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1. Introduction

The availability of massive data has prompted many industries
to reposition themselves to take advantage of the disruptive po-
tentials of data analytics and machine learning, including manage-
ment science, medicine, economics, computer science, materials
science, and engineering. As a result, a new discipline known as
data science is taking a center stage that aims to derive knowledge
and information from massive data. Even the discipline of statistics
is rethinking the impact of machine learning on the century-old
discipline, as expressed by Hastie et al. (2009), The field of Statis-
tics is constantly challenged by the problems that science and industry
brings to its door..With the advent of computers and the informa-
tion age, statistical problems have exploded both in size and complex-
ity. The tasks of extracting important patterns and trends, and un-
derstanding “what the data says” are known as learning from data,
which has led to a revolution in the statistical sciences.

A research report by the McKinsey Global Institute (MGI) in
2011 (Chui et al,, 2011) points out that analyzing large data sets
will become a key basis of competitiveness, productivity growth,
and innovations, which indicates various ways of using big data to
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create values. Many predictions in the report have happened over
the last eight years, and in some areas have accelerated due to the
AlphaGo demonstration by Google’s DeepMind (Silver et al., 2016).

Although there is no precise definition of big data, it usually
refers to the size and variety of datasets that challenge the abil-
ity of traditional processing and analytical tools to capture, store,
manage, and analyze, It is commonly accepted that big data prob-
lems possess a combination of the following four V's.

- Volume: Enterprises have ever-growing data of all types, easily
amassing petabytes and even exabytes.

- Velocity: For time-sensitive processes such as catching frauds,
the timeliness of a detection and action must be guaranteed.

- Variety: Big data is composed of multiple types of data, such as
text, sensor data, audio, video, and operator’s log files.

- Veracity; Establish trust in big data and conclusions based on
them, which makes statistical learning theory an indispensable
framework (National Research Council, 2013)

The demonstration of AlphaGo by Google’s DeepMind in early
2016 was one of the most shocking events to the world. Go is an
old and complex game invented in ancient China and is one of
the most popular board games in East Asia. On March 19, 2016,
the world Go champion Mr. Lee Sedol played against DeepMind's
artificial intelligence (Al) program, the AlphaGo. The result was a
clear win by the Al program with a score of 4 to 1. The AlphaGo
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algorithm uses a combination of tree search techniques and ma-
chine learning on data from human and computer plays. It used
massive historical records of the game by average players on
Google's website over the years, along with historical matches by
professional players.

The power of AlphaGo did not stop there. A year later a younger
world champion Mr. Ke Jie was set to challenge AlphaGo. At this
time AlphaGo was improved and renamed as the ‘Master’. The re-
sult is that the Master beats the best human player in the world
with a score of 3 to 0. It also played against five world champion
players as a team and gave no chance for the human players to
win. Lastly, it teamed up with a human player and played dou-
bles against another AlphaGo machine teamed with another hu-
man player. At this moment people wondered if Al will soon out-
smarts the mankind.

The DeepMind’'s innovation continued. In December 2017
the Founder and CEO Dr. Demis Hassabis gave a talk at the
2017 NIPS Conference with a title Learning from First Principles
(Hassabis, 2017). The talk revealed a new version of AlphaGo,
named AlphaGo Zero, where Zero stands for the fact that no his-
torical data was used at all. All data were generated by computer
simulations. It took a few days of computer vs. computer play to
generate enough ‘data’ for AlphaGo Zero to be trained to beat the
AlphaGo with a score of 100 to 0.

The demonstrations of AlphaGo made at least three intriguing
points., One point is that the training data do not need to be of
high quality, but they need to be massive and contain relevant in-
formation. The second point is that it is possible for machine learn-
ing to be trained well on simulated data. Thirdly, it can work in a
team.

The Go game is considered much more complex than chess. A
chess game has typically 10'2* possible moves, while Go has about
10360 possible moves., However complex it is, the game of Go has
little in common with the complexity of real world industrial op-
eration and control problems. Go enjoys the following ideal situa-
tions.

1. The model and rules are clearly known, i.e., it is a white box
without any uncertainty about the past and present. There is
no need to perform state estimation, for instance.

2. Disturbances (i.e., the opponent’s moves) are perfectly mea-
sured with no errors or measurement delays.

3. The objective function is perfectly known and never changes
from one game to another. In fact, the whole system is time-
invariant.

Because of the above ideal situations it is possible for AlphaGo
Zero to be trained on simulated data only. The massive data made
it possible to utilize the power of deep neural networks.

On the other hand, the Google's flu trend (GFT) prediction has
the typical characters of a real world industrial data analytics prob-
lem (Ginsberg et al., 2009). Google took 50 million most common
web searches and compared them to the Center for Disease Con-
trol (CDC) data on the spread of winter flu from 2003 to 2008.
They screened through 150 million models to discover 45 features
that had high correlation to the data from CDC. Google could pre-
dict nearly in real time, while CDC's data took two weeks to com-
pile. While the massive data size is unmatched in chemical process
problems, its functionality is essentially to predict critical but hard
to measure variables from other easily measured ones, which is
known as inferential sensors in process systems engineering (Qin
and McAvoy, 1992; Tham et al, 1991).

However, unlike the success of AlphaGo, the GFT model failed
terribly to predict the flu trend in the subsequent years, be-
cause it does not take into account of the time-varying and sea-
sonal behavior of real-world problems. Several lessons have been
learned from the failure of the original GFT model, as depicted in

Lazer et al. (2014). Later work by Yang et al. (2015) achieved ac-
curate prediction results using autoregressive dynamic models in-
spired by hidden Markov models, Google has shared many possi-
bilities of hidden technical debt or technical hindsight in deploying
machine learning solutions (Sculley et al., 2015). One critical re-
quirement is to succeed in the test of time.

