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SYSTEMS AND METHODS OF PRODUCT RECOGNITION
THROUGH MULTI-MODEL IMAGE PROCESSING

Cross-Reference To Related Apphications

{0601] This application claims the benefit of U.S. Provisional Application No.
62/809,851 filed February 25, 2019, and U.S. Provisional Application No. 62/840,748 filed April

30, 2019, each of which is incorporated herein by reference in s entirety.

Technical Field

{6002] This invention relates generally to product recognition through image processing.
Background
{0003] Image processing has been used n attempts to identify various objects. Typically,

such processing 18 external to a device capturing the images. Often, such systems provide
maccurate results or take an amount of time that 1s impractical for many applications.

Accordingly, there 15 a need to improve the ability to perform object identification.

Brief Description of the Drawings

[6004] Disclosed herein are embodiments of systems, apparatuses and methods
pertaining product recognition through multi-model image processing. This description mcludes
drawings, wherein:

{B00S] FIG. 1 illustrates a simplified block diagram of an exemplary product recognition
system, n accordance with some embodiments.

{0006] FIG. 2 illestrates a simplified block diagram of an exemplary portable device, in
accordance with some embodiments.

{B80067] FIG. 3 illustrates a simplified block diagram of an exemplary portable device
mplementing rmage processing and identifying a product at a retail store or other object, in
accordance with some embodiments.

{06038] FIG. 4 illustrates a simplified block diagram of an exemplary process of

identifying a product at a retail store or other object, in accordance with some embodiments.
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{0009} FIG. 5 illustrates a simplified flow diagram of an exemplary process of recognize

retail products in a physical retail store, in accordance with some embodiments.

{0016} FIG. 6 ilustrates a simplified flow diagraph of an exemplary process of

customizing one or more machine learning models, in accordance with some embodiments.

{0011} FIG. 7 dlustrates a simplified flow diagram of a process of mitiating the
application of one or more models on the portable user device, in accordance with some

embodiments.

{0612] FIG. 8 illustrates a simplified flow diagram of a process of training models for use

in recognizing retail products in a physical retail store, in accordance with some embodiments.

{061 3] FIG. 9 dllustrates an exemplary system for use in implementing methods,
techniques, devices, apparatuses, systems, servers, sources to identify objects and products, in

accordance with some embodiments.

{0014} FIG. 10 depicts an illustration of an exemplary portable device receiving
identification information from images of a product and communicating with a server, in

accordance with some embodiments.
{061 5] FIG. 11 illustrates a simplified flow diagram of a process of adding products to a

virtual shopping cart, and completing a purchase of the one or more products of the virtual cart,

in accordance with some embodiments.

{0016} FIG. 12 illustrates an exemplary scan interface in accordance with some
embodiments.
{0017} FIG. 13 illustrates an exemplary cart confirmation user imterface, in accordance

with some embodiments.

{0018] FIG. 14 illustrates an exemplary virtual cart iterface in accordance with some
embodiments.
{0019} FIG. 15 illustrates of an exemplary optical scanning machine reading an optical

machine-readable representation of an order displayed on a portable device, in accordance with

some embodiments.
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18020} FIG. 16 illustrates an exemplary checkout screen with an exemplary machine-
readable representation of the order displayed on the display of the portable device, in

accordance with some embodiments,

{0621] FIG. 17 illustrates an exemplary payment confirmation interface, in accordance

with some embodiments.

{0622] Elements in the figures are illustrated for simplicity and clarity and have not
necessarily been drawn to scale. For example, the dimensions and/or relative positioning of
some of the elements in the figures may be exaggerated refative to other elements to help to
improve understanding of various embodiments of the present invention. Also, common but
well-understood elements that are useful or necessary in a commercially feasible embodiment are
often not depicted in order to facilitate a less obstructed view of these various embodiments of
the present mvention. Certain actions and/or steps may be described or depicted in a particular
order of occurrence while those skilled in the art will understand that such specificity with
respect to sequence is not actually required. The terms and expressions used herein have the
ordinary technical meaning as i1s accorded to such terms and expressions by persons skilled in the
technical field as set forth above except where different specific meanings have otherwise been

set forth herein.

Detailed Description

{0023] The following description is not to be taken in a limiting sense, but is made
merely for the purpose of describing the general principles of exemplary embodiments.

23 <¢

Reference throughout this specification to “one embodiment,” “an embodiment,” “some
embodiments”, “an implementation”, “some implementations”, “some applications”, or similar
language means that a particular feature, structure, or characteristic described in connection with
the embodiment is included in at least one embodiment of the present invention. Thus,
appearances of the phrases “in one embodiment,” “in an embodiment,” “in some embodiments”,
“in some implementations”, and similar language throughout this specification may, but do not

necessarily, all refer to the same embodiment.

[6024] Generally speaking, pursuant to various embodiments, systems, apparatuses and

methods are provided heren that provide retail product recognition local on portable user
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devices through local multi-model image processing of images and/or frames of video content
captured by the portable device. The multi-model applications and cooperative evaluation
enables the system to run in substantially real-time as image and/or video content s captured on
the portable device, and provide very quick product recognition that can be run locally on the
portable device, off-line and without having to communicate data from the portable device and
wait for a reply. Further, such video and/or image product recognition can simphify obtaiming
product identifying information by a worker and/or customer because often a barcode cannot be

accessed or 18 inconvenient to be accessed {e g., large products, hot products, etc.).

{00285} Further, some embodiments alternatively or additionally provide some or all of
the image and/or frame processing through multiple different model image processing at remote
devices, such as servers accessible of a distributed network accessible by the mobile device over
a wireless communication link. In some embodiments, a system is provided that recognizes
retail products in a physical retail store. The system includes and takes advantage of customers’
portable user devices, which typically include a housing, an imaging system at least partially
positioned within the housing and configured to capture at least video content, wherein each
video content comprising a series of frames, an image processing circuit secured within the
housing and communicatively coupled with the imaging system, at least one tangible memory
positioned within the housing and storing a local product database locally storing sets of product
imaging data, and a decision control circuit communicatively coupled with the memory. The
image processing circuit is configured to select and extract at least a subset of frames comprising
one or more individual frames from the series of frames of a video content. The tangible
memory 1s posttioned within the housing and stores a local product database locally storing sets
of product imaging data, wherein each set of product imaging data corresponds to one of
hundreds to hundreds of thousands of different retail products available for sale from a retail
store and comprises a product identifier and at least image attribute data exclusively
corresponding to the respective product. o some applications, the decision control circutt 18
configured to: process each frame of the subset of frames by at least a first modeling technique
relative to a first image attribute and obtain a corresponding first product identification
probability that an item, captured within each of the subset of frames, 1s estimated to be a first

product of the hundreds to thousands of products; process each frame of the subset of frames by
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a second modeling technique relative to a second image atiribute that is different than the first
attribute, and obtain corresponding second product identification probabilities that the item,
captured within each of the subset of frames, is estimated to be the first product of the hundreds
to thousands of products; determine an aggregated first identification probability of the first
product as a function of the first product identification probabilities corresponding to the frames
of the subset of frames; determine an aggregated second identification probability of the first
product as a function of the second product identification probabilities corresponding to the
frames of the subset of frames; collectively evaluate the aggregated first identification
probability and the aggregated second identification probability of the first product for the
frames of the subset of frames and identify when one or more of the aggregated first
identification probability and the aggregated second identification probability has a predefined
relationship with a collective threshold probability; and cause an 1mmage of the first product to be
displayed in response to identifving that one or more of the aggregated first identification
probability and the aggregated second identification probability has the predefined relationship

with the collective threshold probability.

{0026] Further, some embodiments provide methods to recognize retail producis ina
physical retail store. Some of these methods recetve one or more video content, wherein each
video content comprising a series of frames. At least a subset of frames are extracted from a
video content comprising one or more mdividual frames from the series of frames of the video
content. Each frame of the subset of frames 15 processed by at least a two different modeling
techniques relative to respective different timage atiributes and obtains corresponding product
identification probabilities that an ttem, captured within each of the subset of frames, is estimated
to be a first product of the hundreds of products. For example, each frame of the subset of
frames can be processed according to a first modeling technigque relative to a first image attribute
can be performed to obtain corresponding first product identification probabilities that the item,
captured within each of the subset of frames, 15 estimated to be the first product of the hundreds
of products, and each frame of the subset of frames processed by the second modeling technique
relative to a second image attribute that is different than the first attribute to obtain
corresponding second product identification probabilities that the ittem, captured within each of

the subset of frames, is estimated to be the first product of the hundreds of products. An
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aggregated first identification probability of the first product can be determined as a function of
the first product identification probabilities corresponding to the frames of the subset of frames,
and an aggregated second identification probability of the first product can be determined as a
function of the second product identification probabilities corresponding to the frames of the
subset of frames. The aggregated first identification probability and the aggregated second
identification probability of the first product for the frames of the subset of frames can be
collectively evaluated to identify when one or more of the aggregated first identification
probability and the aggregated second identification probability has a predefined relationship
with a collective threshold probability, and cause an 1mage of the first product to be displayed in
response to identifying that one or more of the aggregated first identification probability and the
aggregated second identification probability has the predefined relationship with the collective

threshold probability.

10027} FIG 1 illustrates a simplified block diagram of an exemplary object and/or
product recognition system 100, in accordance with some embodiments. The product
recognition system 100 enables numerous portable user devices 102 (e.g., smartphones, tablets,
etc.} operated by different users {e.g., customers, workers, etc.} to capture images and/or video
content of a product and locally identify the product through the application of multiple different
image modeling techniques. The portable devices 102 typically utilize one or more software
apphications 104 (APP) to implement processing of the images and/or video content. Some
embodiments include a central server 106 that can distribute the one or more applications to the
mobile devices. The central server can be accessed by the mobile devices through one or more
distributed computer and/or communication networks 108 {e.g., Internet, cellular, Wi-Fi,

Bluetooth, other such networks, or combination of two or more of such networks).

