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(SVM) classification model. The device may determine, based on the plurality of iterations of the SVM classification model, a
plurality of predicted transition times associated with the manufacturing process. A predicted transition time, of the plurality of
predicted transition times, may identify a time, during the manufacturing process, that a corresponding iteration of the SVM
classification model predicts that the manufacturing process transitioned from the unsteady state to the steady state. The device

may generate, based on the plurality of predicted transition times, a final SVM classification model associated with determining
whether the manufacturing process has reached the steady state.




ABSTRACT

A device may receive training spectral data associated_ with a manufacturing process that
transitions from an unsteady state to a steady state. The device may generate, based on the
training spectral data, a plurality of iterations of a support vector machine (SVM) classification
model. The device may determine, based on the plurality of iterations of the SVM classification
model, a plurality of predicted transition times associated with the manufacturing process. A
predicted transition time, of the plurality of predicted transition times, may identify a time,
during the manufacturing process, that a corresponding iteration of the SVM classification model
predicts that the manufacturing process transitioned from the unsteady state to the steady state.
The device may generate, based on the plurality of predicted transition times, a final SVM
classification model associated with determining whether the manufacturing process has reached

the steady state.
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ENDPOINT DETECTION IN MANUFACTURING PROCESS BY NEAR
INFRARED SPECTROSCOPY AND MACHINE LEARNING TECHNIQUES

BACKGROUND

[0001] As part of implementing a manufacturing process (€.g., a continuous manufacturing
process, a batch manufacturing process), a process analytical technology (PAT) system may be
utilized to produce real-time or near real-time data (e.g., spectral data) that allows for monitoring
and control of the manufacturing process. A continuous manufacturing process allows raw
materials to be input into a system and a finished product (e.g., a pharmaceutical product) to be
discharged from the system in a continuous fashion. In other words, in a continuous
manufacturing process, individual steps of the manufacturing process are transformed to a single,
integrated manufacturing process (e.g., rather than a series of discrete steps as with a batch

manufacturing process)

SUMMARY

[0002] According to some possible implementations, a device may include one or more
processors to: recelve training spectral data associated with a manufacturing process that
transitions from an unsteady state to a steady state; generate, based on the training spectral data,
a plurality of iterations of a support vector machine (SVM) classification model; determine,
based on the plurality of iterations of the SVM classification model, a plurality of predicted
transition times associated with the manufacturing process, where a predicted transition time, of
the plurality of predicted transition times, may identify a time, during the manufacturing process,

that a corresponding iteration of the SVM classification model predicts that the manufacturing
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process transitioned from the unsteady state to the steady state; and generate, based on the
plurality of predicted transition times, a final SVM classification model associated with
determining whether the manufacturing process has reached the steady state.

[0003] According to some possible implementations, a non-transitory computer-readable
medium may store one or more instructions that, when executed by one or more processors,
cause the one or more processors to: receive training spectral data associated with a first
performance of a manufacturing process that transitions from an unsteady state to a steady state;
iteratively generate, based on the training spectral data, a SVM classification model associated
with determining whether another performance of the manufacturing process has transitioned
from the unsteady state to the steady state; receive additional spectral data associated with a
second performance of the manufacturing process; and determine, based on the SVM
classification model and the additional spectral data, whether the second performance of the
manufacturing process has transitioned from the unsteady state to the steady state.

[0004] According to some possible implementations, a method may include: receiving, by a
device, first spectral data associated with a first performance of a manufacturing process that
transitions from an unsteady state to a steady state; generating, by the device and based on the
first spectral data, a plurality of iterations of a SVM classification model; determining, by the
device and based on the plurality of iterations of the SVM classification model, a plurality of
predicted transition times associated with the first performance of the manufacturing process;
generating, by the device and based on the plurality of predicted transition times, a final SVM

classitication model associated with determining whether another performance of the

manufacturing process has reached the steady state; receiving, by the device, second spectral
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data associated with a second performance of the manufacturing process; and determining, by the
device, whether the second performance of the manufacturing process has reached the steady

state based on the final SVM classification model and the second spectral data.

BRIEF DESCRIPTION OF THE DRAWINGS

[0005] Figs. | A-1C are diagrams of an overview of an example implementation described
herein;

[0006] Fig. 2 1s a diagram of an example environment in which systems and/or methods,
described herein, may be implemented;

0007} Fig. 3 1s a diagram of example components of one or more devices of Fig. 2;

[0008] Fig. 4 1s a flow chart of an example process for generating a SVM classification
model for detecting when a manufacturing process has reached a steady state;

[0009] Figs. SA and 5B are example graphical representations associated with determining a
transition time of a manufacturing process based on transition times predicted by iterations of a
SVM classification model associated with the manufacturing process;

[0010] Fig. 6 1s a flow chart of an example process for determining, based on spectral data
and using a SVM classification model, whether a manufacturing process has reached a steady
state;

[0011] Figs. 7A and 7B are example graphical representations illustrating a simplified
decision boundary associated with the SVM classification model; and

[0012] Fig. 8 1s a graphical representation of example decision values determined based on

the decision boundary of Figs. 7A and 7B.
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DETAILED DESCRIPTION

[0013] The following detailed description of example implementations refers to the
accompanying drawings. The same reference numbers in different drawings may identify the
same or similar elements.

0014} A manufacturing process (e.g., a continuous manufacturing process or a batch
manufacturing process for manufacturing pharmaceutical products) may involve one or more
transitions in state, such as a transition from an unsteady state (e.g., a state at which properties of
materials and/or a compound vary with time) to a steady state (e.g., a state at which the
properties of the materials and/or the compound remain substantially constant with time). For
example, a mixing process, included in a manufacturing process for manufacturing a
pharmaceutical product, may involve a transition where spectral properties of a compound
transition from an unsteady state (e.g., at a start of the mixing process) to a steady state (e.g.,
indicating that the mixing process is complete).

[0015] Thus, 1n order to improve efficiency and/or optimize the manufacturing process, the

manufacturing process should be monitored in order to determine (e.g., in real-time or near real-

time) when the manufacturing process has reached the steady state. A possible technique for
detecting a state of the manufacturing process is a model that uses a univariate technique that

detects the state of the manufacturing process based on a single variable associated with the
manufacturing process, such as a total spectral intensity. Another possible technique for

detecting the state of the manufacturing process is a model that uses a principal component

analysis (PCA) technique to identify a set of variables (i.e., principal components) for detecting
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the state of the manufacturing process, and detecting when the manufacturing process has

reached the steady state based on monitoring the set of variables. However, in some cases, data
measured during the manufacturing process may be multivariate data (e.g., NIR spectra
including data associated with hundreds of variables). Thus, due to the focus on relatively few
variables according to the univariate technique or the PCA technique, these techniques may lead
- to inaccurate state detections and/or may not be sufficiently robust in order to ensure accurate
state detection.

[0016] Implementations described herein provide a detection device capable of generating a
support vector machine (SVM) classification model for determining whether a manufacturing
process (e.g., a continuous manufacturing process, a batch manufacturing process, and/or the
like) has reached a steady state, and determining, using the SVM classification model and based
on multivariate spectral data associated with the manufacturing process, whether the
manufacturing process has reached the steady state. In some implementations, the SVM
classification model may take into account multiple variables (e.g., 80 variables, 120 variables,
150 variables, and/or the like), thereby increasing accuracy and/or robustness of the SVM
classification model (e.g., as compared to the techniques described above).

[0017] Figs. 1A-1C are diagrams of an overview of an example implementation 100
described herein. As shown in Fig. 1A, and by reference number 102, a detection device may
receive training spectral data associated with a manufacturing process. The training spectral data
(sometimes referred to as first spectral data) may include spectral data, associated with the

manufacturing process, based on which iterations of a support vector machine (SVM)

classification model, associated with detecting whether the manufacturing process has reached a
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steady state, may be generated. For example, the training spectral data may include spectra (e.g.,
multivariate time series data, such as NIR spectra) measured by a spectrometer during a
performance of the manufacturing process. The performance of the manutfacturing process
during which the training spectral data is gathered may be referred to as a first performance of
the manufacturing process.

