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Introduction

or engineering systems where processes, units, and
equipment are designed with clear objectives and are

usually operated under well-controlled circumstances
as designed, mechanistic models and first principles are
dependable. However, for emerging circumstances that are
not factored into the design, data become indispensable
assets for decision making in safe and efficient operations. In
this Perspective article, we offer a brief introduction to the
essence of big data, a description of how data have been
effectively used in process operations and control, and new
perspectives on how chemical process systems might evolve
into a new paradigm of data-enhanced operations and con-
trol. The discussed perspectives include (1) the mining of
time-series data with expanded depth in history and breadth
in location for event discovery, decision making, and causal-
ity analysis; (2) the exploration of the power of new
machine-learning techniques that have enjoyed tremendous
development in nearly 2 decades; and (3) the anticipation of
a system architecture shift towards a data-friendly informa-
tion system to complement the current distributed control
systems centric information system. In addition, high-level
systems engineering tasks such as planning and scheduling'
can also benefit from information extracted from big data
since optimization and control have always relied on the
interplay between models and data. We note that big data is
not the answer to everything, but historical and real-time
data are valuable for safe and efficient operations, especially
for abnormal process behaviors or circumstances that are not
considered in the design phase.
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Roles of Data in Science and Engineering

With the recent development of the Internet, the Internet of
Things, smart and wireless sensors, wireless communications,
mobile devices, smart devices, e-commerce, and smart manu-
factun'ng,2 the amount of data collected and stored has grown
exponentially in a manner analogous to Moore’s law of the
increase of solid-state transistor density. The explosion of data
size has made all sectors, including engineering, medicine,
business, commerce, finance, and even science, endorse the
concept and power of big data. Take bioinformatics and
genomes, for example. The Human Genome Project as an
international effort to sequence the entire human genome
aimed to uncover the sequence of 3 billion base pairs of the
haploid human genome.*>* Recently, BGI Institute of China
launched the 3-Million Genomes Project,’” which includes a
million plant and animal genomes, a million human genomes,
and a million micro-ecosystem genomes. The goal of this pro-
ject is to establish a baseline for specific populations and con-
nect the phenotypes of diseases and traits to genetic variations
to understand the disease mechanisms. The massive amount
of information-packed data, although it promises to lead to
new scientific discoveries in this field, produces a pressing
need for effective analytics by combining biological and infor-
mation sciences.™

The massive amount of available data has prompted many
disciplines and industries to reexamine their traditional roles
and views, such as statistics, management science, econome-
trics, computer science, and engineering. As a result, a new
discipline known as data science, or informatics, is forming
to derive knowledge and information from massive data.
Several examples have shown that the possession of a huge
amount of data confers a tremendous advantage when it is
combined with effective analytics and superior computing
power capable of distilling the data into knowledge. Goo-
gle’s flu prediction is such an example;7 it predicted the
spread of the winter flu outbreak in 2009 in the United
States down to the state level. Google took 50 million of the
most common searches and compared them to the Centers
for Disease Control (CDC) data on the spread of the winter
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flu from 2003 to 2008. Google’s data-processing power
screened through 150 million models to discover 45 features
with a mathematical model that had a high correlation with
the data from the CDC. In addition, Google could predict in
nearly real time, whereas the CDC’s data took weeks to
compile. While this data analytic approach is entirely new to
chemical engineers, the functionality of the models is known
as inferential sensors and is practiced in process systems
engineering.g’9

Needless to say, the relevance of big data to science, engi-
neering, and commerce seems to be higher than one might
think. A bestselling monograph by Mayer-Schonberger and
Cukier'® provided an account of the technology for the gen-
eral public. It is argued that by collecting a complete set of
data rather than a sample, we can now analyze the data set
in its entirety. Data analytics in the big-data era will shift
from statistical sampling and inference to a focus on
“N=all.”

Big Data and Analytics

Big data is arguably a major focus in the next round of
the transformation of information technology in industry.
According to research by McKinsey Global Institute and
McKinsey’s Business Technology Office, the analysis of
large data sets will become a key basis of competitiveness,
productivity growth, and innovation.'' This analysis depicts
five ways of using big data to create values:

e Unlocking significant value by making information

transparent and usable.

e Collecting more accurate and detailed performance
information and, therefore, exposing variability and
boosting performance.

e Precisely tailored products or services.

e Substantially improving decision making
sophisticated analytics.

e Finally, improving the development of the next genera-
tion of products and services through big data. For
instance, manufacturers use data obtained from sensors
embedded in products to create innovative aftersales
service offerings, such as proactive maintenance.