Al applications today focus on partial intelligence, that is,
to replace or enhance a specific aspect of human capabilities
(Rich et al., 2009). Examples include: i) Self-driving cars; ii) face
recognition for credit card transactions; iii) natural language pro-
cessing (NLP); iv) multilingual translations; v) virtual and aug-
mented reality; and vi) Al for Industry 4.0 or smart manufacturing.
The focus of this paper is on process data analytics, that is, ma-
chine learning and Al techniques for the types of data and prob-
lems that arise from manufacturing processes.

The rest of the paper is organized as follows, Section 2 depicts
the characteristics of process data and challenges to derive pro-
cess intelligence from data. We give three attributes for machine
learning techniques to be widely applicable in the process indus-
tries. Section 3 provides a retrospection of early machine learn-
ing and data analytics activities in the process systems engineering
(PSE) community that are in line with the most recent advances in
machine learning, Section 4 discusses the currently active topics
in machine leamning that could be opportunities for process data
analytics. Section 5 addresses the importance of a data analytics
culture, Issues discussed range from technology development to
workforce education and from government initiatives to curricu-
lum enhancement. The final section concludes the paper.

2. Process data analytics: Characteristics and attributes
2.1. Characteristics of process data

Process historical databases are massive due to the use of
process control computers and manufacturing execution systems
(MES). The variety of process measurement technology ranges from
conventional process sensors to images, videos and other indi-
rect measurement technologies such as spectroscopy and vibra-
tion measurements. In modern semiconductor chip manufacturing,
for example, data come from the following levels at multi-scales
(Qin et al., 2006).

- Level 1: Equipment measurement data, such as flow, pressure,
and temperature;

Level 2; Metrology data, such as film thickness and critical di-
mensions;

Level 3: Indirect quality measurement data, such as optical
emission spectroscopy;

Level 4: In-line wafer electrical test data, an intermediate prod-
uct quality measurement; and

Level 5: Final wafer electrical test data.

It is common for modern fabs to have over 50,000 statistical
process control (SPC) charts with each monitoring a specific quality
variable.

A typical diagram for process control and data analytics
schemes is depicted in Fig. 1. Process data often include process in-
put, output and measured disturbances. These variables are often
connected by the process flows and controller feedback, making
them highly interactive and dynamic. Process data are measured
at rather fast sampling rates, which can go from sub-seconds to
minutes. Without additional quality or label data, one can apply
principal component analysis (PCA) or other unsupervised learning
techniques to analyze the process data. On the other hand, qual-
ity data and indirect quality data are often collected at a much
lower sampling rate. These label data are often more critical to the
manufacturing operation. Supervised learning techniques such as



5] Qin and L.H. Chiang/ Computers and Chemical Engineering 126 (2019) 465-473 467

Disturbances

Sub-process Sub-process

: A baaitr data
: Q_uallty datal _ oy =+
= with delay '

11

PID control MPC o Quality- 1

: control relevant e =11

: : monitaring !

: : i data 1

idata data ...»| Process Pl 1 Quality i :
""""""""""""""" *| monitoring :moni[oring |

e.g., PCA-based

Fig. 1. Process and quality monitoring tasks considered in data-driven monitoring.

partial least squares (PLS), canonical correlation analysis (CCA), and
neural networks can be applied to analyze process data and quality
data jointly. Quality prediction with inferential sensors and quality-
relevant fault diagnosis are examples of using supervised learning
techniques.

It should be noted that, when computer control systems were
conceived four decades ago (Williams, 1978), it was the control
and operation functions that were the focuses of the design. Data
collection and archiving were simply replacing strip chart paper
recorders. The use of these recorded data has been varied and
sparse. It is fortunate that the distributed control systems have
gone through several generations of development in four decades,
including Fieldbus for digital instrumentation and communication,
independent data historians, along with three decades of data an-
alytics practice. It is believed that process data analytics (PDA) will
be a corner stone for Industry 4.0 where proactive data analytics
are central for process operations and decision making. Infrastruc-
ture innovations are anticipated for the integrated control and data
systems.

2.2. Unique attributes of process data analytics

What set process data analytics apart from other big data an-
alytics, such as business intelligence? This question has to be an-
swered in order to make an impact in practice. There are three
important and unique attributes in order for machine learning to
be widely applicable to process systems:

- Working compatibly with first principles models or process
knowledge;

- dealing effectively with uncertainties that are usually time
varying; and

- generating interpretable solutions.

First principles based on chemistry and physics are the founda-
tion for how processes operate, Processes are designed with clear
functions and principles, and very often, with sophisticated and re-
liable mathematical models. These models have been useful for op-
timization, simulations, and control. Having Al or machine learning
models to replace them would be unwise if not impossible. Al and

Operator

Opponent/

Player Disturbance

Games such as Go

machine learning should find its way to work with existing first
principles.

Industrial process operations are like a coin with two sides. On
one side it is the first principles models. Uncertainty is the other
side of the coin. Unlike Go, where all the past state knowledge is
perfectly known with no uncertainty at all, uncertainties are every-
where in industrial operations and control. Furthermore, the un-
certainties are time-varying and dynamically changing in the mean
and variance. For example, raw material compositions to a refinery
process vary from time to time and are usually unknown until they
result in product quality variations. As another example, catalyst
deactivation happens over time. While it is difficult to model the
deactivation process using first principles, its effects are reflected
in the process data. Therefore, data contain information on the ef-
fect of raw material variations and the extent of catalyst deactiva-
tion, which is referred to as situational knowledge.

