only discrete points along the wellbore, failing 

to capture the continuous variability of subsurface prop-

erties. To address these shortcomings, indirect methods 

based on well logging become standard practice [8, 9]. 

Sonic logs, which measure the travel time of compres-

sional (P-wave) and shear (S-wave) acoustic waves 

through the formation, are commonly used to estimate 

dynamic Young modulus via empirical correlations with 

rock density. However, converting dynamic modulus 

(derived from wave velocities) to static modulus (rele-

vant to engineering applications) introduces uncertain-

ties, as the two properties can differ significantly due to 

strain amplitude effects and formation heterogeneity. 

Furthermore, well logging requires specialized tools and 

is typically performed post-drilling, limiting its utility 

for real-time applications. 

Given the limitations of traditional approaches, re-

searchers have increasingly turned to drilling data as an 

alternative source of geomechanical information. Drill-

ing parameters are continuously recorded during the 

drilling process, providing a real-time, high-resolution 

dataset that reflects the interaction between the drill bit 

and the formation. The underlying hypothesis is that 

variations in drilling metrics such as ROP, WOB, and 

torque are affected by the mechanical properties of the 

rock, including its stiffness. For instance, harder, stiffer 

formations (with higher Young modulus) typically re-

sult in lower penetration rates and higher torque, while 

softer, more deformable rocks exhibit the opposite be-

havior. Early attempts to correlate drilling parameters 

with Young modulus relied on analytical models, such 

as the specific energy concept, which relates the energy 

required to break rock to its mechanical strength. 

While these models offered a theoretical framework, 

their predictive power was limited by simplifying as-

sumptions and the complex, non-linear nature of rock–

bit interactions. As a result, conventional methods strug-

gled to account for confounding factors such as bit wear, 

mud properties, and formation anisotropy, highlighting 

the need for more sophisticated approaches. 

The advent of machine learning (ML) and artificial 

intelligence (AI) opened new avenues for predicting 

Young modulus from both well log and drilling data. 

Unlike traditional methods, which depend on prede-

fined physical models or empirical correlations, ML 

algorithms can identify complex patterns and relation-

ships within large, multidimensional datasets without 

requiring explicit assumptions about the underlying 

physics [10, 11]. In the context of well logging, super-

vised learning techniques – such as artificial neural 

networks (ANNs), support vector machines (SVMs), 

and random forests – were widely applied to predict 

Young modulus from inputs like sonic velocities, den-

sity, and porosity logs [12, 13]. These models are typi-

cally trained on datasets where laboratory-measured 

Young modulus values serve as ground truth, allowing 

the algorithms to learn the mapping between log-

derived properties and rock stiffness. Studies demon-

strated that ML-based predictions can outperform tradi-

tional correlations, particularly in heterogeneous for-

mations where empirical relationships break down. 

Moreover, ML approaches can incorporate additional 

contextual data, such as depth, lithology, and fluid con-

tent, to enhance accuracy and generalizability. 

Building on this foundation, the application of ML 

and AI to drilling data represents a frontier in geome-

chanical research. Drilling parameters offer a unique 

advantage over well logs in that they are collected in 

real time during the drilling process, potentially ena-

bling on-the-fly estimation of Young modulus. How-

ever, the relationship between drilling metrics and rock 

properties is inherently non-linear and affected by op-

erational variables (e. g., bit type, drilling fluid rheolo-

gy) and environmental conditions (e. g., temperature, 

pressure). To address these challenges, advanced ML 

techniques, such as deep learning and ensemble meth-

ods, were employed to model the complex interplay 

between drilling parameters and formation stiffness 

[14, 15]. For example, recurrent neural networks 

(RNNs) and convolutional neural networks (CNNs) 

can capture temporal and spatial dependencies in drill-

ing data, while gradient boosting algorithms excel at 

handling noisy, high-dimensional inputs [16]. Recent 

studies shown promising results, with AI models 
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achieving reasonable accuracy in predicting Young 

modulus when calibrated against core or log-derived 

reference data. These advancements suggest that drill-

ing data, when paired with intelligent algorithms, could 

serve as a standalone or complementary tool for geo-

mechanical characterization. 