{0028] In some embodiments, the system 100 mcludes one or more model training
systems 110 that train one or more machine learning models and/or update traming of such
models to be distributed to mobile devices and/or to update models operating on mobile devices.
The training, in some implementations, utihizes mformation provided by the mobile devices
based on local image processing by the mobile devices through trained machine learning models
being apphied by the mobile devices. Additionally or alternatively, some mobile devices 102

and/or other image capturing systems can supply image and/or video data to the model training

-6 -
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systems to be used in recognizing a product within the images and/or to further train the models

based on the application of the models.

{0029} The system 100 further includes one or more databases 112, These databases can
store information relevant to the operation of one or more retail stores and/or other information.
For example, the databased may inchide a product database, a customer database, inventory
database, and/or other such databases. In some implementations, a retail product database can be
configured to store and maintain product information (e.g., identifier mformation (e.g., name,
RFID information, barcode information, size, quantity, etc.), location(s) in a retai facility,
quantities, shipping information, pending order information, history information, etc ), product
images, image attribute information, sets of product imaging data each corresponding to one of
hundreds to tens of thousands of different objects and/or retail products, which are typically
available for sale from a retail store. Each product imaging data includes a product identifier and
at least image attribute data exclusively corresponding to the respective product, and other such
product information. Typically, one or more databases mamntain customer information and/or
profiles, which may be updated based on customer purchases, products identified through their
personal portable devices, products considered for purchase, searching, other such imformation,
and typically a combination of two or more of such mformation. The databases may be
maintained by a retail store, by a retail company having multiple stores, third party entities
and/or services, and the ke In some embodiments, databases store information relevant to the
operation of one or more retail stores and/or other information. For example, the databased may
include a product database, a customer database, inventory database, and/or other such databases.
In some implementations, a retail product database can be configured to store and mamntain
product information {e.g., wlentifier information {e.g., name, RFID information, barcode
mformation, size, quantity, etc.), location{s) i a retail facility, quantities, shipping mformation,
pending order mnformation, history information, etc.}. Further, some embodiments include one or
more inventory systems 114 that track and maintain mventory mformation about product
quantities at one or more retail stores, products on order, quantities of products typically ordered,
past order history and/or other such information. This inventory information may be accessed by
one or more circuits, systems and/or devices of the system 100, such as the databases that store

the inventory information, the central server to track location of inventory and/or provide

~d
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location information to the mventory system, the portable user devices 102 in obtaining product
mformation once a product has been identified through image processing, and the hike. The
system 100 may further include one or more product ordering systems 116 that can order
products for one or more retail stores based, for example, on inventory levels, requests from
customers and the like. Similarly, in some applications a customer may request one of more
products through a portable device and the ordering system may order that product on the

customer’s behalf

{0030] Still further, some embodiments inclide one or more point of sale systems 118
that allow the customer to purchase products. Such point of sale systems may be at the retail
store operated by workers at the store, operated by the customers, implemented through the
central server 106, implemented as a software application on a remote point of sale system {e.g.,
through one or more computers, servers or the like), or other such systems. Insome
embodiments, a terminal sales application may be executed on the central server 106 or network
accesses point of a point of sale system 118 to mteract with portable devices 102 of customers.
Typically, such remote point of sale systems 118 are different than physical point of sale systems
at a retail store, and lacks at least some of the peripheral devices of a physical point of sale

system at the retail store {(e.g., barcode scanner, scale, physical user interface, etc.).

[0031] Although the below description focuses on the product identification occurring on
the portable device, 1t will be appreciated that some or all of the processing (e.g., 1mage
processing and/or model application processing, etc.) can be performed remote from the portable
device. Such remote process, however, would typically add delay to obtaining the product
information as a result of communicating the information, the available communication

bandwidth and other such factors.

[0632] FIG. 2 illustrates a simplified block diagram of an exemplary portable user device
102, i accordance with some embodiments. The portable device 102 typically includes one or
more control circutts or processor modules 202, one or more memory 204, and one or more
communication transceivers, links, paths, buses or the like 206. Further, the portable device 102
meludes one or more internal and/or external power sources or supplies 208, and usually
meludes one or more user interfaces 210, The control circuit 202 can be mmplemented through

one Of MOore processors, microprocessors, central processing unit, logie, local digital storage,
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firmware, software, and/or other control hardware and/or software, and may be used to execute
or assist in executing the steps of the processes, methods, functionality and techniques described
herein, and control various communications, decisions, programs, content, listings, services,
mterfaces, logging, reporting, etc. Further, in some embodiments, the control circuit 202 can be
part of control circuitry and/or a control system 212, which may be implemented through one or
more processors with access to one or more memory 204 that can store structions, code and the
iike that 1s implemented by the control circuit and/or processors to implement intended
functionality. Typically, the memory stores one or more databases, including a local product
database locally storing sets of product imaging data, where each set of product imaging data
corresponds to one of hundreds to tens of thousands of different retatl products available for sale
from a retail store and includes a product identifier and at least image attribute data exclusively
corresponding to the respective product (e.g., numeric representations and/or multidimensional
arrays representing images and/or labels of the products offered for sale by the retail store). The
portable device 102 further includes a housing 214, casing or other protective structure to house
the control circuit 202 and memory 204, and secure one or more user iterfaces {e.g., a display,
keys, touch screen, eic ).

{0033] In some embodiments, the portable device further includes one or more imaging
systeras 220, one or more image processing circuits 222 or systems, and one or more decision
control circuits 224, The 1image processing circuit 222 and/or the decision control circutt 224
may be separate from the control circuit 202, while 10 other implementations some or all of the
image processing circuit 222 and the decision control circuit 224 are implemented on the control
circuit through the one or more processors implementing the control circuit through software
apphcations. The inaging system 220 can include one or more cameras that are configured to
capture static images, series of images and/or video content at one or more frame rates. The
imaging system 220 can, in some implementations, cause the captured images and/or video
content to be at least temporarily stored on the memory 204 or other memory of the portable

device.

{0034] The user interface 210 can allow a user to interact with the portable device 102
and receive information through the portable device. In some instances, the user mterface 210

includes a display 230 and/or one or more user inputs 232, such as buttons, touch screen, track

9.
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ball, kevboard, mouse, etc., which can be part of or wired or wirelessly coupled with the portable
device 102. Typically, the portable device further includes one or more communication
mterfaces, ports, transceivers 225 and the hike allowing the portable device to commumnicate over
a communication bus, a distributed computer and/or communication network 108 (e.g., a local
area network {(LAN), the Internet, wide area network (WAN), etc.}, communication link 206,
other networks or communication channels with other devices and/or other such communications
or combination of two or more of such communication methods. Further the transceiver 206 can
be configured for wired, wireless, optical, fiber optical cable, satellite, or other such
communication configurations or combinations of two or more of such communications. Some
embodiments include one or more mput/output (/0) ports and/or interfaces 234 that aliow one or
more devices to couple with the portable device. The I/O ports can be substantially any relevant
port or combinations of ports, such as but not limtted to USB, Ethernet, or other such ports. The
IO nterface 234 can be configured to allow wired and/or wireless communication coupling to
external components. For example, the I/O nterface can provide wired communication and/or
wireless communication {e.g., Wi-Fi, Bluetooth, cellular, RF, and/or other such wireless
communication), and in some instances may include any known wired and/or wireless
interfacing device, circuit and/or connecting device, such as but not limited to one or more

transntitters, recetvers, transcetvers, or combination of two or more of such devices.

[0035] In some embodiments, the portable device 102 may include one or more sensors
236 to provide information to the system and/or sensor information that 15 communicated to
another component, such as the central control system or central server 106, etc. The sensors can
melude substantially any relevant sensor, such as one or more accelerometer systems 238 {e.g.,
mertial detector, and the like}, one or more gyroscopes, one or more distance measurement
sensors {e.g., optical units, sound/sltrasound units, etc.}, one or more light and/or proxinuty
sensors, one or more Lidar systems (light detection and ranging}, optical-based scanning sensors
to sense and read optical patterns {e.g., bar codes), radio frequency dentification (RFID) tag
reader sensors capable of reading RFID tags in proximuty to the sensor, other such sensors, or a
combination of two or more of such sensor systems. The foregoing examples are intended to be

ilustrative and are not intended to convey an exhaustive listing of all possible sensors. Instead, 1t

-10 -
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will be understood that these teachings will accommeodate sensing any of a wide variety of

circumstances in a given application sefting.

{0036} The portable device 102 comprises an example of a control and/or processor-
based system with the control circuit 202, Again, the control circuit 202 can be implemented
through one or more processors, controllers, central processing units, logic, software and the like.

Further, in some implementations the control circuit may provide multiprocessor functionality.

{0037} The memory 204, which can be accessed by the control circuit 202, typicaily
includes one or more processor-readable and/or computer-readable media accessed by at least the
control eircuti 202, and can include volatile and/or nonvolatile media, such as RAM, ROM,
EEPROM, flash memory and/or other memory technology. Further, the memory 204 1s shown
as internal to the control system 212; however, the memory 204 can be internal, external or a
combination of internal and external memory. Similarly, some or all of the memory can be
internal, external or a combination of internal and external memory of the control circuit 202.
The memory 204 can store code, software, APPs, executables, scripts, data, content, lists,
programming, programs, images, video content, log or history data, user information, customer
information, product mformation, and the like. While FIG. 2 illustrates the various components
being coupled together via a bus, it is understood that the various components may actually be

coupled to the control circutt and/or one or more other components directly.

