(12) INTERNATIONAL APPLICATION PUBLISHED UNDER THE PATENT COOPERATION TREATY (PCT)

J

=

(19) World Intellectual Property
Organization
International Bureau

(43) International Publication Date
17 October 2019 (17.10.2019)

(10) International Publication Number

WO 2019/200015 A1

WIPO I PCT

(51) International Patent Classification:

GOIN 23/201 (2006.01) GO01B 15/04 (2006.01)
GOIN 23/04 (2006.01) GO3F 7/20 (2006.01)
GOIN 21/21 (2006.01) GOG6N 20/00 (2019.01)

(21) International Application Number:
PCT/US2019/026851

(22) International Filing Date:
10 April 2019 (10.04.2019)

(25) Filing Language: English
(26) Publication Language: English
(30) Priority Data:

62/655,728 10 April 2018 (10.04.2018) UsS

(71) Applicant: LAM RESEARCH CORPORATION
[US/US], 4650 Cushing Parkway, Fremont, California
94538 (US).

(72) Inventors: FENG, Ye; 4650 Cushing Parkway, Fremont,
California 94538 (US). ZHANG, Yan; 4650 Cushing Park-

way, Fremont, California 94538 (US). SORKHABI, Os-
man; 4650 Cushing Parkway, Fremont, CA 94538 (US).

Agent: WEAVER, Jeffrey K. et al.; Weaver Austin Vil-
leneuve & Sampson LLP, P.O. Box 70250, Oakland, Cali-
fornia 94612-0250 (US).

(74)

(81) Designated States (unless otherwise indicated, for every
kind of national protection available). AE, AG, AL, AM,
AO, AT, AU, AZ, BA, BB, BG, BH, BN, BR, BW, BY, BZ,
CA, CH, CL, CN, CO, CR, CU, CZ,DE, DJ, DK, DM, DO,
DZ, EC, EE, EG, ES, FI, GB, GD, GE, GH, GM, GT, HN,
HR, HU, ID, IL, IN, IR, IS, JO, JP, KE, KG, KH, KN, KP,
KR,KW,KZ,LA,LC,LK,LR,LS,LU,LY, MA, MD, ME,
MG, MK, MN, MW, MX, MY, MZ, NA, NG, NI, NO, NZ,
OM, PA, PE, PG, PH, PL, PT, QA, RO, RS, RU, RW, SA,
SC, SD, SE, SG, SK, SL, SM, ST, SV, SY, TH, TJ, TM, TN,
TR, TT, TZ, UA, UG, US, UZ, VC, VN, ZA, ZM, ZW.

(84) Designated States (unless otherwise indicated, for every
kind of regional protection available): ARIPO (BW, GH,

GM, KE, LR, LS, MW, MZ, NA, RW, SD, SL, ST, SZ, TZ,

(54) Title: OPTICAL METROLOGY IN MACHINE LEARNING TO CHARACTERIZE FEATURES

401

( 407

Optical Metrology

.

403
Test Substrate

409
Machine Learning Model
000 gO -~
Metrology
Output 0000
0000

411
< Output — Feature Profile,
CD, Contour, . . ..
Figure 4

w0 20197200015 A 1 |0 000 00000 O O 0

(57) Abstract: A metrology system may include an optical metrology tool configured to produce an optical metrology output for one
or more features on a processed substrate, and a metrology machine learning model that has been trained using a training set of (i)
profiles, critical dimensions, and/or contours for a plurality of features, and (ii) optical metrology outputs for the plurality of features.
The metrology machine learning model may be configured to: receive the optical metrology output from the optical metrology tool;
and output the profile, critical dimension, and/or contour of the one or more features on the processed substrate.

[Continued on next page]



WO 2019/200015 A1) 08P 000 00 00T Y OO0

UG, ZM, ZW), Eurasian (AM, AZ, BY, KG, KZ, RU, TJ,
TM), European (AL, AT, BE, BG, CH, CY, CZ, DE, DK,
EE, ES, FI, FR, GB, GR, IR, HU, IE, IS, IT, LT, LU, LV,
MC, MK, MT, NL, NO, PL, PT, RO, RS, SE, SL SK, SM,
TR). OAPI (BF, BJ, CF, CG, CL CM, GA, GN, GQ, GW,
KM, ML, MR, NE, SN, TD, TG).

Declarations under Rule 4.17:
— of'inventorship (Rule 4.17(iv))

Published:
—  with international search report (Art. 21(3))



10

15

20

25

30

WO 2019/200015 PCT/US2019/026851

OPTICAL METROLOGY IN MACHINE LEARNING
TO CHARACTERIZE FEATURES

INCORPORATION BY REFERENCE

A PCT Request Form is filed concurrently with this specification as part of the present
application. Each application that the present application claims benefit of or priority to as
identified in the concurrently filed PCT Request Form is incorporated by reference herein

in its entirety and for all purposes.

BACKGROUND

The performance of semiconductor device fabrication operations such as plasma-assisted
etch processes is often essential to the success of a semiconductor device processing
workflow. However, optimization or tuning of the fabrication processes and/or the tools
associated with them (e.g., etch reactors, lithography masks, etc.) may prove technically
difficult and time-consuming, often involving skilled personnel manually adjusting etch
process parameters or tool component designs to generate the desired target feature
profile. Metrology tools should accurately gauge the performance of etch or deposition
processes by measuring features on fabricated or partially fabricated devices. Currently,

various metrology tools are used for this purpose.

Background and contextual descriptions contained herein are provided solely for the
purpose of generally presenting the context of the disclosure. Much of this disclosure
presents work of the inventors, and simply because such work is described in the
background section or presented as context elsewhere herein does not mean that it is

admitted to be prior art.

SUMMARY

Certain aspects of this disclosure pertain to method of determining a profile, critical
dimension, and/or contour of one or more features on a processed substrate. Such
methods may be characterized by the following features: (a) performing optical metrology
on the one or more features on the processed substrate to produce an optical metrology
output; (b) providing the optical metrology output to a metrology machine learning model
that has been trained using a training set of (1) profiles, critical dimensions, and/or

contours for a plurality of features, and (i) optical metrology outputs for the plurality of
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features; and (c) receiving, from the metrology machine learning model, the profile,
critical dimension, and/or contour of the one or more features on the processed substrate.
In certain embodiments, the methods additionally include training the metrology machine
learning model by producing multiple sets of optical metrology output, each generated for
a different orientation and/or location of test features with respect an optical metrology
apparatus, for the test features. In certain embodiments, the metrology machine learning

model was produced using a supervised machine learning technique.

In certain embodiments, the optical metrology is a scatterometry technique. For example,
the optical metrology output may include a reflectance spectra and/or ellipsometric output
data.

In certain embodiments, the methods additionally include performing pattern recognition
on the one or more features on the processed substrate; and determining that a pattern of
the one or more features conforms with an expected pattern. In certain embodiments, the
methods additionally include performing optical metrology on the one or more features on

the processed substrate includes raster scanning over the processed substrate.

In some cases, the profiles, critical dimensions, and/or contours for a plurality of features
in the training set were obtained using an electron microscopy technique and/or using CD-
SAXS.