In summary, the prediction of Young modulus from 

drilling parameter data in oil and gas wells represents a 

transformative opportunity for geomechanical analysis. 

By addressing the shortcomings of traditional methods 

and harnessing the power of machine learning and AI, 

this research seeks to unlock the potential of drilling 

data as a reliable indicator of rock stiffness. The signif-

icance of this work lies not only in its technical innova-

tion but also in its practical implications for optimizing 

drilling operations, enhancing reservoir management, 

and reducing exploration risks. The following sections 

of this article will delve into the methodology, includ-

ing data preprocessing, model development, and vali-

dation, as well as the results and implications of apply-

ing AI-driven techniques to predict Young modulus in 

real-world drilling scenarios. 

 
Methodology and data set 

The objective of this paper is to develop a machine 

learning model for the direct prediction of Young 

modulus during drilling operations at the CT oil and 

gas field, offshore Vietnam. The model utilizes a da-

taset comprising drilling parameters as input data, with 

Young modulus values calculated from density logs 

and sonic wave velocities serving as reference data to 

validate the model accuracy; this problem can be clas-

sified as a regression task, a typical problem effectively 

addressed by supervised machine learning algorithms 

such as Artificial Neural Networks (ANN), Random 

Forest and Support Vector Machine (SVM). 
 
Artificial Neural Networks  

Artificial Neural Networks (ANN) are a machine 

learning algorithm inspired by the structure and func-

tion of biological neural networks in the human brain, 

consisting of interconnected nodes organized in layers 

to process information [17]. The theoretical foundation 

of ANN relies on employing non-linear activation 

functions to learn complex relationships between in-

puts and outputs through a training process, where 

weights are adjusted using backpropagation and gradi-

ent optimization techniques. In the context of predict-

ing Young modulus from well log geophysical data or 

drilling data, ANN excels due to its ability to model 

non-linear relationships between parameters such as 

acoustic wave velocities, density, WOB, and ROP with 

rock stiffness. Applications of ANN in this domain 

typically involve training on reference data from core 

tests or well logs, enabling continuous prediction of 

Young modulus along the well trajectory. For instance, 

Smith et al. [18] demonstrated that ANN could predict 

Young modulus from sonic log data with an error mar-

gin below 10%, outperforming traditional empirical 

correlations. Similarly, when applied to drilling data, 

ANN integrates factors like torque and mud pressure to 

enhance prediction accuracy. However, ANN requires 

substantial data volumes and computational resources, 

which may limit its practical deployment in some sce-

narios [18]. This makes ANN a powerful tool for geo-

mechanical analysis where high predictive precision is 

paramount. 
 
Random Forest  

Random Forest (RF) is a machine learning algo-

rithm rooted in ensemble learning, aggregating multi-

ple decision trees to improve predictive accuracy and 

stability [19]. The theoretical basis of RF involves av-

eraging outputs from independent decision trees, each 

trained on a random subset of data and features using 

the bagging (bootstrap aggregating) technique to miti-

gate overfitting. In predicting Young modulus from 

well log geophysical or drilling data, RF proves effec-

tive due to its capacity to handle multidimensional, 

noisy, and heterogeneous datasets, such as those com-

bining acoustic velocities, porosity, and drilling pa-

rameters like ROP and RPM. RF applications in this 

field include forecasting Young modulus from well 

logs, where it can quantify the importance of input var-

iables, aiding in the mechanical characterization of 

formations. Research [20] revealed that RF achieved a 

correlation coefficient above 0.9 when predicting 

Young modulus from drilling data, particularly in het-

erogeneous formations like shales. RF offers ad-

vantages such as ease of implementation and reduced 

sensitivity to parameter tuning compared to more com-

plex models, though it may lag behind ANN in captur-

ing deep non-linear relationships. Consequently, RF is 

well-suited for scenarios with diverse inputs and a need 

for rapid, reliable predictions, making it a practical 

choice in geomechanical studies. 
 
Support Vector Machine  

Support Vector Machine (SVM) is a machine learn-

ing algorithm grounded in classification and regression 

theory, utilizing the concept of an optimal hyperplane 

to separate or map data in high-dimensional space [21]. 

