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METHOD, NON-TRANSITORY COMPUTER-READABLE STORAGE MEDIUM, AND
APPARATUS FOR SEARCHING AN IMAGE DATABASE

CROSS-REFERENCE TO RELATED APPLICATIONS

16801} The present application is a continuation of U.S. Patent Application No. 17/333,707,
filed May 28, 2021, and claims the benefit of U.S. Provisional Patent Application No.
63/032,432, filed May 29, 2020, each of which is mcorporated by reference herein in its

entirety for all purposes.

BACKGROUND
FIELD OF THE DISCLOSURE

160621 The present disclosure relates to searching images having labels and annotations.

DESCRIPTION OF THE RELATED ARY

(0083} Performing image searches is complicated by reference and/or sample images that
include image noise such as annotations and labels. Such image noise can confuse existing
image matching algorithios and may degrade their output as simalar features of anvotations
and labels are incorrectly matched. This can be particularly impactful for patent images and
patent image searches.

60084} Accordingly, the present disclosure addresses these complications in order {o achigve
an image search tool broadly applicable and specifically tuned to patent image searching.
[0005]} The foregoing “Background™ description is for the purpose of generally presenting the
context of the disclosure. Work of the inventors, to the extent it is described in this
background section, as well as aspecis of the description which mav not otherwise qualify as
prior art at the tirve of filing, are neither expressly or impliedly adimitted as prior art against

the present disclosure.

SUMMARY

[0006} The present disclosure relates to searching an image database.

8867} According to an embodiment, the present disclosure further relates to a method for
searching an image database, comprising receiving, by progessing circuitry, an adulierated
image of an object, the adulierated image mcluding object annotations for visual reference,
applving, by the processing circuitry, a first neural network to the adulterated image,

correlating, by the processing circuitry, a result of the applying the first neural network with
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each image of a reference database of images, the result including an edited 1mage of the
object and each image of the reference database of images including a reference object, and
selecting, by the processing circuitty and as a maiching jmage, one or roore images of the
reference database of images having correlation values above a threshold correlation value.
160038} According to an embodiment, the present disclosure further relates o a non-transitory
computer-readable storage mediom storing  computer-readable instructions that, when
executed bv a computer, cause the computer o perform a method for searching an image
database, comprising receiving an adulterated image of an object, the adulterated image
including object annotations for visual reference, applving a first neural network to the
adulierated 1mage, correlating a result of the applving the first neural network with each
image of a reference database of images, the result including an edited image of the object
and each image of the reference database of images including a reference object, and
selecting, as a maiching image, one or more images of the reference database of images
having correlation values above a threshold correlation value.

(8089} According to an embodiment, the present disclosure further relates to an apparatus for
performing a method for searching an image database, comprising processing circuitry
configured (o receive an adulterated image of an object, the adulterated 1mage including
object annotations for visual reference, apply a first neural network to the adulterated image,
correlate a result of the applying the first neural network with each image of a reference
database of images, the result including an edited image of the object and each image of the
reference database of images including a reference object, and select, as a matching image,
one or more images of the reference database of images having correlation values above a
threshold correlation value.

6616} The foregoing paragraphs have been provided by way of general introduction, and are
not intended to limut the scope of the following claims. The described embodiments, together
with further advantages, will be best undersiood by reference to the following detailed

description taken in conjunction with the accompanying drawings.

BRIEF DESCRIPTION OF THE DRAWINGS

6611} A more complete appreciation of the disclosure and many of the attendant advantages
thereof will be readily obtained as the same becomes better understood by reference o the
following detailed description when couvsidered i connection with the accompanying

drawings, wherein:
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[6012} FIG. 1 is an illustration of a mechanical drawing, according to an exemplary
embodiment of the present disclosure;

16013} FIG. 2A 15 a flow diagram of a method for searching an image database, according to
an exenmplary embodiment of the present disclosure;

16014} FIG. 2B is a schematic of the first neural network, according to an exemplary
embodiment of the present disclosure;

{8815} FIG 3 is an dlustration of a result of a first neural network, according to an exemplary
embodiment of the present disclosure;

8616} FIG. 4 is an illustration of a result of a first neural network, according to an exemplary
ernbodiment of the present disclosure;

16017 FIG. 5 15 a flow diagram of a method for searching an image database, according 1o an
exemplary embodiment of the present discloswre;

6818} FIG. 6A is a flow diagram of a sub process of a method for searching an image
database, according to an exemplary embodiment of the present disclosure;

6819} FIG. 6B is an illustration of a result of a second neural network, according to an
exemplary embodiment of the present disclosure;

16626] FIG. 6C 15 an dlustration of a contour mask, according to an exemplary embodiment
of the present disclosure;

160621} FIG. 7A is a flow diagram of a sub process of a method for searching an image
database, according to an exemplary embodiment of the present disclosure;

6822} FIG. 78 s an dlustration of an edited image, according to an exemplary embodiment
of the present disclosure;

6823} FIG. 8 is an illustration of a reference drawing used during a training phase, according
to an exemplary embodiment of the present disclosure;

16024} FIG. %A 1s a flow diagram of a method for synthetically annotating a reference
drawing, according to an exemplary embodiment of the present disclosure;

[6025] FIG. 9B is an dllustration of synthetically annotated reference drawings used during a
training phase, according o an exemplary embodiment of the present disclosure;

0026} FIG. 9C is an illustration of results of a first neural network corresponding to
synthetically-annotated reference drawings used during a training phase, according o an
exemplary embodiment of the present disclosure;

[6627] FIG. 10A 15 a tlow diagram of a traiming phase of a neural network deployed in a
method for searching an image database, according to an exemplary embodiment of the

present disclosure;
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[0828] FIG. 10B 15 a flow diagram of a training phase of neural networks deploved in a
method for searching an image database, according to an exemplary embodiment of the
present disclosure;

16029 FIG. 11 is a flow diagram of a fraining phase of a method for searching an image
database, according fo an exemplary embodiment of the present disclosure;

0830} FIG. 12 13 a generalized flow diagram of implementation of an artificial neural
network;

[6031} FIG. 13 is a flow diagram of implementation of a convolutional neural network,
according to an exemplary embodiment of the present disclosure;

6032} FIG. 14A 15 an example of a feedforward artificial neural network;

[6033] FIG. 14B is an example of a convolutional newral network, according to an
embodiment of the present disclosure; and

[B034] FIG. 15 15 a schematic of a hardware configuration of a device for performing a
method for searching iroages, according fo an exemplary embodiment of the present

disclosure.

DETAILED DESCRIPTION

16035} The terms “a” or “an”, as used herein, are defined as one or more than one. The term
“plurality”, as used herein, is defined as two or more than two. The term “another”, as used
heremn, is defined as at least a second or more. The terms “including” and/or “having”, as
used herein, are defined as comprising (i.e.. open language). Reference throughout this
document o "one embodiment"., “certain embodiments”, "an embodiment”, “an
implementation”, “an example” or similar terms means that a particular feature, structure, or
characteristic described in connection with the embodiment is included in at least one
embodiment of the present disclosure. Thus, the appearances of such phrases or in various
places throughout this specification are not necessanly all referring to the same embodiment.
Furthermore, the particular features, structures, or characteristics may be combined in any
suitable manner in one or more embodiments without limutation,

[06036} Content-based image retrieval, also known as query by image content and content-
based visual information retrieval, is the application of computer vision techniques to
the image retrieval problem. In other words, 1t is the problem of searching for digiial
images in large databases.

16037} "Content-based"” means that the search analvzes the contents of the image rather than

the metadata such as keywords, tags, or descriptions associated with the image. The term



WO 2021/243294 PCT/US2021/035007

"content" in this context might refer to colors, shapes, textures, or any other information that
can be derived from the image tiself In an example, the term “content” may refer to the
entire image. Content-based image retrieval is desirable because searches that rely purely on
metadata are dependent on annotation quality and completeness. To this end, having humans
manually annotate images by entering kevwords or metadata in a large database can be time
consuming and may not capture the keywords desired to describe the image.