In certain embodiments, the methods additionally include decomposing the optical
metrology output to produce a reduced set of optical metrology values and providing the
reduced set of optical metrology values to the metrology machine learning model. In
some cases, decomposing the optical metrology output includes identifying principal
components of the optical metrology output or applying the optical metrology output to an

autoencoder.

Other aspects of the disclosure pertain to metrology systems that may be characterized by
the following elements: (a) an optical metrology tool including an optical probe source and
an optical detector and a processor configured to produce an optical metrology output
from data produced by the optical detector when an optical probe is directed onto one or
more features on a processed substrate; and (b) a metrology machine learning model that
has been trained using a training set of (i) profiles, critical dimensions, and/or contours for
a plurality of features, and (i1) optical metrology outputs for the plurality of features. In
certain embodiments, the metrology machine learning model is configured to: receive the
optical metrology output from the optical metrology tool; and output the profile, critical

dimension, and/or contour of the one or more features on the processed substrate.
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In some systems, the metrology machine learning model was trained using multiple sets of
optical metrology output, each generated for a different orientation and/or location of test
features with respect a test optical metrology apparatus. In some embodiments, the
metrology machine learning model was generated using a supervised machine learning

technique.

In certain embodiments, the optical metrology tool is a scatterometer. In some metrology
systems, the optical metrology output inlcudes a reflectance spectra and/or ellipsometric
output data.

Some metrology systems additionally include a pattern recognition tool comprising a
camera and processor configured to: perform pattern recognition on the one or more
features on the processed substrate; and determine that a pattern of the one or more
features conforms with an expected pattern. In some metrology systems, the optical

metrology tool is configured to raster scan over the processed substrate.

In some metrology systems, the profiles, critical dimensions, and/or contours for a
plurality of features in the training set were obtained using an electron microscopy
technique and/or by using CD-SAXS.

In certain embodiments, the metrology machine learning model is further configured to:
decompose the optical metrology output to produce a reduced set of optical metrology
values and provide the reduced set of optical metrology values to the metrology machine
learning model. In some such embodiments, the metrology machine learning model is
configured to decompose the optical metrology output by identifying principal
components of the optical metrology output or by applying the optical metrology output to

an autoencoder.
These and other features will be described below with reference to the associated

drawings.

BRIEF DESCRIPTION OF THE DRAWINGS

Figure 1 presents a flow chart for generating a metrology machine learning model in

accordance with certain method embodiments of this disclosure.

Figure 2 presents a flow chart for using a metrology machine learning model in

accordance with certain method embodiments of this disclosure.
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Figure 3 shows an example computational system that may be used to train and/or run

optical metrology machine learning models.

Figure 4 presents a block diagram of a metrology system including a model configured to
generate geometric representations of substrate features, such as would be obtained using

electron microscopy, from optical metrology data.

DESCRIPTION

Current methods of evaluating semiconductor wafers and other samples used in
semiconductor process development employ techniques such as x-SEM (x-ray Scanning
Electron Microscopy), STEM (Scanning Transmission Electron Microscopy), and CD-
SAXS (Critical Dimension Small Angle X-ray Scattering) for cross-sectional image
capture. Current methods then use image analysis software to extract the feature of
interest. Coupons are often used instead of full wafers to study the effect of etch or other
fabrication processes on patterned substrates. Coupons are test samples or substrates that
typically have materials and layers that are identical to or resemble those materials and
layers used in a semiconductor device fabrication operation. Frequently, coupons are
smaller than semiconductor wafers. They may be circular or polygonal (e.g., rectangular)

and occupy only a few square centimeters.

Among the challenges sometimes encountered with current electron microscopy-based

approach are the following.
1. The cost of x-SEM and STEM is high and the speed of CD-SAXS is slow;

2. Due to line-edge roughness, the error bar of each x-SEM / STEM image is high; to

reduce this error, more cross sections are needed, which drives the cost even higher.

3. Features are extracted manually and prone to operator error and/or operator-to-operator

variability.

4. STEM and x-SEM are destructive, and therefore require repeating all prior fabrication
operations to accurately consider each etch step, and thereby enable a complete
understanding of full etch effect. However, there is no guarantee that the multiple
coupons cross sectioned at different steps are the same. Small differences in these
coupons, either from incoming conditions or from etch conditions may contribute large

errors in process development.
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Disclosed herein are methods and systems for supervised machine learning using spectra
collected off coupon samples to generate models that can easily and accurately predict
feature characteristics normally obtained by a destructive metrology technique such as
electron microscopy (e.g., x-SEM and STEM) or by another time consuming process such
as CD-SAXS. During training, many samples may be processed according to a defined
process (e.g., etch or deposition) and then cross sectioned to extract the profile information
useful for process development and/or process monitoring. Models trained using this
information can receive optical signals from optical metrology tools—which tend operate
quickly, inexpensively, and non-destructively—and output the ground truth of features
established by another metrology tool—which tend to operate slowly, expensively, and

often destructively.

In some cases, the profile information may suffer from inaccuracy due to feature
extraction off of blurry boundaries in micrographs or other images. If a sufficiently large
training set is used (e.g., at least about 20 samples, or at least about 100 samples), and
each of these samples is evaluated using both electron microscopy (and/or CD-SAXS) and
optical metrology (e.g., x-SEM and STEM is conducted along with measuring spectra) on

the feature of interest, the method can enable reliable supervised training.

In some cases, at least some of the samples are evaluated at locations where a single type
of feature occupies at least a significant fraction of an optical spot created by incident light
on the sample. Often the features of interest have dimensions on the order of a few
hundred nanometers or less, while optical spots are on the order of 5-40 micrometers. For
a single feature to make a strong contribution to the optical signals obtained from the
metrology tool, when spot sizes are significantly larger than feature sizes, the feature may
need to be repeated over the area occupied by the incident spot. However, this is not a
rigid requirement of the samples/locations used in the training set. Many machine
learning techniques are sufficiently robust that at least some training set members (or at
least their optical metrology signals) can have contributions of multiple types of features
in an optical signal. Regardless of the composition of the training set, the pairing of
spectra and CD, profile, and/or contour information extracted using a reliable profiling
technique such as x-SEM, STEM, CD-SAXS or other destructive or slow metrology can

enable a supervised training.

Note that the training is supervised in the sense that the destructive metrology technique
(e.g., x-SEM/STEM) or other slow profiling technique provides known feature
characteristics such as a feature’s profile, contour, or critical dimension (CD) that are used
to identify optical signal characteristics that correspond to the known feature

characteristics. The resulting model can accurately predict feature profile information
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when supplied with optical data collected under conditions used to train the model. In the
methods and systems described here, there may be two implementation steps -- training
and testing. Ultimately, a generated and validated metrology machine learning model may
be employed in an optical metrology system to directly provide information about feature

profiles, CDs, and/or contours.
Training

In certain embodiments, the training employs scatterometry to capture the reflected spectra
using a range of optical information, which may span ranges of angle of incidence (normal
incidence and oblique incidence), azimuthal direction including a full 360 degrees,
wavelength (e.g., including visible, infrared, and/or ultraviolet), and polarization on the
feature of interest. After collecting this optical metrology information, the coupons are
analyzed by x-SEM, TEM, CD-SAXS, or the like. An accumulation of several samples
(e.g., greater than about 20 samples or greater than about 100 samples) may be employed.
Each such sample may generate one or more training set member. For example, a single
sample may be analyzed using a plurality of optical metrology settings (e.g., angles of
incidence), each setting producing a separate optical metrology reading and associated

training set member.