Big data refers to the size and variety of data sets that
challenge the ability of traditional software tools to capture,
store, manage, and analyze. Increasingly massive data sets
are gathered by equipment and process sensors, mobile and
wireless devices, software logs, cameras, microphones, and
wireless sensor networks. Often three V’s are used to charac-
terize the essence of big data.'!

e Volume: Enterprises have evergrowing data of all types

and easily amass terabytes, or even petabytes, of data.
For example, they can convert 350 billion annual meter
readings to better predict consumption.

e Velocity: For time-sensitive processes such as catching
fraudulent activity, big data must be used as it streams
into the enterprise.

e Variety: Big data is composed of all types of data:
structured and unstructured data such as texts, sensor
data, audio, video, log files, and so on.

In addition to these basic characteristics, some have

included value and veracity as additional Vs for big data.
Establishing trust in big data and conclusions based on them

through
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presents a challenge; this makes statistical learning theory an
indispensable framework that brings science into the big-data
picture.12

Both governments and private sectors are making serious
efforts to embrace the opportunities in big data. In 2012, US
President Barack Obama announced the Big Data Research
and Development Initiative, which explored how big data
could be used to address important problems facing the gov-
ernment. China considers big data, the Internet of Things,
cloud computing, and smart cities as key technologies for
the leap forward in the process of industrialization, digitali-
zation, and urbanization. Traditional retail giant Walmart
handles more than 1 million customer transactions every
hour, and these are imported into databases that contain
more than 2.5 petabytes of data, whereas e-commerce lead-
ers like Amazon build their processes around data and derive
significant market information from them.

It is interesting to note that the thrust of interest in big
data does not only come from large information technology
companies like Google, IBM, and Microsoft; it also comes
from traditional companies such as GE and P&G. In 2011,
GE announced a $1 billion investment in the building soft-
ware and expertise for GE’s version of big-data analytics."?
Its objective is to build a global software center to power up
data-science capabilities in GE’s “Industrial Internet.” The
list goes on from search engines (eg, Google and Microsoft)
and social networks (eg, Twitter, Facebook, and LinkedIn) to
financial institutions, the health care industry, engineering
companies, retail analytics, mobile analytics, marketing
agencies, data-science vendors (eg, Teradata, SAS, and
SPSS), utilities, and government. The opportunity for process
systems engineering14 is to integrate engineering, design,
operation, and customer data to improve process operations,
efficiency, product quality, and customer satisfaction with
individualized specifications.

Massive and Diverse Multivariate Process
Data

Manufacturing process operation databases are massive
because of the use of process operation and control com-
puters and information systems. The diversity of process
measurement technologies from conventional process sensors
to images, videos, and indirect measurement technologies
has compounded the variety, volume, and complexity of pro-
cess data. Multilevel and multiscale data in semiconductor
manufacturing, for example, provides at least the following
levels of massive data:

Equipment-level process measurement data.
Process-level metrology data.

Add-on indirect quality measurement data.
In-process wafer electrical property test data.
Final wafer electrical property test data.

It is typical in a modern FAB that over 50,000 statistical
process control charts are monitored to control the quality of
over 300 manufacturing steps in the fabrication of the
chip."® A recent AIChE Journal Perspective article'® charac-
terized the massiveness as “drowning in data.”

Although process operations are rich in data, without
effective analytical tools and efficient computing technology
to derive information from data, it is often the case that data
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Figure 1. Process data hierarchy. ICA, independent component analysis; PID, proportional-integral-derivative.

are compressed and archived for record keeping and only
retrieved for use in emergency analysis after the fact rather
than being used in a routine manner in the decision-making
process. Short-term archiving is typically adopted because
the values from rare use of the historical data do not justify
the expense of added hardware storage capacity. This current
state in the chemical manufacturing industry is in sharp con-
trast to those of new data giants such as Amazon, Google,
and eBay, who archive everything because they consider
data as assets.

