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ABSTRACT 

This paper explores five machine learning models to predict the 

optimal number of required online generators in drilling operations. 

To begin with, we implement individual, general, and multi-task 

models that can predict the number of online generators for the 

current drilling state. In addition, we build a general recursive 

neural network (RNN) model and a multi-task RNN model that can 

predict the target for thirty minutes in the future. In our multi-task 

architecture, we consider each drilling state as a task. Training and 

test datasets have 60 days of historical data collected from multiple 

rigs in production. We use a dataset from one rig to train and test 

the performance of the first three models. The RNN models' 

training phase uses the same dataset with three sliding windows and 

the testing phase uses three unseen rig datasets for model testing 

and performance evaluation. Our results show that the RNN models 

can predict the targets accurately with recall and f1-score greater 

than 0.95 on average. 
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1. Introduction  

The drilling rig is a structure that creates holes on the earth's surface 

that can be used to extract oil, gas, and water. Rigs consist of 

multiple components including hoisting, circulation, and rotating 

equipment that need a source of power to run. Rig engines provide 

the power, and their performance has been evolving since the 19th 

century when steam engines were the most common type, whereas 

later they were replaced by diesel and gas generators [1]. These 

generators are costly to operate, and they emit air pollutants such 

as CO and CO2. Efficient methods of operation of diesel generators 

will help reduce the drilling cost and protect the environment. It is 

worth mentioning that there are performance enhancements in 

drilling power supply engines. For example, the Electric AC or DC 

drive produced by diesel engines is one of the engine types that are 

more reliable and flexible compared to mechanical engines [2]. 

However, the domain of our research is only limited to analytic 

approaches to the datasets available regardless of the type of the 

engines and generators. 

The required power for the drilling process is not a constant value 

and has a dependency on the drilling states and other drilling 

parameters. Thus, different steps in the drilling process might 

require a different number of generators to produce the power. Oil 

and drilling companies log the number of online generators and 

calculate if the generators are underloaded or overloaded. They 

make recommendations for turning off a generator or turning on 

additional ones based on generator loading capacities. The process 

is not efficient because of multiple reasons. First, rig operators 

cannot respond to warnings promptly. Second, engines cannot go 

online immediately if extra power is required during the drilling 

operation. If the power is not available, a blackout may happen, 

which stops the entire operation until the engines become available. 

On the other hand, keeping the underloaded engines running is 

costly for the company, and it produces wastes that cause pollution. 

Therefore, shutting down the generators or starting additional ones 

without careful planning can impose risks on the drilling operation 

and result in the engineers hesitating to act. This issue motivates us 

to propose using machine learning models to accurately predict the 

number of required generators for the oil drilling process. 

Successful development of the prediction models will boost the 

engineers’ confidence of changing the number of online generators.  

We propose five different models to predict the number of required 

generators. Specifically, we build three models that can predict the 

number of online generators in the current state of the drilling. We 

also build a general recursive neural network (RNN) model with 

Long Short Term Memory (LSTM) layers. Then we extend the 

model and fit a multi-task RNN model with LSTM layers. The 

multi-variant and multi-task RNN model with LSTM layers can 

predict the number of required generators in thirty minutes.  

2. Related Work 

A simulation model for offshore rigs was created to estimate the 

fuel consumption and the running hours. This simulator exposes 

some common issues during tripping and suggested solutions based 

on the findings. The total power in Kw, stop time, and changes in 

the number of the engines are simulated during the pull out of the 

hole (POOH) operation [3]. Their observation exposed several 

issues. For example, small commissioning value of the stop time 

parameter cannot provide reliable performance during the tripping 

operations. Then the simulator was run again with the modified 

stop time to mitigate intermittent starting and stopping of the 

engines. The author created annual projected savings and a 

drawbacks table. They claim their method can reduce the total 
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running hour by about 1000 hours and decrease CO2 emission by 

79 tons. 

Time-series analytics algorithm can detect drilling fluid lost 

circulation incidents (LCIs) to prevent non-productive time (NPT) 

in drilling operations [5]. In the training phase, they use historical 

data obtained from sensors. In the testing phase, the deployed 

model is evaluated by unseen oil well data in the production. 

Several model architectures are employed, among which LSTM 

and CNN (convolutional neural network) show better F1 score 

performance. But the authors mainly focus on CNN because its 

other metrics are higher than those for LSTM. In this paper, we 

propose RNN models with LSTM layers and use similar techniques 

for data segmentation. 

2.1 Our approach and problem formulation 

Given the oil rig datasets, our goal is to accurately predict the 

number of generators required for operation oil rig operation. We 

built five different models. They are  

1) independent classification models,  

2) a general classification model,  

3) multi-task classification models,  

4) a general recursive neural network (RNN) model with LSTM 

layers, and  

5) multi-task RNN models with LSTM layers.  

