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ABSTRACT

In recent years, the big data has attracted more and more attention. It can bring us more information and
broader perspective to analyse and deal with problems than the conventional situation. However, so far,
there is no widely acceptable and measurable definition for the term “big data”. For example, what
significant features a data set needs to have can be called big data, and how large a data set is can be
called big data, and so on. Although the "5V" description widely used in textbooks has been tried to solve
the above problems in many big data literatures, "5V" still has significant shortcomings and limitations,
and is not suitable for completely describing big data problems in practical fields such as industrial
production. Therefore, this paper creatively puts forward the new concept of data cloud and the data
cloud-based "3M" descriptive definition of big data, which refers to a wide range of data sources (Multi-
source), ultra-high dimensions (Multi-dimensional) and a long enough time span (Multi-spatiotemporal).
Based on the 3M description of big data, this paper sets up four typical application paradigms for the
production big data, analyses the typical application of four paradigms of big data, and lays the foundation
for applications of big data from petrochemical industry.
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1. INTRODUCTION

In 1980, Alvin Toffler, a famous American futurist, first proposed the concept of big data in his
book “The Third Wave”. The concept of big data was first put forward in 2010 when nature
launched the big data special issue. From then on, the big data as a term has been widely used in
international academic circles and application fields.

Since the concept of big data was accepted by the Chinese in 2013, a big wave of big data has
emerged across the country. Not only has the government incorporated big data into the national
development plan and established a series of big data research institutions or big data centres ™,
but also big data appears in people's daily life in a common language.

Over the years, although the concept of big data is more and more concerned by people in
different fields and applied in various situations, some basic problems > about big data have not
been solved yet, such as how to define the boundary between big data and conventional data, how
to measure it, how to fully utilize the rich information of big data, etc.

Up to now, the big data definition widely adopted by almost everyone is the descriptive definition
of "5V" that is the 5V characteristics of big data proposed by IBM: volume (large amount),
velocity (high speed), variety (diversity), value (low value density), and veracity (authenticity).
However, parts of these 5V are inappropriate or ambiguous 3!, For example, in a long-running
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actual petrochemical plant, a single-dimensional long-term sampling data sequence collected by a
sensor for quite a long time is not enough to constitute the so-called "big data™ in the field of big
data research, although the volume of this data series can be very large over time. For another
example, the fourth "V" in 5V, that is, low value density, is a hard to understand feature for
industrial big data. In the field of industrial production, such as petrochemical process, some
sampling data may not be of great value to process analysis, but from another perspective, we
will find a lot of valuable information, the key point of which depends on which perspective you
look at the problem. Some literatures define big data as “big” data which is difficult to deal with
by all the existing computer software®®!. Obviously, most of these definitions are descriptive and
not rigorous enough, and difficult to distinguish between big data and conventional data.

In order to overcome the limitations of 5V definition of big data, and to accurately describe the
characteristics of big data, section 2 will present a new set of characteristic definitions of big data
from a new perspective, and explore the approach to measure the volume of big data. Based on
the new definition of big data, section 3 will briefly describe several typical paradigms of big data
applications. These typical paradigms are helpful for us to understand the actual use of big data
and to grasp the essentials of how to implement these practical applications. At the end of this
paper, several conclusions will be refined.

2. MEASURABLE DEFINITION FOR INDUSTRIAL BIG DATA

For the existing concept of big data, "big" is a fuzzy, imprecise adjective that is difficult to define
its scope. The "5V" definition of big data does not strictly show which data set is big data, how to
measure and judge whether a data set is big data. In order to overcome these limitations about the
definition of big data®, this section presents a new measurable 3M definition for industrial big
data.

2.1. Description of Industrial Big Data

Generally, the manufacturing or production process may last for a period of time, for example,
the production process of petrochemical production line lasts for several days, months, or even
years. The production process may be repeated, and the products may be affected by various
internal and external factors such as raw materials, environment, processing disturbance, etc.
Therefore, the data related to petrochemical production process have many kinds, wide sources,
various forms, different mechanisms and various uses. As shown in Figure 1.
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Figure 1. Three levels of data related to petrochemical production
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All these data generally include at least six categories: historical data and current field data;
operating mode data and sensing measurement data; raw material data and product related data;
normal data production and abnormal production data; internal environment data and external
environment data of production equipment; process control data and stochastic disturbance data,
etc. In addition, it also involves the production data of related upstream and downstream
enterprises. It can be seen that for a petrochemical industrial production enterprise, the associated
data will certainly constitute a complex big data set from the multi-source data network.