Roughly speaking, first principles can describe better the known
part of the processes, whereas it is more efficient to use data
to reveal the unknown part of the processes via machine learn-
ing. The dual characters of industrial processes make them differ-
ent from games like Go, where everything in the past is clearly
known and the system is time-invariant for the future. The dif-
ferences between the problem dealt with in AlphaGo and the in-
dustrial process problems are depicted in Fig. 2. Industrial process
operations and control have to deal with unknown disturbances
with certain known principles, which is like the Yin & Yang (i.e,
black vs. white or unknown vs. known) fish in the ancient Chinese
philosophy. On the other hand, the AlphaGo problem has the op-
ponent/disturbance perfectly known, which is a Yang-Yang fish, or
symmetric. Therefore, process data analytics must learn from data
the unknown state of disturbances to make the best possible de-
cisions. With sufficient learning and tracking of unknown distur-
bances, it is possible to characterize and reduce the uncertainties.

The third attribute to make machine learning and analytics ap-
plicable in process industries is that they need to be interpretable
or understandable by the human operation personnel. Unless the
sophisticated industrial operations can be made completely auto-
pilot, human operators and decision makers have to be in the loop
and take over whenever the Al or machine learning system fails, If
the people do not understand what the machine learning is doing,
they will not take the risk to trust it. In a modern manufacturing
environment there are usually a hierarchy of people with clear re-
sponsibilities at each level. They must be convinced that the new
solutions offer more values than risks to be adopted.

While interpretation and prediction accuracy are two major
purposes for machine learning, interpretation is a necessity for
industrial process operations. Comparing first principles models
with machine learning models, industrial personnel tends to trust
more on first principles models than data driven models not be-
cause they are more accurate, but because they are interpretable.
Therefore, sophisticated machine learning methods including deep
learning and deep reinforcement learning have to past the test
on interpretability before they can be widely adopted in indus-
trial practice. This was also the case when model predictive con-
trol (MPC) was initially applied in process industries, where model
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Disturbance

Industrial processes

Fig. 2. Industrial process operations must deal with unknown disturbances, which is like the Yin & Yang fish. The AlphaGo problem has the opponentjdisturbance perfectly

known, which is Yang & Yang fish.
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predictions have to be observed and trusted by the operation per-
sonnel for a period of time before the controller is commissioned
to closed-loop (Qin and Badgwell, 2003).

In summary, process data analytics should have the following
desirable features (Qin, 2014);

- Interpretable and scalable (up to thousands of variables)

- Making use of all kinds of data (e.g., process data, spectra, vi-
bration, and image data)

- Relatively easy to apply to real processes comparing to other
methods

- Online use for real-time monitoring and decision making

- Offline troubleshooting as a valuable tool for continuous im-
provement.

3. Retrospection of machine learning and Al in PSE

Data analytics and monitoring tools such as latent variable
methods (MacGregor and Kourti, 1995) and neural networks have
been adopted by chemical manufacturers with varying degrees of
success. These techniques can achieve detection and diagnosis of
process faults and abnormal changes that can lead to more serious
failure or incidents. The typical procedure of process monitoring
and data analytics is as follows.

1. Collection of clean, normal data with a good coverage of the
normal operation regions. Extensive data cleaning and pro-
precessing have to be performed in practice (Famili et al,, 1997).

2. Faulty data can be useful for fault diagnosis, but are not re-
quired. If plenty of faulty data are available, fault classification
methods such as linear discrimination analysis (LDA) are appli-
cable (Chiang et al., 2000; 2001).

3. Build analytics models such as PCA and PLS for the normal data,
and establish fault detection indices and control limits.

4. Perform fault diagnosis and troubleshooting.

Process monitoring and inferential sensors are two of the most
industrially adopted data-driven applications in process industries
(Cinar et al.,, 2007; Nomikos and MacGregor, 1994; Piovoso et al,,
1992; Qin, 1996; 2012). Whether the original contributors were
aware of it or not, the multivariate latent variable methods are
inherently statistical machine learning methods (Oja, 1982; 1992;
Sun et al,, 2013). The boundaries between them have been largely
removed due to the recent development of statistical machine
learning; therefore, we take a pragmatic view in that they are all
in the class of statistical learning methods (Hastie et al., 2009).

While the chemical engineering contributions in process mon-
itoring and inferential sensors are well known, there are a num-
ber of less well-known chemical engineering contributions in ma-
chine learning methods and applications. These contributions, with
some of them depicted in recent papers (Qin, 2014; Venkatasubra-
manian, 2019), are very much in line with the most recent and
exciting machine learning advances, such as deep neural networks,
nonlinear principal components, regularization methods, and trend
analysis.

The first notable contribution from chemical engineering is the
auto-associative neural networks which was aimed to perform
nonlinear PCA (Kramer, 1991). This work coincidentally is simi-
lar to the building blocks of deep neural networks for dimen-
sion reduction and feature extraction (Bengio, 2009). It should be
noted that prior work on linear auto-association (Bourlard and
Kamp, 1988) is available and subsequent work shows that non-
linear auto-association is not equivalent to nonlinear PCA, but
is more general (Japkowicz et al., 2000). Subsequently, nonlinear
PCA using neural networks inspired by principal curves (Dong and
McAvoy, 1996) and input training neural networks for nonlin-
ear PCA (Tan and Mayrovouniotis, 1995) have been developed by
chemical engineers in mid-1990s.

