
Contents lists available at ScienceDirect

Petroleum

journal homepage: http://www.keaipublishing.com/en/journals/petroleum

Big Data analytics in oil and gas industry: An emerging trend

Mehdi Mohammadpoor, Farshid Torabi∗

Faculty of Engineering and Applied Sciences, University of Regina, Regina, S4S 0A2, SK, Canada

A R T I C L E I N F O

Keywords:
Big Data
Hadoop
R
Oil and gas industry

A B S T R A C T

This paper reviews the utilization of Big Data analytics, as an emerging trend, in the upstream and downstream
oil and gas industry. Big Data or Big Data analytics refers to a new technology which can be employed to handle
large datasets which include six main characteristics of volume, variety, velocity, veracity, value, and com-
plexity. With the recent advent of data recording sensors in exploration, drilling, and production operations, oil
and gas industry has become a massive data intensive industry. Analyzing seismic and micro-seismic data,
improving reservoir characterization and simulation, reducing drilling time and increasing drilling safety, op-
timization of the performance of production pumps, improved petrochemical asset management, improved
shipping and transportation, and improved occupational safety are among some of the applications of Big Data in
oil and gas industry. Although the oil and gas industry has become more interested in utilizing Big Data analytics
recently, but, there are still challenges mainly due to lack of business support and awareness about the Big Data
within the industry. Furthermore, quality of the data and understanding the complexity of the problem are also
among the challenging parameters facing the application of Big Data.

1. Introduction

The recent technological improvements have resulted in daily gen-
eration of massive datasets in oil and gas exploration and production
industries. It has been reported that managing these datasets is a major
concern among oil and gas companies. A report by Brule [1] stated that
petroleum engineers and geoscientists spend over half of their time in
searching and assembling data. Big Data refers to the new technologies
in handling and processing these massive datasets. These datasets are
recorded in different varieties and generated in large volume in various
operations of upstream and downstream oil and gas industry [2–10].
Moreover, in most cases, if processed efficiently, they can reveal im-
portant underlying governing equations behind sophisticated en-
gineering problems. It is reported by Mehta [11] that based on the
results of a survey conducted by General Electric and Accenture among
the executives, 81% of them considered Big Data to be among the top
three priorities of oil and gas companies for 2018. Based on their paper,
the main reason behind this popularity is the need for improving the oil
and gas exploration and production efficiency. This viewpoint and fu-
ture prediction among executives for 2018 become more interesting
once we compare the findings by Feblowitz [12] in 2013. Based on a
survey in 2012 by IDC Energy, 70% of the participants from U.S. oil and
gas companies were not familiar with Big Data and its applications in

petroleum engineering. This shows how the interest in Big Data has
changed from 2012 to 2018 among the oil and gas industry executives.

This paper presents an extensive review on the recent papers about
the application of Big Data analytics in both upstream and downstream
oil and gas industry. In the first part of the paper, Big Data is defined
and the processing tools are introduced. In the second part of the paper,
the utilization of Big Data in oil and gas industry is presented. For the
last part, the major challenges facing the Big Data analytics in oil and
gas industry are addressed.

2. Big Data analytics

2.1. Big Data definition

Big data includes unstructured (not organized and text-heavy) and
multi-structured data (including different data formats resulting from
people/machines interactions) [13]. The term Big Data (also called Big
Data Analytics or business analytics) defines the first characteristic of
this method and that is the size of the available data set. There are other
characteristics related to the data which make it viable for Big Data
tools. Those characteristics are well named by IBM as three Vs. These
three Vs refer to volume, variety, and velocity [14]. However, more
recent articles have added two more Vs to give a better definition for
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Big Data. The additional Vs include veracity and value [15].
Volume refers to the quantity of data or information. These data can

come from any sensor or data recording tool. This vast quantity of data
is challenging to be handled due to storage, sustainability, and analysis
issues [13]. Many companies are dealing with huge volume of data in
their archives; however they do not have the capability of processing
these data. The main application of Big Data is to provide processing
and analysis tools for the increasing amounts of data [15].