Process operations are of tiered and hierarchical objec-
tives; they make process data more or less structured rather
than unstructured like those derived from social networks. In
fact, a vast amount of informative data is collected in the
form of time series with regular sampling periods and usu-
ally well-defined purposes to measure them. Some analytical
and monitoring tools, such as multivariate statistics and neu-
ral networks, have been adopted by chemical manufacturers
with varying degrees of success. These techniques often
achieve the detection and root-cause diagnosis of quality-
related operational faults sooner than actual product quality
control and customer feedback. In other cases, they detect
process degradation or changes that could lead to more seri-
ous process failure or unsafe incidents. Process operations
benefit from statistical and data-driven methods for the fol-
lowing reasons:

e The complexity of process operations with multiple

grades and varying raw materials.

e The control of complexity with multilevel objectives.

e Rich instrumentation and control feedback.

e Rich process data collection and archiving.

The process and data considered for the data-driven fault
detection and diagnosis are illustrated in Figure 1, where the
hierarchical data structure is shown. At the bottom level are
the equipment sensor measurements that can happen in milli-
seconds. At the process level are regularly sampled process
control data. The product quality measurements come in all
forms and are often sampled irregularly. The top level is the
customer feedback data, which can range from customer
service channels to social network complaints. Compared to

the expense and effort of rigorous process modeling, the
advantages of data-driven latent structure modeling methods,
such a principal component analysis (PCA) and projection to
latent structures (PLS), are obvious; they can be used to
detect abnormal changes in the process operations from real-
time data because of their dimension-reduction capability,
ease of visualization, and ease of real applications. The
related fault diagnosis methods have been studied intensively
and applied successfully in many industrial processes, for
example, chemicals, iron and steel, polymers, and semicon-
ductor manufacturing.

Process data are often categorized into process input and
output data, quality output data, and indirect types of data
(eg, vibration signals and images), as shown in Figure 1.
The typical procedure of the current multivariate process
data analytics includes

e The collection of (very clean) normal data with good

coverage of the operating regions.

e Fault data cases, which can be useful but are not

required.

e Latent variable (LV) methods (eg, PCA and PLS) to

model the data.'’

e Fault detection indices and control limits.

e Fault diagnosis and troubleshooting.

Although multivariate statistical approaches have been the
favorite choice in the most recent 2 decades, it should be
noted that data have been an integral part of process engi-
neering solutions since time models have been used for pro-
cess optimization and control. Data reconciliation'® has been
a necessary function in the deployment of real-time optimi-
zation with real-time data. Neural networks for inferential
property modelingg’9 are routinely used in industry now.
Time-series trend analysis19 was proposed to obtain real-
time patterns from operating data for diagnosis and control.
System identification and time-series modeling is a necessary
tool for applying model-based control and control perform-
ance assessment. The Kalman ﬁlter,zo’21 developed half a
century ago, provides an elegant framework for making a
balanced use of both data and a mechanistic model. At the
higher level of production planning and scheduling, industry
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has accounted for the typical uncertainty in, for example,
product demand and price, using time-series analysis and
data mining.22

However, these aforementioned data analytics and practice
in process systems engineering have apparently not con-
nected to the recent development in machine learning, data
mining, and big-data analytics. They differ not only in terms
of sizes but also in how and what data should be used in
solving real operation problems. In some ways, process sys-
tems engineering solutions are confined to one set of princi-
ples that are believed to be sound, whereas the machine-
learning and data-mining communities take the other way
and achieve unexpected results and solutions that defy con-
ventional wisdom. For example

e While multivariate data analytics tend to require a set
of carefully collected clean data or the pretreatment of
outliers and missing values,” the data-mining and
machine-learning communities have developed robust
methods that use imperfect data as the norm rather than
as the exception.

e While neural networks are used for inferential modeling
with a minimalist representation with as few layers and
parameters as possible, deep learning techniques®*?
outperform all of the alternatives by using many layers,
or by being “greedy.”

e While the time-series trend analysis]9 from operating
data are only one of a few articles published in process
systems engineering with little attention in many years,
the time-series data-mining community has developed a
whole set of techniques that are essentially trend
analysis. %’

e While most research work in process systems engineer-
ing has focused on the possession of a clean matrix of
data with great regularity, with irregularly and indi-
rectly measured data left largely unused, other indus-
tries have extracted valuable information from highly
unstructured data.’