The next notable contribution from chemical engineering is the
integration of neural networks with statistical methods to pro-
duce a strip net (Bhat et al., 1992) that removes zero weights af-
ter applying a regularization penalty. This approach is analogous to
the recently developed sparse learning methods such as the Lasso,
where an I; norm penalty is used instead (Zou and Hastie, 2005).
The regularization penalty was also integrated with neural network
training to handle collinear inputs (Qin, 1993). However, the PSE
community scaled back the interest in machine learning and did
not provide a statistical understanding as profound as the Lasso
and sparse learning methods (Hastie et al., 2009).

Another notable contribution from PSE is the time series trend
analysis by Balshi et al. (1994). Time series pattern matching for
disturbance mining was studied by Singhal and Seborg (2002). It
is unfortunate that these efforts have not brought enough atten-
tion in process systems engineering, In the recent years time series
data mining, segmentation, and pattern matching have been very
active in creating simpler representations of time series that per-
form indexing, clustering, and classification (Fu, 2011; Keogh and
Kasetty, 2003).

4. Opportunities in process data analytics

Thousands of papers have been published in recent years
in process monitoring and inferential sensors based on latent
variable methods, neural networks, and other machine learn-
ing or statistical methods. The past works are recently re-
viewed in Qin (2012), Ge et al. (2013), Chiang et al. (2017) and
Venkatasubramanian (2019). Here we provide a brief assessment
of the opportunities and some recent developments.

Although we consider multivariate latent variable methods as
a subset of the statistical learning methods, the field of machine
learning has grown tremendously in the last two decades. Re-
cent advances include the development of support vector machines
(SVM) proposed by Cortes and Vapnik (1995) and kernel methods
(Hastie et al., 2009). Statistical machine learning becomes a ma-
jor framework for artificial intelligence (National Research Coun-
cil, 2013), which bridges computations and statistics, with ties
to information theory, signal processing, control theory and opti-
mization theory. Furthermore, the work of Hinton and Salakhut-
dinov (2006) is largely credited for the extremely high interest in
deep learning.

All machine learning methods can be divided into supervised
learning and unsupervised learning. The supervised learning uses
input data X to predict or interpret target or label data Y, while
unsupervised learning analyzes X without supervision from Y. A
summary of many machine learning methods is given in Fig. 3.
Depending on the characteristics of data and models, such as lin-
ear, collinear, or nonlinear data, there are respective supervised
and unsupervised learning methods to choose from. To deal with
collinearity in the data, for example, PCA is unsupervised learning
and PLS is supervised learning. For categorical data such as modes
of operations, grades of products, and classes of faults, the cor-
responding analytics are classification for supervised learning and
clustering for unsupervised learning. Deep neural networks can be
used for supervised learning or unsupervised learning, depending
on the availability of target or label data. Reinforcement learn-
ing (Badgwell et al., 2018; Hoskins and Himmelblau, 1992; Sutton
ef al, 1992), with the goal to learn optimal actions based on data,
also performs supervised learning.

4.1. Straightforward applications to process analytics

Given the plethora of supervised and unsupervised learn-
ing methods developed in the machine learning field, there are
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Fig. 3. A summary chart for supervised and unsupervised methods in statistical
machine learning.

straightforward applications of these methods to process moni-
toring, fault diagnosis, and inferential sensors. For example, any
supervised learning methods such as deep learning can be used
as inferential sensors. Unsupervised learning methods, especially
those which are nonlinear extensions of PCA, can be used for pro-
cess monitoring and fault diagnosis. There are already numerous
papers published along these lines.

For straightforward applications of machine learning methods
to process monitoring, fault diagnosis, and inferential sensors, it is
critical to demonstrate why the chosen method shows advantages
for the specific application. On the other hand, it can be fruitful
to work on new applications where few data analytics have been
applied. In this direction there are still opportunities to show how
machine learning methods should be applied to various types of
use cases.

4.2. Integrating first principles with data

With the presence of sustained variabilities and abnormal sit-
uations in process operations, it is unrealistic to require that first
principles models to include all possible scenarios of uncertainties.
In these situations data provide situational knowledge of opera-
tions with the aid of proper data analytics, Therefore, model and
data must interplay for intelligent operations and decision making,
with models useful for expected situations and data useful for un-
expected situations.

Referring to Fig. 2, data can be used to explore the 'dark’ side
of the process, or behaviors not included by the first-principles
models. One possible scheme is to use neural networks or PCA
to learn the residuals of the first principles models (Psichogios
and Ungar, 1992; Wachs and Lewin, 1998). In principle, the well
known Kalman filter is a systematic framework to use first princi-

ples models for the deterministic subsystem and use data to model
the residuals (Odelson et al., 2006).

4.3. Troubleshooting using data with possible anomalies

Process monitoring requires that a set of normal or 'good’ data
are available. Data analytics are used to provide a descriptive
model for the normal situation. This requirement, however, is not
always easy to fulfill. Usually one is faced with the following two
situations; i) data contain normal records as the majority, but there
are many outliers or faulty values mixed in them; and ii) the very
task is to figure out if the current operation is normal or not, by
troubleshooting the data to uncover undesirable patterns or vari-
abilities.

When data are contaminated with outliers or bad data, the ro-
bust low-rank matrix approximation in developed machine learn-
ing is applicable (Liu et al, 2013). In theory and practice, it is
shown that a data matrix can be expressed as a low-rank ma-
trix plus a sparse matrix of outlying values. Robust PCA and ma-
trix completion models are proposed and applied effectively to
video data and text data analysis. An important feature of the ro-
bust methods is that they are made insensitive to outliers or miss-
ing values by using the I, -norm, rather than the typical two-norm
used in standard PCA.

