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SYSTEM, METHOD, AND COMPUTER PROGRAM PRODUCT FOR OPTIMIZING A
MANUFACTURING PROCESS

CROSS-REFERENCE TO RELATED APPLICATION

{8861] This application claims priority to U.S. Provisional Patent Application No. 62/990,260,
filed March 16, 2020, and Patent Application No. 17/175,785, filed February 15, 2021, the

disclosures of which are hereby incorporated by reference in their entirety.

BACKGROUND

{8002] This disclosure relates generally to manufacturing processes and, in non-limiting
erabodiments, fo systems, methods, and compuier program products for optimizing a
manufactaring process, such as a glass manufacturing process, and data processing techniques

related thereto.

SUMMARY
{8943] According to some non-limiting embodiments or aspects, provided is a computer-
implemented method to optimize a manufacturing process. The roethod may include receiving,
with at least one processor, manufachuring data associated with a manufacturing process for
manufacturiog a product. The manufacturing data may include data from a plurality of data
sources associated with a plurality of stages of the manufacturing process. The manufacturing
data may include values for a plurality of parameters including at least one process parameter value
and at least one quality parameter value. The method may include generating, with at least one
processor, a time-sequenced data siructure including the manufacturing data. Each parameter of
the plurality of parameters may be associated with a time in the time-sequenced data siracture.
The method may include transforming, with at least one processor, the time-sequenced data
structure to a positionally-dimensioned data structure based on timing data associated with the
plurality of stages. Each parameter of the plurality of parameters may be associated with at least
one position. The method may include determining, with at least one processor, a new value for
the at least one process parameter value based on the positionally-dimensioned data structure and
at least one algorithm. The method may include optimizing the manufacturing process based on

the new value.
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[8804] In some non-limiting embodiments or aspects, transforming the time-sequenced data
structure to the positionally-dimensioned data structure may include: identifying, with at least one
processor, a zone for each parameter of the plurality of parameters; determining, with at least one
processor, for cach paramcter, a time delay factor based on a length of the zone for the parameter
and a line speed of the zone; and gencrating, with at least one processor, the positionally-
dimensioned data structure using a data matrix {ransformation based on the time-sequenced data
structure, the zone for each parameter, and the time delay factor for cach parameter.

[8085] In some non-limiting emsbodiments or aspects, the manufachuring process may be a
glass manufacturing process and the product may include a coated glass product. The plurality of
parameters mway include: temperature, event fime, electrical arcing, gas flow, voltage, current,
power, pressure, or any combination thereofl

[8806] In some non-limiting embodiments or aspects, the method may include detecting, with
at least one processor, at least one outlier parameter value in the time-sequenced data struchure or
the positionally-dimensioned data structure. The method may inclhude removing, with at least one
processor, the at least one outlier parameter value. The at least one algorithm may include a
machine-learning algorithm configured to output the new value based on a model and at least one
user input valoe,

18867] In some non-limiting embodiments or aspects, the method may melude identifying,
with at least one processor, a set of emipty data entries in the time-sequenced data struchure or the
positionally-dimensioned data siructure. The method may include determining, with at least one
processor, a proportion of missing data by comparing a size of the set of empty data eniries {o the
size of the time-sequenced data strocture or the positionally-dimensioned data structure. The
method may inchude comparing, with at least one processor, the proportion of missing data to a
predetermined tolerance threshold. The method may include, in response to the proportion of
missing data not satisfying the predetermined tolerance threshold, deleting the set of empty data
entries from the time-sequenced data structure or the positionally-dimensioned data structure. The
method may include, in response to the proportion of missing data satisfying the predetermined
tolerance threshold, imputing data into the set of empty data entries.

{6088 According to some non-limiting embeodiments or aspects, provided is a system for
optimizing a manufacturing process. The system may include at least one processor programimed

or configured to receive manufacturing data associated with a manufacturing process for
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manufacturing a product. The memufacturing data may include data from a plurality of data
sources associated with a plurality of stages of the manufacturing process. The menufacturing
data may include values for a plurality of parameters including at least one process parameter value
and at least one quality parameter value. The at least one processor may be prograrnmed or
configured to generate a time-sequenced data structure including the manufacturing data. Each
parameter of the plurality of pararmeters may be associated with a time in the time-sequenced data
structure. The at least one processor may be programmed or configured to transform the time-
sequenced data structure t0 a positionally-dimensioned data structure based oun timing data
associated with the plurality of stages. Each parameter of the plurality of parameters may be
associated with at least one position. The at least one processor may be programmed or configured
to determine a new value for the at least one process parameter value based on the positionally-
dimensioned data structure and at least one algorithm. The at least one processor may be
programmed or configured to optimize the manufachuring process based on the new value.

{3009] In some non-limiting embodiments or aspects, transforming the time-sequenced data
structure to the positionally-dimensioned data structure may include: identifying a zoue for each
parameter of the phurality of parameters; determining, for each parameter, a time delay factor based
on a length of the zone for the parameter and a line speed of the zone; and generaling the
positionally-dimensioned data structure using a data matrix transformation based on the time-
sequenced data stracture, the zone for each parameter, and the time delay factor for each parameter.
10816] In some non-limiting embodiments or aspects, the manufacturing process may include
a glass manufacturing process and the product may inclode a coated glass product. The plurality
of parameters may include: temperature, event time, electrical arcing, gas flow, voltage, current,
power, pressure, or any combination thereof

10811] In some non-fimiting embodiments or aspects, the at least one processor may be further
programmed or configured fo detect at least one outlier parameter value in the time-sequenced data
structure or the positionally-dimensioned data structure. The at least one processor may be further
programmed or configured to remove the at least one outlier parameter value. In some non-
limiting embodiments or aspects, the at least one algorithm may include a machine-learning
algorithm configured to output the new value based on a model and at least one user input value.
j8812] According to non-limiting embodiments or aspects, provided is a computer program

product for optimizing a manufacturing process. The computer program product may include at
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ieast one non-{ransitory computer-readable medium including program instructions. The program
instructions may, when exccuted by at least one processor, cause the at least one processor to
receive manufacturing data associated with a manufacturing process for manufacturing a product.
The manufacturing data may include data from a plurality of data sources associated with a
plurality of stages of the manufacturing process. The manufacturing data may include values for
a plurality of parameters including at least one process parameter value and at least one quality
parameter value. The program instructions may cause the at least one processor to generate a time-
sequenced data structure including the manufactaring data.  Fach parameter of the plurality of
parameters may be associated with a time in the time-sequenced data structure. The program
instructions may cause the at least one processor to transform the time-sequenced data structure to
a positionally-dimensioned data structure based on timing data associated with the plurality of
stages. Hach parameter of the plurality of parameters may be associated with at least one position.
The program instructions may cause the at least one processor to determine a new value for the at
ieast one process parameter value based on the positionally-dimensioned data structure and at least
one algorithm. The program instructions may cause the at least one processor to optimaize the
manufactaring process based on the new value.