It can be challenging to position and/or orient a coupon in an error-free manner. While
metrology tools are designed to fine tune the position and orientation of wafers that have
standard sizes, and thereby provide relatively low error capture of optical metrology
results, these tools are not designed to so carefully control the position and orientation of
coupons. Coupons frequently have sizes and shapes that are much different from the sizes
and shapes of production wafers. Therefore steps may need to be taken to address the

possible errors in optical metrology signals produced from coupons.

In certain embodiments, positional and/or rotational error is reduced by translating,
rotating, and/or otherwise reorienting the sample different ways under the beam of an
optical metrology tool and capturing optical signals at all these different positions or
orientations. Each of the different positions/orientations may present the same location for
the spot of a beam of the optical metrology tool. Collectively, these different positions
average out error that might occur in a small fraction of the different translational
positions and/or orientations. For training, each of the different optical signals captured at
these different positions or orientations is associated with the same x-SEM, STEM, CD-
SAXS, or other direct measurement. Thus, a given position on a sample (coupon) may
produce a large number of training set members, each using the same x-SEM, STEM, or

CD-SAXS measurement but different optical signals obtained at different translational
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positions or orientations. Collectively, the number of such training set members is large

enough to cover realistic error of typical experimental conditions.

As should be apparent, each sample subject to optical metrology is subsequently sent to an
x-SEM apparatus, a TEM apparatus, a CDSAXS apparatus, or other apparatus for
conducting measurement on features having been produced by a process under
consideration. The destructive process provides information for extracting the CD,

profile, contour, or other characteristics of features.

Z-direction resolved information can be obtained, as noted, by non-destructive (or less
destructive) techniques such as CD-SAXS (critical dimension small angle X-ray
scattering). CD-SAXS is an X-ray scattering technique that can be used to reconstruct the
in-plane and out-of-plane structure of nanostructured thin-films. The technique involves
collecting a series of transmission small angle X-ray scattering images, at a variety of
sample rotation angles. These {4« :¢y/images can be combined to reconstruct the 3D
reciprocal space (e.g., Fourier transformed), in particular probing the iy %< Islice that

contains both in-plane and out-of-plane (film normal direction) information.

Training may start using, e.g., about 100 pairs of spectra and CD values, profiles, and/or
contours. Different supervised learning techniques can be employed (regression, decision
tree, support vector machine, neural networks, etc.) to map the relationship between
spectra and CD/ profile/contour features. Hyper-parameters may be optimized to ensure
best validation result before testing. If other information pertaining to coupon-to-coupon
variations, e.g., layer thicknesses and optical constants, is available, it can also be used as

the input to supervised learning.

In one implementation, the supervised training method utilizes a dimensionality reduction
technique/tool such as principal component analysis (PCA) or an autoencoder. The
dimensionality reduction technique is optionally used in conjunction with producing a
neural network or other supervised machine learning model. For example, PCA may be
employed to identify optical signal characteristics or combinations of optical signal
characteristics from optical metrology signals that are affected relatively strongly,
compared to other optical signal characteristics, by a feature characteristic of interest such
as feature critical dimension. The resulting principal components (vectors of optical signal
characteristics that are strongly affected by features of interest) are used in training the
model and as inputs to resulting model. More generally, any technique that decomposes
or identifies aspects of optical signals for use in training a model (and as inputs to
subsequently generated models) may be employed. Any such technique may receive n

spectral intensity values (from optical metrology) that result from m sources of variation in
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substrate features and identify approximately m unique spectral signatures. The value of n

will typically be much greater than the value of m, e.g., but at least an order of magnitude.

In another implementation, a deep learning neural network is employed in a manner that
does not require a principal components extraction step. As with the PCA-neural network
implementation, once training is done to produce a deep learning model with sufficient
accuracy to predict the CD, contour, and/or profile information, it can circumvent x-SEM,
STEM, CD-SAXS and the like to directly report the above information (e.g., feature

profiles or geometric characteristics of the features).

With the averaging power of optical technology on large targets, this method provides
average CD/contour/profile information more effectively than multiple x-SEM, STEM,
CD-SAXS, etc. measurements. Periodic structures are most useful due to their

translational invariance, but the methods are not limited to periodic structures.

In certain embodiments, the training can be supplemented with pattern data representing
an expected pattern at the locations on a sample where optical metrology obtains signal
and the SEM cross-section is taken. Standard pattern recognition software is available to
take camera images of such locations and determine whether the location has an expected
pattern. If the location does not have the expected pattern, optical and microscopy data
may not be acquired, or if it is acquired, may be eliminated or given low weight in the

model training.

The non-invasive metrology data used to train the model can come from any of various
conventional and unconventional optical techniques. Such techniques may capture

reflectance and/or ellipsometric spectra using, e.g., scatterometry and/or ellipsometry.

In certain embodiments, the training can be supplemented with optical signal obtained by
raster scanning the beam from the metrology tool over the coupon or other sample. While
the resulting data is collected over a range of locations on the sample, it may be associated
with feature profiles (or other geometric characteristics) at one or more specific locations

on the sample.
Example process flow for training

Figure 1 presents an example process flow 101 for producing a model that can be
deployed in an optical metrology tool or an optical metrology system. As illustrated, the
process begins with an operations 103 in which a collection of substrates (e.g., coupons) is
exposed to a variety of different process conditions to produce a variety of different
features on the substrates. A goal here is provide a variety of feature profiles and/or shapes

in the domain of a model’s predictive range. For example, a first substrate is exposed to a
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first set of process conditions (plasma power, plasma frequency and other plasma
conditions, process gas composition, reactor temperature and pressure, mask geometry,
etc.), a second substrate is exposed to second set of process conditions, different from the
first set, a third substrate is exposed to a third set of process conditions, different from the
other two sets of conditions, and so on. At the end of this operation, multiple substrates
having multiple different feature profiles and optionally multiple different contours,
critical dimensions, etc. In an alternative approach, the same process conditions (e.g., the
conditions of a process of record) are applied to each substrate, but intrinsic variability of
the processing produces slightly different feature structures (as reflected by profiles,
contours, and/or CDs) on the substrates. These intrinsic variations can serve as the basis

for a training set.

Next, at an operation 105, optical metrology is performed on the features of the test
substrates produced in operation 103. In each case, the resulting optical signals may be
associated with the substrate or features that produced those signals, although the profiles
or other geometric details of the features typically are not yet known. As should be
understood, the optical signals may not directly indicate the profile, critical dimension,

contour, or other geometric characteristic of the features that produced those signals.