To troubleshoot for undesirable behaviors or dynamics in the
operation, Dong and Qin (2018a.b) developed dynamic data ana-
lytics that are efficient in extracting predictable dynamics in the
data. These dynamic data analytics can efficiently extract oscilla-
tions and drifts in the data, since they are most predictable and
easily visualizable, The dynamic components can be traced back to
the contributing variables by analyzing the loadings. In addition,
the dynamic analytics can reduce the uncertainty in the data, since
a portion of the uncertainty is predictable by the dynamic compo-
nent models.

4.4. Sparse learning methods

Inspired from shrinkage regression analysis such as ridge re-
gression, a plethora of sparse learning methods have been de-
veloped after the invention of the Lasso (Zou and Hastie, 2005).
The Lasso uses the I; norm to penalize the regression coefficients
and therefore, achieves exactly zero coefficients for irrelevant vari-
ables. This result leads to a natural way for variable selection. The
method has been extended to unsupervised learning, leading to
sparse PCA algorithms (Shen et al., 2008; Zou et al., 2006). The
ability to zero out irrelevant variables can provide better inter-
pretation of the analytics models. Sparse PCA has also been ap-
plied to process monitoring to replace the standard PCA model
(Gajjar et al, 2018).

4.5. Supervised monitoring and diagnosis

Most work in process monitoring are focused on PCA and unsu-
pervised learning methods. Although PLS has been used for process
monitoring, the quality-relevant diagnosis has only been recently
developed (Li et al., 2010; Qin and Zheng, 2013; Zhu et al., 2017).
Unlike diagnosis based on unsupervised learning models where
one can at most analyze abnormal changes in process variables,
quality-relevant diagnosis refers to the use of supervised learn-
ing models for the diagnosis of a quality anomaly due to relevant
abnormal process variations. Since this approach aims to monitor
and diagnose quality anomalies before they are measured and con-
firmed, Zhu and Qin refer to it as supervised monitoring and diag-
nosis (Zhu and Qin, 2019).

Supervised process monitoring has received increased atten-
tion since the early work on Total PLS and current PLS (Li et al,
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2010; 2009; Qin and Zheng, 2013). Liu et al. (2014) and Ge and
Chen (2016) developed quality-relevant monitoring and diagno-
sis by taking into account of dynamics in the data. Huang and
Yan (2017) proposed a two-block monitoring scheme based on mu-
tual information (MI) and kernel PCA. Ma et al. (2018) put forth
a new robust Gaussian mixture model for multi-mode processes.
Qin and Zhao (2018) designed a monitoring method based on
quality information and process dynamics for closed-loop manu-
facturing processes. Supervised monitoring and diagnosis deserves
much more attention since it is predictive and can reduce quality-
irrelevant alarms significantly.

4.6. Deep learning: Accuracy vs. interpretability

There are two essential aspects of data analytics, prediction and
interpretation. To achieve accurate prediction, often complex mod-
els such as deep neural networks are more capable, On the other
hand, in order to achieve interpretability, simpler models are pre-
ferred. As depicted in Section 2 of this paper, interpretability is
critical for industrial adoption, since operators and decision mak-
ers must establish a level of trust in the analytics algorithms.

Deep learning has been applied to derive inferential sensors
from data (Shang et al, 2014). Although the main goal for infer-
ential sensors is prediction accuracy, it is necessary to provide a
trade-off between model complexity and maintainability. The in-
creased complexity of deep neural networks needs to be justified
against the incremental accuracy gain comparing to other simpler
models. The Google's GFT model for flu prediction is a classic ex-
ample where the complex deep model fails the test of time. The
alternative autoregressive dynamic models perform much better
(Yang et al., 2015).

Deep neural networks have also been applied for image classi-
fication (Zhu et al.,, 2019) for a combustion furnace. This is directly
applying image analysis methods to process operations.

In the field of image classification, researchers have recently
questioned about what part of deep networks is effective in out-
performing other methods. Deep networks are usually trained us-
ing a stochastic gradient descent (SGD) method. However, training
such a network critically depends on the modeler’s expertise in pa-
rameter tuning.

As a challenge or benchmark to deep neural networks,
Chan et al. (2015) developed PCA-net, which uses PCA only to form
a deep structure. The authors demonstrate that the PCA-net beats
or meets the performance of deep neural networks on all major
testbeds for image analysis and recognition.

To avoid the stochastic gradient training in deep convolutional
neural networks, Kuo et al. (2018) propose an interpretable feed-
forward design for the deep learning structure using PCA with
added bias terms. The method is also tested on image classification
benchmarks with favorable results. This work provides another ev-
idence and idea to develop interpretable deep learning models.

5. Data analytics and culture changes in industries

Industry 4.0 refers to the fourth industrial revolution us-
ing cyber-physical systems to produce breakthrough improvement
in manufacturing productivity, safety, and competitiveness. It is
driven by a number of emerging technologies including data ana-
lytics, robotics, augmented reality, digital twins, internet of things,
cybersecurity, and artificial intelligence. Of the numerous success
stories reported across all industries (Bardin, 2017; Wikipedia.org,
2019a), process data analytics serves a common tool to improve
the decision making process by getting the right data to the right
people at the right time so that the right decision can be made. As
a direct benefit of digital transformation in the Industry 4.0 jour-
ney, decision making processes are proactive instead of reactive.