{0038] FIG 3 illustrates a simplified block diagram of an exemplary portable device 102
implementing image processing and 1identifying a product at a retail store or other object, in
accordance with some embodiments. FIG. 4 dlustrates a simplified block diagram of an
exemplary process 400 of identifying a product at a retail store or other object, in accordance
with some embodiments. Referrmg to FIGS. 1-4, the portable device 102, as mitroduced above,
includes an imaging system 220 that captures images and/or video content 302, where each video
content mcludes a series of frames.

[0639] The video content is accessed by one or more image processing circutts 222,
which is secured within the housing 214 and communicatively coupled with the imaging system.
In part, the image processing circuit 222 selects and exiracts at least a subset of frames of the

numerous frames in a video content.  As such, the subset of frames comprises one or more
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ndividual frames from the series of frames of a video content. Further, in some applications, at
least a threshold number of frames has to be selected to achieve a subset that can be evaluated.
The threshold number may be preset, may be set based on image processing, or the hike. In other
mstances, a threshold number of frames 1s not required, and as described below the process can
be repeated with subsequent subsets of frames until an ttem is recognized or an error 1s detected.
Similarly, in some embodiments the selected threshold number of frames are to be identified
within a minimum number of frames of a video content and/or within a mimimum duration of
active video capturing. In some embodiments, the image processing can include one or more
filtering applications, cropping applications 300 that can remove extraneous and/or background
informaiion from the frame to focus on one or more items of interest within the frame, frame
resizing applications 308 that can reduce the processing needed {(e.g., pixel processing and/or
reduction, pixel simplification, etc.), a frame conversion application 310, other such processing
apphications, and typically a combination of two or more of such applications. The cropping
application, resizing application and other such preprocessing can reduce the time and/or
computational overhead of performing the application of the subsequent modeling processing.
Some embodiments additionally or alternatively consider accelerometer data 312 {e.g., motion
sensing data, nertial sensing data, etc.) from an accelerometer system 238, gvroscope data, other
sensor data, and/or a combination of sensor data from multiple sensors as part of the image
processing. Further, the accelerometer system and/or other sensor systems can be activated
while the imaging system 1s active to, for example, detect movement of the portable device and
output accelerometer data relative to one or more frames, and typically each frame of the video
content, and associate the accelerometer data to each corresponding frame (e.g., based on timing
mformation of the captured frames). Some embodiments utilize already available accelerometer
processing performed by the portable device, such as provided 1n 108 and Android operating
systems.

{0040] The 1mage processing circuit 222 and/or system n selecting and/or extracting the
subset of frames, m some embodiments, mcludes an accelerometer analysis apphcation 314 that
accesses accelerometer data 312 captured corresponding to when each frame of the video content
15 captured, and identifies the subset of frames of the video content that each has corresponding

accelerometer data that has a predefined relationship with a movement threshold.  As such, the
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accelerometer analysis application 314 can access the accelerometer data corresponding to each
frame of a video content to determine whether the frame was captured, for example, while the
portable device was stable and/or the portable device was being moved less than an acceleration
threshold and/or one or more other movement thresholds. For example, those frames that were
captured while the portable device was being moved more than one or more thresholds can be
tagged to be excluded from use in subsequent processing to identify the product attempting to be
identified.  As such, the image processing circutt, based on the accelerometer data, can select the
subset of frames of a video content that were captured while the portable device was stable, and
the frames are more hikely to be clearer and in focus. Using of the accelerometer data, other
motion data and/or initial clarity image processing can allow the system to reduce the number of
frames considered to those frames that are more likely to provide accurate results, and thus
greatly reduce computational processing overhead, improve performance and speed of the
system, as well as reduce battery consumption. Other sensor analysis systers can additionally or

alternatively be used to help identity frames to be considered and/or not considered.

[0041] The image processing circuit 222 typically further includes a frame extractor
application 316 that extracts at least the subset of frames. As described above, such selected
subset of frames may be further processed within the image processing circuit. For example, the
subset of frames can at least be converted to one or more predefined formats expected by the
multiple different machine learning modeling apphications 320a-~d. Such formats depend on the
modeling application, and are typically dictated by the modeling application developer. For
example, for one or more of the modeling applications, the frames of the subset of frames can be
converted to numeric representative data, such as a multidimensional array representing pixel
data of the frame or portions of the frame. It 1s noted that FIG. 3 illustrates four modeling
applications 320a-d. It will be appreciated by those skilled 1n the art that the system is not
himited to four modeling apphications, and instead can apply two, three, four or more modeling
applications. Similarly, in some implementations, the image recognition may be achieved while
utilizing a single modeling application. The accuracy of the identification of the product,
however, 1s typically greatly enhanced through the use of multiple modeling applications and the

cooperative evaluation of the outputs of the multiple modeling applications.
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{0042} The decision control circuit 224 further processes the frame data of each of the
frames of the subset of frames n identifving a product captured in the subset of frames. In some
embodiments, the decision control circuit causes each frame of the subset of frames to be locally
processed by at least one and typically a plurality of, if not all of, the multiple different trained
maching learning modeling applications 320a-d. Typically, the subset of frames are locally
processed on the portable device through the multiple different machine learning modeling
applications 320a-d that are mamntained on the memory 204 of the portable device and run
locally on the portable device. Fach of the modeling applications 320 is configured to process
the frames based on at least one different image attribute that can be utilized in identifying the
product or at least an aspect that can be used in identifying the products. For example, a first
tramed, machine learning modeling application 320a can be configured to perform an object
classification relative to one or more object classification attributes of a product captured within
the subset of frames and interpretation relative to a product image and/or product label, a second
modeling application 320b can be configured to perform barcode recognition relative to barcode
attributes and interpretation relative to a product 1oage and/or product label, a third modeling
application 320¢ can be configured to perform optical character recognition relative to optical
character recognition attributes and interpretation relative to a product image and/or product
label, other modeling applications may additionally or alternatively be utilized, and typically the
decision control circuit utilizes multiple modeling applications to process each frame of the

subset of frames.

[0043] In some embodiments, for example, the decision control circuit 1s configured to
process each frame of the subset of frames by a machine learning object classification modeling
technique relative to object classification image attributes, process each of the subset of frames
by a barcode recognition modeling technique relative to a barcode image attribute, which 1s
different than the object classification attribute, and process each of the subset of frames by an
optical character recognition (OCR) modeling technique relative to text image attributes, which
are different than the object classification attributes and the barcode image attributes. One or
more other modeling applications and/or techniques relative to other recognition attributes can
additionally or alternatively be applied. Further, one or more of the modeling applications can

be applied and outputs be used to select one or more subsequent modeling application and/or
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limit or focus the implementation of a subsequent modeling application (e.g., an mitial modeling
application may identify a primary color or a set of colors, and use that to select one or more

other modeling applications or focus the implementation of one or more modeling applications).

{0644] The modeling applications each receive frame data from the image processing
circuit 222, Again, in some embodiments, the image processing circuit includes one or more
frame conversion applications 310 that are configured to convert the frames mto a data format
intended to be used by one or more of the modeling applications 320a-d. For example, the
frames may be converted to one or more arrays of numeric pixel data, one or more series or
arrays of predefined strings, one or more series or arrays of alphanumeric codes, and other such
formats. Further, one or more of the modeling applications 320 also receives inputs of known
product data to be utilized by the modeling application to determine correlations or differences
between the subframe data and the known product data. In some implementations, the known
product data is also formatted in a similar way as the frame data 1s formatied. For example,
known pictures of products, labels of products, portions of labels of products, and/or other such
known product image data can be processed through the image processing circuit 222 or have
previous been processed through a separate similar processing circuit or system that formats the

image data into a format to be used by specific one or more modeling applications.

[0045] The modeling applications respectively further include the trained, deep learning
models 322a-c that processes the input data (e g, the converted frame data of the frames of the
subset of frames, and the converted known product data) to determine whether one or more of
the frames of the subset of frames includes an 1mage of a product, label of a product, or other
portion of a product that at least partially corresponds with a known product. The learning
models 322a-c can be substantially any relevant modeling, whether custom developed or
acquired by a third party. For example, in some emmbodiments, the trained learning models 322a-
¢ may include a TENSORFLOWLITE model, a MOBILENETV2 model, ML KIT for
FIREBASE, known barcode modeling applications, known OCR modeling applications, and
substantially any other relevant modeling and supporting applications (e.g., CORE ML, VISION
FRAMEWORK, CAFFE, KERAS, XGBOOST, TENSORFLOW, etc ) to implement the
modeling on the portable device. Further, one or more of the modeling technigues may apply

one or more filters and other such processing. In some embodiments, for example, the object
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classification modeling applies a series or sequence of multiple filters to narrow the potential
items with which the item in the frame potentially corresponds. The successive filters narrow the
pool of potential products. The filtering can include shape filtering, color filtering, boarder
and/or boundary filtering, other such filtering, and tvpically a combination of two or more of
such filtering. For example, in some embodiments, one or more of the models can apply a
convolutions neural network application. In some applications, the object classification
modeling and/or one or more of the other modeling may be implemented through modelings that
are available through third party sources and/or vendors, such as but not limited to MobileNetV2,
which may be applied through the TENSORFLOW™ ghject detection application programming
mterface (APL).