[6813) In sorue non-limiting embodirnents or aspects, iransforming the time-sequenced data
structure to the positionally-dimensioned data siructure may include: identifying a zone for each
parameter of the plurality of parameters; determining, for each parameter, a time delay factor based
on a length of the zone for the parameter and a line speed of the zone; and generating the
positionally-dimensioned data structure using a data matrix transformation based on the time-
sequenced data structure, the zone for each parameter, and the time delay factor for each parameter.
[(614] In some non-limiting embodiments or aspects, the manufacturing process may include
a glass manutfacturing process, the prodect may include a coated glass product, and the plurality
of parameters may inchide: temperature, event time, electrical arcing, gas flow, voltage, corrent,
power, pressure, or any combination thereof.

{8015 in some non-limiting embodiments or aspects, the program instructions may further
cause the at least one processor to detect at least one cutlier parameter value in the time-sequenced
data structure or the positionally-dimensioned data structure. The program instructions may cause

the at least one processor to remove the at least one outlier parameter value. In some non-limiting
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embodiments or aspects, the at least one algorithm may include 2 machine-learning algorithm
configured to output the new value based on a model and at least one user input value.

i8816] In some non-limiting embodiments or aspects, the manufacturing process may be a
manufacturing process for a glass product. In some non-limiting embodiments or aspects, the
manufacturing process may be a manufacturing process for a coated glass product. In some non-
iimiting embodiments or aspects, the manufacturing process may be for costing a glass product.
16817] Further embodiments or aspects are set forth in the following numbered clauses:
[6018] Clause 11 A computer-implemented method to optimize a manufacturing process,
comprising: receiving, with at least one processor, manufacturing data associgted with a
manufacturing process for manufacturing a product, the manufacturing data comprising data from
a plurality of data sources associated with a pluraiity of stages of the manufacturing process, the
manufacturing dats comprising values for a plurality of parameters including at least one process
parameter value and at least one quality parameter value; generating, with at least one processor,
a time-sequenced data structure comprising the mamufacturing data, wherein each parameter of the
plurality of parameters is associated with a time in the time-sequenced data structure; transforming,
with at least one processor, the time-sequenced data structure 1o a positionally-dimensioned data
structure based on timing data associated with the plarality of stages, wherein each parameter of
the plurality of parameters is associated with at least one position; determining, with at least one
processor, a new value for the at least one process parameter value based on the positionally-
dimensioned data structure and at least one algorithm; and optimizing the manufacturing process
based on the new value.

18819] Clause 2: The computer-implemented method of clause 1, wherein transforming the
time-sequenced data structure to the positionally-dimensioned data struchure comprises:
identitying, with at least one processor, a zone for each parameter of the plorality of parameters;
determining, with at least one processor, for each parameter, a time delay factor based on a length
of the zone for the parameter and a line speed of the zone; and generating, with at least one
processor, the positionally-dimensioned data structure using a data matrix transformation based on
the time-sequenced data structure, the zone for each parameter, and the time delay factor for each

parameter.
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10828] Clause 3: The computer-implemented method of clavse 1 or 2, wherein the
manufacturing process comprises a glass mamufacturing process and the product comprises a
coated glass product.

{6621] Clause 4: The computer-tmaplemented method of any of clauses 1-3, wherein the
plurality of parameters comprises: temperature, event time, electrical arcing, gas flow, voltage,
current, power, pressure, ot any combination thereof,

16622) Clause 5: The computer-implemented method of any of clauses 1-4, further
comprising: detecting, with at least one processor, at least one outlier parameter value in the time-
sequenced data structure or the positionally-dimensioned data structure; and removing, with at
ieast one processor, the at least one outlier parameter value.

{80623} Clause 6: The computer-implemented method of any of clauses 1-3, wherein the at least
one algorithm comprises a machine-learning algorithm configured to output the new value based
on a model and at least one user input value,

[0024] Clause 7: The computer-implemented method of any of clauses 1-6, further
comprising: identifying, with at least one processor, a set of empty data entries in the time-
sequenced data siracture or the positionally-dimensioned data structure; determining, with at least
one processor, a proportion of missing data by comparing a size of the set of empty data entries to
the size of the time-sequenced data structure or the positionally-dimensioned data strachure; and
comparing, with at least one processor, the proportion of missing data to a predetermined tolerance
threshold.

[6625] {Clause &: The computer-implemented method of any of clauses 1-7, further comprising,
in response to the proportion of missing data not satisfying the predetermined tolerance threshold,
deleting the set of empty data entries from the time-sequenced data structare or the positionally-
dimensioned data structure.

[6426] Clause 9: The computer-implemented method of any of clauses 1-8, further comprising,
in response to the proportion of missing data satisfying the predetermined tolerance threshold,
imputing daia into the set of empty data entries.

{8827] Clause 10: A system for optimizing a manufacturing process, comprising: at least one
processor programmed or configured to: receive menufacturing data associated with a
manufacturing process for manufacturing a product, the manufacturing data comprising data from

a plurality of data sources associated with a plurality of stages of the mamufacturing process, the



WO 2021/188426 PCT/US2021/022341

manufacturing data comprising values for a plurality of parameters including at least one process
parameter value and at least one quality parameter value; generate a time-sequenced data structure
comprising the manufacturing data, wherein each parameter of the plurality of parameters is
associated with a time in the time-sequenced data structure; fransform the time-sequenced data
structure to a positionally-dirnensioned data structure based on timing data associated with the
plurality of stages, wherein each parameter of the plurality of parameters is associated with at least
one position; determine a new value for the at least one process parameter value based on the
positionally-dimensioned data structure and at least one algorithm; and optimize the manufacturing
process based on the new value.

