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Abstract_ Reliability and availability are imperative in industrial systems. Operating 

amenities such as electricity plants, industrial lines, and oil and gasoline drilling websites 

necessitates state-of-the-art equipment. Unscheduled preservation prices cash now not 

definitely due to the fact of misplaced manufacturing revenue. Major disasters can threaten 

humans and the environment, whilst minor screw ups have a unsafe influence on the backside 

line due to restore and clean-up costs. In these situations, Reliability Engineering has lengthy 

tried to decrease the probability of failure. 

For fielded systems, general RAMS (Reliability, Availability, Maintainability, and Safety) 

oriented protection reviews are beneficial techniques for managing hazard and lowering 

unplanned downtime. Reliability Predictions are regularly based totally on guide reliability 

models, Weibull works with constrained subject facts and assumptions about the failure 

distribution, and RCM combines each of these techniques in aggregate with policies of thumb 

to set up upkeep intervals and procedures. 

 

1.INTRODUCTION 

Machine Learning, a part of AI that employs a set of advanced algorithms to create models 

that predict specific outcomes based on historical data about a problem, contributes to 

maintenance planning by analysing large data sets of individual machine performance and 

environmental variables. Machine Learning complements maintenance planning by analysing 

vast data sets of individual machine performance and environment variables, identifying 

failure signatures and profiles, and delivering an actionable prediction of failure for specific 

parts. Missed values can be calculated using accurate predictive analytics of large amounts of 

sensor data, or incorrect readings can be replaced due to faulty sensors or a faulty 

communication line. It can also be used to anticipate events to assist in various decision-

making processes, such as maintenance planning and operation. Stripper wells account for 

80% of all producing oil wells in the United States. Stripper wells produce modest amounts 

of oil each well, but when taken as a whole, they account for a significant share of domestic 

oil output. 
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Fig 1: 

2.LITERATURE SURVEY 

Here, we look at some of the important research projects in the industrial sector that are 

aimed at anticipating equipment failure. Industrial machinery must be extremely efficient, 

according to Brad Cline and Radu. In their paper Predictive Maintenance Applications for 

Machine Learning Ensembling, Stefan Niculescu, Duane Huffman, and Bob Deckel from 

Parametric Technology Corporation discussed different classifier techniques that help to 

suggest if machines can be restored. The authors create a failure prediction model in which 

they recommend the machine to be utilised depending on the failure rate. This dataset 

comprises information about several sensors found in either surface or downhole equipment 

that can be used to estimate failure. 

Their research focused on developing data models with great accuracy and generality in 

terms of equipment failure prediction skills. Different types of Data Mining techniques were 

tested on the data sets for this aim. Exploratory Data Analysis is used to balance the dataset 

because it is severely skewed. Sensor technology, communication networks, and computer 

power advancements have prompted the oil and gas industries to deploy huge number of 

sensors to monitor important circumstances in hazardous environments. As a result, a 

massive volume of data is sent in at a high rate. It is feasible to extract critical information 

that supports decision-making, estimate missed values, or replace inaccurate readings using 

advanced analytics techniques that scale on large data. 

2.1 S. Eric, Predictive Analytics: The Power to Predict Who Will Click, Buy, Lie, or 

Die. Wiley, 2013. 

In this rich, fascinating — surprisingly accessible — introduction, leading expert Eric Siegel 

reveals how predictive analytics (aka machine learning) works, and how it affects everyone 

every day. Rather than a “how to” for hands-on techies, the book serves lay readers and 

experts alike by covering new case studies and the latest state-of-the-art techniques. 

Prediction is booming. It reinvents industries and runs the world. Companies, governments, 

law enforcement, hospitals, and universities are seizing upon the power. These institutions 

predict whether you're going to click, buy, lie, or die. 

 

Why? For good reason: predicting human behavior combats risk, boosts sales, fortifies 

healthcare, streamlines manufacturing, conquers spam, optimizes social networks, toughens 

crime fighting, and wins elections. 
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How? Prediction is powered by the world's most potent, flourishing unnatural resource: data. 