These gaps motivated me to provide several perspectives
in the remainder of this article so as to inspire new ideas to
enrich process-data-analytics methodologies in the era of big
data. These include the following perspectives: (1) to
increase variety, an analysis of heterogeneous sources of
data during process operations and after products is made;
(2) to increase volume, the mining of massive historical
time-series data for event discovery, decision making, and
causality analysis is considered; (3) to improve value and
veracity, an embrace of the power of new machine-learning
techniques developed over nearly 20 years is encouraged;
and (4) to improve velocity, a potential shift in system archi-
tecture toward a data-friendly information system to comple-
ment the current control-centric system is explored.

For Variety: Multilevel Heterogeneous Data
Analytics

Process data analytics for process monitoring should have
the following desirable features:
e They should be scalable (up to 100 000 variables).
e They should make use of all kinds of data, for example,
process, spectra, vibration, and image data.?®

AIChE Journal September 2014 Vol. 60, No. 9

Published on behalf of the AIChE

e They should be relatively easy to apply to real proc-

esses compared to other methods.

e They should include online use for real-time operations

and decision making.

e They should include offline troubleshooting as a valua-

ble tool for continuous improvement.

To make use of all kinds of data from historical and real-
time process operations, one obvious direction for process
systems engineering to embrace the new techniques in big
data is to increase the diversity of data used in the analysis.
PCA has been a favorite tool for process analysis,” but it is
only capable of analyzing data from a single level; that is,
all variables are considered to be of the same importance in
the exploration of cross-correlations or auto-associations.
The machine-learning literature considers the PCA type of
models to be single-layer modules.®® A recent survey by
Qin®' and as the references therein gave an account of the
available process data analytics and applications in process
and quality monitoring. PLS offers one option for exploring
multilevel data correlation and intralevel variations. Figure 2
depicts a scheme for two-level dynamic concurrent latent
structure modeling and monitoring. Data from tiered opera-
tion objectives can be preprocessed and resampled to align
features for latent structure modeling. The interlevel analysis
and intralevel analysis in the concurrent PLS in Qin and
Zheng32 explained variations not only for the output level
but also within the input level. The tiered analytic objectives
are found in the semisupervised scheme of machine learning
defined in Bengio et al.*® as follows: “Semi-supervised learn-
ing: with inputs X and target Y to predict, a subset of the
factors explaining X’s distribution explain much of Y, given

In industrial processes, because of many active or passive
operational changes, the normal operation conditions take
multimodal distributions, making unimodal approaches like
PCA inadequate. For process data with various operation
conditions, multimode modeling methods should be devel-
oped. The existing work mainly includes multiple-model
approaches, local-learning methods, and so on. For processes
whose operation condition changes from one operational
mode to another, multimodal methods are necessary. One
type of multimode modeling method is local learning. In this
method, the modeling construction is carried out online.
Each time a sample is available, the first step is to search
similar data samples in the historical data set. Then, on the
basis of obtained similar data samples, an online model is
developed for online monitoring. After that, the model is dis-
carded, and the procedures are repeated for incoming data
samples. Recently, the local-learning method was adopted by
Ge et al.*® for the online monitoring of nonlinear multimodal
processes. In addition to multimode analytics, the ability to
extract dynamic LVs and remove the effect of feedback in
the data is necessary to deal with data collected under
dynamic feedback control.

For Volume: Time-Series Data Representation

Existing process data analytics usually focus on well-
defined data samples for carefully selected variables that
bear the same conditions as the current process operation.
There is virtually no effort to pool together data from a
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Figure 2. Multilevel dynamic concurrent latent structure modeling and monitoring.

diverse source of measurements, years of historical opera-
tions, and globally distributed plants that make the same
products. Until these are explored, traditional process data
analytics dwarf themselves compared to the big-data practice
happening in other industrial sectors.” The capability of big-
data analytics has the potential to knock down these some-
what artificial barriers to really enrich the volume and repre-
sentativeness of the data. While the traditional data analysis
tools emphasize the cleanness of the data to prevent potential
misleading conclusions, big-data analytics consider data
errors or messiness as unavoidable but use massive data to
develop models and extract features that are robust to the
imperfections in the data.