{8028] Clause 11: The system of clause 10, wherein fransforroing the time-sequenced data
structure to the positionally-dirnensioned data structure comprises: identifving a zone for each
parameter of the plurality of parameters; determining, for each parameter, a time delay factor based
on a length of the zone for the parameter and a line speed of the wone; and generating the
positionally-dimensioned data structure using a data matrix transformation based on the time-
sequenced data structure, the zone for each parameter, and the time delay factor for each parameter.
{0929 Clause 12: The system of classe 10 or 11, wherein the manafacturing process
comprises a glass manufacturing process and the product comprises a coated glass product.
LEIRTH Clause 13: The system of any of clauses 10-12, wherein the plurality of parameters
comprises: temperature, event Hime, electrical arcing, gas flow, voliage, current, power, pressure,
or any combination thereofl

(6631 Clause 14: The system of any of clauses 10-13, wherein the at least one processor is
further programmed or configured fo: detect at least one outlier parameter value in the time-
sequenced data structure or the positionally-dimensioned data structure; and remove the at least
ong outlier parameter value.

[6632] Clause 15: The system of any of clavses 10-14, wherein the at least one algorithm
comprises a machine-learning algorithm configured to output the new value based on a model and
at least one user input value.

{8833] Clause 16: A computer program product for optimizing a manufacturing process,
comprising at least one non-transitory computer-readable mediuom including program instructions
that, when executed by at least one processor, cause the at least one processor tor receive

manufacturing data associated with & manufacturing process for manufacturing a product, the
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manufacturing data comprising data from a plurality of data sources associated with a plarality of
stages of the manufacturing process, the manufacturing data comprising values for a plurality of
parameters inchuding at least one process parameter value and at least one guality parameter value;
gencrate a time-sequenced data structure comprising the manufactwring data, wherein cach
parameter of the plurality of parameters is associated with a time in the time-sequenced data
structure; transform the time-sequenced data stracture to a positionally-dimensioned data structure
based on timing data associated with the plurality of stages, wherein each parameter of the plurality
of parameters is agsociated with at least one posttion; determine a new value for the at least one
process parameter value based on the positionally-dimensioned data structure and at least one
algorithm; and optimize the manufactaring process based on the new value.

{80634 Clause 17: The computer program product of clause 16, wherein transforming the time-
sequenced data structure to the posttionally-dimensioned data structure cornprises: identifying a
zone for each parameter of the plurality of parameters; determining, for each parameter, a time
delay factor based on a length of the zone for the paramester and a line speed of the zone; and
generating the posttionally-dimensioned data strocture using a data mairix transformation based
on the fime-sequenced data siructure, the zoue for each parameter, and the time delay factor for
cach parameter.

{3935] Clause 18: The computer program product of classe 16 or 17, wherein the
manufacturing process comprises a glass manufacturing process, the product comprises a coated
glass product, and the plurality of parameters comprises: temperature, event time, electrical arcing,
gas flow, voltage, current, power, pressure, or any combination thereof.

{8436] Clause 19: The computer program product of any of clauses 16-18, wherein the
program instructions further cause the at least one processor to: detect at least one outlier parameter
value in the time-sequenced deta structure or the positionally-dimensioned data structure; and
remove the at least one outlier parameter value.

18837) Clause 20: The computer program product of any of clauses 16-19, wherein the at least
one algorithm comprises 8 machine-learning algorithm configured to output the new value based
on a model and at least one user input value.

[6438] Clause 21: A computer-implemented method fo optimize a glass manufacturing
process, comprising: receiving, with at least one processor, manufacturing data associated with a

glass manufacturing process for manufacturing a coated glass product, the manufacturing data
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comprising data from a plurality of data sources associated with a plurality of stages of the glass
manufacturing process, the manufacturing data comprising values for a plurality of parameters
including at least one process parameter value and at least one quality parameter value; generating,
with at least one processor, a time-sequenced data structure comprising the manufacturing data,
wherein each parameter of the plurality of parameters is associated with a time in the time-
sequenced data structure; transforming, with at least one processor, the time-sequenced data
structure to a positionally-dimensioned dafa structure based on timing data associated with the
plurality of stages, wherein each parameter of the plurality of parameters is associated with at least
one position; defermining, with at least one processor, a new value for the at least one process
parameter value based on the positionally-dimensioned data structure and at least one algorithimg
and optimizing the glass manufacturing process based on the new value.

{8039] Clause 22: A systers for optiroizing a glass manufacturing process, comprising: at least
one processor prograromed or configured to: receive manufacturing data associated with a glass
manufactaring process for manufactoring a coated glass product, the mamufacturing data
comprising data from a phurality of data sources associated with a plurality of stages of the glass
manufactaring process, the manofacturing data comprising values for a plurality of parameters
including at least one process parameter value and at least one guality pararseter value; generate a
time-sequenced data structure comprising the manufacturing data, wherein each parameter of the
plurality of parameters is associated with 2 time in the time-sequenced data structure; transform
the time-sequenced data structure to a positionally-dimensioned data stracture based on timing
data associated with the plurality of stages, wherein each parameter of the plurality of parameters
is associated with at least one position; determine a new value for the at least one process parameter
value based on the positionally-dimensioned data structure and at least one algorithm; and optimize
the glass manufacturing process based on the new value.

(6346 Clause 23: A computer program product for optimizing a glass manufacturing process,
comprising at least one non-transitory computer-readable medium including program instructions
that, when executed by at least one processor, cause the at least one processor to: receive
manufacturing data associated with a glass maenufacturing process for manufacturing a coated glass
product, the manufacturing data comprising data from a plurality of data sources associated with
a plurality of stages of the glass manufacturing process, the manufacturing data comprising values

for a plurality of parameters including at least one process parameter value and at least one quality
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parameter value; generate a time-sequenced data structure comprising the manufacturing data,
wherein each parameter of the plurality of parameters is associated with 2 time in the time-
sequenced data structure; transform the time-sequenced data structure to a positionally-
dimensioned data structure based on timing data associated with the plurality of stages, wherein
each parameter of the plurality of parameters is associated with at least one position; determine a
new value for the at least one process parameter value based on the positionally-dimensioned data
structure and at least one algorithm; and optimize the glass manufacturing process based on the
new value.

[0041] These and other features and characteristics of the present disclosure, as well as the
methods of operation and functions of the related elements of structures and the combination of
parts and economies of manufacture, will become more apparent upon consideration of the
following description and the appended claims with reference to the accompanying drawings, all
of which form a part of this specification, wherein like reference nurserals designate corresponding
parts in the various figures. K is to be expressly anderstood, however, that the drawings are for
the parpose of Hustration and description only and are not intended ag a definition of the limits of

the invention.