{0638} Though any image may be subject to 3 conteni-based image retrieval search, the
ability to perform accurate and efficient image searches is of critical import to regulatory
offices that must compare images in order to determine whether a similar image has been
previously registered. It can be readily appreciated that such as a system could be apphed to
intellectual property. In particular, such a method can be applied to patent examining and
may serve as an aid to patent examiners seeking 1o compare patent drawings, or images, 1o
images within a reference database of patent drawings.

{6839} Directly applving an image search fo patent drawings, however, can be inefficient and
inaccurate due to, as shown in FIG. 1, “noise” including callouts 101, text-based features, and
other descriptive features that merely seek to point out or describe the underlying object that
is the focus of the patent drawing. As a result, and understanding that similar underlying
object may have different arrangements and types of noise, image search directly applied to
the patent drawings can lead to inaccurate results arrived at in 8 cumbersome manner.

(3040} In addressing these deficiencies, the present disclosure describes a method, computer-
readable medium, and apparatus for removing “noise” from images, thus allowing the image
to be used for an image search. In particular, the methods of the present disclosure are
applicable to patent drawings, wherein callouts, fexi-based features, and other descriptive
features can be inconsistent and obfuscate the underlying object of the image.

16041} According to an embodiment, the present disclosure describes a method for cleaning
“noise” from patent drawings. The method can be deploved for generation of a reference
image database or can be deployed in real-ime upon searching a particular ‘new’ image.
6842} According to an embodiment, the present disclosure describes a method for searching
an image database, comprising receiving an adulterated image of an object and applying a
first neural network to the adulterated image to identify and remove the “noise”. The method
further inchudes correlating a sesult of the applving the first neural network with each image
of a reference database of tmages, the result including an edited 1mage of the object and each

image of the reference database of images including a reference object. The method further
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includes selecting, as a matching image, one or more images of the reference database of
images having correlation values above a threshold correlation value.

16043} According to an embodiment, optical character recognition methods may be
integrated with the methods described herein. For instance, if able to identify reference
numbers associated with callouts of a patent drawing, it may be possible to search for and
find, based on the identified reference numbers, corresponding language within a
specification of a patent application. Such a roethod could be mcluded as a pre-processing
step that aids in extensive searching applications.

0044} As it relates to patents, and with reference now to the Drawings, it can be appreciated
that drawings are often included i patent applications in order to explain the subject maiter,
These drawings contain “noise” such as callouts, text-based features, and other descriptive
features. For instance, the drawings include annotations such as reference numbers, lead
lines, and arrows, as shown in FIG. 1. Such annotations, however, as introduced above, can
wmterfere with standard image recognition algorithms emploved for image searching
Therefore, as described in the present disclosure, the annotations may be identified and
removed to allow for generating a database of cleaned images or for generating a searchable
image in real-time.

60458} According to an embodiment, and with reference now to FIG. 2ZA and FIG. 2B, a
method 200 for image searching is described. It should be appreciated that method 200 may
be performed in part or in whole by processing circuitry that is local or remote. For instance,
a single device may perform each step of method 200 or a first device may send a request to a
second device that performs processing.

18046} At step 205 of method 200, an adulterated image of an object can be received. The
adulterated image can be an image having “notse”. In the context of a paient application, the
adulterated image can be a patent drawing having annotations such as callouts, texi-based
features, and other descriptive features. By way of example, the patent drawing of F1G. 1 can
be considered the adulterated image.

6047} At sub process 210 of method 200, a {irst neural network can be applied to the
adulterated image. In an embodiment. the first neural network can employ a pixel-level
classification model. The neural network may be a convolutional neural network and the
classification model may be trained through deep learning in order o detect annotations
within the irnage.

6048} In an embodiment, the furst neural network may include at least one encoder/decoder

network. The first newal network may be configured to perform a semantic segmentation
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task. Moreover, the first neural network may be configured to perform a scene segmentation
task by capturing rich contextual dependencies based on the self-atiention mechanism.

16649} 1o an embodiment, the first neural network roay comprise two modules, as shown in
FI1G. 2B and as later described with reference 1o a training phase shown in FIG. 10A. A first
module 223 of the first neural network may receive, as an input, an adulterated image 222.
The first module 223 of the first neural network may mclude, by way of example, a
convolution layer and a deconvolution layer. After processing the adulterated image 222, the
first module 223 of the first neural network may generate an annotation mask 224 The
annotation mask 224 may then be used by a second module 226 of the first neural network in
order to identify annotations and remove them from the adulterated trmage. To this end, the
second moduie 226 of the first neural network may receive the adulterated image 222 and the
annotation mask 224 generated by the first module 223 of the first neural network. The
second module 226 of the first neural network may include, by way of example, a
convolution layer and a deconvolution layer. The second module 226 of the first neural
network may process the adulterated image 222 in view of the annotation mask 224 and
output an edited image 227 that is devoid of annotations. Moreover, the output edited image
227 way include in-painting. In other words, in instances where an annotation crosses a line
of the underlying object of the image and resides ‘within® the underlying object, such
annotation can be ‘painted” white in order to remove it from the image.

(3038} In view of the above, it can be appreciated that a goal of the first neural network is 1o
remove annotations from the adulterated image and to output a cleaned, ediled image. For
this reason, the second module 226 of the first neural network, without input from the first
module 223 of the first neural network, may be used alone o outpui an edited image.
However, it can also be appreciated that the second module 226 of the first neural network
may not be as accurate and/or precise as desired, and so providing the annotation mask 224 to
the second module 226 of the first newral network as, for example, an initial guess, improves
not only accuracy and/or precision of the second module 226 of the first neural network but
also the speed. Moreover, as i relates to training and FIG. 10A the use of the fust module of
223 of the first newral network in combination with the second module 226 of the first neural
network improves training speed and training accruacy.

6051} In an embodiment, the first module of the first neural network and the second moduale
of the second neural network can be integrated with a pixel-level segmentation network, For
example, the first neural network may include at least one encoder/decoder network

combined with a UNet architecture. In one mstance, the first neural network may be a single
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neural network. In another instance, the modules of the first neural network may be separate
neural networks.

160582} As described above, an output of the first module 223 of the first neural network may
be an annotation mask, as shown in FIG 3, wherein annoiations remain but the underlying
object of the adulterated image is removed. An ouiput of the second module 226 of the first
neural network may be a cleaned version of the aduiteraied image, as shown in FIG. 4, the
wdentified annotations being removed from the adulterated image to render a cleaned 1mage.
Further, vacant space may be in-painted for visual fidelity.

8053} Retuming now to FIG. ZA, the cleaned, edited image can be processed at step 245 of
method 200 as part of the image searchung process. In particutar, when the goal is to identify
a matching 1mage within a reference database of images, step 245 of method 200 can include
determining correlations between the cleaned image and each image within the reference
database of images.

(8084} At step 250 of method 200, the determined correlations can be evaluated in order to
select at least one matching image. In an embodiment, the selection may be based on a
ranking of the deteroyned correlations, wherein a top n correlated images of the reference
database of images are identified. In an embodiment, the selection may be based on a
comparison of the determined correlations to a threshold correlation value, all images of the
reference database of images being sufficiently correlated with the cleaned image being
selected.

[0855] By performing method 200, a patent examiner, for instance. may be able to
immediately identify a number of patent drawings and/or patent publications having images
similar to that of the previously-adulterated image.

16056} Upon visual inspection of FIG. 4, or the output of the first neural network of method
204, it can be appreciated that certain lines, arrows, and numbers remain and may complicate
image searching. Thus, with reference now to FIG. 3, a method 500 for image searching is
described, according to an exemplary embodimnent of the present disclosure.