Even as data are pooled across spatiotemporal sources,
the majority of process data are of time-series forms with
regular sampling periods. This characteristic makes it appro-
priate to apply time-series data-mining and representation
methods that have been studied extensively in other areas
(Fu, 2011). The various tasks in time-series data-mining
research include

e Indexing (query by content): Given a query time series
and some similarity/dissimilarity measurement, it finds
the nearest matching time series in the database.

e Clustering: It finds natural groupings of the time series
in the database under some similarity/dissimilarity
measure.

e Classification: Given an unlabeled time series, it
assigned it to one of two or more predefined classes.
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e Segmentation: Given a time series containing plenty of
data points, it constructs a model with smaller piece-
wise segments such that the latter closely approximates
the former. This representation makes the storage, trans-
mission, and computation of the data more efficient.
Specifically, in the context of data mining, piecewise
linear representation is used.

e Dynamic time warping: This measures the distance
between two time series after first aligning them in the
time axis.

Segmentation may be performed simply to create a sim-
pler representation of the time series that supports indexing,
clustering, and classification®® (Fu, 2011). It should be noted
that the segmentation of the time series is similar to the
trend analysis technique explored in Bakshi and Stephano-
poulos'® very early in process systems engineering. Pattern
matching for disturbance mining was studied by Singhal and
Seborg.* It is unfortunate that these efforts have not brought
enough attention in process systems engineering, although a
dynamic PCA approach35 was used for the limited categories
of disturbances simulated with the Tennessee Eastman Chal-
lenge problem. Recent work by Sun et al.*® explored the use
of historical time-series data to assess the disturbance model
adequacy and model prediction accuracy in a model predic-
tive control context.

With time-series historical data, another important analytic
tool is Granger causality analysis.”’ Because of its simplic-
ity, interpretability, and ease of implementation, Granger
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causality has found wide applications in economics.
Recently, Granger causality has gained great attention in
many other areas in the extraction of useful information and
inner causal relationships, including the identification of root
causes of important process features, such as the root cause
of plantwide oscillations.”® Granger causality builds a
straightforward connection between causality and prediction
and employs a statistical hypothesis test to determine
whether one time series is helpful in forecasting another.

For Value and Veracity: Statistical Machine
Learning

Machine learning and artificial neural networks have gone
through several ups and downs since their inception. Initially
showing promise in making machines learn from data in the
1960s, machine learning saw its downturn in the 1970s until
it caught a new resurgence in the mid-1980s. This time, pro-
cess systems researchers and practitioners joined efforts in
applying machine learning to chemical engineering prob-
lems.®?4° After the limitations and benefits of artificial neu-
ral networks were debated and explored, the whole domain
of machine-learning techniques boiled down to the adoption
of multilayer feed-forward networks for use as inferential
sensors for chemical processes. This more or less wrapped
up the process systems engineering community’s interest in
machine learning and neural networks. In the meantime, the
machine-learning community also ran into its own bottleneck
in the search for new ideas.

The golden period for statistical machine learning was
between 1996 and 2006 with the development of support
vector machines (SVMs) proposed by Vapnik*' and the
boosting and kernel methods discussed by Freund and Scha-
pire.42 Statistical machine learning has become a major
branch in computer science and artificial intelligence.lz’43 In
2011, Judea Pearl won the Turing Award* for fundamental
contributions to artificial intelligence through the develop-
ment of a calculus for probabilistic and causal reasoning.

Statistical machine learning is considered to bridge com-
putation and statistics, with ties to information theory, signal
processing, algorithms, control theory, and optimization
theory.'? Effective techniques developed in this area include
boosting and SVMs, kernel PCA, and multidimensional scal-
ing. In addition, the work of Hinton and Salakhutdinov,**
published in Science, focused on deep learning. Recent sta-
tistical machine-learning development possesses three attrac-
tive features: (1) it focuses on its ability to extract
knowledge from data, whereas traditional ones focus on
making the machine learn; (2) it establishes a theoretical
basis in statistics as a discipline to control errors in infer-
ence; and (3) it is data driven and target driven and enjoys
new contributions from information industry sectors.

In addition to kernel methods and SVM, the so-called
latent data models are effective tools in analyzing multidi-
mensional data. There are three attractive features for the
LV specified in a latent data model: (1) they can potentially
have useful physical meaning; (2) they are relatively inde-
pendent, instead of having a strong correlation among the
original variables; and (3) they can be designed with more
efficient computation methods. Latent structure models, such
as PLS and PCA, as applied to chemometrics and process
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monitoring were actually developed for the same purposes
and reasons. It is, therefore, worthwhile to explore what
latent data models can offer for process data analytics and
their connections to latent structure models.