All kinds of data mentioned above seem to be disordered and disordered, but they are not isolated
and unrelated to each other, but linked together for the purpose. We believe that big data is a
purposeful activity. Because of a specific purpose, all kinds of seemingly unrelated and scattered
data are strongly or weakly linked together, and the so-called big data is formed.

Taking the big data of petrochemical industry shown in Figure 1 as an example, the reason why
we connect all kinds of data (including historical data, data of other related enterprises, internal
and external data of production equipment, and environment of production environment) that do
not seem to be closely related to each other is that our activities are purposeful. Our purpose is to
analyse and evaluate the production process of petrochemical enterprises, such as production
capacity, pollution, production efficiency, safety and security, all of which are inseparable from
these data.

All these data are like clouds floating over petrochemical enterprises, including data clouds
coming from other enterprises, data clouds generated in the history of the enterprise and new data
clouds continuously generated in the production process of the enterprise. In order to achieve a
different purpose, one or several data clouds will be pulled from these data clouds on demand.

2.2. Features and Definition of the Industrial Big Data

For the industrial big data composed of pieces of data clouds, denoting the cloud label set as I",
each piece of data cloud can be recordedas S, (1eT)

S, ={F(0)|weQxQ,xQ;} (AeT) 1)

where, the functional F is a map from triples O, xQ, xQ, to multidimensional data space, O, is a
collection set of data structures or data types, Q, is a collection set of various sampling
dimensions or measurement channels of sensor networks, ¢, is the set corresponding to the
sampling time or data period.

The cluster composed of pieces of data clouds as shown in formula (1) can be represented
graphically, as shown in Figure 2.
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Figure 2. Big data cluster diagram

Figure 2 shows that the big data clusters are very much like clouds floating in the air one by one.
Some of the data clouds may be separated from each other, and some of data clouds may overlap
with other data clouds. And, it can be seen from Figure 2 that big data has “3M” features: multi-
source, multi-dimension and multi-time and space.

(1) Multi-resource. In the field of industrial production and processing, data can come from
different scenarios, different production periods, different production links, different objects, and
different incentives. E.g In the petrochemical production process, data can come from the
working conditions of petrochemical equipment, the production process of petrochemical
products, the external environment of the petrochemical production process, the internal state of
petroleum refining, the quality of petroleum raw materials, as well as personal factors, etc. All
these data are important for the safety management of petrochemical processes. All these data
come from different sources, just like a colourful cloud floating in the air, and they come together
to form big data of petrochemical industry. In the petrochemical production management process,
each cloud has its own rationality and necessity.

(2) Multi-dimension: When observing the real thing, it is usually viewed from different angles
and different perspectives. Similarly, taking petrochemical production process as an example, a
large number of sensor devices are set up in the production process. Each sensor is like a person's
eye and observe a certain side of the chemical process to obtain information, which display the
states of the process partially. Observation information obtained from different sides is brought
together to form a set of high-dimensional data (even ultra-high-dimensional data). Although
single-dimensional data is not enough to grasp the overall change, the multi-dimensional data
flow can be used to completely describe the changing process of petrochemical production.

(3) Multi-span in time. Industrial production is an ongoing process. In a sense, actions performed
at different times are repeated before or after other time points. The repetitive nature of process
fragments is very useful for us to analyse process changes, judge working conditions, and
diagnose abnormal working conditions. Data fragments at different periods or at different time
points are also like colourful clouds floating in the data space. The advancement of data over time
is an important feature of industrial big data and an important aspect of big data.

Based on the above description and analysis, this paper proposes a descriptive definition of
industrial big data, which is a collection set B of data involving multi-source, high-dimensional,

and spanning a long time span, as shown in equation (2):
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B,=US, =U{F(w)| o, xQ,xQ, } 2

The volume |B|| of this collection set B, is equal to the sum of the volumes of each data cloud,
as shown in equation (3):

HBSH=Z‘HF(a))|a)texQ2xQ3 H‘ 3)

Aell

There may be different data structures and data forms in industrial big data set. For example, part
of the data in the big data set may be structured, or part of the data may be semi-structured or
unstructured, or part of the data may be numerical, or part of the data may be image, or part of the
data may be time domain, or part of the data may be frequency domain. In other words, the size
of different data points in the industrial big data set may be different. Due to the above reasons,
the size of big data is not equal to the capacity or volume of big data set, but the volume |B; | of

big data set can reflect the size of big data to a certain extent. Moreover, if and only if HBSH is
large enough, or at least one piece of data cloud is large enough, this data set is suitable to be

called big data set.