It is obvious that this characteristic of Big Data can be seen in
various sectors of oil and gas industry, such as exploration, drilling, and
production. During oil and gas exploration seismic data acquisition
generates a large amount of data used to develop 2D and 3D images of
the subsurface layers. For the offshore seismic studies, narrow-azimuth
towed streaming (NATS) uses the gathered data to develop images of
the underlying geology. Wide azimuth (WAZ) is a more recent in-
novation to capture more data and develop higher quality images. All
these tools and innovations are generating more data which requires
processing and analysis.

Recent innovations in drilling tools are also generating large
amount of data during drilling operations. Tools such as logging while
drilling (LWD) and measurement while drilling (MWD) are transmitting
various data to the surface real time.

Optical fibers combined with various sensors are now being used in
well tubular to record different parameters such as fluid pressure,
temperature, and composition during oil and gas production [12].

The term velocity as a characteristic of Big Data refers to the speed
of data transmission and processing. It also refers to the fast pace of
data generation. The challenging issue about the velocity component is
the limited number of available processing units compared to the vo-
lume of data. Recently, the data generation velocity is huge, as a data of
5 exabyte is generated just in two days. This is equivalent to the total
amount of data created by humans until 2003 [16].

The velocity characteristic is even more prominent for oil and gas
industry due to complex nature of various petroleum engineering pro-
blems. Processing large amount of generated data by an individual for a
complex problem is impossible and results in significant delay and
uncertainty. There are many cases in which real time and fast proces-
sing of data is crucial in oil and gas industry. For example, fast pro-
cessing of well data during drilling can result in identifying kicks and
preventing destructive blow-outs efficiently [12].

Variety refers to the various types of data which are generated,
stored, and analyzed. The data recording devices and sensors are dif-
ferent in types and as a result the generated data can be in different
sizes and formats. The formats of the generated data can be in text,
image, audio, or video. The classification can be done in a more tech-
nical way as structured, semi-structured, and unstructured data [16]. It
is reported that generally 90% of the generated data is unstructured
[15]. However, the majority of oil and gas generated data from SCADA
systems, surface and subsurface facilities, drilling data, and production
data are structured data. These data could be time series data which
have been recorded through a certain course of time. Another source of
structured data includes the asset, risk, and project management re-
ports. There would be also external structured data sources such as
market prices and weather data, which can be used for forecasting. The
sources of unstructured data in oil and gas industry include well logs,
daily written reports of drilling, and CAD drawing. The sources of semi-
structured data include processed data as a result of modeling and si-
mulation. There are various practices of experimental and computer
simulation in the oil and gas industry to generate data for further
analysis. These data can be categorized as semi-structured data and
later to be used with Big Data tools [12].

Veracity refers to the quality and usefulness of the available data for
the purpose of analysis and decision making. It is about distinguishing
between clean and dirty data. This is very important as the dirty data
can significantly affect the velocity and accuracy of data analysis. The
generated data should be professionally and efficiently processed and

filtered to be used for data analysis; otherwise the results will not be
reliable. The veracity of data is challenging in oil and gas industry
specifically due to nature of data, which mainly comes from subsurface
facilities and it might include uncertainty. Another challenge comes
from the data collected by conventional manual data recording, which
is done by human operators.

Value is a very significant characteristic of the Big Data. The re-
turned value of investments for Big Data infrastructures is of a great
importance. Big Data analyzes huge data sets to reveal the underlying
trends and help the engineers to forecast the potential issues. Knowing
the future performance of equipments used during operation and
identifying the failures before happening can make the company to
have competitive advantage and bring value to the company.

It is also stated in the literature that beside these five Vs there is
another important characteristic, which should be considered for ap-
plying Big Data. This important characteristic is about the complexity of
the problem for which the data gathering is conducted [17]. Dealing
with large data sets which are coming from a complex computing
problem is sophisticated and finding the underlying trend can be
challenging. For these problems Big Data tools can be very helpful.