BRIEF DESCRIPTION OF THE APPENDIX

8042} Additional advantages and details are explained in greater detail below with reference
to the non-limiting, exemplary embodiments that are illustrated in the accompanying figures, in
which:

{3843] Fi3. 1 illustrates a schematic diagram of non-limiting embodiments or aspects of a
system and method for optimizing a8 manufacturing process;

18844] FIG. 2 illustrates example components of a computing device used in connection with
non-limiting embodiments of a system, method, and computer program product for opiimizing a
manufacturing process;

[8045] FIG. 3 illustrates a process diagram of non-limiting embodiments or aspects of a
method for optimizing a manufacturing process;

[6446] FIG. 4 illustrates a process diagram of non-limiting embodiments or aspects of a

method for optimizing a manufacturing process;

10
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10847] FIG. 5 illustrates a process diagram of non-limiting embodiments or aspects of a
method for optimizing 8 manufacturing process; and
10848] FIG. 6 illustrates a process diagram of non-limiting embodiments or aspects of a

method for optimizing a manufacturing process.

DETAILED DESCRIPTION

16849 It is to be undersiood that the embodiments may assume various aliernative variations
and step sequences, except where expressly specified to the contrary. [ is also to be understood
that the specific devices and processes illustrated in the attached appendix, and described in the
following specification, are simply exemplary embodiments or aspects of the disclosure. Hence,
specific dimensions and other physical characteristics related to the embodiments or aspects
disclosed herein are not to be considered as limiting. No aspect, component, element, structure,
act, step, function, nstruction, and/or the Hke used herein should be construed as critical or
essential unless explicitly described as such. Also, as used herein, the articles “a” and “an” are
intended to include one or more items and mway be used interchangeably with “one or more” and
“at least one.” Also, as used herein, the terms “has,” “have,” “having,” or the like are intended to
be open-ended terms. Further, the phrase “based on” is intended to mean “based at least partially
on’” unless explicitly stated otherwise.

{656 As used herein, the terms “communication” and “‘communicate” may refer to the
reception, receipt, fransmission, transfer, provision, and/or the like of data (e.g., information,
signals, messages, instructions, commands, and/or the like}. For one unit {e.g., a device, a system,
a component of a device or system, combinations thereof, and/or the like} to he in communication
with another unit means that the one unit is able to directly or indirectly receive information from
and/or send {e.g., transmit) information fo the other unit. This may refer to a direct or indirect
conneciion that is wired and/or wireless in natwre. Additionally, two units may be in
communication with each other even though the information transmitted may be modified,
processed, relayed, and/or routed between the first and second unit. For example, a first unit may
be in communication with a second unit even though the first unit passively receives information
and does not actively transmit information to the second unit. As another example, a first unit may
be in communication with a second unit if at least one intermediary unit (e.g., a third unit located

between the first unit and the second unit) processes information received from the first unit and
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transmits the processed information to the second upil. In some non-limiting embodiments, a
message may refer to a network packet (e.g., a data packet and/or the like) that includes data.
18851] As used herein, the term “computing device” may refer to one or more electronic
devices that arc configured to directly or indirectly cominunicate with or over one or more
networks, A computing device may be a mobile or portable computing device, a deskiop
compuier, a server, and/or the like. Furthermore, the term “computer” may refer to any computing
device that includes the necessary components to receive, process, and output data, and normally
includes a display, a processor, a memory, an input device, and a network interface. A “computing
system” may mclude one or more compuiing devices or computers. An “application” or
“application program interface” (APT) refers to computer code or other data sorted on a computer-
readable mediam that may be executed by a processor to facilitate the interaction between software
components, such as a client-side front-end and/or server-side back-end for receiving data from
the client. An “interface” refers fo a generated display, such as one or more graphical user
interfaces {(GUIs) with which a user may interact, either directly or indivectly (e.g., through a
keyboard, roouse, touchscreen, etc.). Further, maultiple computers, e.g., servers, or other
computerized devices directly or indirectly communicating in the network environment may
constitute a “system” or a “compating system.”

{8652] As used herein, the term “server” may refer to one or more computing devices, such as
processors, storage devices, and/or similar computer components that commmunicate with client
devices and/or other computing devices over a network, such as the Internet or private networks
and, in some examples, facilitate communication among other servers and/or client devices.
{3853] Non-limiting embediments are directed to systems, methods, and computer program
products for optimizing a manufacturing process, such as a glass manufacturing process. Such
manufacturing processes produce large amounts of data in a real-time manner and collected by a
varigty of different devices and components, which presents chalienges to effectively and
efficiently storing, structuring, managing, and accessing such data. Non-limiting embodiments
deseribed herein provide for improved efficiencies throughout the mamufacturing process,
including continual and/or periodic optimization of process parameters {e.g., to create a better
product, to use less materials, fo create fewer scrap materials, to accelerate the manufacturing
process, and/or the like). Moreover, the raw data collected from devices and components of a

manufacturing process may present data processing inefficiencies and errors when trying to
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analyze such data to pgenerate optimized process parameters. Accordingly, pon-limiting
embodiments described herein provide for unique techniques for restructuring manufacturing data

for use in analytical algorithms, including, but not limited to, machine-learning algorithms.

Manufacturing Process Data

18854] The foregoing systems, methods, and computer program products may be employed
for optimizing a glass manufacturing process. While description herein may refer to technical
implementation in a glass manufacturing context, it will be appreciated that many of the technical
features and advantages are applicable to any type of manufacturing process involving the
collection and analysis of manufactoring data.

{6855] Described systems and methods may provide manufacturing efficiencies through
process optimization. For example, in flat glass manufacturing, manufacturing efficiencies may
inchude: (1) reducing the number of defects in the product including partially melted sand particles
and small glass bubbles; (ii) reducing energy usage to melt and produce flat and coated glass
products; (i1} reducing manufacturing waste such as the rejected glass, cutting and edging trima
losses; (iv) optimizing glass thickness distribution: (v) reducing material loss during product
change over; (vi) oplimnizing raw material usage; and (vil} manage jnventory and the supply chain.
{6856] By way of another example, in the glass coating process, manuafactaring efficiencies
may include (1) minimize the nuraber of defects, e.g., pinholes resulting from process debris and
electrical arcing in the plasma process; (i) optimize the produet color uniformity; (111) mintmize
production downtime, e.g., resulting from frequent cathode cleaning and/or replenishing; (iv)
minimize the new product development and commercialization cyele; and (vi) improve equipment
reliability and robustness by incorporating predictive maintenance.