3. FOUR TYPICAL APPLICATION PARADIGMS

Generally, industrial big data clusters are often widely used in the following four kinds of
occasions: fusion calculation so as to improve accuracy for calculations and to use all usable
information for statistics inference; model correction so as to provide a more basis for prediction
and support decision making; information compensation so as to bridge over gaps between
fragment information. The role of industrial big data cluster is different in different application
occasions 1, Correspondingly, the paradigm is also different.

3.1. Paradigm of Fusion Calculation

If the data clouds overlap, overlapping data clouds can give measurement information of objects
from different perspectives. Making full use of overlapping data clouds is helpful for us to
improve the accuracy of calculation results.

Data fusion is one of the important ways of big data application. Intuitive understanding is that
different data will bring different information. Combing together these data, all these different
information can be helpful to eliminate errors and to correct prejudices. In this way, we get more
and more accurate results and approximate correct inferences. In other words, data fusion
technology is an information processing technology which is used to analyse various
observations under certain criteria so as to complete the required decision-making and
evaluation tasks. Data fusion has achieved amazing development in the past 10 years and has
entered many different application areas.

Data fusion is a purposeful activity. The industrial big data provides us with richer and more
perspective data information. If we fully integrate the data information of different sources in big
data, it is very valuable to improve the accuracy of inference or grasp the whole picture of things
more comprehensively.

There are quite a lot of approaches for big data fusion. For example, for data layer fusion, the
more widely used methods include least squares adjustment, etc.; for information layer and
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decision layer fusion, if all sheets of the floating data clouds s, (1er) are independent, we may
use the Bayesian inference and stochastic decision making:

P(E|B):;P(ESz):Z PES) 5 PBS) peisy (4)
TOXPE) FXPE) FXPES) T

where E is the event to be inferred.

In the big data environment, not every piece of floating data cloud is bound to participate in the
integration. The condition of industrial big data fusion is that the data cloud that can participate in
the fusion must be consistent in time, space or object connotation. At least, if a piece of data
cloud participates in the fusion, the data cloud and other data clouds involved in fusion
processing must be able to overlap or partially overlap after time traversal or space conversion.

3.2. Paradigm of Information Compensation

The industrial big data is the aggregation of quite a large number of data from different sources.
This kind of big data has a wide range of sources and temporal spatial characteristics, which is
the advantage of big data, so we have the opportunity to deepen the understanding of objects
from different perspectives.

Taking petrochemical big data-driven production process safety monitoring as an example, deep
mining and modelling of historical data in industry big data can be used to understand the
characteristic change of production process and judge the cause of current state and accurately
predict its future change trend; the historical influence of environmental disturbance on the past
state is helpful to judge the influence of environmental disturbance on the current state change,
and to adjust the monitoring threshold of state safety. In addition, the input raw material data and
output quality data can be used to analyse the internal working status of some key equipment
such as cracking furnace.

There is a metaphor that conventional scale data allows us to see several aspects of things or
objects, rather than overall impression, which is similar to six blind people touch an elephant, and
each one touches only one side of the elephant. The multi-source heterogeneity of big data can
just be used to fill the information gap that has not been touched, as shown in Figure 3.

Based on this consideration, the second typical application paradigm of big data is to fill and
repair the information gaps. Specifically, a map ¥ is suitably constructed from the data cloud to
the feature subspace:

¥.B, >0 (5)

This map has the following properties: if the big data cloud sheet S, contains the information of
interest, then ¥(S,) — ®; otherwise, ¥(S,) =®, an empty set. What we want to do is to find all
the cloud sheets mapped to the non-empty sets from the big data cloud sheet.
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Figure 3. Mapping from big data to feature space

Obviously, if the union of the phase space of big data cloud can cover the whole feature space of
interest, it is possible to realize the complete understanding of the feature of interest by using big
data. Otherwise, even if the amount of big data is large enough, it is impossible to fully
understand the changes in the characteristics of big data cloud.