[0018] As shown, the training spectral data may include spectral data measured at a start
time of the manufacturing process (time to), spectral data measured at a time at which the
manufacturing process is known to be in an unsteady state (time tuso), spectral data measured at a
time at which the manufacturing process i1s known to be in a steady state (time ts0), spectral data
measured at an end time of the manufacturing process (time t.), and spectral data measured
between time to and time t. for which the state of the manufacturing process is unknown.

[0019] As shown by reference numbers 104 through 116, the detection device may generate
iterations of the SVM classification model based on the training spectral data. For example, as
shown by reference number 104, in order to generate an initial iteration (iteration 0) of the SVM
classification model, the detection device may create, based on the training spectral data, an
initial set of unsteady state data (e.g., including spectral data measured from time to to time tyso)
and an initial set of steady state data (e.g., including spectral data measured from time tsso to time
te).

[0020] As shown by reference number 106, the detection device may generate, based on the
initial set of unsteady state data and the initial set of steady state data, the initial iteration of the

SVM classification model. As shown, based on providing the training spectral data as input to

the initial iteration of the SVM classification model, the detection device may determine an
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initial predicted transition time (tianso) associated with the initial iteration of the SVM
classification model (e.g., a time that the initial iteration of the SVM classification model
predicts that manufacturing process transitioned from the unsteady state to the steady state).
[0021] As shown by reference number 108, in order to generate a first iteration (iteration 1)
of the SVM classification model, the detection device may create, based on the training spectral
data, a first set of unsteady state data (e.g., including spectral data measured from time to to time
tiranso) and a first set of steady state data (e.g., including spectral data measured from time tsso-de*1
to time te). Notably, the first set of unsteady state data includes spectral data measured until the
transition time predicted by the initial iteration of the SVM classification model, while the first
set of steady state data includes spectral data included in the initial set of steady state data, as
well as spectral data measured one time step before time tsgo.

[0022] As shown by reference number 110, the detection device may generate, based on the
first set of unsteady state data and the first set of steady state data, the first iteration of the SVM
classification model. As shown, based on providing the training spectral data as input to the first
iteration of the SVM classification model, the detection device may determine a first predicted
transition time (tiransi ) associated with the first iteration of the SVM classification model (e.g., a
time that the first iteration of the SVM classification model predicted that manufacturing process
transitioned from the unsteady state to the steady state).

[0023] In some implementations, the detection device may generate n (n >1) iterations of the
SVM classification model and determine predicted transition times in this manner until an

earliest time, associated with the set of steady state data used to generate the n'" iteration of the

SVM classification model, is a threshold amount of time (e.g., one time step) away from the time
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at which the manufacturing process is known to be in the unsteady state (e.g., until the set of

steady state includes spectral data measured from tsso-dgi*n = tuso+dt tO time te).

[0024] For example, as shown in Fig. 1A by reference number 112, in order to generate an
n' iteration (iteration n) of the SVM classification model, the detection device may create, based
on the training spectral data, an n'™ set of unsteady state data (e.g., including spectral data
measured from time to to time tyansn-1)) and an n' set of steady state data (e.g., including spectral
data measured from time tsso-dt*n = tuso+dt to time te). Notably, the n' set of unsteady state data
includes spectral data measured until time the transition time predicted by the (n-1)™ (i.e.,
previous) iteration of the SVM classification model, while the n™ set of steady state data includes
spectral data included in the (n-1)™" set of steady state data, as well as spectral data measured one
time step before time tsso-din-1).

[0025] As shown by reference number 114, the detection device may generate, based on the
n'" set of unsteady state data and the n' set of steady state data, the n™ iteration of the SVM
classification model. As shown, based on providing the training spectral data as input to the n*
iteration of the SVM classification model, the detection device may determine an n predicted
transition time (tians(n)) associated with the n'" iteration of the SVM classification model (e.g., a
time that the n" iteration of the SVM classification model predicted that the manufacturing
process transitioned from the unsteady state to the steady state).

[0026] As shown by reference number 116, the detection device may determine, based on the
n transition times predicted by the n iterations of the SVM classification model, a dominant (e.g.,

most predicted) transition time associated with the manufacturing process. As shown by

reference number 118, the detection device may generate a final SVM classification model based
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on the transition time assoclated with the manufacturing process. For example, the detection
device may create a final set of unsteady state data including spectral data measured before the
determined dominant transition time, and a final set of steady state data including training
spectral data measured at or after the determined dominant transition time. As shown, the
detection device may generate the final SVM classification model based on the final set of
unsteady state data and the final set of steady state data, accordingly.

[0027] As shown in Fig. [B, and by reference number 120, the detection device may (at a
later time) identify the SVM classification model (e.g., based on storing the final SVM
classification model generated as described) for use in detecting whether a performance of the
manufacturing process has reached the steady state. For example, the detection device may
identify the SVM classification model based on receiving an indication that the manufacturing
process 1s being started or has been started.

[0028] As shown by reference number 122, the detection device may receive, during the
second performance of the manufacturing process, spectral data associated with the
manufacturing process (sometimes referred to as second spectral data or additional spectral data).
For example, as shown, a spectrometer may measure the spectral data at a given time (e.g., time
ta) during the performance of the manufacturing process, and may provide the spectral data to
the detection device. The performance of the manufacturing process during which the spectral
data 1s gathered for input to the SVM classification model may be referred to as a second
performance of the manufacturing process.

[0029] As turther shown, the detection device may determine, based on the spectral data and

the SVM classification model, whether the manufacturing process is at the steady state at time ta.
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For example, as shown by reference number 124, the detection device may provide the spectral
data, measured at time ta, as input to the SVM classification model. As shown by reference
number 126, the detection device may determine, based on an output of the SVM classitication
model, that the manufacturing process is not at the steady state at time ta. In some
implementations, the detection device may determine whether the manufacturing process 1s at
the steady state based on a decision boundary associated with the SVM classification model, as
described below.

[0030} As shown in Fig. 1C, and by reference number 128, the detection device may receive,
at a later time during performance of the manufacturing process (time tg), spectral data
associated with the manufacturing process. For example, as shown, a spectrometer may measure
the spéctral data at time tg, and may provide the spectral data to the detection device.

[0031] As further shown, the detection device may determine, based on the spectral data and
the SVM classification model, whether the manufacturing process is at the steady state at time tg.
For example, as shown by reference number 130, the detection device may provide the spectral
data, measured at time tg, as input to the SVM classification model. As shown by reference
number 132, the detection device may determine, based on an output of the SVM classification

model, that the manufacturing process is at the steady state at time tg.

[0032] As shown by reference number 134, in some implementations, the detection device
may (optionally) determine a quantitative metric, associated with the steady state, based on
determining that the manufacturing process has reached the steady state. The quantitative metric

may include a metric indicating a quantitative property associated with the steady state, such as a

concentration of constituent parts of a compound at the steady state, a particle size at the steady

10
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state, and/or the like. For example, the detection device may store or have access to a regression
model (e.g., a partial least square (PLS) regression model, a support vector regression (SVR)
model) that receives, as input, the spectral data based on which the steady state was detected, and
provide, as output, the quantitative metric associated with the steady state.

[0033] As shown by reference number 136, based on determining that the manufacturing
process has reached the steady state, the detection device may provide (e.g., to a user device
associated with monitoring the manufacturing process) an indication that the manufacturing
process has reached the steady state. As further shown, the detection device may also provide
information associated with the quantitative metric.