{6657 Described systems and methods may use data from various sources across a
manufacturing process to be optimized. In some non-limiting embodiments or aspects, Table |
provides various data sources for a glass manufacturing process, inchuding sample rates from the

various data sources and exemplary data storage locations.

Table I
Process Data Sample Rate Data uploaded to Clond
Sensor and Machine control 1 sec - 10 sec On Premise
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Key process parameter control loops 10 sec ~ 1o 5 mwin On Premise

Process  supervisory control and | 30 min- 1 hr In Cloud andlor On
management Premise

Process optimization models 1-4hbr In Cloud

Supply chain and process wide control 8-24hr In Cloud

Enterprise wide optimization > 24 In Cloud

{8858] In some pon-limiting embodiments or aspects, a data flow of described systems and
methods may begin with extracting manufacturing data from various data sources and upleading
the data to a cloud-based data platform. The data roay be processed, e.g., validated, cleaned, and
organized, into a process-wide dataset for analysis. The data may be stored in a validated dataset
in the cloud-based data platform. The data may be analyzed based on different manufacturing and
business needs.

[6859] In some pon-Himiting embodiments or aspects, data validation and feature engineering
may be categorized into the following exemplary categories: (i) general data errors; (i) process-
specific and case-specific data freatment; and (i1} process feature engineering to create new
process variables. In the first category, general data errors may be identified. General data ervors
may originate from instruments and computer systems, including, but not limited to, machine-
related data errors in the process database, server-generated instrument errors resuliing from non-
connection, shuidown, or SQL server processes, and/or flat file data server generated ervors. Such
data errors may be associated with a specific data source. Data errors such as missing data and
outliers may be rectified automatically. In the second category, data treatment and enginsering
may be applied as specific to a process, including, but not limited to, product segmentation, process
time delay, process data components organization, and process dynamic extraction. In the third
category, new process variables may be generated using process feature engineering. The new
variables may represent the process insight and hidden dynamics that may effectively reveal the
process features needed for Al modeling and intelligent action generation.

RELTH] in some non-limiting embodiments or aspects, a manufacturing process may be
optimized according to the following stages: (i} data dimension transformation; (i1} outlier data
elimination; (iii} data imputation; and (iv} process data feature engineering, including cleaning

cycle process identification and product layer attributes.
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{6061} In a manufacturing process, a product may be transported through various zones where
the product may be modified, treated, assembled, and/or the like. It may be advantageous to
determine a cause and effect relationship among quality variables and process variables in a
manufacturing process, and the speeds and/or fransportation time delays in and/or between zones
may affect the accurate determination of the relationship between quality varigbles and process
variables. For example, in a glass manufacturing process, the determination of cause and effect
among quality and process variables may be complicated by the nature of the glass coating
manufacturing process. Due to the glass sheet being transported from the load-end through various
coating process segments (e.g., washer zone, coating zone, etc.) with respective line speeds,
transportation time delays among glass product qualify variables and process variables will be
generated which may affect the correct interpretation of cause and effect along the coater locations
or zones. Described systems and methods provide for the accurate identification of cause and
effect relationships, including a method of transforming a data matrix from a time-sequenced data
structure to a positionally-dimensioned data structure.

{30962} There may exist a time lag between product quality variables measured at the end of
the manufactoring process and process variables measured along a manufacturing process (e.g.,
several minutes). Zone locations may be denoted o identify the relationship between individual
zone parameters and their effect on, e.g., defects. Zone locations may be denoted by applying a
data matrix dimension transformation from a time-sequenced data structure to a positionally-
dimensioned data structure. A reference point may be selected at a position in the manufacturing
process, and a time delay may be calculated at positions along the direction of process flow. The
location of each individual zone may be used to mark the position to transform time-sequenced
data inic positionally-dimensioned data. After the transformation is implemented, the data used
for modeling may be time independent, so that the correlation between process and guality
variables becomes positionally dependent. The generalized equation for time lag calculation for
each zone may be:

Formula !

-y

where 47 denotes the time lag for the zone, L denotes the length of the zone in the product travel
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direction, and v denotes the line speed. The data matrix dimensional transformation may be
considered to be a function of the line speed.
18863] To implement the time lag compensation across all zones of a manufacturing process,
time delay may be calculated in two categories: (1) individual zone delay; and (2} time delay
between a quality {e.g., defect) inspection scan to the zone delay reference point. The zone delay
reference point {¢.g., reference time stamp) may be defined at an individual zove. The equation
used for individual zone time lag may be as follows:
Formula 2

AEn=Tr+nXxAt
where AKn denotes a total time lag for a zone number #, where, e.g., n = 1 to 10. 7¥ denotes the
reference time stamp at the individual zone. The time lag between the quality (e.g., defect)
inspection scan location and the zone delay reference point may be calculated by using the cross-

correlation function.

Outlier Detection and Elimination

j0864] QCutliers may include extreme values that deviate from the majority of observations of
a data set. Cutliers in a data set risk polluting the data with biased and/or misleading information.
Qutlicrs may indicate significant data variations produced by instrument errors, experimental
procedure errors, and/or other human/equipment errors.  Outlier detection may be categorized
according to measured paramcters of product in the manufacturing process. In the example of
glass coating, outlier detection may be categorized according to, but is not limited to, the following
categories of variables: (i) femperature; (ii) production line speed {(which may vary with product);
(iii} process event time; (iv) clectrical arcing; (v} process gas flow; {vi} electrical voltage; (vii)
electrical current; (vili) electrical power; (ix) process pressure; and/or the like.