University
students:

Art of the possible

e

Workforce at all
levels:

Foundation

L

Data Scientists:

Collaboration

Fig. 4. Elements of a process data analytics culture.

For companies that have already started the process data an-
alytics journey, as outlined in Colegrove et al. (2016), the next
milestone is to scale the successes across all functions in the
company by establishing a data analytics culture. Fig. 4 illus-
trates four elements of a process data analytics culture. Three el-
ements (innovation, collaboration, and foundation) require com-
pany commitments at all levels while the fourth element (art of
the possible) require breakthrough in workforce development by
universities.

5.1. Innovation

Qin (2014), Reis et al. (2016), Chiang et al. (2017), and
Venkatasubramanian (2019) provided comprehensive reviews of
process data analytics and discussed a wide range of technical
challenges. These articles reflected on a critique that spurious pat-
terns and correlations outnumber genuine discoveries especially
when process data analytics is applied to chemical engineering
problems without context and domain knowledge.

Facing these technical challenges and critique, the process data
analytics community is at a crossroad especially when break-
through successes in machine learning and Al are routinely re-
ported outside of the community (see Section 1 for examples).
There is a consensus among these authors that innovation is
needed to integrate data analytics tools with fundamental knowl-
edge to create a robust and scalable solution for industrial pro-
cesses. To drive innovation in process industries, a company must
invest to create a critical mass of chemical engineers with techni-
cal skills in statistics, mathematics, modeling, optimization, process
control, visualization, simulation, and programming. This group of
formally trained and purposely built advanced analytics modelers
shares common attributes of curiosity, creativity, and self-efficacy
to translate business opportunities into projects that can be solved
using the right selection of process data analytics techniques.

Of the machine learning and Al techniques mentioned in
the preceding sections of this paper and in Venkatasubramanian
(2019), it is clear that data analytics has been evolutionary in
process industries. Much recent research work in applying ma-
chine learning to process problems is straightforward extensions of
the multivariate statistical process applications over three decades
(Cinar and Undey, 1999; MacGregor and Koutoudi, 1995; Qin,
2003). Recent work reported in process industries include deep
learning in image classification (Rendall et al., 2018; Zhu et al,
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2019)), batch process applications (Wang et al., 2018), reinforce-
ment learning in supply chain scheduling Hubbs et al.,, 2018), and
process control Badgwell et al., 2018).

Advanced analytics modelers often face a platform challenge, as
discussed in Chiang et al. (2017), to quickly test and deploy analyt-
ics models. Open source codes require a lot of customization for in-
dustrial use and vendor analytics solutions are often not ready for
plug-and-play as advertised. This is where the digital office con-
cept comes to life. Digital office, common in many industries, is
designed to facilitate contributions from solution providers, soft-
ware architects, and advanced analytics modelers to quickly test
drive new ideas and deploy solutions.

As the process data analytics community is growing in size
and impact, it is encouraging to see that traditional conferences
such as Process Systems Engineering (PSE), Dynamics and Con-
trol of Process Systems (DYCOPS), Advanced Control of Chemical
Processes (ADCHEM), and Advanced Control of Industrial Processes
(ADCONIP) created new session topics around process data analyt-
ics. American Institute of Chemical Engineers (AIChE) took on ad-
ditional efforts to revamp its spring meeting to include Big Data
Analytics topical conference in 2015 and Industry 4.0 topical con-
ference in 2018. Journal of Advanced Manufacturing and Processing
is a new peer-reviewed journal launched in 2018 by AIChE to high-
light cutting-edge manufacturing techniques, such as process data
analytics, to enhance manufacturing (Aiche.org, 2019). The Journal
of Process Control and an open journal Processes recently published
special issues on process data analytics to bring together recent ad-
vances which can add to our understanding of the field (Mdpi.com,
2017; Qin, 2018). Computer Aids for Chemical Engineering (CACHE)
sponsors a new conference, Foundations of Process Analytics and
Machine learning (FOPAM), in 2019. These conferences and jour-
nals serve as important platform for advanced data analytics mod-
elers to share latest results and exchange ideas, and importantly,
to form new collaborations between industry, academia, and gov-
ernment.

While the advanced analytics modelers continue to have a
bright career prospect in process industries, they also have a lot
more alternative career opportunities, especially in machine learn-
ing and data science companies. The working environment and
highly competitive salary at these companies are often more at-
tractive to the young generation. For example, they do not need
to argue whether data analytics will bring in values, since the rev-
enues of the companies are generated mainly from big data and
data analytics. This challenge will exist until the hirings at these
companies reach a point of saturation.

5.2. Collaboration

As discussed in Section 3, there is a rich history of process data
analytics applications based on process data collected in manu-
facturing processes. While manufacturing plants continue to col-
lect even more data, other functions including R&D, supply chain,
maintenance, process safety, sale & marketing, business finances,
and human resources, also collect data for their domain specific
needs. Where data are collected, there is a desire to generate ac-
tionable insights. Demand for data scientist roles in different func-
tions has increased commensurate with this interest. It is perhaps
not surprising to see that part of the workforce is willing to take
on these new roles through leveraged technical skills and self-
learning. Based on inherent networking, a community of practice
is organically formed.