Optionally, at a process operation 107, the process repeats performing optical metrology
on the features under different conditions (e.g., different substrate orientations, different
probe beam spot sizes, etc.). As explained, many forms of optical metrology may be
employed, and, as well, many modes of executing a single metrology may be employed.
Such modes include specific settings of the optical metrology tool such as azimuthal
positions and angles of incidence of beams, spot size, spot position on the substrate,
rasterized scanning, etc. Further, a pattern recognition pre-step may be employed to
remove certain measurements that do not appear to correspond to an expected feature

pattern.

Next, in an operation 109, the method performs a form of metrology that directly
generates profiles or other geometric characteristics of the features on the test substrates.
As indicated, such metrologies are often slow and/or destructive. Examples include
various forms of electron microscopy including various forms of TEM (e.g., STEM) and
SEM (e.g., x-SEM and CD-SEM), as well as CD-SAXS. The resulting directly measured
geometric characteristics of the features are associated with the corresponding optical

signals produced by the features in operation 105, and optionally operation 107.

At this point, information for a full training set is available, and, as illustrated at operation
111, the process trains a metrology model using optical metrology signals produced in 105

and, optionally, 107 together with the associated feature profiles, contours, CDs, etc.

9
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produced in 109. The resulting model is tested and/or validated as indicated at operation

113. The resulting model may be installed in a metrology tool or system.
The following sequence presents a further example of a process flow.

1. Provide coupons having features produced using a process under consideration (e.g., a
process of record) and identify one or more locations where features of interest reside

Optionally perform pattern recognition at the location(s)

2. From the coupons provided in 1, obtain optical metrology data at the location(s) where

features of interest are located

3. From the coupons provided in 1 and using x-SEM, STEM, or other destructive
technique or a slow technique such as CD-SAXS that provides a direct representation of
the geometric characteristics, obtain profiles or other geometric characteristics of features,

at the locations used in 2

4. Using the data from 2 and 3 to train a model that takes as input optical metrology data
produced as in 2 and predicts geometric characteristics produced using the process under

consideration.
Testing

In testing, an inference is conducted by using the same optical metrology technique (e.g.,
scatterometry) used to capture the raw data during training, and then feed into the
previously established supervised learning model, to predict the CD / profile feature of
interest. If training is conducted with metrology conducted at multiple translational
positions and/or orientations, then some or all of those positions/orientations may be
employed to capture the data fed into the model. Further, if the training is conducted
using pattern recognition by a camera, that same pattern recognition may be employed to
filter data provided to the model. Still further, if the training is conducted using a raster
scan of an optical metrology probe beam, that same raster scan may be conducted during
testing and the resulting scan data provided to the model. Of course, test data should be
generated under different conditions than the training data. So typically, the test data is
generated on substrate features produced using fabrication processes that are in some ways
different from those employed to generate the training data. For example, the test data
may be generated using combinations of etch conditions that are different from any

combination used to generate any of the training data.

10
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Applications

The metrology machine learning models generated as described herein have various
applications. The scope of the application of any given model depends, at least in part, on
the range of applicability for the model; some models are applicable more generally—in
terms of number of processes for which they can validly predict feature characteristics—
than other models. For example, a model may be produced for a particular process; e.g.,
an anisotropic etch process employing a particular chemistry to produce the pattern of a

particular design layout.

After effectively training a model, this method can drastically reduce the costs associated
with performing destructive testing such as STEM and x-SEM. This is useful if the same
type of samples is to be repeatedly used to tune the process on, e.g., > 100 coupon

samples.

This method also brings in better coupon-to-coupon consistency as random errors &
LER/LWR (line edge roughness and line width roughness) on CD/contours/profiles are
spatially averaged out by the optical signals. Machine learning is utilized here to map the
complex relationship between spectra and CD/contour/profile of feature of interest. When
the errors are well controlled, this work flow may be operator free. The nondestructive
nature of the measurement also allows multi-etch-step consistency of coupon result.
Multiple inference results and multiple features can come out of each etch step of a single

coupon, maximizing its value.

A trained metrology model may be employed as a part of a process or associated system
for determining the profile, CD, contours, or other geometric characteristic of one or more
features on a substrate subject to a device fabrication process. The model and associated
metrology system may be used during process development, process monitoring, and/or
process modification. Depending on the application, the substrate subjected to the
metrology and analysis may be a test coupon or wafer, a production wafer having a

partially fabricated device, a production wafer having a fully fabricated device, etc.

An example process flow for using a metrology machine learning model is depicted in
Figure 2. As shown there, a process 201 begins by processing a substrate under process
conditions for which a metrology machine learning model has been trained. See operation
203.

After the substrate has been processed to produce or modify features on the substrate,
optical metrology is performed on one or more of the features. See operation 205. The

optical metrology technique is the same as the used in the training set for the model. In

11
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certain embodiments, operation 205 is performed by moving a beam or spot over multiple
positions on the substrate. For example, a light beam may be raster scanned over the

processed substrate

Per normal operation, the optical metrology technique generates optical signals having
characteristics dictated by the feature(s) on the substrate. The optical signals may be
reflectance values provided, e.g., as a function of wavelength, polarization state, azimuthal
position, etc. Regardless of their information content, the resulting optical signals are
provided to the metrology machine learning model, which may have been trained as
described above. See operation 207. With using the optical signals, the machine learning
model outputs information identifying one or more geometric characteristics of the one or

more features. See operation 209.

In certain embodiments, operation 205 is performed only after first performing pattern
recognition on the one or more features on the processed substrate. The pattern
recognition process may determine that a pattern of the one or more features conforms
with an expected pattern. If the pattern does not conform, then the optical metrology

operation may be dispensed with.

Terminology

2% 29 CC 29 CC

The terms “semiconductor wafer,” “wafer,” “substrate,” “wafer substrate” and “partially
fabricated integrated circuit” may be used interchangeably. Those of ordinary skill in the
art understand that the term “partially fabricated integrated circuit” can refer to a
semiconductor wafer during any of many stages of integrated circuit fabrication thereon.
A wafer or substrate used in the semiconductor device industry typically has a diameter of
200 mm, or 300 mm, or 450 mm. This detailed description assumes the embodiments are
implemented on a wafer. However, the disclosure is not so limited. The work piece may
be of various shapes, sizes, and materials. Besides semiconductor wafers, other work
pieces that may take advantage of the disclosed embodiments include various articles such
as printed circuit boards, magnetic recording media, magnetic recording sensors, mirrors,
optical elements, micro-mechanical devices and the like. Further, the term “coupon” is
sometimes used generically herein to describe any substrate, typically including those used

for testing a process and/or for generating model training set data.

A “semiconductor device fabrication operation” as used herein is a unit operation
performed during fabrication of semiconductor devices. Typically, the overall fabrication

process includes multiple semiconductor device fabrication operations, each performed in
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its own semiconductor fabrication tool such as an etch and/or deposition plasma reactor,
an electroplating cell, a chemical mechanical planarization tool, a wet etch tool, and the
like. Categories of semiconductor device fabrication operations include subtractive
processes, such as etch processes and planarization processes, and material additive
processes, such as deposition processes. In the context of etch processes, a substrate etch
process includes processes that etch a mask layer or, more generally, processes that etch
any layer of material previously deposited on and/or otherwise residing on a substrate
surface. Such etch process may etch a stack of layers in the substrate. The models
described herein may be used to replace destructive metrology techniques with non-
destructive optical metrology techniques for any type of semiconductor device fabrication

operation.