Among the five models, models 1, 2, and 3 do not consider the time 

series components of the datasets and aim to predict the number of 

generators required for oil rig operation given other attributes. 

Models 4 and 5 incorporate the time series components of the 

datasets and aim to predict the number of generators needed in 30 

minutes (t + 30 minutes) for any starting time t in 30-minute 

intervals. Because the target can only take on integer values, we 

round the regression output from models 4 and 5 to make them 

classification models. We demonstrate the multi-task model 

architecture in Figures 3 and 4. 

2.2 Dataset description 

Four datasets (RUUU, RTTT, RYYY, RZZZ) with relevant 

attributes were collected after consultation with oil and gas experts 

in the industry. Notice that the names for the dataset are pseudo-

names with no real meaning to protect data privacy. A short 

description of the dataset attributes is provided in Table 1.  

Table 1. A short description of the dataset attributes [4] 

 

Each dataset has the past 60 days' log information of a rig drilling 

operation. Data were collected every second. Because our goal is 

to predict the number of required generators in thirty minutes and 

considering multi-variant time series models have a better 

performance to determine the target one step ahead, we process the 

data and take rows at every thirty minutes interval. 

The raw datasets have the ‘number of online generators’ column 

and the ‘loading percentage of the generators’ column. Using these 

two columns and the generator loading guideline in Table 2, we 

need to feature engineer a new column that is the ideal number of 

online generators in operation at any given time, which will be the 

target of our models.   

Table 2. The generator loading guideline 

 

2.3 Visualization of the target attribute 

The data were collected in time sequence, and we aim to predict the 

target in (t + 30) minutes. Thus, it is important to visualize how the 

target changes with time and identify if there are any time-series 

patterns. We ordered the data by date and time, then plotted the 

target column (y, the total number of desired generators) against the 

index (x). We show two plots of target vs. sequence index for the 

training dataset named RUUU and one of the three test datasets 

named RZZZ in Figure 1 and Figure 2 respectively.    

 

Figure 1. Patterns for the target column for Rig RUUU 

2.4 Problem formulation for the multi-task RNN 

model 

Formally, let 𝑀 = {𝑀1 = 1, 𝑀2 = 2, 𝑀3 = 3}  be the set of three 

tasks that correspond to the three different mode states in the 

dataset. Given a series of samples 𝑋𝑀𝑖 = {𝑋1
𝑀𝑖 , 𝑋2

𝑀𝑖 , ⋯ } as input, 

which are extracted from the oil rig data using sliding windows, the 



  

 

 3 

multi-task RNN model generates 𝑦̂𝑀𝑖

∗  as the prediction output for 

task 𝑀𝑖, 𝑖 = {1, 2, 3}.  

 

 

Figure 2. Patterns for the target column for Rig RZZZ 

2.5 Data pre-processing 

Datasets were imported and rows with missing values and columns 

with overlapping information were dropped. Moreover, we feature 

engineered a new column as the target variable. All rows were 

ordered based on the timestamp of data collection. Then we 

extracted rows at 30-minute intervals for model building.  

2.6 Multi-task model architecture 

Multi-tasking learning using a neural network works well for 

datasets that have a small amount of data for some tasks but a large 

amount of data for all tasks collectively. For our oil rigs dataset, we 

build two multi-task models with and without incorporation of the 

time series nature of the datasets. The multi-task model (Model 3) 

does not consider the time component. It has two untrainable dense 

layers and one trainable dense layer with softmax activation. The 

mode states (𝑀𝑖 = 1, 2, 3) are treated as separate tasks. Inputs to 

this model are the regular rows and columns as those from the 

processed dataset. Outputs from this model are probabilities, which 

are processed to class labels. Details of the multi-task model 

architecture are shown in Figure 3.  

 

Figure 3.   An overview of the multi-task model architecture 

The multi-task RNN model (Model 5) considers the time 

component. It has two untrainable LSTM layers and one trainable 

dense layer with linear activation. Inputs to this model are 

subsamples obtained by slicing the processed dataset using sliding 

windows of a certain size. Outputs from the trainable dense layer 

are rounded to integers. The mode states (𝑀𝑖 = 1, 2, 3) are treated 

as separate tasks. Details of the multi-task RNN model architecture 

are shown in Figure 4.  

 

Figure 4.   An overview of the multi-task RNN model architecture 

2.7 Model training algorithm 

The training algorithm for the multi-task model (Model 3) is 

shown below.  

 

The training algorithm for the multi-task RNN model (Model 5) is 

shown below.  

 

2.8 Training 

The model training process involves different loss functions for 

regression (mse) and classification (categorical_crossentropy) 

models. Regression models are transformed into classification 

models by rounding the output into integers as categorical labels.  