The theoretical framework of SVM hinges on maxim-

izing the margin between classes or employing kernel 

functions, such as the Gaussian (RBF) kernel, to ad-

dress non-linear relationships between inputs and out-

puts. In predicting Young modulus from well log geo-

physical or drilling data, SVM is applied to map pa-

rameters like shear wave velocity, density, or WOB 

and ROP to rock stiffness values, proving particularly 

effective for small to medium-sized datasets. SVM has 

been used to forecast Young modulus from well logs, 

excelling in handling features with low correlation and 

delivering accurate predictions despite noisy data. Lee 
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et al. [22] reported that SVM outperformed linear 

methods by over 15% in predicting Young modulus 

from drilling data in carbonate formations. Its applica-

tion extends to integrating drilling and geophysical 

data, leveraging its strong generalization ability to min-

imize errors in complex geological settings. Neverthe-

less, SVM faces challenges in scaling to large datasets 

and depends heavily on appropriate kernel selection, 

which can constrain its use. SVM thus offers a robust 

option for precise geomechanical predictions where 

data volume is moderate. 

 
Data set 

The CT oil field, spanning an area of 5,559 km², is 

located within Block 09-3/12 at the southeastern mar-

gin of the Cuu Long basin, offshore Vietnam continen-

tal shelf, approximately 160 km southeast of Vung Tau 

city (Fig. 1).  

 
Fig. 1.  Study area (red rectangle) [23] 
Рис. 1.  Район исследования (красный прямоугольник) [23] 

It is bordered by Block 09-1 to the northwest, Block 

09-2/09 to the north, Blocks 03 and 04-2 to the east, 

Block 10 to the south, and Block 17 to the west. The 

drilling targets of the CT field are the Lower Miocene 

and Upper Oligocene formations, characterized by 

highly complex geological structures, where sandstone 

layers are interbedded with highly reactive clay zones, 

posing a significant risk of drilling complications and 

incidents related to wellbore instability. It is imperative 

to develop solutions for predicting the mechanical 

properties of the drilled rock layers, thereby enabling 

the selection of appropriate technological methods and 

parameters to mitigate risks of complications and inci-

dents, enhance operational efficiency, and maximize 

savings in both time and cost. 

In this study, the dataset utilized to construct the 

Young modulus prediction model comprises 1061 

samples from two wells, A and B, at the CT oil field, 

offshore Vietnam, incorporating six drilling parame-

ters: ROP, RPM, WOB, standpipe pressure (SPP), 

pump flow rate (FLW), and torque (TQ) (Table). The 

output of the machine learning model, Young modulus, 

will be compared with the Young modulus curve de-

rived from well logging data to assess the model accu-

racy and its potential to substitute well logging data 

with direct drilling data for predicting Young modulus 

during drilling. 

Table.  Statistical analysis of drilling parameters in the 
dataset 

Таблица. Статистический анализ параметров 
бурения в наборе данных 

Parameters 
Параметры 

Min 
Мин 

Max 
Макс 

Mean 
Среднее 

Standard 
deviation 

Стандартное 
отклонение 

ROP (m/hr) 
Механическая скорость 
бурения (м/ч) 

6.32 95.76 38.1 21.25 

RPM (rpm) 
Обороты в минуту 
(об/мин.) 

54.85 141.6 136.09 5.34 

SPP (atm) 
Давление в стояке (атм) 

87.02 200.92 172.92 18.76 

Torque (Kg*m) 
Крутящий момент (кг*м) 

789.91 2227.25 1767.95 182.01 

WOB (tons) 
Нагрузка на долото (т) 

1.04 6.85 4.15 1.11 

FLW (l/s) 
Расход насоса (л/с) 

27.09 39.02 37.92 0.91 

Young modulus (GPa) 
Модуль Юнга (ГПа) 

10.24 27.17 18.39 2.59 

  