A “metrology result” as used herein refers to a result produced, at least in part, by
measuring features of the processed substrate. The measurement may be made while or
after performing the semiconductor device fabrication operation in a reaction chamber
operating under the set of process parameter values. In certain embodiments, measuring
features of the processed substrate produces profile coordinates. In such embodiments,
measuring features of the processed substrate may include performing microscopy (e.g.,
SEM, x-SEM, TEM, STEM, CD-SEM, CD-SAXS, REM, AFM). Such techniques may be
employed to generate profile coordinates directly or indirectly such as by way of a set of
geometric profile parameters characterizing a geometry of the feature in the processed

substrate (e.g., critical dimension, side wall angles, depth, etc.).

Optical metrology results are produced using optical metrology on features of a processed
substrate. In certain embodiments, the optical metrology result is produced by performing
reflectometry, dome scatterometry, angle-resolved scatterometry, small-angle X-ray
scatterometry, and/or ellipsometry on a processed substrate. An optical metrology output
may include any of various values obtained from a detector in an optical metrology tool.
examples include reflectance values, optionally over a range of wavelengths (reflectance
spectra), polarization information, angular/positional information about the detected
optical signals (e.g., angle with respect to the plane of a substrate or a detector or with
respect to angle of incidence), ocd parameters), etc. When using optical metrology, the
system may obtain profile coordinates by calculating them from measured optical

metrology signals using a metrology machine learning model as described herein.
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In certain embodiments, the metrology result is provided as a time sequence of measured
geometric profiles, reflectance or ellipsometric data, or profile parameters of a substrate
feature. These measured metrology results are produced at the different durations of the

semiconductor device fabrication operation.

The geometric information about a feature may take various forms. It can be provided as
profile coordinates in two or three dimensions and/or a more global parameter such as
trench depth, side wall angle, and the like. For repeating structures, one-dimensional
information may be provided such as pitch, critical dimension, and the like. In the case of
two-dimensional representations, the geometric information of a feature may be a profile
(viewed as a cross-section of the substrate in an x-z plane) or as a contour (viewed from

above the plane of the substrate in an x-y plane).

Machine learning model — A machine learning model is a trained computational model
that takes optical metrology outputs or data (e.g., scatterometry data) and predicts a
geometric characteristic of one or more features on a sample. Examples of machine
learning models include a random forests models, including deep random forests, neural
networks, including recurrent neural networks and convolutional neural networks,
restricted Boltzmann machines, recurrent tensor networks, and gradient boosted trees.
Each of these has a structure and associated logical sequence of operations (algorithm)
well known to those of skill in the art. For example, a neural network includes multiple
computational nodes organized in layers configured to successively pass computed results
from one layer to the next, on a node-by-node basis. A given node may have connections
to one or more nodes in an upstream layer and connections to one or more modes in a
downstream layer. The layers may be organized as an input layer, an output layer, and one
or more hidden layers. The input side of a neural network may be structured in a way to
implement a convolutional neural network. Nodes in a hidden layer or output layer
receive inputs from one or other nodes in an upstream layer. Each node operates on its
inputs via a function (sometimes an activation function) to produce an output for
transmitting to one or more downstream nodes in the next successive layer. Training
applies weights to the individual connections between upstream and downstream nodes.
The term “classifier” (or classification model) is sometimes used to describe all forms of
classification model including deep learning models (e.g., neural networks having many
layer) as well as random forests models. More details may be found in “Hands-On
Machine Learning with Scikit-Learn and TensorFlow: Concepts, Tools, and Techniques to
Build Intelligent Systems,” 1% Edition, by A. Geron, O’Reilly Media, Inc. (2017); and
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Deep Learning by Goodfellow et al., MIT Press (2016) which are incorporated herein by

reference in their entireties.

Deep learning model — A deep learning model as used herein is a form of classification
model. It is also a form of machine learning model. It may be implemented in various
forms such as by a neural network (e.g., a convolutional neural network), etc. In general,
though not necessarily, it includes multiple layers. Each such layer includes multiple
processing nodes, and the layers process in sequence, with nodes of layers closer to the
model input layer processing before nodes of layers closer to the model output. In various
embodiments, one layer feeds to the next, etc. The output layer may include nodes that
represent various classifications. In some implementations, a deep learning model is a

model that takes data with very little preprocessing.

In various embodiments, a deep learning model has significant depth (e.g., five or more
layers or ten or more layers) and can classify a large or heterogeneous sets of optical
metrology data. In some contexts, the term “deep” means that model has more than two
(or more than three or more than four or more than five) layers of processing nodes that
receive values from preceding layers (or as direct inputs) and that output values to
succeeding layers (or the final output). Interior nodes are often “hidden” in the sense that
their input and output values are not visible outside the model. In various embodiments,

the operation of the hidden nodes is not monitored or recorded during operation.

The nodes and connections of a deep learning model can be trained and retrained without

redesigning their number, arrangement, interface with image inputs, etc.

As indicated, in various implementations, the node layers may collectively form a neural
network, although many deep learning models have other structures and formats. Some
embodiments of deep learning models do not have a layered structure, in which case the

above characterization of “deep” as having many layers is not relevant.
Context for Disclosed Computational Embodiments

Certain embodiments disclosed herein relate to systems for generating and/or using
metrology models as disclosed herein. Certain embodiments disclosed herein relate to
methods for generating and/or using a model implemented on such systems. A system for
generating a model may be configured to analyze data for calibrating or optimizing the
expressions or relationships used to represent the effects of a semiconductor device
fabrication operation on a substrate. A programmed system for using a model may be
configured to (i) receive input such as optical metrology data, and (ii) execute instructions

that determine characteristics of features on the substrate. A programmed system for using
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a model may be configured to (1) receive optical metrology data obtain for a plurality of
features, (ii) receive SEM, TEM, and/or CD-SAXS data for the same plurality of features,
and (ii1) execute instructions for training a metrology machine learning model using the
data in (1) and (i1).

Many types of computing systems having any of various computer architectures may be
employed as the disclosed systems for implementing models, and algorithms for
generating, using, and/or optimizing such models. For example, the systems may include
software components executing on one or more general purpose processors or specially
designed processors such as programmable logic devices (e.g., Field Programmable Gate
Arrays (FPGAs)). Further, the systems may be implemented on a single device or
distributed across multiple devices. The functions of the computational elements may be

merged into one another or further split into multiple sub-modules.

In some embodiments, code executed during generation or execution of a model on an
appropriately programmed system can be embodied in the form of software elements
which can be stored in a nonvolatile storage medium (such as optical disk, flash storage
device, mobile hard disk, etc.), including a number of instructions for making a computer

device (such as personal computers, servers, network equipment, etc.).