{6065] The first step of outlier identification and detection may include determining outliers
that roay be introduced into a manufactaring process by events such as product changes and
process cleaning. The second step of outlier identification and detection may include labeling
outliers asing a robust statistical method. In the first step, the system may identify powered-off
zones and powered-on wones. During produce changes, different manufacturing zones may be
either powered-off or powered-on, where powered-off zones produce product variable valoes
predominantly equal to zero. Without first filtering oul powered-off zones, a surplas of zero-

valued parameters may dilute and skew measured statistical distributions. Digital fags may be
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introduced to identify events such as product and process cleaning. In the second step, cutliers
may be labeled, such as by using the interquartile range (IQR) method. The IQR may also be
called the midspread and may be a measure of statistical dispersion being equal to the difference
between the 75% and 25% percentiles, or between upper and lower quartiles, e.g., JOR = O — O,
Without first adjusting for powered-off zones, the IQR may identify normal production data values
as outliers, given a surplus of zero-valued parameters from powered-off zones. After accounting
for powered-off zones, the IQR may properly identify outlier values outside of a usual, statistical

distribution of values.

Missing Dats Imputation

{0066] Missing data may occur when manufacturing process dats sets are void, e.g., due to
process events such as equipment fatlure. Missing data may be eliminated (e.g., empty columns
deleted) if a missing data segment is sufficiently large (e.g., above a tolerance threshold). Missing
data may be imputed if a wissing data segment is sufficiently small {e.g., within a tolerance
threshold). In some-non-Hmiting embodiments or aspects, the tolerance threshold of a missing
data segroent may be set to 3% of the total dataset.

{0867] Missing value impuotation may be executed according to one or more variable
categories, which may include, but is not limited to: (1) constant-value variables; (i) probabilistic
variables; (1) conditional variables; and/or the like. In a first category, constant-value variables
{e.g., process set point variables) may be imputed by replacing missing values with statistical
average data (e.g., variable colamn mean} and/or adjacent values (e.g., a constant vajue from an
adjacent record). In a secound category, probabilisiic variables may be imputed by analyzing
correlations between data columns and generating estimates using linear models, e.g., using a low-
dimensional approximation of the data. In a third category, conditional variables may be imputed
using multivariate imputation by chained equations (MICE), in which each variable with missing
data is modeled conditionally using other variables in the data before filling in the missing values.
MICE may include making multiple passes over the dataset to determine a fill-in value.

FELRH] in soms non-limiting embodiments or aspects, a constant value from a previous data
record may be imputed inte a data record having missing data values. Resolving missing data
allows machine learning models to operate when such models require continuous datasets (e.g.,

without disconnected data segments).
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Figuves
{6069] Referring now to FIG. 1, shown is a systern 800 for optimizing a manufacturing process

according to non-limiting embodiments or aspects. System 800 includes a process flow for an in-
cloud data architecture. The system 800 may include a plurality of data sources, which may
include one or more computing devices that may generate and/or store data. The system 800 may
inchude a plurality of on-premise data sources 802, 804, including control data sources 802 (e.g.,
providing data of sensor and machine control) and process data sources 804 (e.g., providing data
of key process parameter control loops). The on-premise data sources 802, 804 may be in
communication with g cloud computing systern {(e.g., Microsoft Azure), which may include an
input storage system 818. The on-premise data sources 802, 804 may comyounicate with the cloud
computing system using a commumication network 816 (e.g., utilizing a self-hosted integration
runtime service). The systern 800 may further include a relational database management
system 806 {e.g., SQL Server). The relational database management system 806 may include
production control data sources 808, defect measurement data sources 8190, and analytical ab data
sources 812, The data sources 808, 810, 812 of the relational database management system 806
may be in communication with the input storage sysiem 818 via the communication network 816,
Systerm 800 may also imclade off-line defect analysis data sources R14, which may be in
communication with the inpuot storage system 818 via the commuunication network 816.

{8078 The system 800 may include the input storage system 818, where one, more, or all raw
data storage and data validation processes may be conducted. The input storage system 818 may
be operated by a system host {e.g., Data Lake). Input storage system 818 may include a plurality
of input data tables 820 and an input data key table 822. The system 800 may inclade an output
storage system 824, where one, more, or all processed data sets and the results of intelligent
analysis are stored for historic data retricval. The input storage system 818 may be associated with
one or more machine-learning services, which may be used for data analysis. Machine-learning
model results 830 and data scts after business casc-based cleaning processes 832 may be
communicated from the input storage system 18 to the output storage system 824,

[8871] Referring now to FIG. 2, shown is a diagram of example components of a computing
device 900 for implementing and performing the systems and methods described herein according
to non-limiting embodiments. Computing device 900 may comresponding to one or more

computing devices of the system 800 of FIG. 1, including, but not limited to, one or more
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computing devices oft confrol data sources 802, process data sources 804, relational database
management systern 806, production control data sources 808, defeet measurement data
sources 810, analytical lab data sources 812, off-line defect analysis data sources 814,
communication network 816, input storage system 818, output storage system 824, and/or one or
more systems for controlling the aforesaid devices. In some non-Hmiting embodiments,
device 900 may include additional components, fewer components, different components, or
differently arranged components than those shown in FIG. 2. Device 900 may include a bus 902,
a processor 904, memory 906, a storage component 908, an input component 910, an ouviput
component 912, and a communication interface 914. Bus 902 may include a component that
permits commnunication among the cowponents of device 900, In some non-limiting
erbodiments, processor 904 may be ioplemented in hardware, firmoware, or a combination of
hardware and sofiware. For example, processor 904 may nchude a processor {e.g., a ceniral
processing unit {CP1), a graphics processing unit (GPU), an accelerated processing unit (APU),
eic.), a microprocessor, a digital signal processor (DSP), and/or any processing component {e.g.,
a field-prograromable gate array (FPGA), an application-specific integrated circuit {ASIC), eic.)
that can be programmed or configured to perform a function. Memory 936 may inchde random
access memory (RAM), read only memory (ROM), and/or another type of dynamic or static
storage device {e.g., flash memory, magnetic memory, optical memory, ete.} that stores
information and/or instractions for use by processor 904.

18872] With continued reference to FIG. 2, storage component 908 may store information
and/or software related fo the operation and use of device 900. For example, storage
component 908 may include a hard disk {e.g., 2 magnetic disk, an optical digk, a magneto-optic
disk, a solid state disk, etc.) and/or another type of computer-readable medimim. Input
component 910 may include a component that permits device 300 to receive information, such as
via user input {e.g., a touch screen display, a keyboard, a keypad, a mouse, a button, a switch, a
microphone, etc.). Additionally, or alternatively, input component 210 may include a sensor for
sensing information {e.g., a global positioning system {GPS) component, an accelerometer, a
gyroscope, an actuator, etc.). Output component 912 may include a component that provides
output information from device 900 (c.g., 2 display, a speaker, one or more light-emitting diodes
(LEDs}, etc.). Communication interface 914 may include a transceiver-like component (e.g., a

transceiver, a separate receiver and fransimitter, etc.} that enables device 900 to communicate with
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other devices, such as via a wired connection, a wircless connection, or a combination of wired
and wircless comnections. Commmmnication interface 914 may permit device %00 to receive
information from another device and/or provide information to another device. For example,
communication interface 914 may include an Ethernet interface, an optical interface, a coaxial
interface, an infrared interface, a radio frequency (RF) interface, a universal serial bus (USB)
interface, a Wi-Fi® interface, a cellular network interface, and/or the like.