It is interesting to note the community of practice is typically
an order of magnitude larger than the group of advanced ana-
lytics modelers in any company. While the smaller group of ad-
vanced analytics modelers serve an important role to provide tech-
nical mentorship to the data scientists in projects and leadership

to grow this informal network, the corporate executive leadership
is in a prime position to provide a structure to foster collabora-
tions among different functions and to provide resources to en-
rich data scientist analytics skill sets. The term “data acumen” has
been coined to describe what technical skills are necessary for data
scientists to be successful. These skills include general purpose
or domain specific analytics software for basic analytics needs
and computer programming for advanced analytics needs. There
are a number of opportunities to grow this community. First and
foremost, timely company-sponsored training is much needed and
appreciated in this community. Other events such as company
symposium, formatted data challenges, exchange or rotational pro-
grams offer a dual purpose of networking and technical problem
solving.

The National Academies of Sciences, Engineering, and Medicine,
in collaboration with the National Academies Board on Mathemat-
ical Sciences and Analytics, held a workshop to explore opportuni-
ties to use data science to transform chemical sciences and engi-
neering (NASEM, 2018a; 2018b). There is a general consensus that
it is much easier to train chemical engineers on data analytics top-
ics rather than to train data scientists on chemical engineering top-
ics. As process industries employ a large number of chemical en-
gineers, this community of practice is a fertile hunting ground to
send motivated chemical engineers to pursue an advanced degree
in data analytics and related disciplines.

5.3. Foundation

As the advanced analytics modelers become tightly connected
to the data scientists, the broader analytics community will be
making bigger impacts to the company. At the foundation of the
analytics culture, a new core competency, data literacy, will be re-
quired for the workforce at all levels in the company.

According to Wikipedia (Wikipedia.org, 2019b), data literacy is
the ability to read, understand, create and communicate data as in-
formation. Much like literacy as a general concept, data literacy fo-
cuses on the competencies involved in working with data. A com-
mon goal of process data analytics is “getting the right data to the
right people at the right time so that the right decision can be
made.” In a typical use case, advanced analytics modelers or data
scientists create analytics models to provide the right critical piece
of data. The right people to make the right decision at the right
time are typically plant operators and process engineers, not the
modelers themselves. Another closely related term, data acuity, is
coined to describe the need for general workforce to master ba-
sic statistics skills to interpret data and to ask the right questions
to discern signal from noise (Colegrove, 2017). New behaviors are
needed from both the modelers and the end users. While it is crit-
ical for the end users to master data acuity, it is more critical for
the advanced analytics modelers and data scientists to earn their
trust and credibility.

In the 90s, long before the term process data analytics was
coined, the now ubiquitous Excel spreadsheet represented an in-
novation to a pocket calculator. Excel not only provides all the
functions that a calculator can provide, but also additional func-
tions (such as table, graph, and VBA programming language) that
a calculator could not provide, More than two decades later, as we
move towards the Industry 4.0 era, it is regretful to see that Ex-
cel is sometimes overly relied on as a primary tool at the base
level for analytics, statistics, visualization, database, and knowl-
edge retention. While it is clear that data scientists need to master
general purpose and domain specific analytics software as well as
computer programming, it is less clear as to what is the “Excel-
alternative” analytics software for the general base-level workforce
to master. This is a pressing question that remains unanswered
today.
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5.4. Art of the possible

Because industries need a robust pipeline of data analytics tal-
ent from universities, process data analytics culture cannot be sus-
tained without breakthrough educational initiatives at universities.
Data literacy/acuity should become a core skill for all students, not
just science and engineering students. For example, Thomas Ewing,
a History professor at Virginia Tech, incorporated data analytics el-
ements in one of his se nior level history classes. He used statistics
and visualization to tell a story of his students’ journey to under-
stand and evaluate a monument to the City of Washington D.C.'s
war dead from the first world war, He inspired students to appreci-
ate the complex interactions and interpretation of human behavior
as presented in numbers, statistics, and data (NASEM, 2018a).

For chemical engineering students to be successful in process
industries, they need to go beyond data literacy/acuity to under-
stand what the data means, understand how statistics and math-
ematics matter in context, master basic programming skill and al-
gorithmic thinking, and, most importantly, how to use fundamental
engineering principles and data to make sound decisions.

There is no one-size-fit-all solution to introduce data analytics
education in chemical engineering curriculum. National Academies’
report Data Science for Undergraduates; Opportunities and Options
(NASEM, 2018a) is a solid reference point. The National Academies’
data science workshop (NASEM, 2018b) offered additional insights
on the question, What training is needed to enable the future gen-
eration to increase and improve integration of data science into the
chemical sciences and engineering. A multi-pronged effort will be
needed in three areas; namely domain specific data analytics train-
ing, integration of data analytics elements into existing classes, and
general data analytics training.

Introducing a new data analytics course in chemical engineer-
ing is challenging, especially when the current curriculum at un-
dergraduate and graduate level are intensive already. Understand-
ing this burning platform, NSF took on a leadership role to provide
a funding mechanism under the Innovations in Graduate Education
(IGE) Program (Nsf.gov, 2019). The Department of Chemical Engi-
neering and Materials Science at the University of Southern Cal-
ifornia has been offering a new graduate course in Process Data
Analytics and Machine Learning for three consecutive years and
made it a permanent course in 2019, where many new analytics
and learning methods are introduced systematically, such as those
discussed in Venkatasubramanian (2019). While some engineering
departments are starting to explore the possibility to replace out-
dated course contents with new data analytics topics, there is still
much progress to be made.

There are tremendous opportunities for chemical engineering
departments to add data analytics elements in a number of ex-
isting classes. The CACHE website offers a helpful collection of in-
structional materials and ideas to consider. As compared to a new
domain specific data analytics training development, this route has
a lower barrier to success.