3. Experiments and results 

We evaluate the performance of models differently. Details of the 

difference in model evaluation can be found in subsection 3.1. 

3.1 Experimental setup 

Models 1, 2 and 3 are neural networks with fully connected dense 

layers and they are trained and tested (train size: test size = 6:4) 

using dataset from an oil rig named RUUU. Models 4 and 5 are 
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RNN models with LSTM layers and they are trained using a dataset 

from an oil rig named RUUU and tested using three other datasets 

from oil rigs named RTTT, RYYY and RZZZ. We use sliding 

windows to train and test models 4 and 5. The sliding windows 

move across the processed datasets and segment the time series data 

into groups of data according to the size of the sliding windows (30, 

60, and 90) and different tasks/mode states 𝑀𝑖.   

3.2 Model evaluation metrics 

The target has imbalanced categories with some categories having 

fewer counts than others, thus recall and f1 scores are appropriate 

measures for the model performance. Recall, precision, and f1 

score are defined in Equations (1), (2), and (3) respectively [6]. The 

number of categories of the target is 3. 𝑇𝑃𝑖  is the number of true 

positives. 𝑇𝑁𝑖  is the number of true negatives. 𝐹𝑃𝑖  is the number of 

false positives. 𝐹𝑁𝑖   is the number of false negatives, and 𝑖 =
{1, 2, 3}. 

𝑅𝑒𝑐𝑎𝑙𝑙 =  
∑

𝑇𝑃𝑖
𝑇𝑃𝑖+𝐹𝑁𝑖

3
𝑖=1 

3
                  (1) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
∑

𝑇𝑃𝑖
𝑇𝑃𝑖+𝐹𝑃𝑖

3
𝑖=1 

3
            (2) 

𝑓1 𝑠𝑐𝑜𝑟𝑒 =  
2∗𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛∗𝑅𝑒𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑎𝑙𝑙
     (3) 

3.3 Model evaluation results 

Models 1, 2, and 3 are trained and tested differently from models 4 

and 5. Thus we will summarize their performance metrics 

separately in Tables 3 and 4. Among models 1, 2, and 3, the multi-

task model (model 3) performs better than the general model 

(model 2). The individual models (model 1) have the worst 

performance on test data. Results are summarized in Table 3.  

Table 3. Models 1, 2 and 3 performance metrics 

 

Between models 4 and 5, both the RNN + LSTM General model 

(model 4) and the Multi-task RNN + LSTM model (model 5) 

perform very well on three distinct test datasets. Compared with 

models 1, 2, and 3, the improved performance of models 4 and 5 

may be due to the inclusion of the time components of the datasets 

into the models and the LSTM layers, which can preserve the time 

structure of data. Results are summarized in Table 4. 

Table 4. Models 4 and 5 performance metrics (sliding window 

size is 60) 

 

3.4 Sliding window size comparison 

We want to compare the model performance under different size of 

the sliding windows, which is the number of rows in time series 

data segments for RNN model training and testing. We choose to 

use a sliding window with sizes 30, 60, and 90. Results are 

summarized in Table 5.  

We see that for the RNN + LSTM general model, window sizes do 

not influence the average performance metrics much, though the 

metrics seem to decrease slightly as the window sizes get larger for 

dataset RZZZ. For the multi-task RNN + LSTM model, its overall 

performance is as good as that of the RNN + LSTM general model. 

Moreover, window size too small or too large might negatively 

affect the multi-task RNN model performance.  

Table 5. Performance evaluation with different window size 

 

4. Limitations 

In industry settings, generators have different types with different 

specifications. The studied rigs use almost the same types of 

generators; hence these models could have some challenges 

predicting the target for other generator types that they have not 

seen before. If historical data is available for other types of 

generators, new models can be trained when current models’ 

performance is unsatisfactory. The dependency of the models on 

drilling plans is an obstacle to using our models in production. 

Historical data specified the drilling state in the past. So, the models 

can predict the target quite easily. However, it may be nontrivial to 

determine the drilling state during the operation for the next thirty 

minutes. 

Our models involve many hyper-parameters such as sliding 

window size, layers of the model architecture, loss function, and 

training epochs. Due to the time constrain for the project, we only 

studied the effect of sliding window size. It will be interesting to 

investigate the effects of other hyper-parameters as well.  

5. Conclusion 

In this paper, we successfully develop an RNN + LSTM general 

model and a multi-task RNN + LSTM model. They can accurately 

predict the total number of desired generators required for oil rig 

operation. We also build and compare three models which do not 
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include the time components of the dataset. The model performance 

metrics recall, and f1-score show that the general and multi-task 

RNN models with LSTM layers are superior to the other three 

models under consideration. Sliding window size does not seem to 

impact the RNN model performance much.  
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