This paradigm stated above is helpful for us to adopt a problem-driven approach to delete or
reduce unnecessary data blocks to achieve big data compression.

3.3. Paradigm of Transfer learning and Knowledge Inheritance

There is an old Chinese saying that "stones from other mountains can be used to carve beautiful
jade". The big data of petrochemical industry shown in Figure 1 not only has the data related to
the production process of petrochemical plants concerned, but also has the data accumulation of
production process of other similar plants. The knowledge contained in the mass production data
from other similar enterprises can be used to improve and optimize the production process.

The development of artificial intelligence, especially the theory and model of machine learning
and deep learning, provides a feasible technical way to use the knowledge accumulated by other
similar enterprises to improve their production.

The combination of machine learning, big data and artificial intelligence is a measure to solve the

difficult problem of big data application. This section describes a data modelling logic that
combines big data with transfer learning™®*, as shown in Figure 4.
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Figure 4. Prediction and decision based on transfer learning

Applying big data analysis technology to specific industrial big data, the above paradigm can
ensure that the big data application process is understandable and interpretable. The advantage of
the above paradigm based on big data transfer learning is that the learning process is completed
in the cloud chip. Due to the relative consistency of the data structure in the cloud chip, the
learning process is relatively simple and easy to implement; the data of other cloud chips is used
to verify the learning model and perfection to ensure the inheritance and usability of knowledge
and models.

3.4. Paradigm of Process Monitoring and Fault Prevent

The value of big data is that it can provide more data resources, information and knowledge for
application, and so is industrial big data. The fourth paradigm focuses on the goal of ensuring the
safe and stable operation of industrial system, and discusses how to give full play to the
advantages of big data to better realize the monitoring, fault diagnosis and fault prevention of
industrial production process, and improve the system safety.

Ensuring the safety of industrial production process system is a complex system engineering,
which usually involves four aspects, including production process condition monitoring, situation
awareness, fault diagnosis, fault prediction, fault disposal, health management and life extension.
Each of the above aspects is an important research area, and various data-driven methods**™*4
have been proposed in recent years. Under the framework of big data, it is expected to form an
integrated system security management and control system driven by big data by integrating or
fusing different data-driven methods, as shown in Figure 5. This is an important way of big data
application in the future, and can be extended to a wide range of fields, such as factory
production, spacecraft operation and maintenance, urban traffic infrastructure security regulation
and urban flood control and disaster prevention.
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Figure 5. Monitoring, prognostics and early warning driven by industrial big data

Although the big data research includes big data acquisition, big data management, big data
processing and big data application, Figure 5 focuses on the application of big data. Starting from
the big data of petrochemical industry, through the mining, analysis, learning and extraction of
knowledge in the big data, the construction of knowledge map and the data modelling of
operation process are realized. By combining knowledge mapping, model and process simulation,
the application system integrates six functions, including the real-time monitoring of process state,
online perception of accident risk, fast location of abnormal change/faults, early warning of
potential disaster, prediction of abnormal change trend, and online assessment of health status,
etc.

4. CONCLUSIONS

In this paper, we intuitively put forward the visual description of industrial big data cloud and the
clouds based 3M definition for industrial big data, and point out that the 3M definition not only
well covers the three basic characteristics of industrial big data, including multi-source (extensive
source), multi-dimension (complex structure) and multi-spatiotemporal (spanning different time
and space), but also overcomes the limitations of the existing 5V definition in many aspects, such
as unclear meaning and difficulty in quantifying the scale of big data. More importantly, the 3M
definition of big data is a step forward in measuring the scale of industrial big data.

This paper puts forward a new and important view point: big data is a purpose oriented activity.
Generally, a big data set is the aggregation of quite a large number of purpose oriented data. The
reason why all kinds of seemingly disordered data are linked together must be because of some
purpose. For the specific purpose, various seemingly unrelated and scattered data are strongly or
weakly linked together.

On this basis, four typical paradigms of industrial big data processing and application are given,
including multi-source information fusion of the industrial big data, information integration and
compensation based on big data, inheritance and transfer learning knowledge contained in
different data sources, and the practical integration paradigm based on industrial big data for
petrochemical system safety.
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These four typical application paradigms cover the basic form of big data processing and
application in the industrial field, which is helpful to systematically grasp the application method
of industrial big data and the effective approaches of demand-oriented application of big data to
solve practical problems.
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