Fig. 1 summarizes the above mentioned characteristics of Big Data.

2.2. Big Data methodology

As the Big Data is involving huge data sets and in some cases
complicated problems, it is very important to have access to innovative
and powerful technologies. These robust technologies should be very
fast and accurate processors. In this section the tools and technologies
which are available for Big Data analytics are listed and introduced.

2.2.1. Apache Hadoop
This tool is an open-source framework which is created by Doug

Cutting and Mike Caferella in 2005 which is named after a toy elephant
[15]. Hadoop is initially written in Java [14] and it uses distributed
processing through enormous clusters of computers [15]. Hadoop has
the capability of parallel processing of huge data sets, which results in
scalable computing. Apache Hadoop is comprised of two major layers:
Hadoop distributed file system (HDFS) and MapReduce. In fact, Apache
Hadoop is a framework to implement MapReduce programming model
[18]. The tasks are handled in two major phases. The first phase, which
is storing data, is done under HDFS layer with its master/slave archi-
tecture by a master server called NameNode and clusters of slaves
which are called DataNodes. Fig. 2 shows the architecture of the HDFS
layer.

The second phase of handling tasks, which includes tracking and
executing jobs, will take place in MapReduce layer. The master node for
MapReduce is called JobTracker and the slave node is called
TaskTracker [18]. In other words, the data processing and analysis in
Hadoop is conducted in two phases which are called Map phase and
Reduce phase. MapReduce can handle large datasets in parallel by
using multiple clusters. These clusters are scalable and they are flexible
and fault-tolerant [18]. In Map phase the data will be divided into two

Fig. 1. Big Data characteristics.
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groups of Key and Value. In fact, key is node ID and value is the
property of the node. So, the input data are taken by MapReduce in key-
value pairs and JobTracker assigns tasks to TaskTracker. Then further
processing of data will be conducted by TaskTracker. Then the output
data during Map phase will be sorted and stored in a local file system
during an intermediate phase. In the next step, the sorted data will be
passed to Reduce phase, where the input data will be combined [20].
Fig. 3 shows the architecture of MapReduce.

2.2.2. MangoDB
This is a NoSQL (non-relational) database technology which is

document-orientated, based on JSON and written in C++. JSON is
data processing format based on a JavaScript and is built on a collection
of name/value pairs or an ordered list of values. NoSQL database
technology can handle unstructured data such as documents, multi-
media, and social media. Moreover, MangoDB provides a dynamic and
flexible structure to be customized to fit the requirements of various
users [13,21–24].

2.2.3. Cassandra
This is another NoSQL database technology which is key and

column orientated. Cassandra was first a Facebook project that became
open sourced few years later. It is especially efficient where it is pos-
sible to spend more time to learn a complex system which will provide a
lot of power and flexibility [23].

2.3. Big Data processing

Big data sets which are collected need to be analyzed to extract the
valuable underlying information. There have been different processing
tools which translates the large data sets into meaningful results and
outcomes. Following is a list of common processing tools for Big Data.

2.3.1. R
R is a modern, functional programming language that allows for

rapid development of ideas, together with object-oriented features for
rigorous software development initially created by Robert Gentleman
and Robert Ihaka. The powerful set of inbuilt functions makes it ideal
for high-volume analysis or statistical simulations. It also supports the
packaging system, which means that the code provided by others can
easily be shared. Finally, it generates high-quality graphical outputs, so
that all stages of a study, from modeling/analysis to publication, can be
undertaken within R [25].

It can be said that R is a specialized language which includes various
modules and toolboxes to mainly facilitate the statistical computations.
It can help with loading data, conducting complicated computations,
and finally visualizing the results and outputs. However, from data
processing point of view, R's major drawback is working with datasets
that fit within a single machine's memory [23].