[0034] In this way, a detection device may generate a SVM classification model for
determining whether a manufacturing process has reached a steady state, and determine, using
the SVM classification model and based on multivariate spectral data associated with the
manufacturing process, whether the manufacturing process has reached the steady state.

[0035] As indicated above, Figs. 1A-1C are provided merely as an example. Other examples
are possible and may differ from what was described with regard to Figs. 1A-1C.

[0036] Fig. 2 1s a diagram of an example environment 200 in which systems and/or methods,

described herein, may be implemented. As shown in Fig. 2, environment 200 may include one
or more spectrometers 210-1 through 210-X (X > 1) (herein collectively referred to as
spectrometers 210, and individually as spectrometer 210), a detection device 220, a user device

230, and a network 240. Devices of environment 200 may interconnect via wired connections,

wireless connections, or a combination of wired and wireless connections.

11
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[0037] Spectrometer 210 includes a device capable of performing a spectroscopic
measurement on a sample (e.g., a sample associated with a manufacturing process). For
example, spectrometer 210 may include a desktop (i.e., non-handheld) spectrometer device that
performs spectroscopy (€.g., vibrational spectroscopy, such as near infrared (NIR) spectroscopy,
mid-infrared spectroscopy (mid-IR), Raman spectroscopy, and/or the like). In some
implementations, spectrometer 210 may be capable of providing spectral data, obtained by
spectrometer 210, for analysis by another device, such as detection device 220.

[0038] Detection device 220 includes one or more devices capable of detecting whether a
manufacturing process has reached a steady state based on a classification model, associated with
the manufacturing process, and spectral data associated with the manufacturing process. For
example, detection device 220 may include a server, a group of servers, a computer, a cloud
computing device, and/or the like. In some implementations, detection device 220 may be
capable of generating the classification model based on training spectral data associated with the
manufacturing process. In some implementations, detection device 220 may receive information
from and/or transmit information to another device in environment 200, such as spectrometer
210 and/or user device 230.

[0039] User device 230 includes one or more devices capable of receiving, processing,
and/or providing information associated with whether a manufacturing process has reached a

steady state. For example, user device 230 may include a communication and computing device,
such as a desktop computer, a mobile phone (e.g., a smart phone, a radiotelephone, etc.), a laptop
computer, a tablet computer, a handheld computer, a wearable communication device (e.g., a

smart wristwatch, a pair of smart eyeglasses, etc.), or a similar type of device.

12
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[0040] Network 240 includes one or more wired and/or wireless networks. For example,
network 240 may include a cellular network (e.g., a long-term evolution (LTE) network, a 3G
network, a code division multiple access (CDMA) network, etc.), a public land mobile network
(PLMN), a local area network (LAN), a wide area network (WAN), a metropolitan area network
(MAN), a telephone network (e.g., the Public Switched Telephone Network (PSTN)), a private
network, an ad hoc network, an intranet, the Internet, a fiber optic-based network, a cloud
computing network, and/or the like, and/or a combination of these or other types of networks.
[0041] The number and arrangement of devices and networks shown in Fig. 2 are provided ‘
as an example. In practice, there may be additional devices and/or networks, fewer devices
and/or networks, different devices and/or networks, or differently arranged devices and/or
networks than those shown in Fig. 2. Furthermore, two or more devices shown in Fig. 2 may be
implemented within a single device, or a single device shown in Fig. 2 may be implemented as
multiple, distributed devices. Additionally, or alternatively, a set of devices (e.g., one or more
devices) of environment 200 may perform one or more functions described as being performed
by another set of devices of environment 200.

[0042] Fig. 3 is a diagram of example components of a device 300. Device 300 may
correspond to spectrometer 210, detection device 220, and/or user device 230. In some
implementations, spectrometer 210, detection device 220, and/or user device 230 may include
one or more devices 300 and/or one or more components of device 300. As shown in Fig. 3,

device 300 may include a bus 310, a processor 320, a memory 330, a storage component 340, an

input component 350, an output component 360, and a communication interface 370.

13
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[0043] Bus 310 includes a component that permits communication among the components of
device 300. Processor 320 is implemented in hardware, firmware, or a combination of hardware
and software. Processor 320 includes a central processing unit (CPU), a graphics processing unit
(GPU), an accelerated processing unit (APU), a microprocessor, a microcontroller, a digital
signal processor, a field-programmable gate array (FPGA), an application-specific integrated
circuit (ASIC), or another type of processing component. In some implementations, processor
320 includes one or more processors capable of being programmed to perform a function.
Memory 330 includes a random access memory (RAM), a read only memory (ROM), and/or
another type of dynamic or static storage device (€.g., a tlash memory, a magnetic memory,
and/or an optical memory) that stores information and/or instructions for use by processor 320.
[0044] Storage component 340 stores information and/or software related to the operation
and use of device 300. For example, storage component 340 may include a hard disk (e.g., a
magnetic disk, an optical disk, a magneto-optic disk, and/or a solid state disk), a compact disc
(CD), a digital versatile disc (DVD), a floppy disk, a cartridge, a magnetic tape, and/or another
type of non-transitory computer-readable medium, along with a corresponding drive.

[0045] Input component 350 includes 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, and/or a microphone). Additionally, or alternatively, input component 350 may
include a sensor for sensing information (e.g., a global positioning system (GPS) component, an
accelerometer, a gyroscope, and/or an actuator). Output component 360 includes a component

that provides output information from device 300 (e.g., a display, a speaker, and/or one or more

light-emitting diodes (LEDs)).

14
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- [0046] Communication interface 370 includes a transceiver-like component (e.g., a
transceiver and/or a separate receiver and transmitter) that enables device 300 to communicate
with other devices, such as via a wired connection, a wireless connection, or a combination of
wired and wireless connections. Communication interface 370 may permit device 300 to receive
informatton from another device and/or provide information to another device. For example,
communication interface 370 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-F1 interface, a cellular network interface, and/or the like.

[0047] Device 300 may perform one or more processes described herein. Device 300 may
perform these processes in response to processor 320 executing software instructions stored by a
non-transitory computer-readable medium, such as memory 330 and/or storage component 340.
A computer-readable medium 1s defined herein as a non-transitory memory device. A memory
device includes memory space within a single physical storage device or memory space spread
across multiple physical storage devices.

[0048] Software instructions may be read into memory 330 and/or storage component 340
from another computer-readable medium or from another device via communication interface
370. When executed, software instructions stored in memory 330 and/or storage component 340
may cause processor 320 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. Thus, implementations

described herein are not limited to any specific combination of hardware circuitry and software.
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[0049] The number and arrangement of components shown in Fig. 3 are provided as an
example. In practice, device 300 may include additional components, fewer components,
different components, or differently arranged components than those shown in Fig. 3.
Additionally, or alternatively, a set of components (e.g., one or more components) of device 300
may perform one or more functions described as being performed by another set of components
of device 300.

[0050] Fig. 4 is a flow chart of an example process 400 for generating a classification model
for detecting when a manufacturing process has reached a steady state. In some
implementations, one or more process blocks of Fig. 4 may be performed by detection device
220. In some implementations, one or more process blocks of Fig. 4 may be performed by
another device or a group of devices separate from or including detection device 220, such as
spectrometer 210 and/or user device 230.

[0051] As shown 1n Fig. 4, process 400 may include receiving training spectral data
associated with a manufacturing process (block 410). For example, detection device 220 may
recelve training spectral data associated with a manufacturing process.

[0052] The training spectral data may include spectral data, associated with a manufacturing
process, based on which iterations of a SVM classification model may be generated. For
example, the training spectral data may include spectra (e.g., multivariate time series data, such
as NIR spectra) measured by spectrometer 210 during a performance of the manufacturing

process. In some implementations, the manufacturing process may be a continuous

manufacturing process or a batch manufacturing process. In some implementations, detection
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device 220 may generate the iterations of the SVM classitication model based on the training
spectral data, as described below.