6057} In an embodiment, method 500 employs the first neural network described with
reference to FIG. 2A and FIG. 2B and a making process. The masking process may include
computer vision fechniques. The masking process may include, in an example, a second
neural network. It should be appreciated that method 500 may be performed in part or in
whole by processing circuitty that 1s local or remote. For instance, a single device may
perform each step of method 500 or a first device may send a request o a second device that

performs processing.
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G058} At step 505 of method 500, an adulterated image of an object can be received. The
adulterated image can be an image having “noise”. In the context of 8 paient apphication, the
adulterated tmage can be a patent drawing having anvotations such as callouts, texi-based
features, and other descriptive features. By way of example, the patent drawing of FIG. | can
be considered the adulterated image.

68391 At step S10 of wethod 500, a first newral network can be applied to the adulterated
image. In an embodiment, the first neural network can eraplov a pivel-level classification
model. The neural network mav be a convolutional neural network and the classification
model may be trained through deep leaming in order to detect annotations within the image.
16866 In an embodiment, and as described with reference FIG. 2B, the first neural network
may be a newal network including two modules. An output of the first module of the first
neural network may be a mask of the adulterated image, as shown in FIG. 3, wherein
annotations remain but the underlying object of the adulterated image is removed. An output
of the second module of the first neural network may be a cleaned version of the adulterated
image, as shown in FIG 4, the annotation mask from the first module of the first neural
network being used to identify and remove annotations from the adulterated image to render a
cleaned image.

16061} Concurrently, at sub process 315 of method 500, a masking process, including a
second neural network and computer vision techniques, can be applied to the adulterated
image. In an embodiment, the second neural network is a label bounding box detecior
network configured to generate small bounding boxes around reference numbers and figure
labels. The detected bounding boxes can then be used with computer vision techniques to
detect arrows and lines. Together, the detected bounding boxes and the detected arrows and
lines can be used to generate contour masks that isolate the annotations from the underlving
object of the image.

16662 In particular, and with reference now to FIG. 6A through FIG. 6C, the second newral
network may be a convolutional neural network configured to perform object recognition on
the adulterated iroage at step 620 of sub process 515, To an example, as shown in FIG. 6B
with corresponding confidence values, the second neural network may be a deep learning-
based neural network configured to identify reference numbers and generate bounding boxes
617 surrounding the reference mumbers and figure labels. At step 625 of sub process 515, the
deep learning-based neural vetwork may be further configured to perform. n paralie] or
serially with the bounding box process, a computer vision technigue to identify arrows and

lines associated with the bounding boxes. Alternatively, step 625 of sub process 515 can be
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performed by an image processing technique. The image processing technique may include,
for instance, a computer vision techuique configured to perform, in parallel or senially with
the bounding box process, wdentification of arrows and Hnes associated with the bounding
boxes. In either instance, performance of step 625 of sub process 513 allows for identifying a
main outline contour of the underlving object of the image. Accordingly. an output of sub
process 515 may be a contour mask 622 associated with the underlving object of the image,
as shown in FIG. 6C, generated at step 630 of sub process 515, the contour mask 622
isolating the underlying object of the image.

[6863] Retumning now to FIG. 5, a result of applying the first newral network and a result of
applving the masking process (i.e., the second neural network and the computer vision
techriiique), separately or in any combination, can be combined at sub process 535 of method
50¢ n order to edit the adulterated image. For instance, the edited, cleaned image generated
as the result of applying the first neural network can be combined, or fused, with the coniour
mask generated at sub process 315 of method 500,

(8064} To this end, and with reference now to FIG 7A and FIG. 7B, the fusion of the result
of applying the first neural network and the result of applying the masking process can be
performed according to sab process 535, At step 736 of sub process 535, the result of
applving the first neural network and outputs of applying the masking process can be
received. The outputs of applying the masking process can include the detected bounding
boxes and the contour mask generated as the result of applying the masking process.

2

Concurrently, the adulteraied 1mage may also be received. At step 737 of sub process 535, the

5

detected bounding boxes are identified within the result of applving the first neural network
{i.e. edited, cleaned image) and box contents are removed. At step 738 of sub process S35,
the adulterated image i3 evaluated to identify, as regions, groups of connect black pixels.
Each region can then be evaluated to deternune if the region is outside the contour mask
generated by applying the masking process, a distance between the region and the nearest
bounding box is less than a box distance threshold, and an area of the region is less than a
size threshold of the region. If it s deternuned that the region within the adulierated oage
satisfies these three conditions, the region can be erased from the edited. cleaned image
cutput as a result of applying the first neural network.

18665] The edited image generated at sub process 535 of wethod 500, an exaraple of which is
shown in FIG. 7B, can be provided to step 540 of method 500 and used as part of the image

searching process. In particular, when the goal is 1o identify a matching image within a
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reference database of images, step 540 of method 200 can include deternuning correlations
between the edited image and each image within the reference database of images.

16066} Af step 545 of method 500, the deternuned correlations can be evaluated in order to
select at least one matching tmage In an embodiment, the selection may be based on a
ranking of the determined correlations, wheretn a top n correlated images of the reference
database of images are identified. In an embodiment, the selection may be based on a
comparison of the determined correlations to a threshold correlation value, all images of the
reference database of images being sufficiently correlated with the edited image being
selected.

16067} In an embodiment, features extracted from any of the first neural network, the second
neural network, and/or the computer vision technique, separately or in any combination, may
also be used, separately, for image searching without the veed for generating a combine
image. To this end, the cleaned image, or extracted features of an miermediary image, may be
used as a searchable image (or features) for comparison with images of a reference database.
As it relates to patents, this may allow for accurate searching of a database of patents to
identify pateot documents having related images. For instance, during examanation of a pateot
application, an image of the pending application mav be used as a query during a search of a
patent document reference database, wherein resulis of the search are patent documents
containing images that match the query image.

6068} In other words, according to an embodiment, the present disclosure describes a
method for searching a patent image database based on a received image input to identify one
or more matching patent images. The method may include receiving an image of an object,
the 1mage being an annotated image from a patent application, in an example, applving a first
neural network to the annotated image, generating, based on the application of the first neural
network, a clean image of the annotated image, correlating the clean image of the object with
each image of a reference database of images including objects, or images {rom published
patent documents, i an example, and selecting, based on the comrelation, one or more
matching images that include a matching object. In an embodiment, the method may further
inchade applying a masking process o the annotated image, the masking process including a
second neural network configured to detect bounding boxes and a compuler vision technigue
configured to identify arrows, lines, and the like. The detected bounding boxes and the
identified arrows, lines, and the like may be used to generate a comtowr mask of the

wnderlving object of the image, the contour mask being used in cornbination with the clean
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image generated by applying the first neural network to result in an edited, cleaned image of
the underlving object of the image.

16069} In another ernbodirsent, the method mav further comprise extracting a feature of the
object based on the annotation mask. the clean image. and the contour mask, correlating the
extracted feature of the object with features of each image of a reference database of images
including objecis, and selecting, based on the correlation, one or more matching images that
nclude a matching object,

0078} Further to the above, it can be appreciated that, in deep learning, many thousands of
labelled images are typically required for tramning a classifier {e.g., a convolutional neural
network (CNN) classifier). Ofien times, these labelled images are manually labeled, a task
that requires a significant amount of time and computational resources. To this end, the
present disclosure describes a synthetic data generation method. The synthetic data
generation method can be configured 1o process palent design drawings without annotations,
such as those in FIG. 8, and apply randomized annotations thereto.

6671} The randomuzed annotations may be applied such that certain conditions are met, such
as ensuring that lead lines do not cross each other and that the reference numbers do not
overlap on the drawing.

160721 To this end, FIG. 9A provides a description of a method 930 of generating a
synthetically annotated drawing is described. Method 950 i3 described in the context of
generating a single callout, wheretn the method 950 can be repeated in order to annotate an
tmage as desired.