{0046} In some embodiments, one or more of the modeling applications 320a include one
or more trained model interpretation applications 324b-c that further interpret the outputs of the
respective machine learning model 322b-¢. In some embodiments, the modeling applications
320a-d generate outputs that include, for each frame that can be processed to at least a threshold
level, a product identification probability 402 that an item, captured within each of the subset of
frames, 15 estimated to be a particular product of hundreds to thousands of different products
offered for sale by the retail store. Tn some instances, for example, the product identification
probability includes a product identifier and a probability, determined by the modeling
application, that the product identifier 1s accurate. In other instances, the product identification
probability includes a single product identifier when a product 1s identified by the modeling
apphication, and returns a null, zero or other indication that a product was not identified. In yet
other instances, some modeling applications may generate one or more product identification
probabilities from a single frame of the subset of frames. For example, a single modeling
application may generate a set of multiple different product identification probabilities that each
melude a different product identifier or product label identifier and a corresponding probability
that the respective identifier 15 accurate. Typically, one of those multiple product identification
probabilities of the set has a greater probability than the other one or more product identifier
probabilities. As a specific, non-limiting example, a modeling application may generate a set of
three product identification probabilities 402a-c with a first inchuding a product 1 or “labell”

identifier at a 0.94 probability; a second including a product 2 or “labie2” identifier ata .05
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probability, and a third incluading a product 3 or “label3” identifier at a 6.01 probability. Again,
one or more other modeling applications may generate a single product identification probability
4024 for each frame, such as through a barcode recognition modeling application 320d. Still
other product identifier probabilities may include additional information that can be used to
evaluate the accuracy of the evaluation. For example, an OCR modeling application 320¢ may
provide one or more product identifier probabilities 402e each with an identifier and a
probability of accuracy, as well as a total number of words 404, alphanumeric characters, and/or
other such information detected, which may be used to evaluate the accuracy of the

identification.

{0047] In some embodiments, the decision control circuit 224 processes each frame of a
subset of frames by two or more modeling techniques each applying different modeling
applications 320. For example, for each frame of the subset of frames, a first modeling
technique (e.g., object classification) can be employed applying a first machine learning
modeling application 320a relative to a first image attribute and obtain a corresponding product
identification probability 402 or set of corresponding product identification probabilities
indicating a predicted accuracy that an item, captured within each of the subset of frames, 5
estimated to be a specific product {e.g., a first product) of the multiple products (hundreds to tens
of thousands or hundreds of thousands of products) offered for sale at the retail store. Further, in
some implementations, the decision control circuit can additionally process each frame of the
subset of frames by a second modeling technique applying a second machine learning modeling
application 320b relative to a second image attribute that 1s different than the first attribute, and
obtain corresponding second product identification probability 4024 or set of product
identification probabilities that the item, captured within each of the subset of frames, 13
estimated to be the first product of the multiple of products. For example, some embodiments
apply a barcode recognition modeling techmique relative to a barcode image attribute. The
decision control circuit can process each frame of the subset of frames by the barcode
recognition modeling technique relative to the barcode image attribute that s different than the
first atiribute, and obtain one or more corresponding barcode product identification probabilities
402d for each frame that the item, captured within each of the subset of frames, 1s estimated to be

the first product.
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{0048] Again, the subset of frames can be processed relative to multiple different
modeling applications. For example, each of frames of the subset of frames may be processed by
the decision control circuit by a third modeling techmique {e.g., optical character recognition
{OCR)) applying a third machine learming modeling application 320c¢ relative to one or more text
image atiributes that are different than the first attribute, and obtain corresponding text product
identification probabilities that the item, captured within each of the subset of frames, 15

estimated to be the first product of the hundreds of products.

{0049] These outputs of the multiple modeling applications can be cooperatively utilized
n wentifying a product and/or whether there is a threshold level of confidence of an accuracy of
the identified product. In some embodiments, the decision control circuit 224 includes a modular
output decision application or circuit 326 that processes the product identification probabilities in
attempting to confirm an identification of a product captured in a frame. An aggregation
application 408 can be implemented by the modular output decision circuit to determine, for one
or more of the outputs of a give modeling application, an aggregated identification probability
410a-f for those product identification probabilities determined for a given subset of frames or
multiple subset of frames (e.g., when the multiple subset of frames are captured within a
threshold time period and/or with less than a threshold motion and/or accelerometer data). For
example, an aggregated first identification probability 410a of the first product can be
determined as a function of the first product wdentification probabilities 402a-~c¢ from a first
modeling technique and corresponding to the frames of the subset of frames. Similarly, an
aggregated second identification probability of the first product as a function of the second
product identification probabilities corresponding to the frames of the subset of frames. The
aggregation implemented by the aggregation application 408 can include substantially any
relevant statistical evaluation of the sets of product identification probabilities from a modeling
apphication for a given subset of frames. For example, the aggregation can select a product
identifier that has a largest number of instances m the set of product identification probabilities;
can identify each consistent product identifier in the set of product identification probabilities for
a subset of frames and average the corresponding probabilities to provide an average probability,
and select the highest average probability that exceeds a threshold average probability and set the

aggregated identification probability to include the selected product identifier and the averaged

vt
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PCT/US2020/019591

probability threshold and then apply subsequent statistical and/or selection criteria to the

remaining product identification probabilities (e.g.,

select the product identifier with the highest

number of instances and average the corresponding probabilities to define an aggregated

identification probability); exclude product identification probabilities that are beyond a standard
deviation from an average probability; other such statistical evaluations; or a combination of two
or more statistical evaluations. As such, each of the set of product identification probabilities for

from the different modeling techniques can be statistically processed to obtain the corresponding

aggregated product identification probabilities.

{0050] Table 1 below shows an example of product identification probabilities of X
different frames constituting a subset of frames for three different modeling techniques:
Frame | Model 1 Model 2 Model 3
1 [{“label1”:0.94}, {“results”: “labell”} [
{“label27:0.05}, {{“label1™:0.78},
{“label3”:0.01}] {“label2”:0.20},
{“label37:0.02} 1,
word’ 5
|
2 [{“labell”.0.92}, {“results”: “labell”} [
{“label27:0.07}, {{“labell1”:0.99],
{“labeld”:0.01}} {“label2”:0.02},
{“label?”'o.ﬂl} }
“word”: 8
|
3 [{“labell™:0.93}, “results”: null} [
{“label?’ .0.0S;, {{“labell”:0.64},
{“label5™:0.02}] {*“label 7”,’\27}
{ L%bd 0.08} 1,
“word”:
|
X [{“label1:0.95}, {“results”: “labell”} [
{“labeld4”:0.02}, {{“labell”:0.89},
{“label6”:0.01}} {“label2”:0.09},
{“label3”:0.01}},
“word”:6
|
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{0051} In this example of Table 1, the first model {"Model 17} produces for each frame
of the subset of frames a set of one or more product identification probabilities (e.g., three
product identification probabilities each corresponding to three different identified products {e.g.,
with an identifier such as product label “labell”, product label “lable2” etc )} and a
corresponding probability {e.g., 6.94, 0.04, 0.01, etc.) that the item in the frame is that identified
product. For example, with respect to frame 1, the Model 1 predicted that an item in frame 1 18
product “labell” with a 94% accuracy probability; 1s product “label2” with a 5% accuracy
probability; and is product “label3” with a 1% accuracy probability. Simiarly, Model 2(e.g., a
barcode recognition modeling) produces a single product identification probability for each
frame of the subset of frames based on whether a barcode 1s detected with sufficient accuracy to
correlate that to an actual barcode corresponding to a specific product (e.g., product “lablel™}. In
this example, tor Model 2, a barcode corresponding to the product “labell” was detected m each
of frames 1, 2 and X, but a barcode was not detected or insufficiently detected 1o frame 3
resulting mn a product identification probability of “null”, zero or some other identification
probability. Model 3 {e.g., OCR recognition modeling) produces a set of one or more product
identification probabilities {e.g., three product identification probabilities each corresponding to
three different 1dentified products (e.g., with an identifier such as product label “labell”, product
label “lable2”, etc.}), a corresponding probability that the item in the frame 1s that identified
product, as well as a word count (e.g , total number of words detected or extracted from the
frame}, alphanumeric character count, or some other characteristic detected. In some
apphications, the probability may be affected by the word count and those words being present on

the actual product.

{8052] The aggregation application 408 can apply statistical evaluations to these sets of
product identification probabilities to determine aggregated 1dentification probabilities 410
associated with each of the different modeling techniques. For example, with the Model 1
technigque for Table 1, the aggregation application can exclude product identification
probabilities with probabilities less than a threshold level, identify the product wdentifier having a
greatest number of occurrences {and in some instances a least a threshold number of
occurrences) and average the probabilities for those occurrences, and/or other such evaluation

and consolidation. This can produce an aggregate identification probability 410a for Model 1 of,
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for example, “lablel” with a probability of 6.94. As a further example, with the Model 2
technique for Table 1, the aggregation application can identify when there 1s a threshold number
of occurrences of a particular product identification probability (e g., threshold number of
“lablel”) and set the ageregated identification probability 410b to equal that product
identification probability, with a probability corresponding to the percentage of times the
barcode 15 detected in the frames of the subset of frames, or a weighted percentage based on the
percentage of times the barcode 1s detected, or other such deternunation. Continuing this
example for the Model 3 technigue of Table 1, the aggregation application can apply a similar
statistical evaluation as performed with the Model 1, or some other evaluation, which may or
may not take mto account the additional parameters (e.g., word count}. As such, an aggregated

identification probability 410c may be provided as “labell” with a probability of 90%.

{0053] Some embodiments further include a collective evaluation circuit 420 or
application that collectively evaluates the set of aggregated identification probabilities 410 for a
given subset of frames. Thus collective evaluation can determine, for example, whether there s a
threshold consistency between the multiple aggregated identification probabilities 410,
statistically process the multiple aggregated wdentification probabilities to obtain a collective
identification probability and determine whether that collective 1dentification probability exceeds
a threshold, other such collective evaluation of the multiple aggregated identification
probabilities, or a combination of two or more of such collective evaluations. In some
embodiments, the collective evaluation circuit collectively evaluates the multiple aggregated
identification probabilities (e.g., aggregated first identification probability, the aggregated second
identification probability, and aggregated third 1dentification probability of the first product for
the frames of the subset of frames) and identify when one or more of the multiple aggregated
identification probabilities has a predefined relationship with a collective threshold probability.
For example, an aggregated character classification identification probability of a product can be
determined as a function of the corresponding character classification product wdentification
probabilities corresponding to the frames of the subset of frames, an aggregated barcode
identification probability can be determined of the product as a function of the corresponding
barcode product identification probabilities corresponding to the frames of the subset of frames,

and an aggregated text identification probability can be determined of the product as a function
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of the text product identification probabilities corresponding to the frames of the subset of
frames. These aggregated identification probabilities for the frames of the subset of frames can
be collectively evaluated and identify when one or more of the aggregated character
identification probability, the aggregated barcode identification probability and the aggregated

text identification probability has a predefined relationship with a collective threshold

probability.