Another interesting problem in statistical machine learning
is low-rank matrix approximation. In theory and practical
applications, it has been shown that a data matrix can usu-
ally be expressed as a low-rank matrix plus a sparse matrix.
Robust PCA and matrix completion models have been pro-
posed and applied effectively to video data and text data
analysis. An important feature of the robust methods is that
they are made insensitive to outliers or missing values
through the use of zero norms or one norm rather than the
typical two norms used in the standard PCA approach. For
low-rank matrix approximation methods, it is important to
design an appropriate computation method. The rich process
systems expertise in optimization promises to make great
contributions to the area of optimization for machine learn-
ing, as highlighted in Sra et al.*>

It is inspiring to see that optimization and control
researchers in process systems engineering have already
made contributions to the interplay between optimization
and machine learning.***’ Process-data-analytics techniques
developed from big-data analytics could provide distilled
data or data representation for the following systems engi-
neering tasks:

e Metamodeling: The use of data-analytics techniques to
generate surrogate or reduced-dimension process models
that are accurate and computationally efficient.

e Derivative-free optimization: Optimization based on
techniques that make use of data or their effective
representation.

e Optimization under uncertainty: The characterization of
uncertainty with data-driven machine-learning tools to
enhance optimization techniques to work with
uncertainty.

For Velocity: Real-Time, Data-Centric System
Architecture

At present, process data historians are built around distrib-
uted control systems, where the central task is to perform
feedback control and some form of operator user interface.
Data historian systems, such as the PI system from OSIsoft,
are real-time databases that replaced strip chart recorders.
One limitation of such systems is that it is very difficult to
even manually integrate them with other high-level opera-
tional databases. It is not realistic to expect that this type of
system architecture would support the massive requirements
in accessing a diverse source of historical and real-time data
and be fast enough to build models on the fly.

Data-centric system architectures and computational
frameworks are mainly built on large-scale distributed stor-
age and processers. The storage structure and computing
engine are constructed to be suitable for real-time data anal-
ysis, whereas knowledge is extracted from massive data with
data analytics. The extracted knowledge can usually be
delivered to end users by cloud services.

Hadoop, developed by Doug Cutting and Michael J.
Cafarella in 2005 with support from Yahoo, is the most pop-
ular big-data-processing platform because of its attractive
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characteristics of high reliability, high efficiency, and high
scalability.48 It is based on the Google file system and the
idea of MapReduce. Hadoop has become the de facto stand-
ard for big-data-processing frameworks. As a storage and
processing platform of large distributed data-processing sys-
tems, Hadoop is composed of two main parts, a distributed
file system to support massive data storage and a distributed
computing framework to support MapReduce49 data process-
ing. The computational frameworks can be operated in clus-
ters, whereas the computations and resources are managed
and scheduled by the resource management system with effi-
cient resource utilization. Computing frameworks can be
categorized into three modes: the streaming mode, the batch
mode, and the mixed mode.

Streaming mode

The streaming mode considers the data flowing in as a
steady stream. When new data arrive, they are processed
immediately. The processing is usually performed in mem-
ory because of the real-time requirement; this makes the
processing rely on clever data structure in memory. The lim-
ited memory capacity can become a major bottleneck. The
application of streaming models mainly focuses on real-time
statistical analysis, online monitoring, and so on.

Batch mode

MapReduce as a typical batch framework was developed
by Google, Inc.*’ It was originally designed to accomplish
parallel processing of a large amount of data through large-
scale, low-cost server clusters. MapReduce has advantages in
simple interface and powerful data processing on large-scale
parallel executions, fault tolerance, and load-balancing
implementations. MapReduce has been widely used in data
mining, machine learning, information retrieval, computer
simulation, and scientific experiments.

Mixed mode

The streaming mode and batch mode can be integrated to
form a mixed mode. The basic idea is to apply the MapRe-
duce model for streaming processing. For example, Thusoo
et al.”® discussed the framework adjustment when applying
MapReduce to streaming, single-pass processing. On the
basis of this analysis, Mazur et al.>! introduced the realiza-
tion of a scalable platform of MapReduce for single-pass
analysis. In the streaming MapReduce process discussed in
Li et al.,52 who considered event stream processing; the
Mapper and Reducer in MapReduce were redefined to
improve the processing ability for continuous data.