[0053] In some implementations, the training spectral data may include historical spectra
measured at different times (e.g., periodically at a series of time steps) during an earlier
performance of the manufacturing process. For example, the training spectral data may include
spectra measured at a start time of the earlier performance of the manufacturing process (herein
referred to as time to) and spectra measured at an end time of the earlier performance of the
manufacturing process (herein referred to as time te).

[0054] As another example, the training spectral data may include spectra measured at a time
at which the earlier performance of the manufacturing process is known to have been at an
unsteady state (herein referred to as time tys0). In some implementations, time tyso may be the
same time as time to (€.g., since the manufacturing process 1s in the unsteady state at the start of
the manufacturing process). Alternatively, time tuso may be a time that is after time to, such as a
time that 1s one time step after time to, five time steps after time to, 40 time steps after time to,
and/or the like. In some implementations, time tyso may be a time, after time to, at which the
carlier performance of the manufacturing process is assumed to have been at the unsteady state.
[00535]) As an additional example, the training spectral data may include spectra measured at
a time at which the earlier performance of the manufacturing process is known to have been at a
steady state (herein referred to as time ts0). In some implementations, time tis0 may be the same
time as time te (e.g., since the manufacturing process is in the steady state at the end of the

manufacturing process). Alternatively, time tso may be a time that is before time te, such as a

time that 1s one time step before time te, five time steps before time te, 40 time steps before time
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te, and/or the like. In some implementations, time tsso may be a time, before time te, at which the
earlier performance of the manufacturing process is assumed to have been at the steady state.
[0056] As yet another example, the training spectral data may include spectra, measured at
times between time to and time te, for which the state of the earlier performance of the
manufacturing process is unknown.

[0057] In some implementations, detection device 220 may receive the training spectral data
from one or more other devices, such as one or more spectrometers 210 that obtain the training
spectral data during the earlier performance of the manufacturing process or a server device that
stores training spectral data measured by one or more spectrometers 210 during the earlier
performance of the manufacturing process.

[0058] In some implementations, the training spectral data may be associated with multiple
carlier performances of the manufacturing process, where starting conditions (e.g., total weight,
particle size, distribution, moisture level, etc.) vary among the multiple performances of the
manufacturing process. In such a case, multiple sets of training spectral data, associated with the
multiple performances of the manufacturing process, may be averaged and/or otherwise
combined in order to form the training spectral data. In some implementations, measuring the
training spectral data with varying starting conditions results in increased accuracy and/or
robustness of a SVM classification model generated based on the training spectral data (e.g., as
compared to a SVM classification model generated based on a performance of the manufacturing
process with single set of starting conditions).

[0059] In some implementations, detection device 220 may perform dimension reduction on

the training spectral data. Dimension reduction may include reducing a number of variables, of
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the multivariate training spectral data, based on which a SVM classification model may be
generated. In some implementations, dimension reduction may be performed using a principal
component analysis (PCA) technique, whereby principal components (i.€., a subset of the
multiple variables) is identified for use in generating the SVM classification model.
Additionally, or alternatively, dimension reduction may be performed using a variable selection
technique, whereby variables, of the multiple variables, are selected that are discriminative of,
for example, a compound associated with the manufacturing process. Examples of such variable
selection techniques include a selectivity ratio (SR) technique, a variable importance in
projection (VIP) technique, and/or the like. In some implementations, performing dimension
reduction may result in improved interpretability of the SVM classification model and/or
improved generation of the SVM classification model by, for example, removing interference
and/or reducing noise among the multiple variables (e.g., as compared to a SVM classification
model generated on the entire set of training spectral data).

[0060]} As further shown in Fig. 4, process 400 may include creating, based on the training
spectral data, a set of unsteady state data and a set of steady state data (block 420). For example,

detection device 220 may create, based on the training spectral data, a set of unsteady state data

and a set of steady state data.
[0061] The set of unsteady state data may include spectral data, included in the training
spectral data, that corresponds to times at which the manufacturing process is assumed to be in

the unsteady state for purposes of generating an iteration of a SVM classification model. For
example, an initial set of unsteady state data, associated with generating an initial iteration of the

SVM classification model, may include spectral data measured at times from time to to time tuso.
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Continuing with this example, another set of unsteady state data, associated with generating a
next iteration of the SVM model, may include spectral data measured at times from time tg to
time tiranso, Where time tianso 1S a transition time (e.g., a time of a transition from the unsteady state
to the steady state) as predicted by the initial iteration of the SVM classification model. In
general, an n™ set of unsteady state data, associated with generating an n' iteration of the SVM
model, may include spectral data measured at times from time to to time terans(n-1), where time
trans(n-1) 1S @ transition time as determined by the (n-1)" (i.e., previous) iteration of the SVM

- classification model. Additional details regarding generating the iterations of the SVM
classification model are described below.

[0062] In some implementations, the set of unsteady state data may be updated, modified,
and/or recreated for generating each iteration of the SVM model by, for example, adding
additional spectral data, included in the training spectral data, to a set of unsteady state data
associated with generating a previous iteration of the SVM model. For example, an n® set of
unsteady state data, for generating an n™ iteration of the SVM classification model, may include
spectral data included in an (n-1)'" set of unsteady state data, used to generate an (n-1)" iteration
of the SVM classification model, as well as spectral data measured at times from a last time in
the (n-1)" set of unsteady state data to a transition time predicted using the (n-1)™ iteration of the
SVM classification model. As a particular example, a set of steady state data for generating a

tourth iteration of the SVM classification model may include spectral data measured from time to
to time tirans3 (€.8., from the start time to a transition time determined using the third iteration of
the model), whereas a set of steady state data for generating a fifth (i.e., next) iteration of the

SVM classification model may include spectral data measured from time to to time tiranss (€.8.,
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from the start time to a transition time as determined using the fourth iteration of the SVM
classification model).

[0063] The set of steady state data may include spectral data, included in the training spectral
data, that corresponds to times at which the earlier performance of the manufacturing process is
assumed to be 1n the steady state for purposes of generating an iteration of the SVM
classification model. For example, an initial set of steady state data, associated with generating
an initial iteration of the SVM classification model, may include spectral data measured at times
from time ts0 to time te. Continuing with this example, another set of steady state data,
associated with generating a next iteration of the SVM model, may include spectral data
measured at times from time tsso-at+1 to time te, where time tsso-qe*1 is a time that is one time step
before time tsso. In other words, detection device 220 may iteratively add spectral data,
associated with time steps before time tso0, to each set of steady state data when generating each
iteration of the SVM classification model. In general, an n™ set of steady state data, associated
with generating an n'" iteration of the SVM model, may include spectral data measured at times
from time tsso-d*n tO time te, where time tso0-dr+n iS a time that is n time steps before time tsso.
[0064] In some implementations, the set of steady state data may be updated, modified,
and/or recreated for generating each iteration of the SVM model by, for example, adding
additional spectral data to a set of steady state data associated with generating a previous
iteration of the SVM model. For example, a set of steady state data for generating a given

iteration of the SVM classification model may include spectral data included in a set of steady

state data used to generate a previous iteration of the SVM classification model, as well as

spectral data measured at a time step immediately preceding an earliest time step associated with
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the set of spectral data for generating the previous iteration of the SVM classification model. As
a particular example, a set of steady state data for generating a fourth iteration of the SVM
classification model may include spectral data measured from time tss0-di*4 to time te, whereas a
set of steady state data for generating a fifth (i.e., next) iteration of the SVM classification model
may include spectral data measured from time tsso-dt+s to time te (i.€., spectral data for one time
step earlier than tsso-dr+4).