{0054} In some embodiments, the decision control circuit 224 and/or collective
evaluation circuit further determines whether there is a threshold consistency 422 within the set
of aggregated identification probabilities (e g, at least a threshold number of the aggregated
identification probabilities have the same product identifier; at least a threshold number of
aggregated identification probabilities have the same product identifier and have a threshold
probabiity; etc.). Similarly, the collective evaluation may, in some instances and/or
applications, include discarding one or more of the aggregated identification probabilities (e.g,,
when 1t 15 a threshold deviation from the other aggregated identification probabilities, etc.). In
the example above relative to Table 1, the collective evaluation circuit may identity that the
threshold number of occurrences of “labell” are present with threshold levels of probability to
identify a threshold consistency. As such, the decision control circuit can output the resultant
identification probability 432 with the consistent product identifier (e.g., “labell”), and when
relevant a corresponding resulting wdentification probability. This can cause the portable device
to access an image and/or other relevant product information for the identified product (e.g.,
“labell”) and present 430 that to the user {e.g., display an image of the product and/or
corresponding product mformation {e.g., nutritional data, size, quantity, weight, warnings,
pricing, etc.}, which may be locally stored and/or maybe acquired from a remote source {e.g.,
external product database, inventory system 114, central server 106, etc.). For example, the
decision control circuit can cause an image of the product to be displayed 430 (e g, “labell” n
this example) in response to identifving that one or more of the set of aggregated identification

probabilities has the predefined relationship with the collective threshold probability.

[0055] Some embodiments may apply weightings 426 to one or more of the aggregated
identification probabilities 410 as part of the collective evaluation. In some implementations, a

first weighting may be applied to an aggregated first identification probability 410z as a function
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of an expected degree of accuracy relative to the corresponding modeling 1image attribute (e.g.,
object classification) to provide a weighted first product identification probability. Similar
weightings may additionally or alternatively be applied to one or more of the other aggregated
identification probabilities. For example, a second weighting may be applied to an aggregated
second identification probability 410b as a function of an expected degree of accuracy relative to
the corresponding modeling image attribute {e.g., barcode recognition) to provide a weighted
second product identification probability. These weights can be preset, determined as a function
of a level of consistency of the product identification probabilities 402 for the subset of frames,
dependent on the type of modeling and/or modeling atiribute, an identified location of the
portable device and/or the object being considered can affect the weighting, other such factors, or
a combination of two or more of such factors. For example, a greater weighting can be applied
to modeling that 1s expected to provide a higher level of accuracy {(e.g., barcode recognition with
a threshold level of frames capture the barcode), versus other modeling that 15 has a lower
expected accuracy {(e.g., character recognition). Some embodiments additionally or alternatively
take other factors or characteristics mto consideration in determining a weighting to apply. In
some 1mplementations, for example, the decision control circutt, n applying a weighting to a
product identification probability can identify a number of textual words 404, alphanumeric
characters, or other detect characteristics {e.g., number of detected boarders, number of detected
color variations, number of transitions between color changes, gradients 1o changes 15 size or
width, angles of boundaries or lines, etc.} detected in each frame of the subset of frames that are
present on the image of a product captured m the frames, and multiply the number of textual
words or other characteristic by a multiplier (e.g., word multiphier) to define the second
weighting corresponding to that aggregated identification probability and/or product
identification probability. Other weightings can additionally or alternatively be applied
depending on one or more factors such as but not limited to type of modeling applied, the
modeling attribute, expected level of accuracy, expected variation in accuracy, expected
difference m accuracy between different modeling techmques, amount of detected movement
{e.g., based on accelerometer data, gyroscope data, and/or other sensor data), determined clarity
of frames, size of an item captured in an image, estimated distance from an item in a frame,

background issues, other such factors, or combination of such factors.
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{0056} The collective evaluation can be applied to the weighted product identification
probabilities to identify when there is a threshold consistency 428 (which may be the same as or
different than the previous consistency threshold} between the multiple weighted product
identification probabilities. It 1s noted that in some instances one or more of the aggregated
identification probabilities may not be weighted. Again, the image of the identified product
and/or other information can be provided (e.g., displayed through the portable device} to the user
in response to wentifying the threshold consistency between the weighted product identification

probabilities.

{0057} Further, the application of weightings may be in response to an mitial
determination that the set of aggregated identifications for a subset of frames does not achieve a
consistent threshold or other condition. In some applications, the decision control circut
identifies when there is an aggregate threshold inconsistency 422 between two or more of the
aggregated identification probabilities, and applies the weighting 426 to one or more of the
aggregated identification probabilities in response to identifying the threshold inconsistency
between the two or more aggregated identification probabilities. The threshold inconsistency
may be an inconsistency in product identifier, threshold inconsistency in probabilities, a
threshold number of the aggregated identification probabilities having different product
identifiers, other such thresholds, or a combination of two or more of such thresholds or
conditions. FIG. 4 shows a second example ("Example 27) where the aggregated identification
probabilities 410d-f result in a determined mconsistencies and/or msufficient consistent levels of
probability. For example, a first aggregated identification probability 410d may have a product
identifier of a second product “lable2” at a probability of 70%, a second aggregated
identification probability 410e with a product identifier of a first product “labell” with a
probability of 80%, and a third aggregated probability 410f having a product wdentifier for the
first product “labell” with a 40% probability. The decision control circuit may apply the
different weightings in response to determining that 15 the threshold inconsistency between two
or more of the aggregated produce identification probabilities. Agam, different weightings may
be applied to the different aggregated probabilities based on one or more factors. For examplea
first weighting may be applied to the first aggregated probability based on a first expected degree

and/or level of accuracy relative to the corresponding first image attnibute such as when the
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modeling technique i1s object classification providing a weighted first product identification
probability; a second weighting applied to the second aggregated probability based on a second
expected degree and/or level of accuracy such as when the modeling technique is barcode
recognition to provide a weighted second product identification probability; and a third
weighting applied to the third aggregated probability based on a third expected degree and/or
level of accuracy such as when the modeling technique 1s character recognition, which may take
mnto consideration other factors such as the number of words identified and corresponding to
words actually on the predicted product (e.g., “labell™), to provide a weighted third product

identification probability.

{6058] Table 2 below shows an example of the above example weightings that are

applied to the set of three aggregated identification probabilities (Agg. 1D Prob.) 410a-c, which
correspond in this example to aggregated 1identification probabilities determined from an object
classification modeling, a barcode recognition modeling, and a character recognition modeling

{e.g.., OCR).

Model 1 Model 2 Model 3
Agg 1D Prob: | “label2”; 70% “labell”; 80% “labell”; 40%
Weighting: 3 5 1*word multiplier
{25)*ave. num.
words
Score 210 400 80
{0659] In this example, a weighting of “3” 15 applied to the probability of accuracy (70%

in this example) for the Model 1 technique (e.g., based on expected accuracy of the object
classification) providing a score of 210, A weighting of “5” 15 applied to the probability of
accuracy (80% in this example) for the Model 2 technique; and a weighting calculation 1s
applied to the probability of accuracy {(40% in this example) for Model 3 and times a word
multiplier {e.g., 0.25) tumes the average number of words detected in the product identification
probabilities {e.g., average of 8 words) providing a score of 80 in this example (1.¢., 40%0.25%8).
The weighting applied can be dependent on one or more factors such as but not limited to the
expected level of accuracy and/or comparative analysis over time of accuracy of results {e. g,
barcode 1s typically and expected to be more accurate than character recognition and OCR, while

character recognition may be expected to be more accurate than OCR, however, OCR may be
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more accurate when a larger number of characters and/or words a recognized that correspond to
a product label, etc.}, a level of determined correlation with potential products {e.g., number of
words and/or characters identified that match with the identified object), identification from
previous frames, historical accuracy of detecting identified products, historical accuracy based
on different modeling techniques, the type of product{s} and/or packaging of the one or more
products that have been identified, the initial determined probability of accuracy, other such
factors, or a combination of two or more of such factors. Further, some or all of the weightings
may be predefined (e.g., based on the identified products), may be determined and/or adjusted on
the fly, or some combination thereof. The decision control circuit can determine whether there is
a sufficient consistency based on the weightings and provide a resultant identification probability
432 of the product based on the weighted product identification probabilities. In this example
{(illustrated in FIG. 4 as Example 2}, a weighted score of 480 for “labell” and a weighted score of
210 for “label2”, or some other indication of the determuned weighted probability {e.g., an
expected probability of expected accuracy, such as approximately 70% expected for the product
“labell”, and approximately 30% expected accuracy of product “label2”). Additionally or
alternatively, the scores can be evaluated relative to a threshold difference or other consideration.
For example, when there 15 a threshold difference in weighted scores the higher weighted
aggregate identifier is selected. In some embodiments, the decision control circuit may cause
both products to be presented on the portable device and/or present their relative scores. This
can allow the user {e.g., customer, worker, etc.) to select the appropriate product or identify that
both are maccurate. Further, the decision control circutt may prevent a result from being output
when a threshold consistency or consensus cannot be determined from the subset of frames and
cause further evaluation 330 of subsequent captured frames and/or mstruct the user to capture
another set of frames of video content for the item.  An error notification 332 may be generated
when consistency cannot be identified, such as after a threshold number of subsets of frames are
evaluated and a consistency cannot be obtained.