Accumulated in large part as the by-product of routine tasks, data is the unsalted, flavorless 

residue deposited en masse as organizations churn away. Surprise! This heap of refuse is a 

gold mine. Big data embodies an extraordinary wealth of experience from which to learn. 

 

Predictive analytics (aka machine learning) unleashes the power of data. With this 

technology, the computer literally learns from data how to predict the future behavior of 

individuals. Perfect prediction is not possible, but putting odds on the future drives millions 

of decisions more effectively, determining whom to call, mail, investigate, incarcerate, set up 

on a date, or medicate. 

2.2 M. R. Gupta and Y. Chen "Theory and Use of the EM Algorithm". Foundations and 

Trends® in Signal Processing, Vol. 4: No. 3, pp 223-296, 2011. 

This introduction to the expectation–maximization (EM) algorithm provides an intuitive and 

mathematically rigorous understanding of EM. Two of the most popular applications of EM 

are described in detail: estimating Gaussian mixture models (GMMs), and estimating hidden 

Markov models (HMMs). EM solutions are also derived for learning an optimal mixture of 

fixed models, for estimating the parameters of a compound Dirichlet distribution, and for dis-

entangling superimposed signals. Practical issues that arise in the use of EM are discussed, as 

well as variants of the algorithm that help deal with these challenges. 

3.DATSET 

Concophlips has given a data set that includes failure incidents on both surface and downhole 

equipment. Data was obtained from over 107 sensors that capture a range of physical 

parameters on the surface and below the ground for each failure event. We have 60000 data 

points and 172 columns, including the id and target columns, with 107 sensors measurements. 

The characteristics are all data in numbers. 

• id — A row identification for each row in the training and test data sets is stored in this 

column. 

• target — Only in the training data set, this column serves as a label for downhole equipment 

failures. The target column is not present in the test data set. You must use a predictive model 

of your invention to predict the target values. The number '1' indicates that the equipment will 

fail, while '0' indicates that it will not fail. In these data sets, there are two sorts of sensor 

columns: 

• measure columns — Each of these columns represents a single sensor measurement. 

• histogram bin columns — A collection of ten columns that represent different bins of a 

sensor's distribution across time period. 

We must predict the dependent variable using the 170 unprocessed independent numerical 

variables provided. 
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3.1  Training Dataset  

 

3.3 Testing Dataset 

 

Both the datasets differ in a single column that is the target column which is known prior 

incase of training datset and is required to be predicted in case of testing dataset. 

4.RESULTS AND DISCUSSION 

 

Feature Engineering   

The process of changing raw data into features that better describe the underlying problem to 

predictive models, resulting in enhanced model accuracy on unseen data, is known as feature 

engineering.  

Preparing Data for the model 

Using SMOTE and random-under sampling on train dataset to counter the imbalance 

A problem with imbalanced classification is that there are too few examples of the minority 

class for a model to effectively learn the decision boundary.An improvement on duplicating 

examples from the minority class is to synthesize new examples from the minority class. This 
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is a sort of data enhancement for tabular data and can be very effective. Perhaps the most 

widely used approach to synthesizing new examples is called the Synthetic Minority 

Oversampling Technique or SMOTE for short. 

 

Normalize the data 

Normalization is a data preparation technique that is frequently used in machine learning. 

Normalization is the process of converting the values of numeric columns in a dataset to a 

similar scale without distorting the ranges of values or losing information. 

Machine Learning Models 

Algorithms like Logistic Regression and Linear SVM work for well for linearly separable data 

and algorithms like Random Forest and XGBoost work for nonlinearly separable data. 

K-Nearest Neighbour 

Both of classification and regression problems can be solved with KNN. However, in the 

industry, it is more commonly employed in categorization difficulties. The K nearest 

neighbours method is a simple algorithm that maintains all available examples and classifies 

new cases based on a majority vote of its k neighbours. 