[0065] As further shown in Fig. 4, process 400 may include generating, based on the set of
unsteady state data and the set of steady state data, an iteration of a SVM classification model
assoclated with detecting whether the manufacturing process has reached a steady state (block
430). For example, detection device 220 may generate, based on the set of unsteady state data
and the set of steady state data, an iteration of a SVM classification model associated with
detecting when the manufacturing process has reached a steady state.

[0066] In some implementations, detection device 220 may generate the iteration of the
SVM classitication model based on applying a SVM technique to the set of unsteady state data
and the set of steady state data. For example, detection device 220 may generate the SVM
classification model by mapping the set of unsteady state data and the set of steady state data as

points in space such that the set of unsteady state data is separated from the set of steady state

data by, for example, a set of hyperplanes.

[0067] In some implementations, detection device 220 may determine, based on the training

spectral data and the iteration of the SVM classification model, a predicted transition time
associated with (i.e., predicted by) the iteration of the SVM classification model. For example,

detection device 220 may generate the iteration of the SVM classification model based on the set
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of steady state data and the set of unsteady state data. Here, detection device 220 may map the
training spectral data (e.g., associated with each time step from time to to time t¢) into the same
space based on which the iteration of the SVM classification model was generated. In this
example, based on where items of training spectral data are mapped (e.g., with respect to the set
of hyperplanes), the SVM classification model may identify a transition time (tianstn)), associated
with the manufacturing process, predicted by the initial iteration of the SVM classification
model. In some implementations, detection device 220 may determine a predicted transition
time for each iteration of the SVM classification model. In some implementations, detection
device 220 may store information that identifies predicted transition times associated with the
iterations of the SVM classification model in order to allow detection device 220 to determine a
transition time associated with the manufacturing process, as described below.

[0068] As further shown in Fig. 4, process 400 may include determining whether to generate
another iteration of the SVM classification model (block 440). For example, detection device
220 may determine whether to generate another iteration of the SVM classification model.

[0069] In some implementations, detection device 220 may determine whether to generate

another iteration of the SVM classification model based on a time associated with the set of

steady state data. For example, detection device 220 may be configured to continue generating
iterations of the SVM classification model until an earliest time, of the times associated with the

set of steady state data, satisfies a threshold time associated with the time at which the

manutacturing process is known to be at the unsteady state (time tys0). As a particular example,

detection device 220 may be configured to continue generating iterations of the SVM

classification model (and determining predicted transition times) until an earliest time, associated
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with the set of steady state data, differs from time tuso by a threshold amount (e.g., until tsso-dt*n 1S
one time step from tyso (fsso-di*n = tuso+dt))-

[0070] Additionally, or alternatively, detection device 220 may determine whether to
generate another iteration of the SVM classification model based on an iteration threshold. For
example, detection device 220 may be configured to continue generating iterations of the SVM
classification model for a threshold amount of time, until a threshold number of iterations have
been generated, and/or the like. Here, detection device 220 may determine whether to generate
another iteration of the SVM classification model based on whether the threshold is satistied
(e.g., whether the threshold amount of time has lapsed, whether the threshold number of
iterations have been generated, and/or the like).

[0071] As further shown in Fig. 4, if another iteration of the SVM classification model is to
be generated (block 440 — YES), then process 400 may include creating, based on the training
spectral data, another set of steady state data and another set of unsteady state data (block 420).
For example, detection device 220 may determine that another iteration ot the SVM
classification model is to be generated (e.g., when tsso-de*n > tuso+d, when the iteration threshold is
not satisfied, and/or the like) and detection device 220 may create, based on the training spectral
data, another set of steady state data and another set of unsteady state data.

[0072] In some implementations, detection device 220 may create the other set of unsteady
state data and the other set of steady state data in the manner described above with regard to
block 420. In some implementations, upon creating the other set of steady state data and the

other set of unsteady state data, detection device 220 may generate the other iteration of the
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SVM classification model and determine a transition time, predicted by the other iteration of the
SVM classification model, as described above with regard to block 430.

[0073] As an example of the above described iterative process, detection device 220 may
create an initial set of unsteady state data (e.g., including training spectral data measured at times
from time to to time tys0) and an initial set of steady state data (e.g., including training spectral
data measured at times from time tso to time te). In this example, detection device 220 may
apply the SVM technique to the initial set of steady state data and the initial set of unsteady state
data in order to generate an initial iteration of the SVM classification model. Next, detection
device 220 may provide the training spectral data as input to the initial iteration ot the SVM
classification model and determine, as an output, an initial predicted transition time (tiranso)
associated with the initial iteration of the SVM classitication model.

[0074] Continuing with this example, detection device 220 may determine that tsso > tuso+dt
and, thus, that detection device 220 may generate another iteration of the SVM classification
model. Detection device 220 may then create, based on the training spectral data and the initial
predicted transition time, a first set of steady state data (e.g., including training spectral data
measured from time tsso-a*1 to time te) and a first set of unsteady state data (e.g., including

training spectral data measured at times from time to to time fianso). Detection device 220 may

then apply the SVM technique to the first set of steady state data and the first set of unsteady

state data in order to generate a first iteration of the SVM classification model. Next, detection
device 220 may provide the training spectral data as input to the first iteration of the SVM

classification model, and determine, as an output, a first predicted transition time (tirans1)

associated with the first iteration of the SVM classification model. Detection device 220 may

25

CA 3002340 2018-04-23



continue generating iterations of the SVM classification model (and determining predicted
transition times) in this manner, until detection device 220 determines that no additional
iterations are to be generated.

[0075] As turther shown in Fig. 4, if another iteration of the SVM classification model is not
to be generated (block 440 — NO), then process 400 may include determining a transition time,
associated with the manufacturing process, based on transition times predicted by iterations of
the SVM classification model (block 450). For example, detection device 220 may determine
that another iteration of the SVM classification model is not be generated, and detection device
220 may determine a transition time, associated with the manufacturing process, based on
transition times predicted by iterations of the SVM classification model.

[0076] In some implementations, detection device 220 may determine the transition time,
associated with the manufacturing process, based on predicted transition times associated with
the 1terations of the SVM classification model. For example, detection device 220 may
determine n transition times, predicted by n iterations of the SVM classification model,
respectively, in the manner described above. Here, detection device 220 may determine the
transition time, associated with the manufacturing process, as a dominant transition time (e.g., a
predicted transition time with the most occurrences) of those predicted by the n iterations of the
SVM classification model.

[0077] Figs. 5A and 5B are example graphical representations 500 and 550 associated with
determining a transition time of a manufacturing process based on transition times predicted by

iterations of a SVM classification model associated with the manufacturing process. For the
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purposes of Figs. SA and 5B, assume that detection device 220 has determined n transition times
corresponding to n iterations of a SVM classification model.

[0078] In Fig. SA, each point represents a transition time, predicted by an iteration of the
SVM classtfication model, plotted relative to a time ts0-gt+n associated with the iteration of the
SVM classification model (i.e., time tsso-di*n associated with a set of steady state associated with
generating the iteration of the SVM classification model). As shown in Fig. SA, a dominant
transition time, of the set of n transition times, is at time 130 (e.g., time 130 was predicted by
more iterations than any other transition time). In this example, detection device 220 may
determine the transition time, associated with the manufacturing process, as time 130.

[0079] An alternative graphical representation is shown in Fig. 5B. In Fig. 5B, a total
number of occurrences of each transition time is plotted. Again, as shown in Fig. 5B, a dominant
transition time, of the set of n transition times, is at time 130. Thus, detection device 220 may
determine the transition time, associated with the manufacturing process, as time 130.

[0080] As indicated above, Figs. 5A and 5B are provided merely as an example. Other

examples are possible and may differ from what was described with regard to Figs. 5A and 5B.

[0081] Returning to Fig. 4, process 400 may include generating a final SVM classification
model based on the transition time associated with the manufacturing process (block 460). For
example, detection device 220 may generate a final SVM classification model based on the
transition time associated with the manufacturing process.