At one level a software element is implemented as a set of commands prepared by the
programmer/developer. However, the module software that can be executed by the
computer hardware is executable code committed to memory using “machine codes”
selected from the specific machine language instruction set, or “native instructions,”
designed into the hardware processor. The machine language instruction set, or native
instruction set, is known to, and essentially built into, the hardware processor(s). This is
the “language” by which the system and application software communicates with the
hardware processors. Each native instruction is a discrete code that is recognized by the
processing architecture and that can specify particular registers for arithmetic, addressing,
or control functions; particular memory locations or offsets; and particular addressing
modes used to interpret operands. More complex operations are built up by combining
these simple native instructions, which are executed sequentially, or as otherwise directed

by control flow instructions.

The inter-relationship between the executable software instructions and the hardware
processor is structural. In other words, the instructions per se are a series of symbols or
numeric values. They do not intrinsically convey any information. It is the processor,
which by design was preconfigured to interpret the symbols/numeric values, which

imparts meaning to the instructions.
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The models used herein may be configured to execute on a single machine at a single
location, on multiple machines at a single location, or on multiple machines at multiple
locations. When multiple machines are employed, the individual machines may be
tailored for their particular tasks. For example, operations requiring large blocks of code
and/or significant processing capacity may be implemented on large and/or stationary

machines.

In addition, certain embodiments relate to tangible and/or non-transitory computer
readable media or computer program products that include program instructions and/or
data (including data structures) for performing various computer-implemented operations.
Examples of computer-readable media include, but are not limited to, semiconductor
memory devices, phase-change devices, magnetic media such as disk drives, magnetic
tape, optical media such as CDs, magneto-optical media, and hardware devices that are
specially configured to store and perform program instructions, such as read-only memory
devices (ROM) and random access memory (RAM). The computer readable media may
be directly controlled by an end user or the media may be indirectly controlled by the end
user. Examples of directly controlled media include the media located at a user facility
and/or media that are not shared with other entities. Examples of indirectly controlled
media include media that is indirectly accessible to the user via an external network and/or
via a service providing shared resources such as the “cloud.” Examples of program
instructions include both machine code, such as produced by a compiler, and files

containing higher level code that may be executed by the computer using an interpreter.

In various embodiments, the data or information employed in the disclosed methods and
apparatus is provided in an electronic format. Such data or information may include
design layouts, fixed parameter values, floated parameter values, feature profiles,
metrology results, and the like. In some cases, a collection of instructions provided in
electronic format defines an algorithm for executing a metrology machine learning model
such as a neural network. As used herein, data or other information provided in electronic
format is available for storage on a machine and transmission between machines.
Conventionally, data in electronic format is provided digitally and may be stored as bits
and/or bytes in various data structures, lists, databases, etc. The data may be embodied

electronically, optically, etc.

In certain embodiments, a model can each be viewed as a form of application software that
interfaces with a user and with system software. System software typically interfaces with
computer hardware and associated memory. In certain embodiments, the system software
includes operating system software and/or firmware, as well as any middleware and

drivers installed in the system. The system software provides basic non-task-specific
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functions of the computer. In contrast, the modules and other application software are used
to accomplish specific tasks. Each native instruction for a module is stored in a memory

device and is represented by a numeric value.

An example computer system 800 is depicted in Figure 3. As shown, computer system
800 includes an input/output subsystem 802, which may implement an interface for
interacting with human users and/or other computer systems depending upon the
application. Embodiments of the invention may be implemented in program code on
system 800 with I/O subsystem 802 used to receive input program statements and/or data
from a human user (e.g., via a GUI or keyboard) and to display them back to the user. The
I/0 subsystem 802 may include, e.g., a keyboard, mouse, graphical user interface,
touchscreen, or other interfaces for input, and, e.g., an LED or other flat screen display, or
other interfaces for output. Other elements of embodiments of the disclosure, such as
training system of resulting model for interpreting metrology data, may be implemented

with a computer system like that of computer system 800, but without 1/O.

Program code may be stored in non-transitory media such as persistent storage 810 or
memory 808 or both. One or more processors 804 reads program code from one or more
non-transitory media and executes the code to enable the computer system to accomplish
the methods performed by the embodiments herein, such as those involved with generating
or using a process simulation model as described herein. Those skilled in the art will
understand that the processor may accept source code, such as statements for executing
training and/or interpretation operations, and interpret or compile the source code into
machine code that is understandable at the hardware gate level of the processor. A bus
couples the I/O subsystem 802, the processor 804, peripheral devices 806, memory 808,
and persistent storage 810. In some embodiments, at least some of the computer system
features, e.g., processor(s) 804, memory 808, and/or storage 810, are implemented in a
cloud or edge network that is physically distinct from an I/O subsystem, if any. In some
implementations, the some of the computer system features, e.g., e.g., processor(s) 804,

memory 808, and/or storage 810, are distributed over multiple physical devices.
Context for Metrology Tool Embodiments

In various embodiments, a metrology system includes an optical metrology tool and a
metrology machine learning model such as one produced using a training process as
described herein. The optical metrology tool may include various configurations, but
typically includes a light source and a detector for detecting light reflected from,
transmitted through, and/or scattered off of features on a substrate being probed. The light
source may be monochromatic or polychromatic. The wavelength(s) produced may be in

the infrared, visible, ultraviolet, or x-ray range. It may be unpolarized, linearly polarized,
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circularly polarized, etc. The optical metrology tool may additionally include one or more
optical elements for directing light onto substrate features and/or collecting and/or directly
light that has interacted with the substrate features. The optical metrology tool may

additionally include one or more processors or other processing elements to capture and/or

interpret signals from the detector.

In certain embodiments, an optical metrology tool includes a reflectance/ellipsometric
spectra generator is part of a tool such as the YieldStar™ scatterometer products available
from ASML Netherlands B.V., Veldhoven, The Netherlands. See e.g., Cramer et al.,
“High-NA optical CD metrology on small in-cell targets enabling improved higher order
dose control and process control for logic,” Proceedings of SPIE, 10145, Metrology,
Inspection, and Process Control for Microlithography XXXI, 101451B (28 March 2017),

incorporated herein by reference in its entirety.

Figure 4 presents a block diagram of an example metrology system 401. As illustrated,
the system includes an optical metrology tool 407 configured to probe substrates such as a
substrate 403 having features 405. Optical metrology tool 407 collects optical information
from features 405 and generates an optical metrology output (e.g., reflectance intensity
versus wavelength or optical critical dimension information). A metrology machine
learning model 409 receives the optical metrology output and generates geometric
information about the features; e.g., feature profiles, CDs, contours, etc. See output 411.
In certain embodiments, the machine learning model 409 is implemented as a neural

network.