                

 

The best Hyper parameter-K is 13.The KNN model does not perform well as it is overfitting 

on the training data .It isn’t performing well on the test data. 

Support Vector Machine 

SVM plots the features in an n-dimensional space and tries to separate the classes using 

margin maximizing hyperplane.  
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The best hyperparameter value is 0.01. The model performs worst than the KNN model on 

both the train and test dataset. So far the KNN is the best model. 

Logistic Regression 

Logistic Regression is a classification technique. It classifies data into two or more categories. 

It gives the probabilistic interpretation because of its sigmoid function which makes it a 

favourite algorithm of many. 

                                         
 

The best hyperparameter value is 100. The results are encouraging with respect to SVM and 

KNN models. The model performs well on the train and test dataset.So far, Logistic regression 

has given the best results. 
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Random Forest Classifier 

Random forest is a bagging technique. An ensemble of decision trees is often told as a 

Random Forest. We have a collection of decision trees in Random Forest. Each tree "votes" 

for a class by assigning a category to a new object based on its attributes. The forest identifies 

the classification with the highest number of votes. (over all the trees in the forest). 

                                 

The best hyperparameter value is 100(Number of decision Trees) 

The model performs well on the train and test dataset but is overfitting. So far, Random forest 

performed the best. 

XGBoost using Randomized CV hyperparameter tuning 

 The XGBoost stands for eXtreme Gradient Boosting, which is a boosting algorithm 

based on gradient boosted decision trees algorithm. 

 XGBoost is a distributed gradient boosting library that is optimised for efficiency, 

flexibility, and portability. It uses the Gradient Boosting framework to create 

machine learning algorithms. XGBoost is a parallel tree boosting (also known as 

GBDT, GBM) algorithm that solves a variety of data science issues quickly and 

accurately. 

 Gradient Boosting is an approach where new models are trained to predict the residuals 

(i.e. errors) of prior models. A regular machine learning model, like a decision tree, 

trains a single model on a dataset and uses that for prediction. On the other hand, 

boosting trains models in succession with each model is trained to correct the errors 

made by the previous model. 
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The model overfits but the results are promising. The model performs well on the test data. 

This performed well than all the other models until this point. It gives a test F1-Score of 0.821. 

Voting Classifier 

A Voting Classifier is a type of  machine learning model that learns from an ensemble of 

many models and predicts an output based on the highest probability of the output being the 

chosen class. 

It simply adds up the results of each classifier supplied into Voting Classifier and predicts the 

output class based on the most votes. Rather than constructing separate specialised models and 

determining their performance, we create a single model that trains on various models and 

predicts output based on the cumulative majority of votes for each output class. 
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The model doesn't overfit as much as the XGBOOST and random forest model but the 

performance on the test data has also reduced.We have used all the previously trained models 

to build the voting classifier.It gives a test F1-Score of 0.805 

XGBoost using cross-validation dataset for hyperparameter tuning 

                            
 

The best hyperparameter value is 1000.This has provided the best performance out of all the 

models.The model outputs an F1-Score of 0.829 on the test data. 

Summary 

The summary of all the models trained along with their F1-Scores and misclassification rate 

have been mentioned below. 

 

XGBoost using cross-validation dataset for hyperparameter tuning has performed the best with 

an F1-Score of 0.829. 

 

 

5.FUTURESCOPE  

For the prediction part after cleaning or pre-processing the data, we plan to judiciously design 

models, to compare the model which gives the highest or correct or most approximate 

prediction. To correct for overfitting in Random Forest, various feature selections and tree 

counts will be tried to see whether performance changes. All the checks of the models will be 

continued into major project. 
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c.  Regarding metrics and Data leakage:  

 

https://machinelearningmastery.com/classification-accuracy-is-not-enough-more-

performance-measures-you-can-

use/#:~:text=F1%20Score,the%20precision%20and%20the%20recall. 

 

https://towardsdatascience.com/data-leakage-in-machine-learning-10bdd3eec742 
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