{0060] Further, some embodiments apply one or more prefiltering 10 atterpts to improve
the speed of processing the image data and the recognition of products. In some applications, for
example, the location of the portable device may be used to limit products considered in the

image analysis. By utilizing the location, a product mapping may be used to restrict the pool of
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products considered to those products expected to be located within a threshold distance of that
location. The threshold distance can vary based on one or more factors, such as but not limited
to the predicted accuracy of the portable device location information, the predicied accuracy of
product placement, the number of customers and/or congestion in the store, a duration since
products have been restocked and/or products in that general area have been restocked, other
such factors, or a combination of two or more of such factors. Further, the location or general
location of the portable device may be identified by consideration of background information
acquired from one or more frames {(e.g., predefined or known objects in a background, such as
glass doors of a freezer section, a “meat” sign in the back ground, a predefined pattern, location
barcode detected in the frame, etc.). The general location can be used to focus the potential
products based on a general category or categories based on that location. Similarly, some
embodiments apply one or more additional or alternative filtering in identifying products. For
example, products to be considered n the processing may be limited based on a customer’s
shopping history, available product inventory, product preferences, pricing mformation, “on-
sale” information, and/or other such information. As a more specific, non-limiting example,
products may be prefiltered based on products expected to be considered by a particular
customer based on the customer’s prior shopping habits and/or preferences. As another non-
hmuting example, products may be prefiltered based on products expected to be considered by a
particular worker based on the workers prior imaging habits, assigned task and/or corresponding
area of the retail store where the customer 15 assigned to perform a task {e.g., assigned to
consider product stocking on a particular aisle of the retails store, assigned to consider products
as customers exit the retail store, a system assigned at a point of sale system, etc.}, and/or other

such factors.

{6061} FIG. S dlustrates a simplified flow diagram of an exemplary process S00 of
recognize retail products m a physical retail store, in accordance with some embodiments. In
step 502 one or more video content 1s recerved and/or captured, where each video content
meludes a series of frames. Typically, the video content is captured by a camera system of a
portable user device 102. In step 504, at least a subset of frames are extracted from a video
content, with the subset of frames includes one or more ndividual frames from the series of

frames of the video content. In some embodiments, the step of extracting of the subset of frames
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includes accessing accelerometer data captured corresponding to when each frame of the video
content 1s captured, and evaluating the accelerometer data relative to the corresponding frame
{e.2., associated through timing or the like) to identify the subset of frames of the video content
that each has corresponding accelerometer data that has a predefined relationship with a

movement threshold.

{0662] In step 506, each frame of the subset of frames is processed by at least one and
typically multiple different modeling techniques relative to a corresponding image attribute, and
obtain a set of one or more product identification probabilities, each set corresponding to one of
the different modeling techniques, that an item, captured within each of the subset of frames, 15
estimated to be a particular product of the hundreds to tens of thousands of products that may
potentially be available from a retail store in which the user (e.g., customer, worker, third party
delivery person, etc.) is attempting to identify products. For example, each frame of the subset
of frames is processed by a first modeling technique by applying a first trained machine learning
model through a modeling application (e.g., barcode recognition, object classification, character
recognition, or other such modeling techniques) relative to a first image attribute and obtaining a
corresponding first product wdentification probability that an ttem, captured within each of the
subset of frames, 13 estimated to be a first product of the hundreds of products, and subsequently
or in paraliel process each frame of the subset of frames by a second modeling technique relative
to a second 1mage attribute that is different than the first attribute and obtaining corresponding
second product identification probabilities that the item, captured within each of the subset of

frames, 1s estimated to be the first product of the products.

{0063] In step 508, an aggregated identification probability, for each set of the product
identification probabilities, 1s deternuned of the product as a function of the corresponding set of
product identification probabilities corresponding to the frames of the subset of frames. For
example, an aggregated first identification probability of the first product 1s determuned as a
function of the first product identification probabilities corresponding to the frames of the subset
of frames, and an aggregated second identification probability of the first product 1s determuned
as a function of the second product identification probabilities corresponding to the frames of the

subset of frames.
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{0064} In step 510, the process collectively evaluates the multiple aggregated
identification probabilities, each corresponding to one of the modeling techniques, of the first
product for the frames of the subset of frames and dentifies when one or more of the aggregated
identification probabilities has a predefined relationship with a collective threshold probability.
For example, the process can collectively evaluate the aggregated first identification probability
and the aggrepated second identification probability of the first product for the frames of the
subset of frames and identify when one or more of the aggregated first identification probability
and the aggrepated second identification probability has a predefined relationship with a

collective threshold probability.

{0065] Some embodiments include step 512 where one or more weightings or other
factors can be applied applying to one or more of the aggregated identification probabilities. For
example, a first weighting can be applied to the aggregated first identification probability as a
function of an expected degree of accuracy relative to the first image atiribute to provide a
weighted first product identification probability, and a second weighting can be applied to the
aggregated second identification probability as a function of an expected degree of accuracy
relative to the second image attribute to provide a weighted second product identification
probability. In some implementations, an aggregate threshold inconsistency between the
aggregated first identification probability and the aggregated second identification probability
may be identified, and the weightings be applied to one or more of the aggregated identification
probabilities in response to identifying the threshold inconsistency between the aggregated first
identification probability and the aggregated second identification probability. Further, the type
and/or quantity of weighting can depend on one or more factors and/or conditions. As one non-
himiting example, some embodiments 1n a weighting, for example the second weighting to the
second product identification probability, identify a number of textual words detected in each
frame of the subset of frames that are present on the image of the first product, and multiplying
the number of textual words by a word multiplier to define the second weighting. Some
embodiments optionally mnclude step 514 where the process identifies when there 15 a threshold
consistency between the weighted first product identification probability and the weighted

second product identification probability,
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{0066} In step 516, an image of the first product is caused to be displayed on the portable
device i response to identifying that one or more of the aggregated identification probabilities
{(e.g., the aggregated first identification probability and the aggregated second 1dentification
probability} has the predefined relationship with the collective threshold probability. As
mitroduced above, some embodiments apply a weighting. Accordingly, in some
mmplementations, the process causes the image of the first product to be displayed in response to
identifying the threshold consistency between the weighted first product identification

probability and the second weighted product identification probability.

{0067} The wdentified product can be virtually added to a virtual shopping cart and the
customer can physically add the product to a physical cart as the customer shops for products in
the retail store. The product may be added to the virtual cart in response to the customer
confirming the accuracy of the product and/or in response to the customer confirming the
product and/or a quantity of that product 1s to be added to the virtual cart. Upon completing the
shopping, the customer can initiate a checkout of and payment for each product within the virtual
shopping cart. In some embodiments, the initiation of the checkout of the virtual cart includes
activating a generation at a central server of an order corresponding to the virtual cart and each
product included in the virtual cart. A machine-readable representation of the order can be
dynamically generated that corresponds to the virtual cart. In some embodiments, the machine-
readable representation of the order 15 configured to be scanned by a scanming system associated
with a point of sale system to acquire cost information of the products in the virtual cart.
Additionally or alternatively, in some embodiments, the mitiation of the checkout of the virtual
cart ncludes activating a generation at the central server of the order corresponding to the virtual
cart and each product mncluded in the virtual cart. A customer can authorize payment for the
products represented i the virtual cart, and receive a confirmation of payment at the portable
user device 102, In some embodiments, the confirmation of payment 1s configured to be
displaved on a display of the portable user device to confirm payment prior to the customer
leaving the retail store.

{00638] In some embodiments, one of the multiple modeling technigues includes a
barcode recognition modeling technique where the corresponding image attribute 15 a barcode

image attribute. In obtaining the product wlentification probabilities for such a barcode
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recognition modeling technique, some embodiments process each frame of the subset of frames
by the barcode recognition modeling technique relative to the barcode image attribute that 1s
different than the first attribute. The process obtains a set of one or more corresponding barcode
product identification probabilities that the item, captured within each of the subset of frames, is
estimated to be the first product of the numerous of products. The corresponding aggregated

identification probability of the first product can be determined as a function of the barcode

product identification probabilities corresponding to the frames of the subset of frames.

{0069] Again, multiple different modeling techniques can be applied to the subset of
frames. For example, step 506 can further additionally or alternatively include processing each
frame of the subset of frames by an optical character recognition (OCR) modeling technique
relative to text image attributes that are different than the first attribute, to obtain corresponding
text product identification probabilities that the item, captured within each of the subset of
frames, is estimated to be the first product of the numerous products. Similarly, step 508 can
determine an aggregated text identification probability of the first product as a function of the
text product identification probabilities corresponding to the frames of the subset of frames.
Further, step 510 can addiionally or alternatively include collectively evaluating the aggregated
first identification probability, the aggregated barcode 1dentification probability and the
aggregated text wdentification probability of the first product for the frames of the subset of
frames, and identifying when one or more of the aggregated first identification probability, the
aggregated barcode dentification probability and the aggregated text identification probability

has a predefined relationship with the collective threshold probability.

[0670] Some embodiments, in determining one or more of the aggregated identification
probabilities statistically evaluate one or more of the sets of product identification probabilities.
For example, the first product identification probabilities may be statistically processed to obtain
the aggregated first identification probability, and/or the second product identification
probabilities may be statistically processed to obtain the aggregated second identification
probability; identifying when there 1s a threshold inconsistency between the aggregated first
identification probability and the aggregated second dentification probability. Further, some
embodiments apply, in response to determining there is a threshold inconsistency between the

aggregated first identification probability and the aggregated second identification probability, a
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first weighting to the aggregated first identification probability as a function of an expected
degree of accuracy relative to the first image attribute to provide a weighted first product
identification probability, and/or apply a second weighting to the aggregated second
identification probability as a function of an expected degree of accuracy relative to the second
image attribute to provide a weighted second product identification probability. A resultant
identification probability of the first product can be determined based on the weighted first

product identification probability and the weighted second product identification probability.