16873) Device 900 may perform one or more processes described herein. Device 900 may
perform these processes based on processor 904 executing software instructions stored by a
computer-readable medium, such as memory 906 and/or storage component 308, A computer-
readable medium may include any non-transitory memory device. A memory device includes
memory space located inside of a single physical storage device or maemory space spread across
multiple physical storage devices. Software instructions may be read into memory 906 and/or
storage component 908 from another computer-readable medium or from another device via
communication interface 914, When executed, software instractions stored in memory 906 and/or
storage componeni 908 may cause processor 904 to perform one or more processes described
herein.  Additionally, or alternatively, hardwired circuitry may be used in place of or in
combination with software instructions to perform one or more processes described herein. Thas,
embodiments described herein are not limited to any specific combination of hardware circuitry
and software. The term “programmed or configured,” as used herein, refers to an arrangement of
software, hardware circuitry, or any combination thereof on one or more devices.

[6674] Referring now to FIG. 3, depicted is a process 1000 for optimizing a manufacturing
process according to non-fimiting embodiments or aspects. One or more steps of process 1000
may be executed by one or more same computing devices of one or more other steps of the
process 1000. One or more steps of the process 1000 may be executed by one or more computing
devices of a communication network €16, input storage system 818, output storage system 824,
and/or other systems for controlling devices of the system 800 of FIG. 1.

{8075 in step 1002, menufacturing data may be received. For example, the input storage
system 818 may receive manufacturing data associated with a manufacturing process for
manufacturing a product. The manufacturing data may include data from one or more data sources
associated with one or more stages {¢.g., production stages, assembly stages, treatment stages, etc.)

>t

of the manufacturing process. The manufacturing data may include values for a plurality of
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parameters, including one or more process parameter values and one or more quality parameter
values. A process parameter may include one or more measurable (e.g., having a value) features
and/or aspects of a stage of a menufacturing process {e.g., processing speed, processing
temperature, processing pressure, ec.). A quality parameter may include one or more measurable
{(e.g., having a value) features and/or aspects of the product being manufactured. In some non-
limiting embodiments or aspects, the manufacturing process may include a glass manufacturing
process and the product may include a coated glass product. In some non-limiting embodiments
or aspects, the plurality of parameters of the manufacturing data may include, but are not limited
to: temperature, event fime, electrical arcing, gas flow, volfage, current, power, pressure, or any
combination thereof.

16876} In step 1004, a time-sequenced data structure may be generated. For example, the input
storage systern 818 may generate a time-sequenced data structure that includes the manufacturing
data, where each parameter of the plurality of parameters is associated with a time (e.g., of a
measureraent of a parameter of a manufacturing process and/or product) in the time-sequenced
data structure. In some non-limiting embodiments or aspects, the fime-sequenced data sfructure
may be a daia table where each parameter is dependent on, and sequenced according to, a time
cohimmn.

18877] In step 1006, the time-sequenced data stracture may be transformied.  For example, the
input storage system 818 may transform the fime-sequenced data structure to a positionally-
dimensioned data structure. The transformation may be based on timing data associated with the
plurality of stages. Each parameter of the plurality of parameters may be associated with at least
one position in the positionally-dimensioned data structure. In some non-limiting embodiments
or aspects, the positionally-dimensioned data structure may be a data table where each parameter
is dependent on, and arranged according fo, a position in the manufacturing process.

[6478] in step 1008, a new value for one or more process parameter values may be determined.
For example, the input storage system 818 may determine a new value for the one or more process
parameter values based on the positionally-dimensioned data structure and at least one algorithm.
The at least one algorithm may include a machine-learning algorithm configured to output the new
value based on a model {e.g., random forest model, neural network, ete.) and at least one user input

value.
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{0879 In step 1010, the manufacturing process may be optimized. For example, the input
storage systern 818 may optimize the manufacturing process based on the generated new value of
step 1008, Optimization of a manufacturing process may include an improvement o a
manufactured product (e.g., quality thereof) or volume of manufactured products {e.g., cconomics
of manufacture, reduction in raw mput consumption, reduction of redundant repeated steps, etc.).
In some non-limiting embodiments or aspects, the input storage systemn 818 may execute one or
more machine-learning models to generate recommendations for changes to one or more process
parameters (e.g., optimizing process parameters), such as by making changes to one or more
process confrol systems. In some non-limiting embodiments or aspects, optimization of a glass
manufactaring process may jnclude reduction of a number of defects in the glass product {e.g,,
partially melted sand particles, small glass bubbles, etc.), reduction in energy usage to melt and
produce flat and coated glass products, reduction of manufacturing waste {e.g., rejected glass,
cutting and edging trirn losses, eic.), optimization of glass thickness distribution, reduction of
material loss during product change over, inventory and supply change management, and/or the
tike.

{B086] Referring now to FIG. 4, depicted is a process 1100 for optimizing a manufachuring
process according o non-Hmiting embodiments or aspects. One or more steps of process 1100
may be executed by one or more same computing devices of one or more other steps of the
process 1100, One or more steps of the process 1100 may be executed by one or more computing
devices of a communication network 816, input storage system 18, output storage system 824,
and/or other systems for controlling devices of the system 800 of FIG. 1. The depicted
process 1100 may be representative of a method of transforming a time-sequenced data structure
to a positionally-dimensioned data structure.