2.3.2. Datameer
Datameer is an easy to use programming platform which uses

Hadoop to improve its data processing. It comes with user-friendly data
importing and output visualization tools. It is estimated to gain more
interest as it uses a user-friendly interface to conduct various data
processing tasks [23].

Fig. 2. HDFS architecture with Namenode and Datanodes [19].

Fig. 3. MapReduce architecture with Map and Reduce phases [20].
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2.3.3. BigSheets
IBM has offered a web application called BigSheets, which helps less

expert and nontechnical users to gather unstructured data from various
online and internal sources and then conduct a data analysis and pre-
sent the results with simple visualization tools. BigSheets also utilizes
Hadoop to process massive datasets. It also employs some additional
tools such as OpenCalais to facilitate the extracting of structured data
from a pool of unstructured data. This tool should be used for data
analysis individually and it is easier to be used by the users familiar
with spreadsheet applications [23].

3. Big data in upstream oil and gas industry

The application of Big Data is now extended beyond the database,
marketing, and business techniques. Many engineering disciplines are
utilizing Big Data analytics for various applications. Recently, the up-
stream oil and gas industry is also impacted by the versatility of Big
Data. The application of Big Data has become prominent as the amount
of data generated and recorded in oil and gas industry has significantly
increased. The improvements in seismic acquisitions devices, channel
counting, fluid front monitoring geophones, carbon capture and se-
questration sites, LWD, and MWD tools have provided vast amount of
data to be processed and analyzed [26]. Anand [27] presents an in-
formative description on why and how Big Data can now reveal too
much hidden information from the vast amount of available data in oil
and gas industry. He used a 3D plain to show the relationship between
data, science, technology, engineering, and mathematics (STEM) tools,
and pattern recognition. As it is shown in Fig. 4, if limited amount of
data is utilized with basic STEM tools, the result would reveal limited
patterns, which may lack thorough insight and may carry significant
uncertainty. However, if a large data set is available and used with
more sophisticated STEM tools, more promising patterns can be re-
cognized, which may be much closer to the true values [27].

3.1. Big Data in exploration

The task of interpreting the seismic data requires sophisticated
processing computers with powerful visualizations capabilities. With
the recent improvements in seismic devices, the amount of generated
data has boosted significantly. The detailed interpretation of these new
datasets needs to go beyond the conventional methods. In fact, one of
the most important applications of Big Data in oil and gas industry is
analyzing the seismic data [28]. Machine learning tools can reveal the
relationship between the recorded data more efficiently, specifically for
the recent case of dealing with huge datasets. In a research conducted
by Roden [29], the author incorporated principal component analysis

(PCA) with self-organizing maps (SOM) to carry out multi-component
seismic analysis. In his research, the analysis was followed during five
stages. During the first stage, the geological issue was clearly defined;
then during the second stage, PCA was run to identify the key attributes
related to the defined problem; during the third stage, SOM was run by
employing machine learning tools to train a prediction tool; during the
fourth stage, the outcomes of SOM analysis was further analyzed by 2D
maps to identify the important geological features; finally during the
fifth stage, a sensitivity analysis was conducted to refine the results by
considering various attributes and different training scenarios [29].

In another research done by Joshi et al. [30], Big Data was utilized
to analyze the micro-seismic data sets to model the fracture propagation
maps during hydraulic fracturing. In this research, the authors used the
Hadoop platform instead of conventional tools to manage the massive
datasets generated by micro-seismic tools. They used various datasets
from exploration, drilling, and production operations to characterize
the reservoir. Furthermore, the success ratio was improved by detecting
the potential anomalies based on the previous failed jobs [30].

In a study by Olneva et al. Big Data was used to cluster 1D, 2D, and
3D geological maps for West Siberian Petroleum Basin with seismic
data. For their work, they followed two different approaches which was
called by the authors as “from general to particulars” and “from par-
ticulars to general” approaches. For the first approach, they used dril-
ling data and regional maps for 5000 wells. For the second approach,
they used seismic and geological patterns for more than 40000 km2

[31].