0073} At step 951 of method 9530, a contour detection is performed to detect lines of the
underlying object of the image. At step 952 of method 950, a distance map can be generated.
The distance map may be a matrix having a same size as the image, wherein each value of the
matrix is a distance o a closest black pixel. At step 953 of method 950, a random contour
pixel can be selected as a lead line start point. In an embodiment, a random perturbation can
be added so that the lead line does not always start on the drawing line. At step 954 of
method 950, a lead Iine end poiot can be randomly selected. The lead line end point may be
biased toward empty areas of the image. In others. the selection of the lead line end pomt can
be biased toward high values within the matrix (i ., the distance map). At step 955 of method
950, a check may be performed to identify infersections between the lead line and existing
lead lines. If an mitersection 1s detected, the lead line may be regenerated. Step 956 and step
957 may be optionally performed. At step 956 of method 950, additional control points of the

fead line can be sampled to generate a Bezier curve. At step 9537 of method 950, an
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arrowhead can be generated at the lead line start point. Finally, at step 938 of method 950, a
random number text and font can be sampled and placed near the lead ling end point.
Additional randonuzations can be applied, including color shaft and salt and pepper noise.
16674} In view of method 950, FIG. 9B 15 an llustration of a synthetically annotated image.
FIG. & can be used as a visual reference. FIG. 9C provides an isolated view of the synthetic
annotations.

6078} Further to the above, it can be appreciated that, as it relates to generation of a training
database, the present disclosure provides a method for automatically, and without human
intervention, generating a training database for training of a neural network.

16676] Having synthetically generated the training database, the first neural network and the
second newral network, described herein, can be trained according to the flow diagrams of
F1G. 10A and FIG. 10B. Generally, particularly as it relates to FIG. 10A, unadulterated patent
drawings {(e.g., mechanical design drawings) may be processed in order to generate a
synthetic annofation mask and a synthetically annotated image. The synthetically-annotated
images mav be used as tramming inputs and the svnthetic anmotation mask and the
unadulterated image mav be used as ground truth data As it relates to FIG. 10B, the
synihetically annotated image can be provided as traming inputs and target bounding boxes
can be used as ground truth data.

1606771 With reference to FIG. 10A, the first neural network can be divided into a first
module 1023, which generates an annotation mask, and a second module 1033, which outputs
a clean image with annotations removed. Each of the first module and the second module
may nclude a convolution block and a deconvelution block. The convolution block, which
may include of a series of convolition operations and pooling operations, captures and
encodes information inlo image data. In order to learn the weights associated with the
convolution/deconvolution processes, gradient backpropagation may be used with the goal of
minimizing a loss function {e.g, mean square error), as will be described later. The
annotation mask output from the first module, which may be a binary result, can be evaluated
by binary cross-entropy. fn this way, it can be appreciated that the first roodule 15 an easier
problem to solve (i.e., it converges more quickly). Therefore, its cutput can be provided to the
second module, as shown in FIG. 10A.

16078} After each model 1s trained and deployed, the patent images are fed i place of the
synthetically annotaled images.

16679] With reference to FIG. 10B, the second neural network can be an object recognition

neural network. In particular, the second neural network may be a convolutional neural
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netwark (CNN)-based bounding box detector and may be trained on synthetic data in order to
identify reference numbers and figure numbers. In an example, a {aster R-CNN architecture
may be used, though other architectures may be emploved without deviating from the spint
of the present disclosure. For instance, a first model iteration may be trained on pure
syvnthetic data. This model may then be used to label real {ie, non-synthetic) patent
drawings, and these labels may be checked by a human validator. The human-validated data
may then be used to fine-tune the wodel in a second Heration in order o umprove iis
ACCUTACY .

60808} When the first neural network is a pixel-level CNN, it should be appreciated that the
model may be imperfect and, occasionally, may generate missing annotations. Accordingly,
the present disclosure describes the second newral network as an approach that can be
performed in order to improve the output of the first newral network. As in FIG. 6A through
FIG. 6C, coniour detection, such as that available from the open-source OpenCV library, may
be used to find the countours in the fmage. Main contours may be detected based on sive.
Lines outside of the main contour and ending near detected reference numbers are assumed to
be lead lines and may be erased. Similarly, detected reference numbers may be erased.

(6081} According to an embodiment, NN networks may be tramed on the synthetic image
data pair that has the image with the noise and without noise. An mtermediate layer of this
trained network may be used as an image feature to further improve the sinularity score,
disregarding the known noise type.

{8882} Retuming now to the Figures, FIG. 10A and FIG. 10B are ow diagrams of a training
phase 860 of neural networks emploved in a method for searching an image database,
according to an exemplary embodiment of the present disclosure. In particular, FIG. 10A and
FIG. 10B correspond to neural networks employed within method 200 and within method
500 of the present disclosure.

[6683] The tramning phase 860 may include optimization of at least one neural network,
which can vary with application and can mclude residual networks, convolational neural
networks, encoder/decoder networks, and the like,

{0084} Generally, each of the at least one neural network receives training data, or, for
instance, a synthetically-labeled training image, as an input. Each of the at least one neural
network mav be configured to ouiput separate data, but may output, for example, an
estimated iroage, an estirnated annotation mask, or an eduted 1mage, that s ronirnized relative
to reference data. In an instance, as it relates to FIG. 10A, the tramning data 1021 may include

a syntheticallv-annotated drawing 1022, a corresponding synthetic annotation mask 1025, and
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a corresponding cleaned drawing 1027, Training phase 860 may include estimation of
annotation mask 1024 by a first module 10623 of the neural network and estimation of an
edited image 1026 by a second module 1033 of the neural network. The estimated drawing
1026 and the estimated annotation mask 1024 can be compared with a cleaned drawing 1027
and a synthetic annotation mask 1023, respectively, in order to calculate an error between
target values (e, “true” values of the training datay and the estimated values. This error ¢can
be evaluated at 1028" and 10287 and allows the at least one neural network to iteratively
update and improve its predictive power. In another instance, as it relates to FIG. 10B, the
training data 1021 mey include a synthetically-annotated drawing 1022 and corresponding
“rue’ bounding boxes 1037, The “true’ bounding boxes 1037 may be human-labeled, for
instance, annotations. Traming phase 860 may include estimation of bounding boxes 1029
The estimated bounding boxes 1029 can be compared with the “trug” bounding boxes 1037 in
order to calculate an error between target values (e, “true’ values of the training data) and
the estimated values. This ervor can be evaluated at 1028 and allows the at least one neural
network to iteratively update and improve its predictive power.

[6085} Specifically, as it relates to FIG. 10A, which may be associated with the first neural
network of the present disclosure, training phase 860 may include training of a {irst module
1023 of the first neural network and a second module 1033 of the first neural network.

10086} Training each module of the first neural network, and/or the first neural network at
large, may proceed as described with respect to FIG. 10A

{6887} In an embodument, tratning the modules of the first neural network begins with
obtaining training data 1021 from the training database. The traming data can include the
synthetically-annotated drawing 1022 and a corresponding synthetic annotation mask 1025,
the corresponding svothetic annotation mask 1025 being generated based on the
synihetically-annotated drawing 1022, The synthetically-annotated drawmg 1022 can be
provided as an input layer of the first module 1023 of the first neural network. The mput laver
can be provided to hidden lavers of the first module 1023 of the first neural network. Tn the
event the architecture of the first module 1023 of the neural network follows the
convolution/deconvolution description of above, the hidden layers may include a contracting
phase comprising one or more of convolutional layvers, concatenation lavers, sub sampling
lavers, pooling lavers, batch normalization layers, and activation layers, among others, and an
expansion phase comprising convolutional layers, concatenation lavers, upsaropling layers,
inverse sub sampling lavers, and summation lavers, among others. The activation layers may

employ a rectified linear unit (ReLU). An output of the hidden layers of becomes the input
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for an output laver. The output layer may be a fully connected laver, in an example. An
estimated annotation mask 1024 can then be output from the {irst module 1023 of the first
neural network. In an embodimoent, the output can be compared with the corresponding
svnthetic annotation mask 1025 at step 1028, In practice, a loss function defined
therebetween can be evaluated at step 1028 to determine if stopping criteria of the {raining
phase 860 have been met. If it i3 delermined that an error criterion i3 mel and the loss
function has been roinimized, or stopping cnieria have otherwise been met, the first module
1023 of the first neural network is determined to be sufficiently trained and ready for
implementation with unknown, real-time data. Alternatively, if it is determined that the error
criferion is not met and the loss function has not been mimnuzed, or stopping criteria have
otherwise not been met, the training phase 860 15 repeated and updates are made to
weights/coefficients of the first module of the first neural network.