Fig. 2 presents frequency distribution histograms 

and box plots of the six drilling parameters and Young 

modulus data, offering a visual insight into the distri-

butional characteristics of the dataset. The horizontal 

axis represents the range of values for the drilling pa-

rameters, while the vertical axis indicates the number 

of data points falling within each value interval. In 

these plots, the Y-axis reflects the frequency of occur-

rence of specific value ranges within the dataset. By 

analyzing the variation and distribution of different 

drilling regime parameters, such as the mechanical 

ROP and others, the predictive algorithms can be better 

refined. Furthermore, analyzing these distributions 

helps identify potential outliers or irregularities that 

may impact the model accuracy. As a result, visualiz-

ing raw data distributions acts as a preliminary quality 

check, ensuring that the data used accurately reflect 

real-world drilling conditions while remaining unbi-

ased to preserve the model predictive reliability. Com-

prehensive visualization of these parameters also plays 
a critical role in selecting an appropriate parameter set 

for training the forecasting model. It can be observed 
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that, for all six drilling parameters, the frequency dis-

tribution histograms exhibit a bell-shaped curve, char-

acteristic of a normal distribution commonly encoun-

tered in probability statistics. The initial box plot, be-

fore removing outliers, highlights five critical statisti-

cal markers within the dataset: the minimum value, 

first quartile (Q1), median, third quartile (Q3), and 

maximum value. The central box represents the inter-

quartile range (IQR), which contains the middle 50% 

of the data, with a line inside indicating the median. 

The whiskers extend to the smallest and largest values, 

excluding any outliers. Detecting and managing outli-

ers data points that significantly differ from the majori-

ty is crucial for maintaining the accuracy and reliability 

of the analysis. These anomalies can result from vari-

ous factors, including measurement errors, incorrect 

data entry, or rare but valid occurrences. If not ad-

dressed, they can skew statistical interpretations, result-

ing in misleading conclusions and unreliable predictive 

models. 

From the box plots in Fig. 2, the presence of outliers 

is readily apparent in the datasets of two parameters: 

SPP and FLW. These values may compromise the accu-

racy of the prediction results and are thus considered 

noise, warranting their removal from the dataset used to 

construct the forecasting model. To address this issue, 

the Interquartile Range (IQR) method was employed to 

detect and eliminate outliers. For each parameter col-

umn, the first (Q1) and third quartiles (Q3) were com-

puted, and the interquartile range (IQR) was obtained by 

subtracting Q1 from Q3. Data points that fell outside the 

range of (Q1–1.5×IQR) or (Q3+1.5×IQR) were classi-

fied as outliers and subsequently removed. Utilizing the 

IQR method allowed for effective detection and elimina-

tion of outliers while retaining the majority of data that 

accurately represents the overall distribution. This pro-

cess enhances the accuracy and reliability of the analy-

sis, ensuring that meaningful insights can be drawn. Af-

ter removing outliers, the dataset exhibits a more struc-

tured and interpretable distribution, as illustrated in sub-

sequent visualizations (Fig. 3). 

 

 
Fig. 2.  Frequency distribution histograms and box plots of the raw dataset 
Рис. 2.  Гистограммы распределения частот и диаграммы ящиков исходного набора данных 
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Fig. 3.  Frequency distribution histograms and box plots of the dataset after outlier removal 
Рис. 3.  Гистограммы распределения частот и диаграммы ящиков набора данных после удаления выбросов 

Selection of input features for the model 
In the process of training a machine learning model, 

a fundamental principle is that the model must learn 

from all provided input data. Consequently, if the train-

ing dataset contains noise or irrelevant information, the 

accuracy of the output results will be compromised. To 

develop the Young modulus prediction model, the au-

thors utilized a comprehensive dataset comprising six 

drilling parameters from wells A and B. However, it is 

possible that certain components of this dataset do not 

significantly affect or contribute substantially to the 

accuracy of the prediction outcomes. Moreover, em-

ploying an excessive number of input parameters can 

slow down the training process, and the presence of 

abundant irrelevant data may introduce significant er-

rors into the output results. 

In this context, prior to constructing the petrophysi-

cal prediction model, a data analysis is essential to se-

lect the most appropriate drilling parameters for the 

training set of the forecasting model. Based on the 

heatmap (Fig. 4), it is evident that the correlation be-

tween the drilling parameters and the Young modulus 

of the rock ranges from moderate to weak (0.16–0.63). 

