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 In geothermal drilling operations, data from rig-mounted sensors play a 

crucial role in maintaining operational efficiency and preventing drilling 

failures. However, sensor uncertainties and complex subsurface conditions 

can lead to stuck pipe incidents, causing significant non-productive time and 

financial losses. This study proposes web-based drilling monitoring system 

integrated with machine learning (ML) to predict stuck pipe occurrences in 

geothermal drilling. Several ML algorithms—decision tree (DT), random 

forest (RF), naïve Bayes (NB), multilayer perceptron (MLP), and support 

vector machine (SVM)—were evaluated using geothermal drilling data from 

an Indonesian geothermal project conducted in 2023. To address class 

imbalance, the synthetic minority oversampling technique (SMOTE) was 

applied to the training dataset. Feature selection was performed using the 

correlation coefficient method, and predictions were generated using a 5-

minute sliding window. Among the evaluated models, the DT consistently 

demonstrated superior performance across multiple prediction horizons 

(PH), achieving an accuracy of 97.4%, precision of 98.6%, recall of 72.9%, 

and a ROC-AUC of 0.729 using the top five selected features. The trained 

model was integrated into web-based monitoring platform that provides 

visualization and predictive alerts. This system enables early detection and 

better decision-making, helping improve drilling efficiency, reduce stuck 

pipe risks, and enhance operational safety. 
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1. INTRODUCTION 

Geothermal energy is derived from the earth's internal heat, which is continually generated through 

the radioactive decay of isotopes within the crust and mantle. This heat can be transferred to the surface 

through thermal conduction and subsurface fluid circulation, making it accessible for energy applications 

depending on geological conditions [1]. To harness this energy, wellbores must be drilled to establish flow 

pathways connecting the surface with subsurface geothermal reservoirs [2]. Geothermal drilling aims to 

access subsurface thermal reservoirs but faces numerous operational challenges, including hard and abrasive 

rock formations, high temperatures, and severe fluid losses, which often result in stuck pipes and significant 

cost overruns [3]. Given the uncertain and complex nature of subsurface conditions, historical data from 
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previous drilling becomes highly valuable, even though it may not cover all possible scenarios. Therefore, 

simulation and experimental approaches can complement and enrich the information provided by historical 

data to support more accurate decision-making in drilling operations [4]. These data can be utilized with 

proven effective approaches such as an offshoot of artificial intelligence (AI), namely machine learning 

(ML), to prevent stuck pipes in drilling. This approach enables prediction of stuck pipe so that preventive 

action can be taken, resulting in more economical drilling costs [5]. 

Previous study proposed classification ML models, namely decision tree (DT) which was compared 

with logistic regression (LR), and naïve Bayes (NB). These models were chosen for their simplicity, 

suitability to large datasets, fast training time, and good predictive ability [6]–[10]. In addition, DT model has 

several advantages compared to random forest (RF) even though RF is a combination of many DT, namely 

faster data training and decision making. This is suitable for the case of clogged pipe prediction, which must 

be done in real-time, requiring speed in modeling and prediction [11]. In addition, sliding window and 

feature selection methods were also added to improve the performance of prediction model [12], [13]. 

Previous studies have explored the use of ML models to predict stuck pipe incidents, and techniques 

such as sliding windows and feature selection have also produced encouraging outcomes. Nevertheless, no 

prior study has combined these three elements—ML models, sliding window techniques, and feature 

selection—within a web-based monitoring platform that delivers predictive insights to drilling operators. 

This study seeks to develop such a system, which includes alert notifications generated from ML predictions 

and line-graph visualizations of drilling parameters to support clearer interpretation and analysis. The 

proposed approach is anticipated to enhance the efficiency of geothermal drilling operations by enabling 

accurate detection of stuck pipe risks and reducing potential operational losses. 