[B888] According to an embodiment, and as the ouiput from the first module 1023 of the first
neural network s binary, the loss function of the first module 1023 of the first neural network
can be defined as a binary cross-entropv/log loss between the estimated annotation mask
output from the first module 1023 of the first neural vetwork (maskyy) and the

corresponding synthetic annotation mask (maskgyneneric), OF

2_‘ —(logp) + (1 — y)log(1 — ph)

6089} where y 1s the ground truth synthetic annotation mask 10235, v having a value of § for
a black pixel and 1 for a white pixel, and p is the probability output from the first module
1023 of the first neural network, p being between 0 and 1 with the goal being to match v. The
loss fimction can be sumumed over all pixels of the image.

6090} Training the first neural network continues with the second module 1033 of the first
neural vetwork. To troprove training, the output of the first module 1023 of the first training
network can be provided as an input, along with the synthetically annotated drawing 1022, to
the second module 1033 of the first neural network. Training the second module 1033 of the
first neural network begins with obtaining training data from a training database 1021. The
tratning data can include a synthetically-anvotated drawing 1022 and a corresponding cleaned
drawing 1027, the corresponding cleaned drawing 1027 being a version of the synthetically-
angotated drawing 1022 without annotations. The synthetically-annotated drawing 1022 can
be provided as an inpuf laver of the neural network 1023 along with the estimated annotation
mask from the first module 1023 of the first neural network. The input layer can be provided

to hidden layers of the second module 1033 of the first neural network. In the event the
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architecture of the second module 1033 of the first neural network follows the
convolution/deconvolution description of above, the hidden layers of the second module 1033
of the first neural network may include a coniracting phase coroprising one or more of
convolutional lavers, concatenation lavers, sub sampling layers, pooling lavers, baich
normalization layers, and activation lavers, among others, and an expansion phase comprising
convolutional lavers, concatenation layers, upsampling layvers, inverse sub sampling layers,
and suromation layers, among others. The activation layers may employ a rectified linear unit
{ReL.U). An output of the hidden layers of the second module 1033 of the first neural network
becomes the input for an cutput layer. The output layer may be a fully connected laver, in an
example. An edited fmage 1026 can then be output from the second module 1033 of the first
neural network and compared with the corresponding cleaned drawing 1027 at step 1028”7, In
practice, a loss function defined therebetween can be evaluated at step 10287 to determine if
stopping criteria of the training phase 860 have been met. If it is determined that an error
criterion is met and the loss function has been nunimized, or stopping criteria have otherwise
been met, the second module 1033 of the first neural network is determined to be sufficiently
trained and ready for implemeniation with unknown, real-time data. Altematively, if it is
determined that the error criterion 1s not met and the loss function has not been minimized, or
stopping criteria have otherwise not been met, the training phase 860 s repeated and updates
are made to weights/coefficients of the second module 1033 of the first neural network.

6091} According to an embodiment, the loss fumction of the second module 1033 of the first
neural network can be defined as the mean square error between the edited 1mage output from
the second module 1033 of the first newral network (imageyy) and the corresponding

cleaned image (image joqnea), OF

1 xn )
"?; é {imagecpanea — imageyy}®
i

where 7 is the number for the traiming data. This loss can be mimumized using optimization
methods including, among others, stochastic gradient descent.

[6892] With reference now to FIG. 10B, a fraining phase 860 of a second neural network
1043 is described. Training the neural network 1023 begins with obtaining training data from
a tramning database 1021. The training data can include a synthetically-annotated drawing
1022 and corresponding ‘true’ bounding boxes 1037. The “true’” bounding boxes 1037 may be
human-labeled, for mstance, annotations. The synthetically-annotated drawing 1022 can be
provided as an input layer of the second neural network 1043, The input laver can be

provided to hidden layers of the second neural network 1043, In the event the architecture of
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the second newral network 1043 follows the convolution/deconvolution description of above,
the hidden lavers of the second neural network 1043 may inclade a contracting phase
comprising one or more of convolutional layers, concatenation lavers, sub sampling lavers,
pooling layvers, batch normalization layers, and activation layers, among others, and an
expansion phase comprising convolutional layers, concatenation lavers, upsampling layers,
inverse sub sampling lavers, and summation layvers, among others. The activation layers may
employ a rectified linear unit (ReL. 1), An output of the hidden layers of the second neural
network 1043 becomes the input for an output layer. The output layer may be a fully
connected fayer, in an example. An estimation of bounding boxes can be generated at 1029.
The estimated bounding boxes 1029 can be compared with the “true’ bounding boxes 1037 at
step 1028 m order to calculate an error between target values (i.e., “true’ values of the
training data) and the estimated values. This error can be evaluated at 1028 and aliows the at
east one neural network fo tteratively update and improve its predictive power. In practice, a
toss function defined therebetween can be evaluated to deternune if stopping criteria of the
training phase 860 have been met. If it 1s determined that an error criterion is met and the loss
function has been minimized, or stopping criteria have otherwise been met, the second neural
network 1043 is determined to be sufficiently trained and ready for implementation with
wknown, real-time data. Alternatively, if it is determined that the error criterion is not met
and the loss fimction has not been minimized, or stopping criteria have otherwise not been
met, the training phase 860 i repeated and updates are made to weighis/coefficients of the
second neural network 1043
0093} According to an embodiment, the loss function of the neural network 1023 can be
defined as the mean square error between the estimated bounding boxes 1mage output from
the second neural network 1043 (Imageyy) and the corresponding “true’ bounding boxes
tmage (imagey e ), or

1 n

zzi_ﬂ (bmagegye — imageNN)z
where n is the number for the training data. This loss can be munimized using optimization
methods including, among others, stochastic gradient descent.
[0094]} Training phase 860 for each of FIG. 10A and FIG. 10B will now be described with
reference to FIG. 11 through FIG. 14B. It should be appreciated that, while described above
as having different loss funclions, neural neiworks of FIG. 10A and FIG. 10B may be

implemented together during deplovment.
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0095} The description of FIG. i1 through FIG 14B can be generalired, as would be
understood by one of ordinary skill in the art. FIG. 11 shows a flow diagram of one
imoplementation of the training phase performed duting optinuzation of the neural networks
described herein

[6396] During the training phase, represeniative data from the fraiing data database are used
as {raining data to train a neural network, resulting i an optimized neural network being
output from the training phase. The terme “data” here can refer to an wage of the travnung
image database. In an example using training images for data, the training phase of F1G. 10A
and FIG. 10B can be an offiime training method that trains a newral network using a large
number of synthetic training images that are paired with corresponding cleaned images and
annotation masks to train a neural network to estimate an cleaned 1mage and an annotation
mask, respectively.

[6897] Duwiing the training phase, a traiming database is accessed to oblain a plurality of
datasets and the network is teratively updated to reduce the ervor {e.g., the value produced by
a loss function), wherein updating the network includes tteratively updating values of, for
example, network coefficients, at each layer of the newal network, such that the
synihetically-annotated data processed by the neural network, increasingly, closely matches
the target. In other words, neural network infers the mapping implied by the training data, and
the loss fimction, or cost function, produces an error value related to the mismatch between
the target and the output of the current iteration of the neural network. For example, in certain
implementations, the loss funchion can use the mean-square error to nuninuze the average
squared error. In the case of a nwlulayer perceptron {(MLP) neural network, the
backpropagation algorithm can be used for training the network by minimizing the mean-
square-error-based loss function using a (slochastic) gradient descent method. A more-
detailed discussion of updating of network coefficients can be found below.