A system such as metrology system 401 may determine a feature’s etch profile using
optical information taken directly from a test sample, such as in the case of OCD
measurements, followed by treatment of that data by a model or relationship as described

herein.
Conclusion

In the description, numerous specific details were set forth in order to provide a thorough
understanding of the presented embodiments. The disclosed embodiments may be
practiced without some or all of these specific details. In other instances, well-known
process operations were not described in detail to not unnecessarily obscure the disclosed
embodiments. While the disclosed embodiments were described in conjunction with the
specific embodiments, it will be understood that the specific embodiments are not intended

to limit the disclosed embodiments.
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CLAIMS

what is claimed is:

1. A method of determining a profile, critical dimension, and/or contour of one or more

features on a processed substrate, the method comprising:

performing optical metrology on the one or more features on the processed substrate to

produce an optical metrology output;

providing the optical metrology output to a metrology machine learning model that has
been trained using a training set of (i) profiles, critical dimensions, and/or contours for a

plurality of features, and (ii) optical metrology outputs for said plurality of features; and

receiving, from the metrology machine learning model, the profile, critical dimension,

and/or contour of the one or more features on the processed substrate.

2. The method of claim 1, further comprising training the metrology machine learning
model by producing multiple sets of optical metrology output, each generated for a
different orientation and/or location of test features with respect an optical metrology
apparatus, for said test features.

3. The method of claim 1 or claim 2, wherein the optical metrology is a scatterometry
technique.

4. The method of any of the preceding claims, wherein the optical metrology output
comprises a reflectance spectra.

5. The method of any of claims 1-3, wherein the optical metrology output comprises
ellipsometric output data.
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6. The method of any of the preceding claims, further comprising:

performing pattern recognition on the one or more features on the processed

substrate; and

determining that a pattern of the one or more features conforms with an

expected pattern.

7. The method of any of the preceding claims, wherein performing optical metrology on
the one or more features on the processed substrate comprises raster scanning over the

processed substrate.

8. The method of any of the preceding claims, wherein the profiles, critical dimensions,
and/or contours for a plurality of features in the training set were obtained using an

electron microscopy technique.

9. The method of any of claims 1-7, wherein the profiles, critical dimensions, and/or

contours for a plurality of features in the training set were obtained using CD-SAXS.

10. The method of any of the foregoing claims, wherein the metrology machine learning

model was produced using a supervised machine learning technique.

11. The method of any of foregoing claims, further comprising decomposing the optical
metrology output to produce a reduced set of optical metrology values and providing said

reduced set of optical metrology values to the metrology machine learning model.

12. The method of claim 11, wherein decomposing the optical metrology output
comprises identifying principal components of the optical metrology output or applying

the optical metrology output to an autoencoder.
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13. A metrology system comprising:

an optical metrology tool comprising an optical probe source and an optical detector and a
processor configured to produce an optical metrology output from data produced by the
optical detector when an optical probe is directed onto one or more features on a processed

substrate; and

a metrology machine learning model that has been trained using a training set of (i)
profiles, critical dimensions, and/or contours for a plurality of features, and (ii) optical
metrology outputs for said plurality of features, wherein the metrology machine learning

model is configured to:
receive the optical metrology output from the optical metrology tool; and

output the profile, critical dimension, and/or contour of the one or more

features on the processed substrate.

14. The metrology system of claim 13, wherein the metrology machine learning model
was trained using multiple sets of optical metrology output, each generated for a different

orientation and/or location of test features with respect a test optical metrology apparatus.

15. The metrology system of claim 13 or claim 14, wherein the optical metrology tool is a

scatterometer.

16. The metrology system of any of claims 13-15, wherein the optical metrology output

comprises a reflectance spectra.

17. The metrology system of any of claims 13-15, wherein the optical metrology output

comprises ellipsometric output data.

18. The metrology system of any of claims 13-17, further comprising a pattern

recognition tool comprising a camera and processor configured to:
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perform pattern recognition on the one or more features on the processed
substrate; and

determine that a pattern of the one or more features conforms with an expected
pattern.

19. The metrology system of any of claims 13-18, wherein the optical metrology tool is

configured to raster scan over the processed substrate.

20. The metrology system of any of claims 13-19, wherein the profiles, critical
dimensions, and/or contours for a plurality of features in the training set were obtained

using an electron microscopy technique.

21. The metrology system of any of claims 13-19, wherein the profiles, critical
dimensions, and/or contours for a plurality of features in the training set were obtained
using CD-SAXS.

22. The metrology system of any of claims 13-21, wherein the metrology machine

learning model was generated using a supervised machine learning technique.

23. The metrology system of any of claims 13-22, wherein the metrology machine
learning model is further configured to: decompose the optical metrology output to
produce a reduced set of optical metrology values and provide said reduced set of optical

metrology values to the metrology machine learning model.

24. The metrology system of claim 23, wherein the metrology machine learning model is
configured to decompose the optical metrology output by identifying principal
components of the optical metrology output or by applying the optical metrology output to

an autoencoder.

23



WO 2019/200015 PCT/US2019/026851
1/4

101

Expose test substrates to a variety 103
of different process conditions to
produce a variety of different
features on the substrates

!

Perform optical metrology on the 105
features of the test substrates, and | ___~
associate the resulting optical
signals with the substrates that
produce those signals

Optionally repeat the optical
metrology on the features under | 107
different conditions (e.g., different
substrate orientations, different
probe beam spot sizes, etc.)

v

Perform metrology that generates 109
profiles of the features on the test |
substrates, and associate the
resulting profiles with the optical
signals produced by the features

!

Train a model using optical 111
metrology signals produced in 105 |
and, optionally, 107 together with

the associated feature profiles
produced in 109

v

Test and/or validate the model

Y

113

Figure 1



WO 2019/200015 PCT/US2019/026851
2/4

201

Process substrate under process 203

conditions for which a metrology |

machine learning model has been
trained

Perform optical metrology on one /205

or more features of the substrate
produced using the process

Provide optical signals resulting
from the optical metrology in 205 | —— 207
to the metrology machine learning

model

From the metrology machine learning 209
model, receive an output identifying |~
one or more geometric characteristics of
the one or more features

Figure 2



WO 2019/200015 3/4 PCT/US2019/026851

200
GPROLGESSOR
aud
e L PERIFHERAL
2 ) DEVICES
N : 805
205
COBARUHNICATION.
NTERFACES
B
4 S MAIN MERORY
» BOS
< T
- :
< (\> SECONDARY |
~ ¥ MEMORY H
810 J
N s BB

Figure 3



PCT/US2019/026851
4/4

WO 2019/200015

60v

{7 94n3i4

PR Q:OHCOU \DU
‘914044 34n1ea4 — indinQ

117y

0000
ONONONG)
0000

[2PON Suluiea auiyoe

-«

indinp
A3ojos19 N

alelisqnsg 1s9 |

A3ojoa1ay |eo11do

L0V v

120)7

10¥



INTERNATIONAL SEARCH REPORT International application No.
PCT/US2019/026851

A. CLASSIFICATION OF SUBJECT MATTER

GO1N 23/201(2006.01)i, GO1N 23/04(2006.01)i, GOIN 21/21(2006.01)i, G01B 15/04(2006.01)i, GO3F 7/20(2006.01)i,
GO6N 20/00(2019.01)i

According to International Patent Classification (IPC) or to both national classification and [PC

B. FIELDS SEARCHED

Minimum documentation searched (classification system followed by classification symbols)
GO1N 23/201; GO6F 15/18; GOGF 17/50; GO6N 3/04; GO6N 3/08; GOIN 23/04; GOIN 21/21; GO1B 15/04; GO3F 7/20;, GO6N 20/00

Documentation searched other than minimum documentation to the extent that such documents are included in the fields searched
Korean utility models and applications for utility models
Japanese utility models and applications for utility models

Electronic data base consulted during the international search (name of data base and, where practicable, search terms used)
cKOMPASS(KIPO internal) & keywords: optical metrology, machine learning, substrate, profile, critical dimension, scatterometry

C. DOCUMENTS CONSIDERED TO BE RELEVANT

Category™ Citation of document, with indication, where appropriate, of the relevant passages Relevant to claim No.