 

 

2. LITERATURE REVIEW 

Khan et al. [14] examined the utilization of ML for stuck pipes in oil drilling. This research uses 

artificial neural network (ANN) and support vector machine (SVM) methods. Based on the research, it was 

concluded that ANN is better than SVM with 88.89% accuracy, 91.89% recall, and 86.36% specificity. 

Qodirov and Shestakov [15] used ANN and sliding window methods. This study concluded that the accuracy 

of the ANN model with a sliding window reached 86%. The prediction model built can be used in the well 

drilling process to minimize the risk of stuck pipes. Study conducted by Elmousalami and Elaskary [16] used 

k-nearest neighbors (KNN), DT, RF, extremely randomized trees (extra trees), NB, SVM, LR, ANN, extreme 

gradient boosting (XGBoost), adaptive boosting (AdaBoost), and stochastic gradient boosting (SGB) 

methods. Some algorithms add hyperparameters so that the results become more optimal. From the study, it 

was concluded that extra trees provided the best classification accuracy of 100%. 

Elahifar and Hosseini [17] conducted research on the prediction of stuck pipe drilling in case studies 

of directional and vertical drilling in the Middle East oil fields. The method used in the research is ANN 

combined with particle swarm optimization (PSO). The results of this study resulted in an accuracy of 

84.61% for directional wells and 80% for vertical wells. Shadizadeh [18] proposed solution to address the 

stuck pipe issue in oil field drilling in Iran involved using an ANN. The study demonstrated that the ANN 

model achieved 95% accuracy in testing and validating data for dynamic drilling, and over 93% accuracy for 

static drilling. Xian and Yang [19] discussed a model for early warning when a drilling jam will occur. The 

methods used in the study were SVM, PSO, traditional cross-validation (CV), and artificial fish swarm 

algorithm (AFSA). The results of the study concluded that the SVM model combined with AFSA achieved 

the highest accuracy of 93.47%. Based on the reviewed literature, no prior research has integrated these four 

components—ML models, sliding window techniques, feature selection, and handling potentially imbalanced 

datasets—into a unified web-based monitoring platform that provides predictive insights for drilling 

operations. Therefore, this study introduces several strategies, including evaluating feature selection to 

determine the optimal set of features, addressing potential data imbalance to improve model performance, 

and implementing the trained predictive model within a web-based information system to support  

decision-making and enhance drilling efficiency. 

 

 

3. METHODOLOGY 

Figure 1 shows the stages of the proposed study that involved developing a geothermal drilling 

stuck pipe prediction system, starting with problem and goal identification, data collection, data 

preprocessing, model selection, model evaluation, and model deployment. In the data preprocessing stage, 

the sliding window and feature selection methods are refined. This refinement is achieved by comparing 

several measures. 
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Figure 1. The flowchart of proposed study for drilling prediction 
 

 

3.1.  Data collection 

Data collection can be interpreted as the activity of collecting accurate and relevant information for 

research [20]. This study utilizes a time series dataset on geothermal drilling from a geothermal drilling 

company in Indonesia. The company specializes in mud logging, directional drilling, and drilling fluids. The 

dataset employed in this research is derived from recordings captured by internet of things (IoT) sensors. The 

sensor records drilling data in 10-second intervals which are then sent to the server side. This study uses the 

drilling dataset from well “A” which has 23 features and 339,065 rows of data taken on June 02, 2023, to  

July 11, 2023. The label on the dataset is known to consist of two classes, namely normal and stuck drilling. 

The dataset is imbalanced, with the normal drilling class accounting for 92.52% and the stuck drilling class 

representing only 7.48%. Such an imbalance can lead ML models to become biased toward the majority 

class, resulting in poor predictive performance for the minority class, which in this case represents the critical 

stuck drilling condition. To address this issue, the synthetic minority oversampling technique (SMOTE) will 

be applied to the training set in this study to generate synthetic samples for the minority class. This approach 

helps balance the class distribution and expected to improve the model’s ability to accurately detect stuck 

pipe incidents. Table 1 presents the features of the dataset and their descriptions. 
 