[6698] Tramning a neural network model essentially means selecting one model from the set
of allowed models (or, in 3 Bavesian framework, determining a distribution over the set of
allowed models) that minumzes the cost criterion (1.e., the error value calculated using the
cost function). Generally, the newral network can be trammed using any of numerous
algorithms for training neural network models (eg., by applving optimization theory and
statistical estimation).

16099} For example, the optimization method used n training the vewral network can use a
form of gradient descent incorporating backpropagation to compute the actual gradients. This

is done by taking the derivative of the cost function with respect to the network parameters
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and then changing those parameters m a gradient-related direction. The backpropagation
traiming algorithm can be: a steepest descent method (e.g., with variable learming rate, with
variable learning rate and momenturn, and resilient backpropagation), a guasi-Newton
method {e.g.. Broyden-Fletcher-Goldfarb-Shanno, one step secant, and Levenberg-
Marquardt), or a conjugate gradient method {e.g., Fletcher-Reeves update, Polak-Ribidre
update, Powell-Beale restart, and scaled compugate gradient). Additionally, evolutionary
methods, such as gene expression programwiing, siroulated annealing, expectation-
maximization, non-parametric methods and particle swarm optimization, can also be used for
training the neural network.

161607 With reference again to FIG. 11, the flow diagram is a non-limiting example of an
implementation of the fraining phase 860 for training the neural networks using the training
data. The data in the training daia can be from any training dataset within the iraining
database.

[B181} At step 1180 of traming phase 860, an witial guess is generated for the coefficients of
the neural network., For example, the initial guess can be based on one of the LeCun
initialization, an Xavier mitialization, and a Kaiming initialization.

[6162] Step TI81 to step 860 provide a non-himiting example of an optimization method for
traimung the newral network. In step 1181 of training phase 860, an error is calculated (e.g.,
using a foss function/cost function} to represent a measure of the difference {e.g., a distance
measire} between the target and the output data of the neural network as applied in a current
tteration of the neural netwark. The error can be calculated using any known cost function or
distance measure between the image data, including those cost functions described above.
Further, in certain implementations the error/loss function can be calculated using one or
more of a hinge loss and a cross-entropy loss.

161631 Additionally, the loss function can be combined with a regularization approach to
avoid overfitting the network to the particular instances represented in the fraining data.
Regularization can help to prevent overfitting 1n machine leaming problems. If trained oo
long, and assurning the model has enough representational power, the network will feam the
noise spectfic to that dataset, which is referred to as overfitting. In case of overfitting, the
neural network becomes a poor generalization, and the variance will be large because the
noise varies between datasets. The muinimum total error occurs when the sum of bias and
variance are minimal. Accordingly, it is desirable to reach a local mimimurn that explains the
data in the simplest possible way to maximize the likelithood that the trammed network

represents a general solution, rather than a solution particular to the noise in the training data.
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This goal can be achieved by, for example, early stopping, weight regularization, lasso
regularization, ridge regulanization, or elastic net regularization.

16164} In certain implementations, the newral network 1s trained using backpropagation.
Backpropagation can be used for training neural networks and is used in conjunction with
gradient descent optimization methods. During a forward pass, the algorithm computes the
netwark’s predictions based on the current parameters®. These predictions are then input into
the loss function, by which they are compared to the corresponding ground truth labels.
During the backward pass, the model computes the gradient of the loss function with respect
o the current parareters, afler which the parameters are updated by taking a step size of a
predefined size in the direction of nunimized loss {e.g.. in accelerated methods, such that the
Nesterov momentum method and various adaptive methods, the step size can be selected to
more quickly converge to optimize the loss function.)

0105} The optimization method by which the backprojection 1s performed can use one or
more of gradient descent, batch gradient descent, stochastic gradient descent, and muni-batch
stochastic gradient descent. Additionally, the optimization method can be accelerated using
one or more roomentum update techuigues in the optimization approach that results in faster
convergence rates of stochastic gradient descent in deep networks, including, e g.. Nesterov
momentum technique or an adaptive method, such as Adagrad sub-gradient method, an
Adadelta or RMSProp parameter update variation of the Adagrad method, and an Adam
adaptive optinuzation technigue. The optimization method can also apply a second order
method by incorporating the Jacobian matrix into the update step.

{6366} The forward and backward passes can be performed incrementally through the
respective layers of the network. In the forward pass, the execution starts by feeding the
inputs through the first layer, thus creating the output activations for the subsequent layer.
This process is repeated until the loss function at the last layer is reached. During the
backward pass, the last laver computes the gradients with respect to its own learnable
pararoeters (if anv) and also with respect to its own mput, which serves as the upsiream
derivatives for the previous laver. This process is repeated until the input laver is reached.
[6107] Retuming to the non-limiting example shown in FIG. 11, step 1182 of the training
phase 860 deternines a change in the ewror as a function of the change m the network can be
calculated {e.g., an error gradient) and this change in the error can be used to select a
direction and step size for a subsequent change in the weights/coefficients of the newral
network. Caleulating the gradient of the error in this manner is consistent with certain

implermentations of a gradient descent optimization method. To certain other implementations,
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this step can be omitted and/or substituted with another step in accordance with another
optimization algorithm (e.g., a non-gradient descent optimization algorithm like simulated
anuealing or a genetic algotithm), as would be undersiood by one of ordinary skill in the art.
6108} In step 1183 of the training phase 860, a new set of coefficients are deternuned for the
neural network. For example, the weights/coefficients can be updated using the change
calculated in step 1182, as in a gradient descent optimization method or an over-refaxation
acceleration method.

[G109] in step 1184 of the training phase 860, a new error value is calculated using the
updated weights/ coefficients of the neural network.

16116} In step 11835 of the traiming phase 860, predefined stopping criteria are used to
determine whether the tfraining of the network is complete. For example, the predefined
stopping criteria can evaluate whether the new error and/or the total number of Herations
performed exceed predefined values. For example, the stopping criteria can be satisfied if
either the new error falls below a predefined threshold or if a maximum vumber of iterations
are reached. When the stopping criteria is not satisfied, the training phase 860 will continue
back to the start of the iterative foop by returning and repeating step 1182 using the new
weights and coefficients (the iterative loop includes steps 1182, 1183, 1184, and 1185). When
the stopping criteria are satisfied, the training phase 860 is completed.

16111} FIG. 12 and FIG 13 show flow diagrams of implementations of neural networks,
aspects of which may be incorporated into the iraining phase and/or the run fime phase of the
neural network the present disclosure. FIG. 12 is general for any type of laver n a
feedforward artificial neural network (ANN), inclading, for example, fully connected layers.
FiG. 13 15 specific to convolutional layers, pooling lavers, batch normalization layers, and
Rel.U layers tn a CNN, The P3DNN can include aspects of the flow diagrams of FIG. 12 and
FIG 13, mcluding fully comnected lavers, convolutional layers, pooling layers, baich
normalization layers, and ReLU lavers, as would be understood by one of ordinary skill in the
art.

{6112} In step 1287 of traning phase 860, the weights/coefficients corresponding to the
connections between neurons (1.€., nodes) are applied to the respective mputs corresponding
to, for example, the pixels of the training image.

6113} In step 1288, the weighted inputs are summed. When the only non-zero
weights/coefficients counecting to a given neuron on the next layver are regionally localized in
an image represented in the previous laver, the combination of step 1287 and step 1288 is

essentially identical to performing a convolution operation.
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0114} In step 1289, respective thresholds are applied to the weighted sums of the respective
neurons.

16115} In sub process 1290, the steps of weighting, sumnung, and thresholding are repeated
for each of the subsequent layers.

