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1. Introduction
In recent years there has 

been a growing interest in Big 
Data Management (or Big Data) 
driven by real production needs. 
The term first appeared in 1997 
by NASA scientists. They re-
ported that they were unable to 
graphically visualize the data 
sets they owned, as they were 
so large that it was impossible 
to store them in main memory, 
on the local disk, and on an 
external hard disk. So they said 
they were having a Big Data 
problem. The latest technologi-
cal developments, mainly in the 
field of communications and 
integrated circuits, have made it 
possible to create mechanisms 
for monitoring the operations 
of an organization at a very de-
tailed level. This detailed digiti-
zation of production processes 
has made large organizations as 
well as small companies capable 
of producing huge volumes of 
data at a very fast pace [1].

Intel is one of the few com-
panies to provide quantitative 
data in their literature. Intel 
associates big data with orga-
nizations that «generate an av-
erage of 300 terabytes (TB) of 
data per week» [2, 3]. He claims 
that the most common type of 
data encountered is business 
transactions stored in relation-
al databases (as defined by Or-
acle), followed by documents, 
e-mails, blogs and social media.

Finally, it would be wrong 
to make a precise definition of 
the term Big Data, since every 
company uses the science of Big 
Data for different purposes, so 
their multidimensional nature 
is obvious, which is clearly con-
stantly enriched over time.

2. Methods
To capture the value from Big Data, it is necessary to de-

velop new methods and technologies for analyzing it. Until 
now, scientists have developed a wide variety of techniques 
and technologies to capture, curate, analyze and visualize 
Big Data. Even so, they are far away from meeting variety 
of needs. These techniques and technologies cross a number 
of discipline, including computer science, economics, math-
ematics, statistics and other expertise. Multidisciplinary 
methods are needed to discovery the valuable information 
from Big Data. Let’s discuss current techniques and tech-
nologies for exploiting data intensive applications. We need 
tools (platforms) to make sense of Big Data. Current tools 

concentrate on three classes, 
namely, batch processing tools, 
stream processing tools, and in-
teractive analysis tools.

Big Data methods involve 
a number of disciplines, in-
cluding statistics, data mining, 
machine learning, neural net-
works, social network analysis, 
signal processing, pattern rec-
ognition, optimization methods 
and visualization approaches. 
There are many specific tech-
niques in these disciplines, and 
they overlap with each other 
hourly.

Optimization Methods have 
been applied to solve quantita-
tive problems in many fields, 
such as physics, biology, en-
gineering, and economics. 
In [4], several computational 
strategies for addressing glob-
al optimization problems are 
discussed, such as simulated 
annealing, adaptive simulated 
annealing, quantum annealing, 
as well as genetic algorithm, 
which naturally lends itself to 
parallelism and therefore can 
be highly efficient. Stochastic 
optimization, including genet-
ic programming, evolutionary 
programming, and particle 
swarm optimization are useful 
and specific optimization tech-
niques inspired by the process 
of nature. However, they often 
have high complexity in mem-
ory and time consumption. 
Many research works [5–7] 
have been done to scale up the 
large-scale optimization by co-
operative co-evolutionary algo-
rithms. Real-time optimization 
is also required in many Big 
Data application, such as WSNs 
and ITSs. Data reduction [8] 
and parallelization [9] are also 
alternative approaches in opti-
mization problems.

3. Results
The «big data» marks the moment when the «information 

society» finally comes to fulfill the promise that its name im-
plies. Data acquires a leading role. All these digital pieces that 
have been assembled can now be managed in innovative ways 
to serve new purposes and add value to things (Fig. 1) [10].

«Big data» allows to experiment faster and discover new 
ways. These advantages will lead to more innovations. But 
sometimes, the spark of discovery sparks from the silence of 
the data. This is something that no amount of data can ever 
confirm or document, since they do not yet exist [11–13].
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4. Discussion
«Big data» is a source and a tool. They are meant to inform 

rather than explain. They point in the direction of an explanation, 
but they can also lead to misunderstanding: it depends on how well 
you process them. And as amazing as the power of «big data» may 
seem, its seductive brilliance should never blind us to its inherent 
imperfections. It is better to adopt this technology, accepting not 
only its power but also its limits. The ability to capture personal 
data is often contained within the very tools let’s use every day, 
from websites to mobile applications. 

Given the myriad of ways in which information can be reused, 
rearranged and sold, it is often impossible for users to consent or 
refuse «innovative uses» of data that were unimaginable when they 
first began to collect this data [14, 15].

Big data hides valuable knowledge as their analysis can lead to 
significant optimizations of production but also problems, since 

the existing technological solutions for 
data management do not fully meet 
the volume and their nature. Dig-
ital data is now found everywhere: 
in every sector, in every economy, in 
every organization and user of digital 
technology. Big data is increasingly 
gaining the interest of leaders from all 
sectors, while consumers of products 
and services are expected to benefit 
from their exploitation. The ability to 
store, collect, combine data and use 
the results to perform detailed ana-
lyzes has become much more accessi-
ble and feasible. For less than $ 600, 
one can buy a drive capable of storing 
all of the world’s music. Data mining 
tools are also significantly improved, 
as the software available to implement 
increasingly complexity techniques is 
combined with increasing computing 
power. In addition, the ability to gen-
erate, communicate, share and access 
data has been boosted by the growing 

number of people, devices and sensors currently connected to dig-
ital networks. In 2010, more than 4 billion people, or 60 percent of 
the world’s population, used cell phones, and about 12 percent of 
those people had smartphones, whose penetration is growing by 
more than 20 percent a year. More than 30 million networked sen-
sor nodes are now located in the transport, automotive, utility, and 
retail sectors. The number of these sensors is increasing by more 
than 30. Many technological innovations have led to a dramatic 
increase in data and data collection. This is why large-scale data 
has become a recent area of strategic investment for IT organiza-
tions [16].

In 2012, the Obama administration announced the Big Data 
Research and Development Initiative, which consists of 84 pro-
grams in six areas. The report predicted that by 2020 the digital 
world would hold 40 zettabytes, 57 times the total number of grains 
of sand from all the world’s beaches (Fig. 2).

Fig. 1. Volume of data generated per minute

Fig. 2. Percentage data increase – Forecast until 2020
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5. Conclusions
But it is not just organizations that produce huge volumes 

of data. Even on a smaller scale of organization, at the indi-
vidual level, data production is unprecedented [17, 18]. Most 
people have a digital self as a display of their activities on 
social media. Google estimates that every two days the dig-
ital material created by users is the same size as the printed 
material produced by mankind from the beginning of writing 
until 2003 [19]. An explosion in the volume of data produced 
is still observed in scientific research. Fields such as medicine, 
astronomy, meteorology and biology, thanks to new technol-

ogies, new telescopes, new and inexpensive sensors and new 
DNA expression machines, can and do produce volumes of 
data that cannot be existing infrastructure [20, 21].

In fact, we observe the growth rates that are exponentially 
distributed. We would say, however, that there is no data size 
limit above which they are called «Big Data». It is estimated 
that today with this term we usually refer to volumes of data 
ranging from a few terabytes to tens or even hundreds of 
petabytes (1,024 terabytes) or exabytes (1,024 petabytes) or 
zetabytes (1,024 exabytes). Thus, an even bigger «information 
explosion» is predicted for the coming years.
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