Thus, it can be inferred that relying on a single parame-

ter is insufficient for accurately predicting Young 

modulus; instead, a combination of multiple parame-

ters from the drilling dataset is necessary. Each param-

eter serves as an independent feature, utilized as input 

for the prediction model without mutual interference, 

thereby avoiding a reduction in accuracy or an increase 

in model complexity, provided the number of input 

features remains manageable (in this study, six parame-

ters). This approach ensures an effective balance be-

tween predictive power and computational efficiency. 

 
Fig. 4.  Heatmap of correlation coefficients between param-

eters in the dataset 
Рис. 4.  Тепловая карта коэффициентов корреляции 

между параметрами в наборе данных 
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To address the proposed task, the researcher applied 

three distinct machine learning algorithms: RF, ANN, 

and SVM to predict Young modulus from the dataset 

of drilling parameters. Fine-tuning regression machine 

learning models, such as ANN, SVM, and RF, is a crit-

ical step to optimize their performance for specific 

tasks like predicting Young modulus from drilling da-

ta. For ANN, fine-tuning involves adjusting hyperpa-

rameters such as the number of hidden layers, neurons 

per layer, learning rate, and activation functions to en-

hance the model ability to capture non-linear relation-

ships within the data. In this paper, the RandomSearch-

Tuner, utilizing the Keras library for the Neural Net-

work, were selected for the fine-tuning. In the case of 

SVM, fine-tuning focuses on optimizing the kernel 

type, the regularization parameter, and the kernel-

specific parameter, which control the trade-off between 

model complexity and generalization. Cross-validation 

was used to balance this trade-off, ensuring the model 

performs well on unseen data. For RF model, fine-

tuning entails adjusting parameters like the number of 

trees, maximum depth, and minimum samples per split 

or leaf, which affect the ensemble robustness and pre-

dictive power and the RandomizedSearchCV tech-

nique, implemented using the scikit-learn library for 

the RF. Potential configurations were generated 

through random combinations of the hyperparameters 

corresponding to each model. Ultimately, this fine-

tuning enhances model accuracy, reliability, and ap-

plicability in real-time geomechanical predictions. 

All three aforementioned models were evaluated 

using a cross-validation approach. The training dataset 

was divided into N subsets, with N-1 subsets used for 

model construction and the remaining subset reserved 

for model evaluation. It should be noted that this subset 

is entirely distinct from the testing dataset. Upon de-

termining the optimal set of hyperparameters, the final 

model was retrained using the entire training dataset. 

 
Results and discussions 

It is evident that the models employing the three 

aforementioned algorithms all demonstrate strong ca-

pabilities in predicting Young modulus, exhibiting high 

correlation coefficients and very low error rates 

(Fig. 5). 

When benchmarked against RF and SVM models, 

the ANN demonstrated superior predictive accuracy for 

Young modulus across all three datasets training, vali-

dation, and test. Consequently, the chosen model is an 

ANN designed to predict Young modulus based on six 

drilling parameters as input features. It consists of a 

single hidden layer with 100 neurons, employing the 

ReLU activation function to capture non-linear rela-

tionships in the data. The network is trained with a 

maximum of 1000 iterations and applies L2 regulariza-

tion with a strength of 0.01 to mitigate overfitting. The 

six input parameters, representing drilling conditions, 

are processed by the wide hidden layer to extract rele-

vant features, which are then transformed by ReLU for 

sparsity and efficiency. The output layer, likely using a 

linear activation function for regression, provides a 

continuous prediction of Young modulus, making this 

model well-suited for geomechanical applications in 

drilling engineering.  

 
Fig. 5.  Prediction results of Young modulus from drilling data using the SVM, ANN, and RF algorithms 
Рис. 5.  Результаты прогнозирования модуля Юнга по данным бурения с использованием алгоритмов: метода 