 

Table 1. Features of the dataset 
No Features Descriptions 

1 Date-time Sensor-recorded date and time 
2 BitDepth The bit or casing position, indicating the lowest position on the drill string 

3 Scfm Air rate that pumping from aerated unit into the wellbore and combined with water 

to produce low density fluid less then water when entering the loss zone 
4 MudCondIn Conductivity of drilling mud as it enters the wellbore 

5 BlockPos Shows the position of the traveling block 

6 WOB Force exerted on the drill bit 
7 ROPi Drill bit speed drilling underground formations 

8 BVDepth Speed in penetrating underground geological formations 

9 MudCondOut Conductivity of drilling mud as it exits the wellbore 
10 Torque Rotating force generated 

11 RPM Rotation speed for one minute 

12 Hkld Total of the weight borne by the hook on the drilling equipment 
13 LogDepth Depth of the borehole at the time of log data measurement 

14 H2S_1 Refers to the concentration level of hydrogen sulfide (toxic and corrosive gas) 

15 MudFlowOutp Mud flow discharge that rises to the surface 
16 TotSPM Repetitive motion performed by drilling mud pump in one minute 

17 SpPress Pressure in the support pipe system of drilling equipment 

18 MudFlowIn Mud flow rate to be pumped to the well 
19 CO2_1 Carbon dioxide (CO2) gas concentration 

20 Gas Concentration of discovered gas 

21 MudTempIn Mud temperature entering the borehole 
22 MudTempOut Temperature of mud exiting the borehole and returning to the surface 

23 TankVolTot Total volume in the tank 

 
 

3.2.  Feature selection with correlation coefficient 

Correlation coefficient (r) is a method to measure the relationship between two variables. The 

resulting value of this method ranges from -1 to +1, with -1 indicating a perfect negative correlation,  

+1 indicating a perfect positive correlation, and 0 meaning there is no correlation between the variables [21]. 

In this study, the correlation coefficient r is employed for feature selection to identify the most influential 
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features affecting the output class. We chose the top 5, 10, and 15 features with the highest correlation 

coefficients from Table 1 to serve as input features for the ML models. The formula for calculating the 

Pearson correlation coefficient is shown in (1). 
 

𝑟 =
𝑛 ∑ 𝑋𝑖𝑌𝑖−∑ 𝑋𝑖 ∑ 𝑌𝑖

𝑛
𝑖=1

𝑛
𝑖=1

𝑛
𝑖=1

√𝑛 ∑ 𝑋𝑖
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𝑛
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2𝑛
𝑖=1  √𝑛 ∑ 𝑌𝑖

2−(∑ 𝑌𝑖
𝑛
𝑖=1 )

2𝑛
𝑖=1

 (1) 

 

3.3.  Data transformation with sliding window 

To process a time series dataset where future predictions are based on values from previous time 

periods, the sliding window method is selected as an appropriate approach [22]. Sliding window is a method 

of analyzing a subset of data that “rolls” over time. This algorithm is highly adaptable and thus robust to 

variations in data that change suddenly [23]. Sliding windows can be used in various computing fields such 

as data analysis and pattern matching algorithms. Sliding windows use the concept of a constant-sized 

“window” applied to each input data to handle successive portions of the data. Basically, this technique uses 

a pre-existing data set to predict future values [24]. Figure 2 illustrates a sliding window method, using data 

from the previous 5 minutes as input to forecast the next 5-minute prediction horizon (PH). 
 

 

 
 

Figure 2. Sliding window illustration 
 
 

3.4.  Decision tree model 

DT is a prediction model that is very suitable for classification [25]. This model is a directed  

acyclic graph that begins at a root node, where each internal (non-terminal) node tests a single feature. Each 

branch corresponds to the outcome of that test, guiding the instance down a specific path. This process 

continues through successive feature evaluations until a terminal (leaf) node is reached, which provides the 

final class prediction [26]. 