16116} FIG. 13 shows a flow diagram of another implementation of the neural network. The
implementation of the neural network shown in FIG. 13 corresponds {o operating on the
tratning roage at a hidden laver using a non-hirotting implementation of the neural network.
(8117} In step 1391, the calculations for a convolution layer are performed as discussed in
the foregoing and in accordance with the understanding of convolution fayers of one of
ordinary skill in the art.

16118} In step 1392, following convolution, batch normalization can be performed to control
for variation in the output of the previous layer, as would be undersiood by one of ordinary
skill in the art.

6119} In step 1393, following batch normalization, activation is performed according to the
foregoing description of activation and in accordance with the understanding of activation of
one of ordinary skill in the art. In an example, the activation function is a rectified activation
function or, for example, a Rel.l], as discussed above.

16120} In another implementation, the ReLU laver of step 1393 may be performed prior to
the batch normalization laver of step 1392.

6121} In step 1394, the ouiputs from the convolution layer, following batch normalization
and activation, are the inputs into a pooling layer that 1s performed according 1o the foregoing
description of pooling layers and in accordance with the understanding of pooling lavers of
one of ordmary skill in the art.

63122} In process 1395, the steps of a convohution laver, pooling laver, baich normalization
layer, and Rel.U layer can be repeated in whole or in part for a predefined number of layers.
Following {or intermixed with} the above-described layers, the output from the ReL U laver
can be fed to a predefined nomber of ANN layers that are performed according to the
description provided for the ANN layers in FIG. 11,

0123} FIG. 14A and FIG 14B show various examples of the mnter-connections between
layers in the newal network. The neural network can include, in an example, fully connected
lavers, convolutional lavers, sub sampling layvers, concatenating layers, pooling lavers, batch
normalization layers, and activation layers, all of which are explained above and below. In
certain preferred implementations of the neural network, convolwiional lavers are placed

close to the input layer, whereas fully connected layers, which perform the high-level



WO 2021/243294 PCT/US2021/035007
24

reasoning, are placed further down the architecture towards the loss function. Pooling layers
can be inserted after convolutions and provide a reduction lowering the spatial extent of the
filters, and thus the amount of learnable parareters. Baich normahization layers regulate
gradient distractions to outliers and accelerate the learning process. Activation functions are
also incorporated inlo various layers to introduce nonlinearily and enable the network to leam
complex predictive relationships. The activation fimction can be a saturaling activation
function {e.g., a sigmoid or hyperbolic tangent activation function) or rectified activation
function {e.g., ReLU discussed above).

6124} FIG. 14A shows an example of a general ANN having N mputs, X hidden layers, and
three outputs. Each layer is made up of nodes (also called neurons), and each node performs a
weighted sum of the inputs and compares the result of the weighted sum to a threshold to
generate an output. ANNs make up a class of functions for which the members of the class
are obtained by varying thresholds, connection weights, or specifics of the architecture such
as the number of nodes and/or their connectivity. The nodes in an ANN can be referred to as
neurons (or as neuronal nodes), and the neurons can have inter-connections between the
different layers of the ANN system. The simplest ANN has three layers and is called an
autoencoder. The neural network can have more than three layers of newrons and have as
many output neurons 5% as input neurons, wherein N is the number of, for example, pixels in
the training image volume. The synapses (i.e., the connections between neurons} store values
called “weights” {also interchangeably referred to as “coefficients” or “weighting
coefficients™) that manipulate the data 1 the calculations. The “weights” of the present
disclosure are described by the cascaded weight previously detailed. The outputs of the ANN
depend on three types of parameters: (1) the interconnection pattern between the different
layers of neurons, (ii) the learning process for updating the weights of the interconnections,
and () the activation function that converts a neuron’s weighted input to ifs output
activation.

(6125} Mathematically, a neuron’s network function m{x) is defined as a composition of
other functions n; (x), which can be further defined as a composition of other functions. This
can be convenienily represented as a petwork structure, with arrows depicting the
dependencies between variables, as shown in FIG. 14A and FIG. 14B. For example, the ANN
can use a nonlinear weighted sum, wherein m{)=K(Zwn(x)) and where K {commonly
referred to as the activation Rwmction) is some predefined function, such as the hyperbolic

tangent.
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6126} In FIG. 14A (and similarly in FIG. 14B), the neurons (i.e.. nodes) are depicted by
circles around a threshold function. For the non-himiting example shown in FIG. 144, the
joputs are depicted as circles around a lvear function and the arrows indicate divected
communications between neurons. In certain implementations, the neural network is a
feedforward network.

6127} The P3DNN of the present disclosure operates to achieve a specific task, such as
estirnating a cleaved tamge, by searching within the class of functions F fo learn, using a set
of observations, io find m”™ € F, which solves the specific task mn some optirnal sense {e.g.,
stopping crileria). For example, in certain iroplementations, this can be achieved by defining
acost function C: F — m such that, for the optimal solution m”, C(m™) < C{m)vm € F (ie,
0o solution has a cost less than the cost of the optimal solution). The cost function C s a
measure of how far away a particular solution is from an optimal solution to the problem to
be solved (e.g., the error). Learning algorithims iteratively search through the solution space
to find a function that has the smallest possible cost. In cerfain implementations, the cost is
munimized over a sample of the data (i e., the training data).

16128 FIG. 14B shows a non-limiting example in which the neural network 1s 3 CINN. CNNs
ase a type of ANN that have beneficial properties for image processing and, therefore, have
special relevancy for applications of tmage denoising. CNNs use feed-forward ANNs in
which the connectivity paitern between neurons can represent convolutions in image
processing. For example, CNNs can be used for image-processing optimization by using
musltiple lavers of small nearon collections which process portions of the input image, called
receptive fields. The ouiputs of these collections can then be tiled so that they overlap to
obtain a better representation of the oniginal image. This processing pattern can be repeated
over mudtiple layers having convolution and pooling layers, as shown, and can include batch
normalization and activation layers.

[612%] As generally applied above, following after a convolution laver, a NN can include
local and/or global pooling layers which combine the ouiputs of neuron clusters in the
convolution layers. Additionally, in certain implemeniations, the CNN can also include
various combinations of convolutional and fully connected layers, with pointwise
nonlinearity applied at the end of or after each layer.

131307 Next, a hardware description of the apparatus, or device, for searching images
according to exemplary embodiments, is deseribed with reference to FIG. 15, In FIG. 15, the
device includes a CPU 1500 which performs the processes described above/below. The

process data and imstroctions mav be stored in memory 1502, These processes and
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instructions may also be stored on a storage medium disk 1504 such as a hard drive (HDD) or
portable storage medium or may be stored remotely. Further, the claimed advancements are
not limited by the form of the coroputer-readable roedia oo which the nstructions of the
inventive process are stored. For example, the instructions may be stored on CDs, DVDs, in
FLASH memorv, RAM, ROM, PROM, EPROM, EEPROM, hard disk or any other
information processing device with which the device communicates, such as a server or
computer.

{0131} Further, the claimed advancements may be provided as a utility application,
background daemon, or component of an operating system, or combination thereof, executing
in conjunction with CPU 1500 and an operating system such as Microsoft Windows,
Microsoft Windows 7, Microsoft Windows 10, UNIX, Solaris, LINUX, Apple MAC-0OS and
other systems known to those skilled in the art.

[3132] The hardware elements in order to achieve the device may be realized by various
circuitty elements, known to those skilled in the art.  For example, CPU 1500 may be a
Xenon or Core processor from Intel of America or an Opteron processor from AMD of
America, or may be other processor tvpes that would be recognized by one of ordinary skill
in the art.  Alternatively, the CPU 1300 may be implemented on an FPGA, ASIC, PLD or
using discrete logic circuits, as one of ordinary skill in the art would recognize. Further, CPU
1500 may be implemented as multiple processors cooperatively working in parallel {o
perform the instructions of the inventive processes described above.