10881] In step 1102, a zone for each parameter of the plurality of parameters may be identified.
For example, the input storage system 818 may identify a zone (e.g., a2 manufacturing zone) for
each parameter of the plurality of parameters. Instep 1104, a time delay factor may be determined.
For example, the input storage system 818 may determine, for each parameter, a time delay factor
based on a length {c.g., a number of meters) of the zone for the parameter and a line speed {e.g., a
value of meters per second) of the zone. In step 1106, the positionally-dimensioned data structure
may be generated. For example, the input storage system 818 may generate the positionally-

dimensioned data structure vsing a data matrix transformation based on the time-sequenced data
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structure, the zone for each parameter, and the time delay factor for each parameter. The below

tables demonstrate a non-limiting embodiment or aspect of a result of data matrix transformation,

in which time alignment {c.g., before alignment in Table 2, after alignment in Table 3) i

implemented in a manufacturing process for glass coating. The columns represent coating zone

process conditions and the rows represent time stamps of a real-time series.

Table 2
Zone § Zone 1 Zone 2 Zone3 Zone 4 Zone S
09/10/2017 Cleaning Coating Coating Coating Coating Coating
21:10:00
08/10/2017 Cleaning Coating Coating Coating Coating Coating
21:10:20
09/106/2017 Cleaning Coating Coating Coating Coating Coating
21:10:40
09/10/2017 Coating Coating Cleaning Coating Cosating Coating
21:11:00
09/10/2017 Coating Coating Cleaning Cleaning Cosating Coating
21:11:28
09/10/2017 Coating Coating Cleaning Cleaning Coating Coating
21:11:40
08/10/2017 Coating Coating Coating Cleaning Coating Coating
21:12:00
06/10/2017 Coating Coating Coating Coating Coating Cleaning
21:12:20
09/10/2017 Coating Coating Coeating Coating Coating Cleaning
21:12:40
09/10/2017 Coating Coating Coating Coating Coating Cleaning
21:13:00
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Table 3

Zone § Zone 1 Zone 2 Zone 3 Zone 4 Zone S

09/10/2017 Cleaning Coating Cleaning Cleaning Coating Cleaning
21:10:00

08/10/2017 Cleaning Coating Cleaning Cleaning Coating Cleaning
21:10:20

09/10/2017 Cleaning Coating Cleaning Cleaning Coating Cleaning
21:10:40

(6/10/2017 Coating Coating Coating Coating Coating Coating
21:11:00
{6082} Referring now to FIG. 5, depicted is a process 1200 for optimizing a manufacturing

process according to non-Hmiting embodiments or aspects. One or more steps of process 1200
may be executed by one or more same computing devices of one or more other steps of the
process 1200, One or more steps of the process 1200 may be executed by one or more computing
devices of a communication network 816, input storage system 818, output storage system 824,
and/or other systems for controlling devices of the system 800 of FIG. 1. The depicted
process 1200 may be representative of a method of cleaning/processing data for input to a
machine-learning model and/or data matrix transformation process.

[6083] In step 1202, one or more outliers may be detected. For example, the input storage
system 818 may detect one or more outlier parameter values in the thme-sequenced data siructure
or the positionally-dimensioned data structure. Qutlier detection may be conducted using the
interquartile range method. QOutlier detection may be facilitated by identifying powered-off zones
and powered-on zones, in which powered-off zones may produce parameter values of zero that
would skew the data distributions.

{6884] In step 1204, the one or more outliers may be removed. For example, the input storage
system 818 may remove the one or more outlier parameter values from the time-sequenced data
structare or the positionally-dimensioned data structure. By way of further example, zero-valued

parameters of powered-off zones may be removed from a respective data structure.
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{0985] Referring now to FIG. 6, depicted is a process 1300 for optimizing a manufacturing
process according to non-lHimiting embodiments or aspects. One or more steps of process 1300
may be executed by one or more same computing devices of one or more other steps of the
process 1300. One or more steps of the process 1300 may be executed by one or more computing
devices of a communication network 816, input storage system 818, output storage systern 824,
and/or other systems for controlling devices of the system 800 of FIG. 1. The depicied
process 1300 may be representative of a method of cleaning/processing data for input to a
machine-learning model and/or data matrix transformation process.

16886] In step 1302, a set of empty data entries may be identified. For example, the nput
storage system 818 may identify a set of eropty data entries in the time-sequenced data structure
or the positionally-dimensioned data strocture. The set of empty data eniries may be a contiguous
set of rows and/or columus that lack data measured for a given time and/or position. In step 1304,
the proportion of missing data way be determined. For example, the input storage system 818 may
determine a proportion of missing data by comparing a size {e.g., nomber of rows and/or columns,
data size, ele.} of the set of empty data entries to the size of the tirse-sequenced data structure or
the positionally-dimensioned data structure (e.g., rows and/or columns of the entire set, data size
of the entire set, ete.).

{8987} In step 1306, the proportion of missing data may be compared o 8 predetermined
threshold. For example, the input storage system 818 may compare the determined proportion of
nissing data to a predetermined tolerance threshold {e.g., a threshold size of missing data). The
predetermined tolerance threshold may be determined by machine-learning model and/or user
input. The predetermined tolerance threshold may represent a threshold size of missing data that,
if exceeded, indicates the missing data entries rows and/or columng should be deleted, rather than
filled in with imputed data. In some non-limiting embodiments or aspects, the predetermined
tolerance threshold may be 5% {e.g., the missing data may be no more than 5% of the time-
sequenced data structure or positionally-dimensioned data structure).

{6088 in step 1308, in response to the proportion of missing data satis{ying the predetermined
tolerance threshold {e.g., less than, equal or less than, etc.), the missing data may be imputed. For
example, the input storage system 818 may impute data into the set of empty data entries. In some
non-limiting embodiments or aspects, a constant value from an adjacent (e.g., previous,

subsequent) data record {e.g., row and/or column) may be imputed into a data record having
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niissing data values. Additionally or alternatively, a machine-learning model may predict the
missing values of the set of empty data entries based on historic data.

1888%] In step 1310, in response to the proportion of missing data not satisfying the
predetermined tolerance threshold (e.g., greater than, equal to or greater than, eic.), the set of empty
data entries may be deleted. For example, the input storage system 818 may delete the set of empty
data entries from the time-sequenced data structure or the positionally-dimensioned data structare.
16896 Although embodiments have been described in detail for the purpose of illustration, it
is to be understood that such detail is selely for that purpose and that the disclosure is not limited
to the disclosed embodiments, but, on the contrary, is intended to cover modifications and
equivalent arrangements that are within the spirit and scope of the appended claims. For example,
it is to be understood that the present disclosure conteruplates that, to the extent possible, one or
more features of any embodiment can be combined with one or more features of any other

ernbodiment,
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