Data science/analytics institutes are forming in many university
campuses. These institutes provide formal training in foundational
data analytics concepts and exposure to emerging analytics top-
ics. They also provide informal networking for students to engage
in data analytics activities such as data challenge competition. As
stated in the preceding sections of the paper, machine learning,
Al, and process data analytics communities are rapidly developing
breakthrough algorithms. However, the adoption of these emerging
techniques are lagging in academic research and process industries.
These institutes serve an important role to expose these techniques
to students and researchers early in their career.

To summarize, the entire chemical engineering community has
an obligation to advocate for changes in data analytics education
today. Using process control in the chemical engineering curricu-

lum as an analogy, chemical engineering students have not been
taught the 'PID control' equivalent of data analytics. Industry must
communicate data analytics gaps observed in workforce and how
this is impacting U.S. scientific leadership and manufacturing com-
petitiveness. Academia must embrace changes to develop a multi-
pronged approach to providing data analytics education to all stu-
dents. Government must provide meaningful funding to grow data
analytics programs in universities.

6. Conclusions

Artificial intelligence and machine learning are seen as corner-
stones for the Industry 4.0 and smart manufacturing. To make
these techniques widely applicable in the process industries, they
need to have certain attributes in terms of working with first prin-
ciples knowledge, dealing with uncertainties and lack of critical
data, and being interpretable. The characteristics of process data
are unique in that the processes are designed with engineering
principles but operated with various kinds of uncertainties and dis-
turbances. While there are massive process data available, critical
quality or label data are sparse and expensive.

The current advances in machine learning and Al provide op-
portunities for process data analytics, but it requires innovative re-
search to make them widely applicable and easily maintainable in
the process industries. To promote the technology transition to In-
dustry 4.0, academic institutions, industrial players, and govern-
ment agencies must work collaboratively. It takes not only tech-
nology innovations, but also workforce education and curriculum
enhancement.
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Tempo 12 segundos
empregado

Questso 1

Néo respondido

Vale 1,00 ponto(s).

(48 (mais recente))

Qual das alternativas apresenta o tema central do artigo de Qin e Chiang (2019)?

Escolha uma opcéo:
A ciéncia de dados que busca extrair informacdo e conhecimento de uma quantidade massiva de dados.
A andlise de grandes conjuntos de dados que é a base para a competitividade, crescimento de produtividade e inovacéo.
A definicdo de big data que inclui uma combinacdo dos seguintes elementos: volume, velocidade, variedade e veracidade.

A analise de dados de processo que considera machine learning e inteligéncia artificial para os tipos de dados e problemas que surgem a
partir de processos de manufatura.

Questso 2

Néo respondido

Vale 1,25 ponto(s). 3

(48 (mais recente))

Qin e Chiang (2019) apresentam caracteristicas dos dados de processo, desafios para obter inteligéncia a partir dos dados e atributos para
aplicacdo de técnicas de machine learning nos setores de processo. Nesse enfoque, analise as assertivas a seguir:

(1) Ainteligéncia artificial e machine learning podem substituir de forma muito inteligente os principios fisicos, quimicos e matematicos que
regem processos industriais.

(2) O uso de dados, por meio de machine learning, pode ser eficiente para revelar a parte desconhecida dos processos industriais, como
variagdes na composicdo da matéria-prima.

(3) Machine learning e analise de dados devem ser interpretaveis pela equipe que opera o processo nas industrias, para eles possam ser
convencidos de que as novas solucdes oferecem mais valores do que risco.

(4) Ha trés caracteristicas importantes para que machine learning possa ser aplicado a sistemas de processos: machine learning precisa atuar
de forma compativel com principios fundamentais dos processos, machine learning deve lidar com incertezas de forma efetiva sem considerar
variagdes no tempo, e machine learning deve gerar solucdes interpretaveis.

Selecione a alternativa que apresenta a avaliacdo correta das afirmativas anteriores em Verdadeiras (V) ou Falsas (F):

Escolha uma opcéo:



Questio 3

Néo respondido

Vale 1,75 ponto(s).

(413 (mais recente))

Assinale a alternativa correta:

Escolha uma opcéo:

Os usuarios finais das analises de dados precisam de uma matriz sobre a acuidade dos dados e os cientistas de dados e desenvolvedores
de modelos avancados de analise precisam ter credibilidade.

Monitoramento e diagndsticos supervisionados sao preditivos e podem reduzir, de forma significativa, os alarmes de qualidade
irrelevantes.

Ha quatro elementos da cultura de andlise de dados de processos que sdo dependentes do compromisso da empresa/industria em todos
0s seus niveis.

A analise de dados tem dois aspectos essenciais: a previsdo e a interpretacdo, sendo que a primeira é geralmente conseguida por meio de
modelos mais simples e a segunda, por meio de modelos mais complexos.

Questio 4
Néo respondido

Vale 3,00 ponto(s).

(47 (mais recente))

Os autores Qin e Chiang comparam dois contextos de machine learning, utilizando os simbolos Yin-Yang e Yang-Yang. Explique os dois
contextos e as razdes apresentadas pelos autores para sustentarem tal comparacdo.



Questio 5

Néo respondido

Vale 3,00 ponto(s).

(47 (mais recente))

Ao discutirem a cultura da anélise de dados, os autores comentam sobre o elemento ‘arte do possivel'.

a) Defina o elemento ‘arte do possivel’ e discorra sobre uma das trés areas em que o referido elemento pode ser desenvolvido no curriculo
dos cursos de engenharia quimica, de acordo com o texto.

b) Observando a Figura 4, selecione um dos outros trés elementos da cultura da anélise de dados e explique como ele se relaciona com o
elemento ‘arte do possivel".