[0082] The final SVM classification model may include a SVM classification model
generated based on the transition time, associated with the manufacturing process, determined

based on the iterations of the SVM classification model.
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[0083] In some implementations, detection device 220 may generate the final classification
model based on the transition time associated with the manufacturing process. For example,
detection device 220 may determine the transition time associated with the manufacturing
process, as described above. Here, detection device 220 may create a final set of unsteady state
data, including training spectral data associated with times before the transition time, and a set of
final steady state data including training spectral data associated with times at or after the
transition time. In this example, detection device 220 may apply the SVM technique to the final
set of unsteady state data and the final set of steady state data, and may generate the finalized
SVM classification model in a manner similar to that described above.

[0084)] In some implementations, as described above, the SVM classification model may
include a decision boundary (e.g., a hyperplane) that may serve as a basis for determining
whether a later performance of the manufacturing process has reached the steady state.
Additional details regarding the decision boundary are described below with regard to Fig. 6.
[0085] In some implementations, detection device 220 may store the final SVM
classification model such that detection device 220 may use the final SVM classification model
in order to determine whether a later performance of the manufacturing process is at the unsteady
state or the steady state, as described below. In this way, detection device 220 may generate a
SVM classification model that can receive, as input, spectral data associated with the
manufacturing process and provide, as an output, an indication of whether the manufacturing

process 1s at the unsteady state or the steady state.
[0086] In some implementations, a manufacturing process may include multiple state

transitions, and detection device 220 may repeat process 400 for each steady state in order to
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determine multiple SVM classification models associated with the manufacturing process. For
example, a manufacturing process may transition from a first unsteady state to a first steady
state, from the first steady state to a second unsteady state, and from the second unsteady state to
a second steady state. In this example, detection device 220 may perform process 400 (e.g.,
based on training spectral data measured associated with the manufacturing process) in order to
generate a SVM classification model associated with a transition time to the second steady state.
Next, detection device 220 may perform process 400 (e.g., based on a subset of the training
spectral data that does not include training spectral data associated with the second steady state)
in order to generate a SVM classification model associated with a transition time to the first
steady state.

[0087] Although Fig. 4 shows example blocks of process 400, in some implementations,
process 400 may include additional blocks, fewer blocks, difterent blocks, or differently
arranged blocks than those depicted in Fig. 4. Additionally, or alternatively, two or more of the
blocks of process 400 may be performed in parallel.

[0088] F1g. 6 is a flow chart of an example process 600 for determining, based on spectral
data and using a SVM classification model, whether a manufacturing process has reached a
steady state. In some implementations, one or more process blocks of Fig. 6 may be performed
by detection device 220. In some implementations, one or more process blocks of Fig. 6 may be
performed by another device or a group of devices separate from or including detection device

220, such as spectrometer 210 and/or user device 230.
[0089] As shown in Fig. 6, process 600 may include identifying a SVM classification model

for detecting whether a manufacturing process has reached a steady state (block 610). For
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example, detection device 220 may identify a SVM classification model for detecting whether a
manufacturing process has reached a steady state.

[0090] In some implementations, detection device 220 may identify the SVM classification
model based on information stored or accessible by detection device 220. For example,
detection device 220 may identify the SVM classification model based on storing a final SVM
classification model, generated by detection device 220, as described above with regard to
process 400.

[0091] In some implementations, detection device 220 may identify the SVM classification
model when detection device 220 receives (e.g., from spectrometer 210, user device 230, based
on user input, and/or the like) an indication that detection device 220 is to monitor the
manufacturing process in order to determine when the manufacturing process has reached a
steady state. For example, detection device 220 may receive, from spectrometer 210 and/or user
device 230, an indication that a particular manufacturing process is to be started or has been
started, and may (e.g., automatically) identify the SVM classification model based on receiving
the indication when, for example, detection device 220 is configured to automatically monitor
the manufacturing process in order to detect when the manufacturing process has reached a
steady state.

[0092] As further shown in Fig. 6, process 600 may include receiving spectral data
associated with the manufacturing process (block 620). For example, detection device 220 may

receive spectral data associated with the manufacturing process.
[0093] In some implementations, the spectral data may include spectra measured by one or

more spectrometers 210 during a performance of the manufacturing process. In some
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implementations, detection device 220 may receive the spectral data in real-time or near real-
time during the manufacturing process. For example, detection device 220 may receive spectral
data, measured by spectrometer 210 during the performance of the manufacturing process, in
real-time or near real-time relative to spectrometer 210 obtaining the spectral data. In some
implementations, detection device 220 may determine, based on the spectral data and the SVM
classification model, whether the manufacturing process has reached the steady state, as
described below.

[0094] As further shown in Fig. 6, process 600 may include determining, based on the
spectral data and the SVM classification model, whether the manufacturing process has reached
the steady state (block 630). For example, detection device 220 may determine, based on the
spectral data and the SVM classification model, whether the manufacturing process has reached
the steady state.

[0095] In some implementations, detection device 220 may determine whether the
manufacturing process has reached the steady state based on a decision boundary associated with
the SVM classification model. For example, based on identifying the transition time of the
manufacturing process using the training spectral data (as described above), detection device 220

may generate the SVM classification model including a decision boundary represented by a
hyperplane in spectroscopic space. Here, points in the spectroscopic space that are inside the
decision boundary represent spectroscopic conditions at which the manufacturing process is at
the steady state, while points outside of the decision boundary represent spectroscopic conditions

at which the manufacturing process is at the unsteady state. In some implementations, the

decision boundary may be generated based on applying the SVM classification model technique
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to the training spectral data after determining the transition time associated with the
manufacturing process, as described above.

[0096] Figs. 7A and 7B are example graphical representations 700 illustrating a simplified
decision boundary associated with the SVM classification model. For illustrative purposes, the
decision boundary shown in Figs. 7A and 7B is shown as being associated with a first principal
component (PC1) and a second principal component (PC2) only. In practice, the decision
boundary may be associated with a different number of components (e.g., 80 vanables, 120

variables, and/or the like).

[0097] In Figs. 7A and 7B, the gray points and lines represent training spectral data
measured at times at which the manufacturing process is in the unsteady state (i.e., from to to the
transition time associated with the SVM classification model), while the black points and lines
represent training spectral data measured at times at which the manufacturing process is in the
steady state (i.e., from the transition time associated with the SVM classification model to time
te). The light gray circles represent the last point at which the manufacturing process was in the
unsteady state and the first at which the manufacturing process was in the steady state. Fig. 7A
1s graphical representation of all training spectral data associated with the manufacturing process
(e.g., from time top to time te), while Fig. 7B 1s a close-up view of points within the space
indicated by the dashed rectangle in Fig. 7A. In Fig. 7B, the decision boundary is represented by
the thick line surrounding the points associated with the steady state (as well as a subset of the
points associated with the unsteady state). As indicated above, Figs. 7A and 7B are provided

merely as simplified illustrative examples. Other examples are possible and may differ from

what was described with regard to Figs. 7A and 7B.
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[0098] In some implementations, detection device 220 may determine whether the
manufacturing process has reached the steady state based on the decision boundary (e.g., a
decision boundary such as that shown in Fig. 7B). For example, detection device 220 may
receive spectral data associated with the manufacturing process, and may map the spectral data
as a point in the space associated with the decision boundary. Here, if the point, associated with
the spectral data, is on or within the decision boundary, then detection device 220 may determine
that the manufacturing process has reached the steady state. Alternatively, if the point,
associated with the spectral data, is outside of the decision boundary, then detection device 220
may determine that the manufacturing process has not reached the steady state (i.e., is at the
unsteady state).