3.2. Big Data in drilling

There are various sources of data in drilling industry which mainly
include the generated data from digital rig site and manually entered
data by human operators. These data which are gathered from different
operations through drilling can be applied to conduct various analyses
from scheduling to drilling operation itself. The invention and appli-
cation of new data recording tools and data formats have made it even
more applicable to employ the Big Data tools in drilling operations.
There are now more than 60 different sensors, which are recording
various parameters throughout drilling operations [32]. In a work done
by Duffy et al. [33] the drilling rig efficiency was improved by im-
plementing best-safe-practices initiatives identified by an automated
drilling state detection monitoring service. In their case study on pad
drilling in Bakken, they focused on Wight to Weight (W2W) connection
time during drilling operations. Based on their results, a savings of more
than 11.75 days on a single pad of nine wells drilled by the same rig was
observed. They also found that the total non-drilling time was improved
by 45%. In another study by Maidla et al. [34] the drilling performance
was improved by applying Big Data analytics and including drilling and
formation parameters. In their study, the data from morning report,
electronic drilling recorder (EDR), and cross-plots of weight on bit
(WOB) and differential pressure were used to optimize the drilling
performance. In their study, they emphasized that data filtering, quality
control, and also knowing the basic physics behind the problem under
study are critical factors, which should be considered in order to find a
reliable optimized outcome. Otherwise, the findings can be misleading
which result in loss of time and resources.

In another study done by Yin et al. [35], Big Data was used to find
the invisible non-production time (INPT) by using the collected real-
time logging data. The authors improved the drilling operations by
optimizing the INPT through using mathematical statistics, the artificial
experience, and cloud computing.

In a study by Johnston and Guichard [36] Big Data was employed to
reduce the risks associated with drilling operations. They used drilling
data, well logging data, and geological formation tops for about 350 oil
and gas wells in the UK North Sea. They were dealing with different
data types such as .txt, .xls, .pdf, and .las. They reported that the
challenging part was the data gathering and processing step in the

Fig. 4. The relationship between data, STEM tools, and patterns perception
[27].
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project.
In a study by Hutchinson et al. [37] the data from downhole vi-

bration sensors were utilized to characterize the drill string dynamics.
In their study they combined the actual data with the simulation data to
develop a drilling automation application. There developed model re-
duced the risks of drilling failures and also lowered the drilling devel-
opment costs.

3.3. Big Data in reservoir engineering

The advent of distributed downhole sensors such as distributed
temperature sensors (DTS), discrete distributed temperature sensors
(DDTS), distributed acoustic sensors (DAS), single-point permanent
downhole gauges (PDG), and discrete distributed strain sensors (DDSS)
has resulted in generation of huge amount of data in the field of re-
servoir characterization. Bello et al. [38] used these data to develop a
reservoir management application based on utilizing Big Data analytics.
The four major components of their application included visualizer,
downhole data filtering, model builder, and model application. The
visualizer helped with data viewing and analysis, while the filtering
component was used to eliminate the outliers and non-reliable data. For
the model builder, machine learning tools were used to do the training,
model development, and validation. They used the Apache Spark ma-
chine learning tool (MLib) to conduct the Big Data analytics. They also
showed that transferring the developed model to a web-based platform
can facilitate the user/system interactions [38].

Recently, a new generation of reservoir simulation technique is
becoming more popular. This new technique incorporates the artificial
intelligence and data mining technologies with the Closed-Loop
Reservoir Management (CLRM) and Integrated Asset Modeling (IAM).
The result will be an innovative information-oriented reservoir mod-
eling approach. In fact, data-driven methods can improve the modeling
by predicting the affective parameters which theory-based equations of
state cannot capture [1,39].

In a study by Haghighat et al. [40], Big Data and data-driven
methods were utilized to improve the CO2 sequestration by predicting
the possibility of CO2 leakage. For this purpose, two permanent
downhole gauges (PDG) were installed in an observation well to collect
the pressure data. The different scenarios of CO2 leakage were modeled
by using a simulated reservoir model for the field of interest (Citronelle
Dome, Alabama). Machine learning tools were used to analyze the high
volume and high frequency pressure data. Finally, they were able to
develop a real-time, long-term, CO2 leakage detection system.