Process data analytics in the traditional data-processing
architecture and the MapReduce-based big-data-processing
architecture are faced with the following issues: (1) As Map-
Reduce is a batch-oriented parallel computing model, it
shows unsatisfying performances in real-time data analytics;
2) even common data-analytics (e.g., PCA) algorithms can-
not be easily performed when the amount of data is too
large; and 3) the existing big-data-processing platform usu-
ally performs simple data query but not in-depth data
analytics.

It is desirable to establish a data-centric architecture for
the real-time data analytics of multilevel heterogeneous data
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across spatial and temporal domains. The following direc-
tions are speculated:

e The integration of streaming processing algorithms with
the MapReduce architecture, for example, incremental
computing modeling and iterative incremental comput-
ing modeling.

e The establishment of a hardware-software architecture
in which data resources and computing resources can
be shared, allocated, and merged, for example, for the
parallel operation of multiple computing platforms to
increase the utilization and reduce maintenance costs.

e The development of efficient statistical machine-
learning algorithms on the MapReduce (or Hadoop)
framework to implement real-time data analysis, for
example, for the feature extraction, mining, querying,
clustering, and classification of time-series data. For
process data analytics, the efficient querying of data
segmentation can be achieved with the parallel compu-
tation of open-source software.

Summary

Process data analytics has been an indispensable tool in
chemical process operations. However, in the era of big data
and the development of advanced analytics in other sectors
of industries and business operations, there appears to be
much more room to grow. Physical and chemical sciences
develop principles that are established for phenomena or
processes with well-understood mechanisms; data, on the
other hand, provide realistic information that reflects
unknown changes in the operation of these processes and are
the only reliable source of information for characterizing
uncertain and emerging situations not considered in the pro-
cess design phase. This Perspective article covers several
recent developments in data analytics from other disciplines
that are perceived to be relevant to chemical process opera-
tions. These new perceived ways of using massive amount
of data might shift the balance between a mechanistic model
and the data, much like what the Kalman filter enabled half
a century ago. In addition, high-level optimization tasks such
as planning and scheduling can also benefit from information
extracted from massive data, since optimization has always
been based on the interplay between models and data.

Inference using massive data with controlled error toler-
ance is of major interest, where the goal is to turn data into
knowledge and to support effective decision making and
optimization. While it was possible to require clean and
accurate data in small data samples, we might have to live
with messiness of the data and contain the errors with mas-
sive data. Robust methods in statistical machine learning are
effective ways to handle messy data, although some level of
preprocessing is always helpful.

To make use of machine learning to extract knowledge
from big data (sometimes all data but not small data), practi-
tioners should familiarize themselves with data science tools
that are relevant to but different from those in information
science and statistics. Scientists and engineers are encour-
aged to possess (1) the ability to develop or use the big-
data-processing architecture (MapReduce or Hadoop), (2) the
ability to develop or appropriately use algorithms, and (3)
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the ability to model data and judge the validity of the knowl-
edge discovered from the analysis of the data.

As process data analytics could be routinely used for pro-
cess operations and decision making, the issue of cybersecur-
ity in process operations and control becomes important
because of the increased reliance on data and sensors.
Although no computer systems are immune to this potential
risk, process operations and control often require even higher
security than other systems such as social networks. Data
analytics itself with validity checking and intrusion detection
could provide useful solutions. Another related issue,
although somewhat deliberate, is the perpetual question of
the confidentiality of accessing data and the ownership of
the process or equipment data. Industries, including vendors
and end users, must agree to engage in a new relationship
that allows for a win-win situation to maximize the benefit
of big-data analytics.

Finally, it should be noted that big data is not likely the
answer to everything. Because of Silicon Valley’s typical
overreaction to new ideas, it would not surprise anyone if
big-data excitement will settle down after some time. How-
ever, often, the tide will come back again with break-
throughs  happening  somewhere. ~The  up-and-down
progressions in machine-learning and time-series data model-
ing over half a century has provided enough food for thought
in that innovations require an open mind and persistent
effort. It takes patience and insight to bring a new technol-
ogy to process systems operations where traditional proce-
dures and solutions are in place.
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