[0099] In some implementations, detection device 220 may generate a confidence metric
(herein referred to as a decision value) associated with the determination of whether the
manufacturing process has reached the steady state. For example, detection device 220 may
determine, based on the decision boundary and the point representing the spectral data, a distance
from the decision boundary to the point representing the spectral data (e.g., a distance to a closest
point on the decision boundary). Here, points inside the decision boundary may be assigned
positive (or negative) decision values, while points outside of the decision boundary may be
assigned negative (or positive) decision values. In this example, decision values with higher
absolute values (e.g., 4.0, 2.5, -2.5, -4.0, and/or the like) represent a higher confidence in a

determination of the state of the manufacturing process than those with lower absolute values

(e.g., 0.5, 0.2, -0.2, -0.5, and/or the like).
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[00100] As indicated above, Figs. 7A and 7B are provided merely as illustrative examples.
Other examples are possible and may differ from what was described with regard to Figs. 7A and
7B.

[00101] Fig. 8 is a graphical representation 800 of example decision values determined based
on the decision boundary of Figs. 7A and 7B. In Fig. 8, negative decision values correspond to
spectral data, measured during a manufacturing process, with points that fall outside of the
decision boundary, while positive decision values correspond to spectral data, measured during
the manufacturing process, with points that fall inside of the decision boundary. As shown by
the vertical line in Fig. 8, detection device 220 determines a first positive decision value at
approximately time step 635.

[00102] In some implementations, detection device 220 may determine whether the
manufacturing process has reached the steady state based on a decision value threshold. For
example, detection device 220 may determine that the manufacturing process has reached the
steady state when a decision value, associated with a point inside the decision boundary, satisfies
a threshold. Using Fig. 8 as a particular example, if detection device 220 is configured to
determine that the manufacturing process has reached the steady state when detection device 220
determines a positive decision value that is greater than or equal to 2.0, then detection device 220
may make such a determination at approximately time step 75.

[00103]  As another example, detection device 220 may determine that the manufacturing
process has reached the steady state when a number of consecutive decision values, representing

spectral data associated with a number of consecutive time steps, satisfies a threshold. Using

Fig. 8 as a particular example, if detection device 220 is configured to determine that the
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manufacturing process has reached the steady state when detection device 220 determines five

consecutive positive decision values, then detection device 220 may make such a determination
at approximately time step 69.

[00104] As another example, detection device 220 may determine that the manufacturing
process has reached the steady state when a threshold number of consecutive decision values
satisty a threshold. Using Fig. 8 as a particular example, if detection device 220 is configured to
determine that the manufacturing process has reached the steady state when detection device 220
determines three consecutive positive decision values that are greater than or equal to 1.0, then
detection device 220 may make such a determination at approximately time step 68.

[00105] As another example, detection device 220 may be determine that the manufacturing
process has reached the steady state when an average or a weighted average of a number of
decision values (e.g., a series of consecutive positive decision values) satisfies a threshold. In
some implementations, use of a decision value threshold may protect against an incorrect
determination that the manufacturing process has reached the steady state (e.g., since the
manufacturing process may be stochastic in nature).

[00106] As indicated above, Fig. 8 is provided merely as an illustrative example. Other
examples are possible and may differ from what was described with regard to Fig. 8.

[00107]  Returning to Fig. 6, if the manufacturing process has not reached the steady state
(block 630 — NO), then process 600 may include receiving additional spectral data associated

with the manufacturing process (block 620). For example, detection device 220 may determine

that the manufacturing process has not reached the steady state (e.g., that the manufacturing
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process is still in the unsteady state), and may wait to receive additional spectral data (e.g.,
collected at a next time step during the manufacturing process).

[00108] In some implementations, may determine, based on the additional spectral data,
whether the manufacturing process has reached the steady state, in the manner described above.
In some implementations, detection device 220 may continue receiving spectral data and
determining whether the manufacturing process has reached the steady state until detection
device 220 determines that the manufacturing process has reached the steady state.

[00109]  As further shown in Fig. 6, if the manufacturing process has reached the steady state
(block 630 — YES), then process 600 may include determining a quantitative metric associated
with the steady state (block 640). For example, detection device 220 may determine that the
manufacturing process has reached the steady state, and may determine a quantitative metric
associated with the steady state.

[00110] The quantitative metric may include a metric indicating a quantitative property
associated with the steady state, such as a concentration of constituent parts of a compound at the
steady state, a particle size at the steady state, and/or the like. In some implementations, a steady
state, detected by detection device 220 based on the spectral data, may correspond to a particular
composition of constituent compounds with particular physical properties, such as particle size.

Thus, the quantitative metric may be predicted based on the spectral data associated with the

steady state.
[00111] For example, in some implementations, detection device 220 may store or have
access to a regression model (e.g., PLS regression model, a SVR model) that receives, as input,

the spectral data based on which the steady state was detected, and provide, as output, the
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quantitative metric associated with the steady state. In this example, the output from the
regression model may be, for example, a concentration of each constituent part of the compound,
a particular size of the compound, and/or the like.

[00112] In some implementations, detection device 220 may store or have access to the
regression model. Additionally, or alternatively, detection device 220 may generate the
regression model (at an earlier time) based on the training spectral data and training quantitative
data (e.g., information that identifies quantitative metrics corresponding to the training spectral
data). In some implementations, the determination of the quantitative metric is optional.
[00113]  As further shown in Fig. 6, process 600 may include providing an indication that the
manufacturing process has reached the steady state and information associated with the
quantitative metric (block 650). For example, detection device 220 may provide an indication
that the manufacturing process has reached the steady state and information associated with the
quantitative metric.

[00114] In some implementations, detection device 220 may provide the indication that the
manufacturing process has reached the steady state and/or the information associated with the
quantitative metric to another device, such as user device 230 (e.g., such that a user can be

informed that the manufacturing process has reached the steady state and/or view the information

associated with the quantitative metric).

[00115]  Additionally, or alternatively, detection device 220 may provide the indication that

the manufacturing process has reached the steady state in order to cause an action to be
automatically performed. For example, detection device 220 may provide the indication to a

device associated with performing the manufacturing process in order to cause the manufacturing
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process to stop the manufacturing process (€.g., stop a mixing process assoctated with the steady
state), initiate a next step in the manufacturing process, cause the manufacturing process to be
restarted (e.g., restart the mixing process on new raw materials), and/or the like.

[00116] Although Fig. 6 shows example blocks of process 600, in some implementations,
process 600 may include additional blocks, fewer blocks, different blocks, or differently
arranged blocks than those depicted in Fig. 6. Additionally, or alternatively, two or more of the
blocks of process 600 may be performed in pérallel.

[00117] Implementations described herein provide a detection device capable of generating a
SVM classification model for determining whether a manufacturing process (e.g., a continuous
manufacturing process, a batch manufacturing process, and/or the like) has reached a steady
state, and determining, using the SVM classification model and based on multivariate spectral
data associated with the manufacturing process, whether the manufacturing process has reached
the steady state. In some implementations, the SVM classification model may take into account
multiple variables (e.g., 80 variables, 120 variables, 150 variables, and/or the like), thereby
increasing accuracy and/or robustness of the SVM classification model (e.g., as compared to a
univariate technique or a PCA technique).

[00118] The foregoing disclosure provides illustration and description, but is not intended to
be exhaustive or to limit the implementations to the precise form disclosed. Modifications and
variations are possible in light of the above disclosure or may be acquired from practice of the
implementations.

[00119]  As used herein, the term component is intended to be broadly construed as hardware,

firmware, and/or a combination of hardware and software.
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[00120] Some implementations are described herein in connection with thresholds. As used
herein, satisfying a threshold may refer to a value being greater than the threshold, more than the
threshold, higher than the threshold, greater than or equal to the threshold, less than the
threshold, fewer than the threshold, lower than the threshold, less than or equal to the threshold,
equal to the threshold, etc.