{0071] Accordingly, some embodiments provide enhancements and a framework to
provide product and object recognition locally on a mobile device and/or remotely from the
mobile device. By maintaining the processing local to the mobile device the system i1dentifies
products quickly and eastly. In some embodiments, image data is provided to one and typically
multiple machine learning models for analysis. The outputs from these machine learning models
are collected, cooperatively evaluated, potentially weighted, and analyzed in order to collectively
aggregate the probabilities singular probabilities that collectively provide a more accurate
product identification than a single machine learning model can provide. Some embodiments
further score, rate or prioritize one or more outputs from the machine learning models in
evaluating the correlations between outputs from different models. In some instances, when the
results correlate and there is consensus from multiple different models for a single combined
result, an identified product is returned, which may be displayed and/or otherwise identified to a
user. As such, some embodiments utilize mobile-optimized machine learning models and run
these models at a rate of several times per second {e.g., at a rate of S, 10, 20 or more frames per
second}, which may correspond to a frame rate of video content, which may be implemented in
sequence and/or 1 parallel, so that more results can be produced per second, and can be
cooperatively evaluated to determine a consensus wdentification of a product. Because of the
local processing and the rapid response provided while avoiding the delays of communicating
with a remote device, the number of frames that can be processed can be increased over other
systems that attempt to remotely communicate one or more images, which provides for an
enhanced degree of accuracy 1n identification of the product. Accordingly, at least some
embodiments greatly improve accuracy or at least reduce the accuracy issues of running machine

learning models in a mobile or embedded environment thus making it a valid and accurate rival
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to expensive server processing that are slower and less responsive. Still further, some
embodiments usage of an accelerometer data and/or other sensor data to help determine whether
the device is positioned properly to capture good video of an object so that the input to the
models is solid and/or 1n selecting subsets of frames to be applied to the models. Additionally,
the system cooperatively evaluates the outputs from multiple different models operating in real-
time to provide a consensus output in real-time that 1s consistently more accurate in identifying
products from the mobile device. Further, the selection of subsets of frames and the use of
multiple models reduces or eliminates bad input to real-time mobile-optimized computer vision
models, which in part allows for plausible usage of computer vision in a mobile or embedded
environment as a result of having better control of both the input and the output of known
models. Further, the system reduces false positives in the machine learning models and yields a
much higher accuracy in results in part through the multi-model application with the resulis

being collective evaluated to identify a consensus identification.

[0672] Some embodiments provide an accelerometer-assisted, edge-based, multi-variant,
multi-stage encapsulated deep learning inference system for real-time and offline product
recognition. In some embodiments, the system removes remote server processing that requires
uploading images from the capturing device, and mstead the capturing device does the analysis
local in real-time. Thus allows minimal latency, faster recogrution, and does not require internet
connectivity. Further, some emnbodiments utilize accelerometer data in selecting images and
controlling the mmput of image data into one or many machine learning models and accordingly
achieve more accurate output from the models. Some embodiments additionally cooperatively
and collectively take the raw output from the machine learning models over a series of frames of
video content, collectively analyzing them, and returning an aggregate result. This reduces false
positives 1o the machine learning models and results in a much higher accuracy 1n the outputted

identified object.

{0673] As described above, the system trains one or more models 322, and typically
multiple machine learning models, that can be communicated to the portable user devices of
customers, workers or other users to be used local on the portable user devices to 1dentify
products from mages and/or video content captured by the portable user devices. The tramning s

typically based on images, frames of video content and/or other such image data of the products

P

[V

(8]
'



WO 2020/176439 PCT/US2020/019591

avaiiable from the retail company operating one or more retail stores. Again, retail stores often
offer thousands of products, and many retail stores may offer tens or hundreds of thousands of
products. Accordingly, the training of these models based on the products available can, in some
mstances, be time consuming. Similarly, the training based on these quantities of products can
occupy extensive amounts of processing resources of one or more servers and/or computer
systems. Still further, the resulting trained models 322 can be relatively complex and/or large,
and can result in delayved processing on the portable user device and/or occupy a significant
amount of memory on the portable user device. Accordingly, some embodiments improve
reduce processing time and processing overhead of implementing the models, while improving
results, by limiting the number of products used in training the models. Still further, some

embodiments customize the training of the models for customers, workers and/or other users.

{0074] In some embodiments, the customization can take advantage of knowledge of the
customers and customer profiles, which can include information such as, but not limited 1o, the
customers’ purchase histories, products customers have previously attempted to identify through
image recognition, products customers have search for in on-line shopping provided by or for the
retail company, customer product preferences, customer partiality vectors and their correlations
with product vectorized characterizations, geographic area where a customer hives, other such
information, and typically a combination of such information. Further, some embodiments
additionally or alternatively take advantage of a knowledge of a location of a customer and/or the
customer’s portable user device. Some embodiments may utilize retail store profiles which can
mnciude mformation such as, but not limued to, 1dentifiers of the retad stores and/or locations of
the retail stores the customer typically visits, products relevant to a particular retail store and/or
geographic location of a particular store, other such mformation, or a combination of such
mformation. Using such customer profile mformation, location mformation, retail store profile
mformation and/or other such mformation, the system can generate a limited histing of products
from the thousands or hundreds of thousands of products. A himited listing of products can be
generated for each customer, or can be generated for collections of customers. The himited
listings include subsets of tens of retail products that the customer 1s predicted to attempt to
identify through 1mage recogrnition implemented on the portable user device associated with the

customer.



WO 2020/176439 PCT/US2020/019591

{0675} The himited listing can then be used to customize the training of the models
relative to those limited products identified n the limited listing. This can greatly reduce the
time to train the models, simplifies the training, reduce the processing overhead to train the
models, typically reduces the memory size of the trained models, and other such advantages of
traming the models. Stili further, the customized trained models typically reduce the memory
requirements on the portable user device, reduce computational processing on the portable user
device, improves accuracy of product identification, reduced processing time, provides faster
results, and other such advantages at the portable user device. Again, the training may be
specific for an individual customer. Additionally, models may be trained for a group of potential
users {e.g., a family, a group of users having similar purchase histories, customers in a
geographic area, group based on one or more demographic characteristics, etc.), trained based on
a location (e.g., a location of a particular retail store, a neighborhood, a city, a general geographic
area, etc ), tramned for a generic customer, trained for a particular worker and/or for one or more
tasks intended to be performed by workers, tramed for locations within the retail store where
workers are perform tasks, or the like. The training may be based on an aggregation and/or
statistical evaluation of customer profile and/or customer history information associated with that
group or determined to be relevant to the intended group. For example, the customer profiles of
multiple customers may be statistically evaluated (e g., averages, median, standard deviation,
etc.) to specify a group profile with group information that corresponds to user profiles of
customers {e.g., group profile includes a hypothetical group purchase history formed from
purchase histories of multiple customers, a hypothetical group search history formed from search
histories of multiple customers, a hypothetical product scan history formed from scan histories of

multiple customers, etc.).

{0076] As described above, the product recognition system 100 includes one or more
model training systems 110, The model traiming systems are configured to traim models to be
used n processing images and/or video content to identify one or more products captured in
images and/or video content. Further, in some implementations, the model training system can
train models to be used local on customer portable user devices 102, Still further, the model
training systern 110 can be configured to customize the training to produce one or more

customized models that are customized for a particular customer or group of customers.
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{0677} In some embodiments, one or more of the model training systems are
communicatively coupled with the product database and customer database, and configured to
access product data and customer data. The modeling training system mncludes one or more
traming conirol circuits that communicatively couple with one or more tangible memory storing
a rules database maintaining rules and code that 1s accessible to and executable by the one or
more tratning control circuits. Again, the customer database can store information about each of
a plurality of different customers of a retatl company operating one or more retail stores. The
customer information can include one or more of, but is not limited to, a customer profile storing
one or more of purchase history information, product search history information {e.g., on-line
searching, searching at a kiosk 1n a retail store, etc.}, product preference data, store identifiers for
one or more stores at which the customer has shopped, residence information and/or address{es),
work information and/or address{es), employment information, demographic information,
relationship information (e g., fanuly members, friends, associates, etc.), group associations,
other such mformation, and typically a combination of two or more of such information. The
retail product database stores product information for each of tens of thousands of different retai
products avatlable for sale from the first retail store. Non-himiting examples of product
information for each of the products can include one or more of, but 15 not imited to, product
identifier information, pricing information, location information {e.g., one or more locations
within one or more retail stores, locations 1o distribution centers, in transit locations, etc.),
quantity information, shipping information, pending order information, history information,
product images, product imaging data corresponding to the respective product, image attribute
data exclusively corresponding to the respective product, other such product information, and

typically a combination of two or more of such information.

{0078] The model traiming system 1s configured to use customer information {or other
mformation depending on the expected user of the portable device and/or the task to be
performed} to train one or more models for one or more customers or other users. The below 1s
described with reference to customizing one or more models for a particular customer. Itis
noted, however, that model customization may be implemented for groups of customers (e.g.,
family, group with similar shopping history, group based on location, etc.}, one or more workers,

and/or other users. In some embodiments, the model tratning system identifies a customer of the
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plurality of customers {(or a group of customers) for which customization 13 to be performed.
This identification may be based on a schedule of customization or updating of customization of
models, may be in response to a request from a customer, may be based on and/or in response to
changes to a customer profile and/or customer information, may be based on a detection of 3
customer’s mobile device being within a threshold distance of a particular retail store, other such
factors, or a combination of two or more of such factors. Based on the identification, the model
traming system can access, in the customer database, customer information and/or a customer
profile associated with the identified customer. In at least some embodiments, the model training
system further access the rules database and obtains or accesses a set of one or more filtering
rules, and applies the set of one or more filtering rules to the product database based on the
customer information for the identified customer or identified group. For example, the filtering
rules use one or more of customer purchase history information, customer search history
nformation, and customer product preference data corresponding to the identified customer, and

filter the tens of thousands or more products potentially available through the retail company.