The DT model was chosen because the model is simple, suitable for large datasets, fast training 

time, and good prediction ability so that it is suitable for use in the case of stuck pipe prediction in drilling 

[6], [7], [25]. In addition, in this case the DT model has several advantages compared to RF, namely faster 

data training and decision making which is suitable for stuck pipe prediction cases that require speed in 

modeling and prediction [11]. Figure 3 shows the DT formation flowchart. Hyperparameter optimization was 

conducted for the DT model, resulting in the optimal configuration of max_depth=5, min_samples_split=2, 

min_samples_leaf=2, and criterion=entropy. To ensure the reliability of the model, each predictive model 

was executed repeatedly under identical conditions to validate its robustness and consistency. 

 

3.5.  Evaluation metrics for the models 

Evaluation metrics measure model performance by predicting testing set that the model has never 

seen before. Thus, it can be known how well the model performs in solving the given task [27], [28]. This 

study employs a hold-out validation method, which is more appropriate for time series data to preserve 

temporal dependencies. In this approach, the dataset is divided into two portions, with the first 47% used for 

training and the remaining 53% reserved for testing. We ensured that the minority class was represented in 

both the training and testing sets. Therefore, this ratio was chosen to maintain a stratified distribution, 

ensuring that the minority class appears in both subsets, as the stuck condition occurs approximately in the 
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middle of the time series dataset. Table 2 shows an explanation of the confusion matrix components, where 

true positive (TP) is a true positive prediction, false positive (FP) is a false positive prediction, true negative 

(TN) is a true negative prediction, and false negative (FN) is a false negative prediction [29]. The positive 

label indicates a stuck pipe condition, while the negative label corresponds to normal drilling conditions. 

Model performance was evaluated using several metrics, including accuracy, precision, recall, F1-score, and 

receiver operating characteristic area under the curve (ROC-AUC), all derived from values in the confusion 

matrix. Accuracy measures the proportion of correctly classified instances among all samples. Precision 

reflects the proportion of correctly identified positive cases out of all predicted positive cases, while recall (or 

sensitivity) indicates the model’s ability to detect actual positive cases. The F1-score, representing the 

harmonic mean of precision and recall, provides a balanced assessment of both metrics. Additionally, the 

ROC-AUC evaluates the model’s ability to distinguish between positive and negative classes, offering an 

overall measure of classification effectiveness. To address class imbalance, the SMOTE was applied to the 

training set, ensuring a more balanced class distribution during model training. 
 

3.6.  Model deployment 

Once the optimal model is obtained, it is deployed into a web-based system using the Streamlit 

framework. This web application serves as a prediction tool that processes historical drilling data to identify 

potential stuck pipe incidents. In practical implementation, the data is collected from sensors installed on the 

drilling rig and stored in a central database for analysis. When valid input data is provided, the system 

generates predictions indicating either normal drilling conditions or potential stuck pipe events. Additionally, 

the platform features interactive visualization tools that allow users to monitor and analyze historical drilling 

parameters over time, supporting early detection and informed decision-making during drilling operations. 
 

 

 
 

Figure 3. Decision tree flowchart 
 

 

Table 2. Confusion matrix 
Actual Predicted 

Positive Negative 

Positive True positive (TP) False negative (FN) 

Negative False positive (FP) True negative (TN) 

 

 

4. RESULT AND DISCUSSION 

4.1.  Model performance evaluation 

In this section, we compared the performance of the proposed DT model with other ML algorithms, 

namely NB, RF, multilayer perceptron (MLP), and SVM. In addition, we also investigate the impact of 

applying the SMOTE on model performance. Tables 3 to 5 summarized the results of each model at three 

PH: 5 minutes (PH5), 10 minutes (PH10), and 15 minutes (PH15). The models utilize the last five minutes of 

drilling data to predict whether a stuck pipe incident will occur in the next 5, 10, or 15 minutes, respectively.  