[00121] It will be apparent that systems and/or methods, described herein, may be
implemented in different forms of hardware, firmware, or a combination of hardware and
software. The actual specialized control hardware or software code used to implement these
systems and/or methods is not limiting of the implementations. Thus, the operation and behavior
of the systems and/or methods were described herein without reference to specific software
code—it being understood that software and hardware can be designed to implement the systems
and/or methods based on the description herein.

[00122] Even though particular combinations of features are recited in the claims and/or
disclosed in the specification, these combinations are not intended to limit the disclosure of
possible implementations. In fact, many of these features may be combined in ways not
specifically recited in the claims and/or disclosed in the specification. Although each dependent
claim listed below may directly depend on only one claim, the disclosure of possible
implementations includes each dependent claim in combination with every other claim in the
claim set.

[00123] No element, act, or instruction 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 may be used interchangeably with “one or more.” Furthermore,
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as used herein, the term ““set” is intended to include one or more items (e.g., related items,
unrelated items, a combination of related items, and unrelated items, etc.), and may be used
interchangeably with “one or more.” Where only one item 1s intended, the term “one” or similar

language 1s used. Also, as used herein, the terms “has,” *have,” “having,” and/or the like are

intended to be open-ended terms. Further, the phrase “based on” is intended to mean “based, at

least in part, on” unless explicitly stated otherwise.
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WHAT IS CLAIMED IS:

1. A device, comprising:

one or more processors to:

receive training spectral data associated with a manufacturing process that
transitions from an unsteady state to a steady state;

generate, based on the training spectral data, a plurality of iterations of a support
vector machine (SVM) classification model;

determine, based on the plurality of iterations of the SVM classification model, a
plurality of predicted transition times associated with the manufacturing process,

a predicted transition time, of the plurality of predicted transition times,
identitying a time, during the manufacturing process, that a corresponding
iteration of the SVM classtfication model predicts that the manufacturing process
transitioned from the unsteady state to the steady state; and
generate, based on the plurality of predicted transition times, a final SVM

classification model associated with determining whether the manufacturing process has

reached the steady state.
2. The device of claim 1, where the one or more processors are further to:
receive additional spectral data associated with the manufacturing process; and

determine, based on the final SVM classification model and the additional

spectral data, that the manufacturing process has not reached the steady state.
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3. The device of claim 1, where the one or more processors are further to:
receive additional spectral data associated with the manufacturing process; and
determine, based on the final SVM classification model and the additional

spectral data, that the manufacturing process has reached the steady state.

4, The device of claim 3, where the one or more processors are further to:

provide an indication that the manufacturing process has reached the steady state.

5. The device of claim 3, where the one or more processors are further to:
determine, based on determining that the manufacturing process has reached the

steady state, a quantitative metric associated with the steady state; and

provide information associated with the quantitative metric.

6. The device of claim 1, where the one or more processors, when generating the plurality

of iterations of the SVM classification model, are to:

create, based on the training spectral data, a set of unsteady state data and a set of

steady state data; and

generate an iteration, of the plurality of iterations of the SVM classification

model, based on the set of unsteady state data and the set of steady state data.

7. The device of claim 6, where the one or more processors, when determining the plurality

of predicted transition times, are to:
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determine, based on the training spectral data and the iteration of the SVM

classification model, the predicted transition time, associated with the iteration of the

SVM classification model,

the predicted transition time being one of the plurality of predicted

transition times.

8. The device of claim 1, where the one or more processors are further to:
perform a dimension reduction, based on the training spectral data, before

generating the plurality of iterations of the SVM classitication model.

9. A non-transitory computer-readable medium storing instructions, the instructions
comprising:
one or more instructions that, when executed by one or more processors, cause the one or
more processors 1o:
receive training spectral data associated with a first performance of a
manufacturing process that transitions from an unsteady state to a steady state;
iteratively generate, based on the training spectral data, a support vector machine
(SVM) classification model associated with determining whether another performance of
the manufacturing process has transitioned from the unsteady state to the steady state;
receive additional spectral data associated with a second performance of the

manufacturing process; and
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determine, based on the SVM classification model and the additional spectral
data, whether the second performance of the manufacturing process has transitioned from

the unsteady state to the steady state.

10.  The non-transitory computer-readable medium of claim 9, where the one or more
instructions that cause the one or more processors to determine whether the second performance
of the manufacturing process has transitioned from the unsteady state to the steady state, cause
the one or more processors to:
determine that the second performance of the manufacturing process has
transitioned from the unsteady state to the steady state; and
provide an indication that the second performance of the manufacturing process

has transitioned from the unsteady state to the steady state.

11.  The non-transitory computer-readable medium of claim 10, where the one or more
instructions, when executed by the one or more processors, further cause the one or more
processors to:
determine, based on determining that the second performance of the
manufacturing process has transitioned from the unsteady state to the steady state, a
quantitative metric associated with the second performance of the manufacturing process;

and

provide information associated with the quantitative metric.
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12.  The non-transitory computer-readable medium of claim 11, where the one or more
instructions, when executed by the one or more processors, further cause the one or more
processors to:
identify é regression model associated with the quantitative metric; and
where the one or more instructions, that cause the one or more processors to
determine the quantitative metric, cause the one or more processors to:

determine the quantitative metric based on the regression model.

13.  The non-transitory computer-readable medium of claim 9, where the one or more
instructions, that cause the one or more processors to iteratively generate the SVM classification
model, cause the one or more processors to:
create, based on the training spectral data, a first set of unsteady state data and a
first set of steady state data;
generate a first iteration of the SVM classification model based on the first set of
unsteady state data and the first set of steady state data;
create, based on the training spectral data, a second set of unsteady state data and
a second set of steady state data; and

generate a second iteration of the SVM classification model based on the second

set of unsteady state data and the second set of steady state data.
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14. The non-transitory computer-readable medium of claim 13, where the one or more
instructions, when executed by the one or more processors, further cause the one or more
processors to:
determine, based on the first iteration of the SVM classification model, a
predicted transition time associated with the first iteration of the SVM classification

model; and

where the one or more instructions that cause the one or more processors to create
the second set of unsteady state data, cause the one or more processors to:

create the second set of unsteady state data based on the predicted

transition time associated with the first iteration of the SVM classification model.

15. A method, comprising:
recetving, by a device, first spectral data associated with a first performance of a
manufacturing process that transitions from an unsteady state to a steady state;

generating, by the device and based on the first spectral data, a plurality of
iterations of a support vector machine (SVM) classification model;

determining, by the device and based on the plurality of iterations of the SVM
classification model, a plurality of predicted transition times associated with the first

performance of the manufacturing process;
generating, by the device and based on the plurality of predicted transition times,
a final SVM classification model associated with determining whether another

performance of the manufacturing process has reached the steady state;
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recetving, by the device, second spectral data associated with a second
performance of the manufacturing process; and

determining, by the device, whether the second performance of the manufacturing
process has reached the steady state based on the final SVM classification model and the

second spectral data.

16.  The method of claim 15, where determining whether the second performance of the
manufacturing process has reached the steady state comprises:
determining that the second performance of the manufacturing process has not

reached the steady state.

17.  The method of claim 15, where determining whether the second performance of the

manufacturing process has reached the steady state comprises:
determining that the second performance of the manufacturing process has

reached the steady state.

18.  The method of claim 17, further comprising:

providing an indication that the manufacturing process has reached the steady

state,

where providing the indication causes an action, associated with the

manufacturing process, to be automatically performed.
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19.  The method of claim 17, further comprising:

determining, based on a regression model associated with the manufacturing
process, a quantitative metric associated with the steady state; and

providing information associated with the quantitative metric.

20.  The method of claim 15, further comprising:

performing a dimension reduction, associated with the first spectral data, before

generating the plurality of iterations of the SVM classification model.
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