опорных векторов (SVM), искусственной нейронной сети (ANN) и случайного леса (RF) 
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To further evaluate the accuracy and practical ap-

plicability of the prediction model, beyond merely not-

ing the alignment between the predicted results and the 

dataset used to develop the model, the model was also 

employed to forecast Young modulus for an additional 

well in the CT oil field Well C whose drilling data had 

not been utilized during the model development. Com-

paring the model predicted outcomes with the actual 

data from this blind test well provides a more objective 

and qualitative assessment. The proposed ANN model 

achieved a correlation coefficient of 0.94 and RMSE of 

0.483 when compared to the actual Young modulus 

derived from well logs in well C (Fig. 6). This high 

accuracy underscores the ANN ability to effectively 

capture the complex, non-linear relationships between 

the six drilling parameters ROP, RPM, WOB, SPP, 

FLW, and TQ and rock stiffness. A blind test with a 

new well, which has not been included in the training 

or validation datasets, provides an unbiased assessment 

of the model ability to generalize to unseen data. This 

is critical in heterogeneous area like the CT oil field, 

where geological variability (e. g., sand, shale inter-

beds, and fractured granite) can significantly affect 

drilling parameters. By testing on a new well, the mod-

el performance is evaluated under real-world condi-

tions, avoiding overfitting to known wells. 

These results affirm the reliability of the ANN 

model for real-time geomechanical predictions and 

highlight its potential as a practical tool for enhancing 

drilling operations in the absence of traditional logging 

data, offering both precision and operational efficiency. 

 
Fig. 6.  Comparison of the predicted Young modulus curve from the model with the actual curve for Well C in the CT field 
Рис. 6.  Сравнение прогнозируемой кривой модуля Юнга, полученной с помощью модели, с фактической кривой для 

скважины C на месторождении CT 
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Conclusions 
This research presents a comprehensive investiga-

tion into the application of machine learning tech-

niques specifically ANN, SVM, and RF to predict 

Young modulus directly from drilling parameters at the 

CT oil field, located offshore Vietnam in Block 09-

3/12 at the southeastern margin of the Cuu Long basin. 

The study utilized a dataset comprising 1061 samples 

collected from wells A and B, incorporating six key 

drilling parameters: ROP, RPM, WOB, SPP, FLW, and 

TQ. These parameters were meticulously preprocessed, 

including outlier removal using the IQR method, to 

ensure data quality and representativeness of real-

world drilling conditions in the complex Lower Mio-

cene and Upper Oligocene formations. The models 

were trained on 70% of the dataset, with 15% allocated 

for validation and 15% for testing, followed by a blind 

test on Well C, an independent well excluded from the 

training phase, to assess their practical applicability. 

The results affirm the robustness of the machine 

learning approach, with all three models demonstrating 

high predictive accuracy. Notably, the ANN model, fi-

ne-tuned using the RandomSearch-Tuner within the 

Keras library, outperformed its counterparts, achieving 

an impressive correlation coefficient of 0.94 and RMSE 

of 0.483 during the blind test on Well C. This superior 

performance highlights ANN capability to capture the 

non-linear relationships between drilling parameters and 

rock stiffness, a critical factor given the moderate-to-

weak correlations (ranging from 0.16 to 0.63) observed 

in the heatmap analysis (Fig. 3). The SVM and RF mod-

els, optimized via kernel parameter tuning and Random-

izedSearchCV respectively, also exhibited commenda-

ble accuracy, though slightly lower than ANN, reinforc-

ing the value of ensemble and kernel-based methods in 

handling heterogeneous drilling data. 

The successful prediction of Young modulus from 

drilling data offers a transformative alternative to tradi-

tional methods reliant on costly and time-intensive well 

logging or core testing. By validating the predicted 

values against well log-derived Young modulus curves, 

this study demonstrates the potential to integrate real-

time drilling data into geomechanical workflows, 

thereby reducing operational costs and enhancing deci-

sion-making during drilling operations. The multi-

parameter approach, necessitated by the limited predic-

tive power of individual parameters, was effectively 

managed by the machine learning models, ensuring 

computational efficiency without compromising accu-

racy, as the six-feature input set remained manageable. 

These findings carry significant implications for the 

oil and gas industry, particularly in optimizing drilling 

strategies, improving wellbore stability, and mitigating 

risks in geologically challenging environments like CT. 

The ability to forecast Young modulus instantaneously 

during drilling operations could revolutionize reservoir 

characterization and operational planning. However, 

limitations such as the dataset confinement to a single 

field suggest avenues for future research, including 

expanding the model scope to incorporate additional 

drilling parameters (e. g., mud properties), testing 

across diverse geological settings, or refining calibra-

tion techniques to further minimize prediction errors.  
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