In a study carried out by Popa et al. [41] Big Data was utilized to
conduct an optimization on heavy oil reservoirs which are under steam
assisted gravity drainage (SAGD) and cyclic steam operations. In their
research, the authors focused on Chevron's San Joaquin heavy oil re-
servoirs which in total included more than 14,200 wells. These number
of wells provided vast amount of structured and unstructured static and
dynamic data including various logs, temperature, steam, core data,
fluid saturation, well completion data, geological features, steam in-
jection rate and pressure, and flow-line and wellhead temperature. The
workflow of their study was followed in following steps: 1. Data ac-
quisition 2. Data transfer to business domain 3. Data storage [41].

Big Data has also been used to conduct reservoir modeling for un-
conventional oil and gas resources [42,43]. Lin [42] combined the
physics and analytics-based solutions to carry out reservoir modeling by
using Big Data.

Udegbe et al. [44] used Big Data to improve the modeling of hy-
draulically fractured reservoirs by analyzing the production data. They
generated the required data by developing a dual-permeability model
and trying various fracture parameters. They applied the pattern re-
cognition (similar to a face detection technology) methodology to the
generated data to reveal the underlying trends in the data.

Big Data has also been used to optimize the selection and applica-
tion of costly enhanced oil recovery (EOR) methods. In a study done by

Xiao and Sun [45], the researchers employed Big Data analytics to
optimize the application of EOR projects through an improved hydro-
dynamic reservoir simulation.

3.4. Big Data in production engineering

Seemann et al. [46] from Saudi Aramco developed a smart forecast
and flow method to conduct automated decline analysis. Their goal was
to identify the underlying pattern in production data and to forecast the
production performance.

Rollins et al. [47] conducted a study for Devon Energy to develop a
production allocation technique by using Big Data. For the first task,
they used the publicly available data from IHS to develop an allocation
methodology. In the next step Big Data was used as a platform to
conduct the allocation procedure for the users. The processing tool for
Big Data in their study was Hadoop. They finally developed a user-
friendly map-based visual output for the allocated production data.

Moreover, Big Data has been successfully used to optimize the
performance of electric submersible pumps (ESPs) [48,49]. Sarapulov
and Khabibullin [48] utilized Big Data to evaluate the performance of
ESPs by identifying emergency situations such as overheating and un-
successful start-ups. For their study a total of about 200 million logs
were gathered from 1649 wells during one year. The raw data gathered
were in various formats, so the authors first converted all the data to csv
format.

In a study done by Palmer and Turland [50], Big Data was utilized
to optimize the performance of rod pump wells based on a three-step
workflow. The three steps of their workflow included the first step to be
the data acquisition which was comprised of well test data, well
equipment data, and supervisory control and data acquisition (SCADA),
the second step was automated workflows which conducted the re-
quired calculations to develop the model, and the third step was in-
teractive data visualization which provided a user-friendly interface to
extract the results [50].

Shale operators are also using Big Data to improve hydraulic frac-
turing projects. In a project done by a shale operator, Southwestern
Energy, the field and simulation data revealed that proppant loading
and spacing between fracturing stages would significantly affect the
productivity index [51].

In another study conducted by Ockree et al. [52] Big Data was used
to develop AI- based production type curves to be incorporated with
economic analysis to conduct field development. In their work, the first
step was followed based on an extensive data processing pipeline in-
cluding raw data (structured and unstructured databases) gathering,
data filtering, joining the filtered data, and transferring the data to
machine learning pipeline. The authors used Robust Mahalonobis
technique to remove the outliers from the gathered data.

