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Rate of Penetration Prediction using K-means and
Ensembles, a Machine Learning Approach
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Abstract: Rate of Penetration (ROP) prediction is an important aspect of drilling in the Oil & Gas Industry. Several studies have
been carried out to predict ROP. Primarily, Artificial Neural Networks (ANN) has been used. In this paper, the objective is to
explore a new approach to predict ROP using K-means and Ensemble of Gradient Boosting Model (GBM) technique. Nine input
parameters are used for ROP prediction- True vertical depth, weight on bit, standpipe pressure, flow-rate, torque, equivalent
circulating density and RPM. The model is evaluated on the basis of accuracy, R*2 and Root-mean square error (RMSE)
Keywords: Rate of Penetration, Prediction, Gradient Boosting Machine (GBM), K-means, Ensemble, ANN, Random Forest

I. INTRODUCTION
These days in the Oil & Gas industry, cost efficiency is an important aspect. Prediction of drilling parameters and optimization cost
has been extensively studied and researched upon.
The primary aim of these studies is to maximize the performance and decrease the probability of encountering problems and thus
reducing the non-productive time during drilling. In most cases, the cost of drilling is reduced by increasing its drilling speed. This
is mainly achieved by maximizing the Rate of Penetration(ROP).
ROP is dependent on many drilling parameters hence the key task is to derive a relation between the optimum drilling parameters
that will maximize ROP thus minimizing cost.
Therefore, this research has been a focus area for many researchers and major oil & gas companies. This paper presents a technique
which predicts the Rate of Penetration of drill bit with high accuracy. Various models have been tried and tested and finally the
ensemble of GBM models gives the best results.
The scope of this paper is to present a technique apart from Artificial Neural Networks(ANN) and thus avoiding black-box methods
to predict the ROP.
Prior to this research paper, the GBM model has not been used in ROP prediction in the oil and gas sector.. Moreover, this paper
also provides effective choices of hyper-tuning parameters in the GBM model for better prediction.

Il. METHODOLOGY
The methodology followed is to implement each regression model with different parameters and evaluate the highest accuracy
model. Regression is widely used in ROP prediction and therefore it is important to determine whether it is justified to change the
technique and avoid black-box methodology

IHHLIMPLEMENTATION
A. Input/ Output Data
The data collected had 9 input parameters for each of 4 wells in one cluster (Oil field). Among these parameters, multicollinearity
was identified and finally 7 input parameters were used viz: - True vertical depth(TVD), Standpipe pressure(SPP), Equivalent
circulating density(ECD), Mud flow rate, Weight on Bit(WOB), Rotations per minute (RPM), Torque. The dataset was divided into
a training set, a cross validation set and a test set. The accuracy was evaluated on the test set

B. Background

For every well, there are different lithologies (layers) on the inside. This helps companies identify the position of the drill-bit as it
moves from one layer to another layer. Based on the properties of each layer, the speed of the drill bit reduces or increases. For
example:- As the drill bit goes to lower depths, the speed of the drill bit increases due to high force inside the well. Identifying this
depth is very crucial as the majority of drill bit breakdowns happen here hence it is important to predict the speed and adjust it
accordingly. Below is the image which shows the lithology inside the well
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C. Procedure

The process started by splitting the data into 3 parts viz: - 70% training set, 20% cross validation set and 10% test set. The key
problem encountered in the data set was the unavailability of data on lithology(layers) inside the well which determines the exact
change in Rate of penetration as the depth increases. Each well has a different number of lithologies with each lithology having its
own properties and the ROP varies significantly when the drill goes from one layer of lithology to the other layer of lithology. The
model accuracy and the statistics obtained before establishing lithology is as shown in the table below: -

ALGORITHM R2 RMSE
Linear Regression 0.18 4.77
Support Vector Regression 0.21(without tuning), 0.27(with 4.64, 4.37
tuning)
Random Forest 0.426 4.03
Lasso 0.4 431
Gradient Boosting Machine (GBM) 0.39 4.08
XGBoost Regressor 0.44 4.03
Ensemble (3 GBMs) 0.48 3.92
Neural Networks 0.47 (2 hidden layers) 3.96
GIm, log 0.23 4.59
transformations
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The major reason for the model failure is non-linearity in the data primarily due to missing lithologies in the data set. The machine
learning models fail to predict the ROP when the drill moves from one layer to the other layer and thus leading to low accuracy. To
overcome this drawback and to understand the layers inside a well, K-means clustering algorithm was implemented. By using k-
means clustering algorithm on the full data set with all the 7 parameters, layers were established. At first, manually 5 clusters were
taken and using elbow point method, 8 clusters emerged to be significant. Finally, the dataset was divided into 8 clusters with each
row in the dataset attributed to a specific layer inside the well based on the properties of the cluster. Clustering algorithms especially
K-means expect data to be scaled hence before the clustering process a major task was to center scale the data. Once the clustering
was completed, the dataset was rescaled to its original form with an additional variable of layer number in the dataset which was the
cluster number. This variable was then converted into a categorical variable using one-hot encoding technique. The graph for
optimal number of clusters is shown below: -
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Fig. 2 An elbow curve for identifying ideal number of clusters (lithologies) inside a well

After k-means clustering, same algorithms were again performed and the results obtained are as below in the table:-

ALGORITHM R2 RMSE
Linear Regression 0.29 4.4
Support vector regression 0.55(without tuning), 0.51(with 3.4990, 3.67

tuning)
Lasso 0.4 4.0
Random Forest 0.81 2.05
Gradient Boosting Machine 0.84 1.72886
(GBM)
Ensemble (3 GBMs) 0.87 1.699

Thus, the above table clearly states that the Gradient Boosting Machine model gives the best accuracy and lowest RMSE. To further
improve the model’s results, an ensemble of 3 GBM models was used by varying the learning rate and other hyperparameters. Using
ensemble, the model successfully predicted the ROP with 87% accuracy and 1.699 RMSE.
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IV.CONCLUSION

This paper has shown implementation of significant machine learning models for ROP Prediction. It also avoids the black-box
methods such as neural networks and thus accurately predicts the Rate of penetration of a drill bit which optimizes cost and reduces
the non-productive time in the Oil & Gas industry.
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