Based on the results presented in Tables 3 to 5, the DT consistently achieves strong and stable 

performance across all PH. The proposed DT model, developed using the top five selected features, achieved 

an accuracy of 0.973-0.974, precision of 0.986, and recall of 0.728-0.729. The F1-score, ranging between 

0.624-0.629, indicates a balanced performance between precision and recall, while the ROC-AUC values 

(around 0.728-0.729) further confirm the model’s good discriminative capability in identifying the stuck pipe 

class. When compared to other algorithms, the DT model outperforms NB and MLP in terms of both 

precision and overall stability. Although the RF model shows comparable results, DT offers a simpler 
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structure with lower computational complexity, making it more suitable for integration into the proposed 

web-based monitoring system. The SVM, in contrast, demonstrates the weakest performance across all 

metrics, particularly in F1-score and ROC-AUC, suggesting limited capability in handling the non-linear 

characteristics of the dataset. 
 

 

Table 3. Performance of prediction model for PH 5 
Model Accuracy Recall Precision F1-score ROC AUC 

NB 0.933 0.715 0.667 0.410 0.736 

RF 0.974 0.729 0.986 0.629 0.730 

MLP 0.901 0.687 0.602 0.308 0.514 
SVM 0.911 0.489 0.487 0.022 0.500 

DT 0.973 0.728 0.986 0.626 0.728 

NB+SMOTE 0.937 0.717 0.677 0.423 0.715 
RF+SMOTE 0.973 0.729 0.986 0.628 0.731 

MLP+SMOTE 0.966 0.711 0.868 0.549 0.500 

SVM+SMOTE 0.908 0.505 0.505 0.058 0.500 
DT+SMOTE 0.973 0.727 0.986 0.624 0.727 

 

 

Table 4. Performance of prediction model for PH10 
Model Accuracy Recall Precision F1-score ROC AUC 

NB 0.933 0.717 0.667 0.411 0.738 

RF 0.974 0.730 0.987 0.631 0.732 
MLP 0.902 0.695 0.606 0.317 0.506 

SVM 0.949 0.511 0.617 0.048 0.500 

DT 0.974 0.729 0.986 0.628 0.729 
NB+SMOTE 0.937 0.717 0.677 0.423 0.715 

RF+SMOTE 0.973 0.729 0.986 0.628 0.731 

MLP+SMOTE 0.966 0.711 0.868 0.549 0.500 
SVM+SMOTE 0.908 0.505 0.505 0.058 0.500 

DT+SMOTE 0.973 0.727 0.986 0.624 0.727 

 

 

Table 5. Performance of prediction model for PH15 
Model Accuracy Recall Precision F1-score ROC AUC 

NB 0.933 0.718 0.667 0.412 0.739 

RF 0.974 0.731 0.987 0.632 0.734 
MLP 0.903 0.688 0.604 0.311 0.456 

SVM 0.959 0.584 0.980 0.289 0.500 

DT 0.974 0.728 0.986 0.627 0.728 
NB+SMOTE 0.937 0.719 0.678 0.426 0.717 

RF+SMOTE 0.974 0.731 0.987 0.632 0.734 

MLP+SMOTE 0.965 0.712 0.862 0.549 0.500 
SVM+SMOTE 0.931 0.523 0.541 0.092 0.500 

DT+SMOTE 0.974 0.729 0.986 0.629 0.729 

 
 

4.2.  Most influential features 

The prediction models presented in Tables 3 to 5 were developed using the five most relevant 

features identified through correlation coefficient-based feature selection. Table 6 lists these features in 

descending order of their correlation with the stuck pipe label, with Scfm, Hkld, BitDepth, BVDepth, and 

LogDepth emerging as the top contributors. These features reflect key operational parameters that influence 

drilling performance, particularly the mechanical and hydraulic conditions associated with potential stuck 

pipe incidents. By focusing on these five features, the proposed DT model effectively reduces data 

dimensionality and computational complexity while maintaining robust predictive capability. This selective 

approach helps minimize the risk of overfitting and enhances model interpretability—important factors for 

deployment in a practical, web-based monitoring environment. The strong correlation values of Scfm and 

Hkld indicate that air flow and hook load play a significant role in identifying early signs of stuck pipe 

conditions, reinforcing their importance in predictive analysis for geothermal drilling operations. 
 