4. Big data in downstream oil and gas industry

4.1. Big Data in refining

In a study by Plate [53], the application of Big Data in refining is
reviewed. In this case study, the historical data were analyzed and
processed to improve a petrochemical asset management in a three-step
procedure. In this case study, the equipment of interest was a four-stage
cracked gas compressor (CGC). The analysis started by first predicting
the performance of CGC by analyzing the current and historical oper-
ating data. In the next phase, based on the device's end-of-life criteria
and failure conditions, the performance prediction of the CGC was
further tuned. Finally, the estimated performance of the CGC was pre-
sented in a user-friendly and visual report to be used for management
decisions [53]. These predictive reports which are developed by em-
ploying data analysis can significantly reduce the downtime and
maintenance costs.

In a recent project by Repsol SA, Big Data analytics is utilized to
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conduct management optimization for one of the company's integrated
refineries in Spain. For this project, Google Cloud would provide Repsol
with data analytics products and consultation as well as Google Cloud
machine learning services [54].

In a study by Khvostichenko and Makarychev-Mikhailov [17] Big
Data was used to develop a workflow to investigate the effects of
completion parameters on well productivity. They gathered the data
from 4500 well which were under slickwater treatment. They in-
vestigated the effects of two different chemicals i.e. linear guar gels and
surfactant-based flowback aids. They also gathered the monthly pro-
duction data from the IHS Energy database. The statistical approach
used to analyze the data was t-test.

4.2. Big Data in oil and gas transportation

Anagnostopoulos [55] conducted a research to apply Big Data
analytics in order to improve the shipping performance. In his study, he
aimed to predict the propulsion power to improve the performances of
ships and consequently to lower the greenhouse gas emissions. The data
gathered for this study were collected over period of three months from
the sensors throughout a LCTC (Large Car Truck Carrier) M/V. In the
next step, they used eXtreme Gradient Boosting (XGBoost) and Multi-
Layer Perceptron (MLP) neural networks to conduct the data analysis.

4.3. Big Data in Health and Safety Executive (HSE)

In a study by Park et al. [56] Big Data was utilized to develop an
energy efficiency model based on the operation data gathered during
ship operations. In their study, an energy indicator called energy effi-
ciency operational indicator (EEOI) was estimated based on publicly
available automatic identification system data and marine environment
data. The energy efficiency was defined as the ship fuel consumption by
engine power versus the operation weight and distance. For im-
plementing Big Data, authors used Hadoop framework and Apache
Spark for machine learning tasks.

In a study conducted by Tarrahi and Shadravan [57], Big Data
analytics was used to improve the oil and gas occupational safety by
managing the risk and enhancing the safety. The study was carried on
based on a case by Bureau of Labor Statistics (BLS) which included 846
sources of injury from 1278 industries between 2011 and 2014. The
first step in their study was data collection and processing. For this
purpose they filtered the raw data based on the quality of recordings
and they eliminated the outliers from datasets by relative standard error
measurement. Then they developed the structured data by format
conversion and data decoding. In the next step the authors conducted
data clustering and mapping to identify the underlying hidden trends.
At the end, in order to present an easily understandable outcome, they
used multi-dimensional statistical analysis [57,58].

It is reported by Pettinger [59] that the data gathered from safety
inspections can be used to develop safety predictive analytics. It is
crucial to gather the safety indicator data within the company con-
tinuously and incorporate them in predictive analytics. The safety in-
dicators which will provide the required data includes assessing beha-
viors and assessing compliance.

Cadei et al. [60] employed Big Data to develop prediction software
to forecast hazard events and operational upsets during oil and gas
production operations. The indicator that they used as a hazard event
for prediction was H2S concentration. They gathered data from various
sources including real-time series, historical data, maintenance reports,
operator data, and chemical analysis. The workflow of their study in-
cludes data collection, problem definition, data processing, modeling
(using artificial neural network (ANN), random forest), and finally
model validation.