0133} The device in FIG. 13 also includes a network controller 1506, such as an Iutel
Ethernet PRO network interface card from Intel Corporation of America, for interfacing with
network 1555, As can be appreciated, the network 1555 can be a public network, such as the
Internet, or a private network such as an LAN or WAN network, or anv combination thereof
and can alse mclude PSTN or ISDN sub-networks. The network 1555 can also be wired, such
as an Ethernet network, or can be wireless such as a cellular network including EDGE, 3G
and 4G wireless celhidar systems. The wireless network can also be WiFi, Bluetooth, or any
other wireless form of commumcation that is known

[6134] The device further includes a display controller 1508, such as a NVIDIA GeForce
GTX or Quadro graphics adaptor from NVIDIA Corporation of America for interfacing with
display 1510, such as a Hewlett Packard HPL2445w LCD monitor. A general purpose VO
interface 1512 nterfaces with a kevboard and/or mouse 1514 as well as a touch screen panel

1516 on or separate from display 1510, General purpose /O interface also connects to a



WO 2021/243294 PCT/US2021/035007
27

variety of peripherals 1518 including printers and scanners, such as an Officelet or Desklet
from Hewlett Packard.

16135} A sound controlier 1520 13 also provided in the device, such as Sound Blaster X-Fi
Titanium from Creative, to interface with speakers/mucrophone 1522 thereby providing
sounds and/or music.

3136} The general purpose storage controller 1524 connects the storage medim disk 1504
with communication bus 1526, which mayv be an ISA, EISA, VESA, PCL or stmilar, for
interconnecting all of the components of the device. A description of the general features and
functionality of the display 1510, keyboard and/or mouse 1514, as well as the display
controller 1508, storage controller 1524, network controller 1506, sound controller 1520, and
general purpose FQ interface 1512 is omitted herein for brevity as these features are known.
161371 Obviously, numerous modifications and vanations are possible in light of the above
teachings. It is therefore to be understood that within the scope of the appended claims,
embodiments of the present disclosure may be practiced otherwise than as specifically
described herein.

6138} Embodiments of the present disclosure may also be as set forth in the following
parentheticals.

16139 (1) A method for searching an image database, comprising receiving, by processing
circuitry, an adulterated image of an object, the adulterated image including object
annotations for visual reference, applyving, by the processing circuiiry, a first newral network
to the adulterated 1mage, correlating, by the processing circuilry, a result of the applving the
first neural network with each 1mage of a reference database of images, the result including
an edited image of the object and each image of the reference database of images including a
reference object, and selecting, by the processing circuitry and as a maiching image, one or
more 1mages of the reference database of images having correlation values above a threshold
correlation value.

3140 (2} The method according to (1), wherein the applving the {irst veural network
includes editing, by the processing circutiry, the adulferated image to remove the object
annotations, an output of the editing being the edited image of the object.

[8141] (3) The method according to either (1) or {2), further comprising applying, bv the
processing circuitry, a masking process to the adulterated image.

6142 (4) The method according to any one of {1} to (3}, wherein the applying the masking
process includes perfornung. by the processing circuitry and via a second neural netwark,

object recognition on the adulterated image to recognize text-based descriptive features,
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applyving, by the processing circuitry and based on the perfornmung the object recognition,
computer vision to detect callout features relative to bounding boxes comtaiming the
recognized text-based descriptive features, and generating, by the process circuitry and based
on the bounding boxes and the detected callowt features, a contour mask of the object.

161437 (5) The method according io any one of (1} to {4}, further comprising editing, by the
processing circuitry, the adulieraied fmage based on the result of the applving the first neural
vetwork and a result of the applving the masking process, the result of the applving the
masking process being the generated contour mask of the object.

8144} (6) The method according o any one of (1) to (3), wherein the first newral network is
a convolutional neural network configured to perform pixel-level classification.

16145} (7) The method according to any one of (1) to {6), wherein the generating the contour
mask of the object includes applying, by the processing circuitry, object segmentation {0 the
adulterated image.

6146} (8) A non-transitory computer-readable storage redium storing computer-readable
instructions that, when executed by a computer, cause the computer to perform a method for
searching an image database, comprising receiving an adulterated image of an object, the
adulierated image including object annotations for visual reference, applying a first neural
network to the adulterated image. correlating a result of the applying the first neural network
with each image of a reference database of images, the result including an edited image of the
object and each image of the reference database of images including a reference object, and
selecting, as a matching image, one or more images of the reference database of images
having correlation values above a threshold correlation value.

18147} () The non-transitory computer-readable storage medium according to (83, wherein
the applyving the first neuwral network includes editing the adulierated image to remove the
object annotations, an output of the editing being the edited image of the object.

16148 (10} The non-transitory computer-readable storage medium according to either (8) or
(9}, turther comprising applving a roasking process to the adulterated image.

63149} (11} The non-transitory computer-readable storage medium according to any one of
(8} to (10}, wherein the applying the masking process includes perfornung, via a second
neural network, object recognition on the adulterated image to recognize text-based
descriptive features, applying, based on the performing the object recognition, computer
vision to detect callout features relative to bounding boxes contaming the recognized text-
based descriptive features, and generating, based on the bounding boxes and the detected

callout features, a contour mask of the object.
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6150} (12) The non-transitory computer-readable storage medium according to any one of
{8) to (11}, further comprising ediling the adulterated image based on the result of the
applving the first neural network and a result of the applving the masking process, the result
of the applving the masking process being the generated contour mask of the object.

16151} (13) The non-transitory computer-readable storage medium according to any one of
(8) 1o (12), wherein the first neural network is a convolutional newral network configured to
performa pixel-level classification.

[0152} (14) The non-transitory computer-readable storage medium according to any one of
{8} to (13), wherein the generating the contowr mask of the object includes applving object
segmentation to the adulterated fmage.

[61583] (15} An apparatus for performing a method for searching an image database,
comprising processing circuitry configured fo receive an adulterated image of an object, the
adulterated 1mage including object annotations for visual reference, apply a first newral
network to the adulierated image, correlate a result of the applving the first neural network
with each image of a reference database of images, the result including an edited image of the
object and each image of the reference database of images including a reference object, and
select, as a matching image, one or more images of the reference database of images having
correlation values above a threshold correlation value.

16154} (16) The apparatus according to (15), wherein the processing circuitry is further
configured to apply the first neural network by editing the adulterated image o remove the
object annotations, an output of the editing being the edited image of the object.

6188} (17) The apparatus according to etther (13) or (16}, wherein the processing circuifry is
further configured to apply a masking process to the adulterated image.

6156} (18) The apparatus according o any one of (15} to (17), wherein the processing
circuitry 1s further configured to apply the masking process by performing, via a second
neural network, object recognition on the adulterated image to recognize text-based
deseriptive features, applying, based on the performing the object recognition, compuiter
vision to detect callout features relative to bounding boxes cordanung the recogrized text-
based descriptive features, and generating, based on the bounding boxes and the detected
callout features, a contour mask of the object.

161871 (19} The apparatus according o any one of (15} to (18), wherein the processing
circuitry 1s further configured to edit the adulterated jroage based on the result of the applving
the first neural network and a result of the applyving the masking process, the result of the

applving the masking process being the generated contour mask of the object.
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0158} (20) The apparatus according to any one of {15) to {19), wherein the processing
circuitry is further configured 1o generate the contour mask of the object by applying object
segmentation to the adulterated irnage.

16159 Thus, the foregoing discussion discloses and describes merely  exemplary
embodiments of the present disclosure. As will be understood by those skilled in the art, the
present disclosure may be embodied in other specific forms without departing from the spirit
ot essential characteristics thereof. Accordingly, the disclosure of the present disclosure is
intended to be illustrative, but not linuting of the scope of the disclosure, as well as other
claims. The disclosure, including any readily discernible varianis of the teachings herein,
defines, in part, the scope of the foregoing claim ternunology such that no nventive subject

matter is dedicated to the public.