X US 2005-0192914 A1 (DREGE et al.) 01 September 2005 1-3,13-15
See paragraphs [0018]-[0025], [0036]-[0039], [0044]-[0047], [0073]-[0081],
claim 1 and figures 1, 3.

X US 2008-0243730 A1 (BISCHOFF et al.) 02 October 2008 1-3,13-15
See paragraphs [0027]-[0047], claim 1 and figures 1A-6.

A US 2014-0032463 A1 (JIN et al.) 30 January 2014 1-3,13-15
See claim 1 and figures 1, 3, 9.

A US 2015-0142395 A1 (CAO et al.) 21 May 2015 1-3,13-15
See claim 1 and figure 1.

A US 2017-0351952 A1 (KLA-TENCOR CORPORATION) 07 December 2017 1-3,13-15
See claim 1 and figures 2-4.

. . . . N .
|:| Further documents are listed in the continuation of Box C. See patent family annex.
* Special categories of cited documents: "T" later document published after the international filing date or priority
"A" document defining the general state of the art which is not considered date and not in conflict with the application but cited to understand
to be of particular relevance the principle or theory underlying the invention
"E" carlier application or patent but published on or after the international "X" document of particular relevance; the claimed invention cannot be
filing date considered novel or cannot be considered to involve an inventive
"L"  document which may throw doubts on priority claim(s) or which is step when the document is taken alone
cited to establish the publication date of another citation or other "Y" document of particular relevance; the claimed invention cannot be
special reason (as specified) considered to involve an inventive step when the document is
"O" document referring to an oral disclosure, use, exhibition or other combined with one or more other such documents,such combination
means being obvious to a person skilled in the art
"P"  document published prior to the international filing date but later "&" document member of the same patent family
than the priority date claimed
Date of the actual completion of the international search Date of mailing of the international search report
31 July 2019 (31.07.2019) 31 July 2019 (31.07.2019)
Name and mailing address of the [SA/KR Authorized officer -

International Application Division
Korean Intellectual Property Office LEE, Hun Gil
189 Cheongsa-ro, Seo-gu, Daejeon, 35208, Republic of Korea

Facsimile No. +82-42-481-8578 Telephone No. +82-42-481-8525

Form PCT/ISA/210 (second sheet) (January 2015)



INTERNATIONAL SEARCH REPORT International application No.
PCT/US2019/026851

Box No. Il Observations where certain claims were found unsearchable (Continuation of item 2 of first sheet)

This international search report has not been established in respect of certain claims under Article 17(2)(a) for the following reasons:

1. Claims Nos.:
because they relate to subject matter not required to be searched by this Authority, namely:

2. m Claims Nos.: 12 and 24
) because they relate to patts of the international application that do not comply with the prescribed requirements to such an
extent that no meaningful international search can be carried out, specifically:
Claims 12 and 24 are regarded to be unclear because they refer to a multiple dependent claim which does not comply with PCT
Rule 6.4(a).

3. Claims Nos.: 4-11 and 16-23
because they are dependent claims and are not drafted in accordance with the second and third sentences of Rule 6.4(a).

Box No. III  Observations where unity of invention is lacking (Continuation of item 3 of first sheet)

This International Searching Authority found multiple inventions in this international application, as follows:

1. |:| As all required addtional search fees were timely paid by the applicant, this international search report covers all searchable
claims.

2. |:| As all searchable claims could be searched without effort justifying an additional fees, this Authority did not invite payment
of any additional fees.

3. |:| As only some of the required additional search fees were timely paid by the applicant, this international search report covers
only those claims for which fees were paid, specifically claims Nos.:

4, |:| No required additional search fees were timely paid by the applicant. Consequently, this international search report is
restricted to the invention first mentioned in the claims; it is covered by claims Nos.:

Remark on Protest |:| The additional search fees were accompanied by the applicant's protest and, where applicable, the
payment of a protest fee.
The additional search fees were accompanied by the applicant's protest but the applicable protest
fee was not paid within the time limit specified in the invitation.
|:| No protest accompanied the payment of additional search fees.

Form PCT/ISA/210 (continuation of first sheet (2)) (January 2015)



INTERNATIONAL SEARCH REPORT
Information on patent family members

International application No.

PCT/US2019/026851
Patent document Publication Patent family Publication
cited in search report date member(s) date
US 2005-0192914 A1l 01/09/2005 US 7523076 B2 21/04/2009
US 2008-0243730 Al 02/10/2008 US 7949618 B2 24/05/2011
US 2014-0032463 Al 30/01/2014 CN 103403724 A 20/11/2013
CN 103403724 B 09/11/2016
CN 107092958 A 25/08/2017
EP 2681684 A2 08/01/2014
JP 2014-514533 A 19/06/2014
KR 10-1958161 B1 13/03/2019
KR 10-2014-0017588 A 11/02/2014
KR 10-2018-0125056 A 21/11/2018
TW 201243738 A 01/11/2012
US 2012-0226644 Al 06/09/2012
US 8577820 B2 05/11/2013
US 9607265 B2 28/03/2017
WO 2012-150993 A2 08/11/2012
WO 2012-150993 A3 28/02/2013
US 2015-0142395 Al 21/05/2015 None
US 2017-0351952 Al 07/12/2017 CN 109313724 A 05/02/2019
EP 3465552 Al 10/04/2019
KR 10-2019-0004000 A 10/01/2019
TW 201802726 A 16/01/2018
WO 2017-210455 Al 07/12/2017

Form PCT/ISA/210 (patent family annex) (January 2015)




	Page 1 - front-page
	Page 2 - front-page
	Page 3 - description
	Page 4 - description
	Page 5 - description
	Page 6 - description
	Page 7 - description
	Page 8 - description
	Page 9 - description
	Page 10 - description
	Page 11 - description
	Page 12 - description
	Page 13 - description
	Page 14 - description
	Page 15 - description
	Page 16 - description
	Page 17 - description
	Page 18 - description
	Page 19 - description
	Page 20 - description
	Page 21 - description
	Page 22 - claims
	Page 23 - claims
	Page 24 - claims
	Page 25 - claims
	Page 26 - drawings
	Page 27 - drawings
	Page 28 - drawings
	Page 29 - drawings
	Page 30 - wo-search-report
	Page 31 - wo-search-report
	Page 32 - wo-search-report