5. Big Data challenges

One of the major challenges of Big Data's application in any industry
including oil and gas industry is the cost associated with managing the
data recording, storage, and analysis. With the recent technological
improvements, fog computing, cloud computing, and Internet of Things
(IoT) have become available to fix the issues regarding data storage and
computations [22,61]. Costly and limited cloud computing facilities are
not suitable options for non-fixed location or latency-sensitive appli-
cations. On the other hand, fog computing facilities provide storage and
computing facilities closer to data generation sources, which resolves
the mentioned challenges to some extent. However, IoT is a newer
technology, which is more mobile and fixes the latency issues as well
[62].

In a study done by Cameron [63], the author mentions that the
challenges of using Big Data for oilfield service companies include the
knowledge of personnel in oil companies and the data ownership issues.
He mentions that Big Data can be used for seismic analysis, reservoir
modeling, drilling services, and production reporting [63]. Further-
more, he defined nine factors for a successful application of Big Data for
oil and gas industries including accurately defining the business pro-
blem, combining Big Data methods with physics-based data analysis,
using interdisciplinary team of computer scientists and petroleum en-
gineers, delivering the results as a user-friendly interface, being need-
driven, and addressing exactly how the solved problem is related to the
whole picture [63].

The emergence of Big Data in oil and gas industry has become more
prominent by evolution of digital oilfields, where various sensors and
recording devices are generating millions of data each day. One of the
critical challenges in digital oilfields is the data transfer from the field
to data processing facilities based on the type of data, amount of data,
and data protocols [64,65].

In a survey conducted by IDC Energy [12], it was found that the
biggest challenge in utilizing Big Data in oil and gas industry is lack of
awareness and business support. Other challenges found in that survey
were decision about the relevant data, lack of skilled personnel, and
cost of Big Data infrastructure. Therefore, familiarizing the staff and
executive members with the technology and its applications will sig-
nificantly facilitate the implementation of Big Data in oil and gas in-
dustry.

In a more recent study, Maidla et al. [34] listed more technical
challenges facing the application of Big Data. Based on their research,
the technical issues were mainly related to the limitations associated
with the data recording sensors. The other issue was the frequency of
data recording and also the quality of the recorded data. Finally, an
important challenge is the thorough understanding of the physics of the
problem. Expert petroleum engineers should collaborate with data
scientists to correctly apply the Big Data tools to solve the various
problems in the field of petroleum engineering.

It is recommended by Preveral et al. [66] that each company de-
velop their specific Big Data tools, including data recording and storage
facilities and also data analytic tools. This would reduce the cost of
software ownership and it would optimize the value of the recorded
data.

6. Conclusions

In this paper a comprehensive review was conducted on the appli-
cation of Big Data analytics in oil and gas industry. The term Big Data
(also called Big Data Analytics or business analytics) defines the first
characteristic of this method, which is the volume (size) of the available
data set. The other characteristics of Big Data are velocity, variety,
veracity, value, and complexity. Because of the recent improvements in
data recording technologies and the necessity for efficient exploration
and production operations, Big Data has gained interest and sig-
nificance in oil and gas industry. For the exploration operations, the
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recent improvements in seismic devices, the amount of generated data
has boosted significantly. It has been reported that methods such as
PCA analysis or platforms such as Hadoop can be used to interpret
seismic and micro-seismic data. In a case study in the field of drilling
engineering, the data obtained through an automated drilling state
detection monitoring service, was analyzed to improve the drilling time
and drilling safety. Furthermore, analyzing the data from DTS, DDTS,
DAS, PDG, and DDSS sensors have improved the reservoir character-
ization and simulation. Big Data has been successfully used in pro-
duction engineering in areas such as optimization of the performance
electric submersible pumps and production allocation techniques. Big
data has also been successfully used in downstream of oil and gas in-
dustry in areas such as oil refining, oil and gas transportation, and HSE.
Although Big Data is gaining interest by E&P companies, but there are
still some major challenges which are required to be addressed in order
to apply the Big Data efficiently. Those challenges mainly include lack
of business support and awareness about the Big Data within the in-
dustry, quality of the data, and understanding the complexity of the
problem.
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