 

Table 6. Five most relevant features 
Feature Correlation coefficient score 

Scfm 0.486942 

Hkld 0.442078 

BitDepth 0.292394 
BVDepth 0.284145 

LogDepth 0.274124 
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The application of SMOTE shows only marginal improvements in model performance, particularly 

for algorithms such as NB and MLP. For the DT model, SMOTE did not significantly alter the performance 

metrics, which indicates that the model can effectively handle the imbalanced dataset even without 

oversampling. Nevertheless, applying SMOTE helped ensure fairer learning conditions across models and 

provided consistent minority class representation during training. Overall, the results demonstrate that the 

proposed DT model provides the most reliable and interpretable solution for stuck pipe prediction. Its 

consistent performance across all PHs, combined with its simplicity and suitability for deployment within a 

web-based monitoring platform, supports its selection as the best-performing predictive model in this study. 

Figure 4 presents the confusion matrix of the DT model, while Figure 5 illustrates the confusion matrix of the 

DT model combined with SMOTE. Meanwhile, Figure 6 displays the ROC curves for all prediction models, 

providing a comparative visualization of their classification performance. 
 

 

  
  

Figure 4. Confusion matrix for DT model Figure 5. Confusion matrix for DT+SMOTE model 
 

 

 
 

Figure 6. ROC Curves for all prediction models 
 
 

4.3.  Model deployment 

After the optimal model was successfully trained, it was integrated into a web-based information 

system. The system begins with a login page (Figure 7), which serves as the entry point for users to access 

the application. Users are required to enter their registered username and password to gain access. Upon 

successful login, the dashboard interface is displayed, providing navigation to several key features, including 

the prediction page and the data source page for data visualization. A logout option is also available to 

securely end the session. The prediction page, accessible through the navigation menu, displays the 

prediction results generated from the input data, as illustrated in Figure 8. Meanwhile, the visualization page 

allows users to view historical drilling datasets stored in the database, presented as interactive line charts. 

Users can specify a desired time range through an input form to visualize data within that period. Figure 9 
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shows an example of the geothermal drilling data visualization interface, demonstrating how the system 

supports monitoring and analysis of drilling conditions. 
 

 

 
 

Figure 7. Login page 
 

 

  
  

Figure 8. Prediction page Figure 9. Visualization page 
 

 

5. CONCLUSION 

The proposed DT model, developed using the top five features identified through the correlation 

coefficient method, achieved the most optimal performance among all evaluated models for predicting stuck 

pipe incidents in geothermal drilling operations. With an accuracy of 97.3-97.4%, precision of 98.6%, recall 

of 72.8-72.9%, and ROC-AUC of approximately 0.728-0.729, the DT model demonstrated superior 

predictive capability and balanced performance across evaluation metrics. The incorporation of a 5-minute 

sliding window and the five most relevant features contributed to improving both computational efficiency 

and model interpretability. When compared with other ML algorithms—NB, RF, MLP, and SVM—the 

proposed DT consistently achieved comparable or better results across all PHs. While the RF model showed 

similar accuracy, the DT was favored for its simpler structure, lower computational cost, and suitability for 

deployment in a web-based system. The trained DT model was successfully integrated into a web-based 

drilling monitoring platform, providing prediction-based alerts and data visualization to assist operators in 

identifying potential stuck pipe events. This system is expected to improve operational decision-making, 

enhance drilling efficiency, and reduce the likelihood of costly downtime. For future research, further 

enhancement of model performance is planned by incorporating deep learning approaches and advanced 

feature extraction techniques to better capture complex temporal dependencies. Expanding the dataset with 

larger and more diverse drilling records is also recommended to strengthen the model’s generalization across 

varying geological and operational conditions. 
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