{0079} The filtering enables the system to identify products that are more relevant to the
identified customer and generate, based oo the results of filtering of the product database, a
listing of products specific to the customer. This histing comprises a subset of tens of retail
products (e.g., 30, 100, 1000, 3000), of the tens of thousands of retail products, that the customer
is predicted to be more likely to attempt to identify one or more of the products of the subset of
tens of retail products through the tmage recognition implemented on the portable user device
102 associated with the customer. According, the model training system can reduce the number
of products for which one or more models are tramed. This provides one or more model that are
trained based on a much smaller list of products that are relevant to the customer, while using a
smaller set of 1mage data, and results in a smaller model that 15 communicated to the portable
device associated with the customer. The smaller model utilizes less storage space and
processing power, and typically processes image data faster in use to get to identify a product
that the customer 1s attempting to 1dentify through the portable user device using the image
and/or video data. The filtered listing of products typically is less than 50% of the total number

of products available through the retail store and/or combination, and in many instances s less
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than 20% of the available products. For example, the filtering may result in a listing of about

one thousand products.

{0030} The filtering can apply one or algorithms that identify particular products that the
customer has purchased within a threshold period of time {e.g., within the last year, within the
last 6 months, or some other threshold), and include each of those products mto the listing,

Some embodiments identify one or more categories and/or sub-categories in which each of those
previously purchased products is associated. For example, a previously purchased product may
be a gallon of 2% milk, which may be associated in the product database with a category of dairy
products, while also associated with sub-categories of milk products, reduced fat milk products,
2% mulk products, and/or other such sub-categories. The one or more filtering algorithms may
select one or more of the sub-categories or categories to include in the histing. The rules may
further take into consideration a frequency of variation in purchases within the one or more of
the categories and/or sub-categories. For example, if a customer periodically purchases both 2%
muk and 1% nulk, the rules recognize the purchases different purchases within a first sub-
category and broaden the number of products to be including in the filtered listing by using the
corresponding first sub-category or a broader second sub-category or category that includes the
first sub-category {(e.g., products in the reduced fat mulk sub-category). Other factors can be

considered in applying the filtering and the selection of products to nclude 1o the hsting.

[0081] The rules, in some embodiments, consider other factors such as location of the
portable user device, one or more stores frequented by the customer, products on sale, products
with a threshold sales rate, season of the vear, quantities of products that the customer purchases,
available guantity or quantities of one or more products, alternate products that may be
purchased, other such factors, and typically a combination of such factors. For example, one or
more rules may cause a retail store that the customer 1s near or 13 within a threshold distance, and
mclude one or more products that are being highlighted at that store {e.g., products on endcaps,
products on sale, products with a threshold sales rate, etc.). This store related factors may be
further filtered by one or more customer factors {e.g., purchase history, preferences, etc.).

{0082] In some embodiments, the model training system 110 can further access a set of
one or more model training rules and apply the set of model traming rules to train one or more

machine learning models that are to be communicated to and apphied by the customer’s portable
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user device 1n identifying one or more products from frames of video content captured by the
portable user device. These training rules can limit the training of the one or more models to
those products identified through the filter set of rules. Accordingly, 1n some implementations,
the tramning 1s himited to the listing of products and corresponding image data for each of the
products in the first listing of products. The trained machine learning model are communicated
to the portable user device associated with the customer. In some embodiments, the one or more
trained models are used to process the corresponding image data of the products in the filtered
listing and generate numeric representations and/or multidimensional arrays representing images
and/or labels of the products in the filtered listing of products. This numeric representations
and/or multidimensional arrays can additionally be communicated to the portable user device for

use in evaluating the processing of the frames captured by the portable user device.

{6083} FIG. 6 illustrates a simplified flow diagraph of an exemplary process 600 of
customizing one of more machine learning models, in accordance with some embodiments.
Typically, the process 600 15 implemented by the model training system 110, The model training
system 110 accesses customer data 602, filtering information, parameters and/or other such data.
This can mclude customer data specific to an dentified customer, a collection, aggregate or
collection of data corresponding to two or more customers, location information, retail store
information, product information, inventory imformation, quantity information, store geographic
location information, on-hand mventory information, sales frequency and/or rates of sales of
products at retail stores, feature and/or on sale products information, prioritization information,
other such information, or a combination of two or more of such infformation. For example, the
filtering customer data 602 may nclude one or more of customer purchase history, 604, products
of 1nterest 606 for a customer, a customer’s search history 608 of products search {e.g., through
on-line searches}, one or more product categories of nterest information 610, product sub-
categories of mterest 612, product frequency of purchase mmformation 614, geographically
significant products information 616 corresponding to a geographic location where the customer
currently is or is anticipated to be located, product preference mmformation 618, and other such
mformation. In some instances, a customer may be a new customer or there may be mnsufficient
amounts of relevant mformation to use in filtering available products. Accordingly, some

embodiments may additionally or alternatively access non-customer specific information 620.
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This non-customer specific information may inchide one or more of, but 15 not imited to,
mformation about store specific products 622 for one or more stores (e.g., products being
highlighted and/or strategically placed at a store, products on sale at a store, products relevant to
a geographic location of a store, etc.), new products and/or featured products information 624,
product location information 626, product details information 628 (e.g., product profile
mformation, product vectorized characterization information, etc.}, demographics information
630 {e.g., store demographic information, location demographic information, customer
demographics for customers in a geographic area corresponding to a store, etc.), and/or other
such information. Some embodiments may use non-customer specific information 620 in

addition to customer specific information for a particular customer.

{0084] The model training system 110 accesses and applies filtering rules 632 using
customer data 602, filtering information, parameters and/or other such data relative to the
product information for the tens to hundreds of thousands of products or more available for
purchase from the retail company to identify a filtered listing 634 of a limited number of
products that the customer is predicted to more likely attempt to identify through image
recognition implemented on the portable user device associated with the customer. For example,
the rules may mclude rules to nclude 1o the filtered listing of products each product that was
purchased through the retail company by the customer within the last vear. As another example,
the rules may dictate that for each product purchased by the customer within the last six months
that 15 associated with a sub-category of products, that the filtered histing of products include the
related products that are also associated with that sub-category. One or more of the rules may
dictate that a location of the customer’s portable user device be used o identify one or more
retail stores within a threshold distance, identify featured products within each of those one or
more stores, and incorporate those featured products into the filtered product histing. Further,
one or more rules may be applied that access product preference mformation for a particular
customer, 1dentify products that correspond to the product preference mformation, and include
those products mto the histing of products 634. One or more rules may limit the number of
products included n the filtered listing by applyving priority ratings to products identified, and
keep a threshold number of products in the listing 634 based on highest to lowest prionity. The

rules may define how products are prioritized, such as but not limited to most recently purchased
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are rated higher, frequency of purchase (e.g., more frequently purchased give higher rating,
which may be added to other ratings for other priority factors), whether the productisina
current shopping list, quantity of a product purchased in a most recent purchase, an expected
consumption rate and/or a date {(e.g., closer to completely consuming may be given a higher
priority}, expiration of a product previcusly purchased {e.g., closer to expiration may be given a
higher priority), rate of sale of products (e.g., products with greater rates of sale, and thus having
greater demand, may be given higher priority), other such prioritizations, or combinations of two
or more of such prioritizations. Again, the system may add, scale or otherwise combine
priorities from different priority factors to generate a resulting priority. Additionally or
alternatively, the applied set of rules result in filtering the products identified in the product
database based on one or more of a location of one or more retail stores, rates of sales of one or
more of the products at one or more retail stores, inventory levels and/or on-hand inventory of
one or more of the products at one or more of the retail stores, other such factors, or a
combination of two or more of such factors. For example, one or more rules may cause a
confirmation that a particular store has a predefined threshold on-hand quantity, an on-hand
quantity based on a predicted quantity a customer 1s expected to purchase, or other such on-hand
quantity prior to incorporating the product into the resulting listing of products. Still further,
some embodiments may apply one or more rules that evaluate an on-hand quantity relative to a
current and/or predicted rate of sale, and determine whether a threshold quantity will be available
at a store at one or more times in the future prior to mcluding the product 1nto the histing. Other
rules may apply factors such as a store that a customer 13 visiting and/or expected to visit, on-
hand mventory of products at that store, featured and/or on-sale products at that store, frequency
of a sales of products at that store, product demand at that store, and/or other such factors. For
example, a product may be excluded from a listing of products 634 when an on-hand guantity 13

leas than a threshold

[0085] The histing of products 634 often mcludes less than 2000 products, and in some
mstances includes less than 1000 products. Typically, a retail store offers tens of thousands of
products. Accordingly, the listing of products 634 is sigmificantly less than the nomber of

products available from the retail company, and in some instances includes less than 1% of the

products avatlable.
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{0036} The model training system utilizes the listing of products 634 to limit the training
of the one or more models to the images and/or image data corresponding to those products in
the listing. As such, the model training system obtains, from the product database, one or more
images and/or product image data for each of the products identified in the listing. The one or
more model training rules are applied 638 based on the limited images and/or image data
corresponding to those products in the listing 634 to produce the one or more customized trained

models corresponding to the customer, or group of customers.

{6087} The one or more machine learning models are typically repeatedly retrained over
time. Accordingly, the model training system repeatedly update and retrain, over time, the one
or more machine learning models to provide retrained machine learning models, and causes
those updated and retrained machine learning models to be communicated to the respective
portable user device associated with the customer. In some embodiments, the updated models
are stored on the portable user device and replace corresponding one or more previously stored

trained machine learning models on the portable user device.

{0088] In some embodiments, the repeated updating and retraining of the models can
include reapplving 632, over time, the set of one or more filtering rules to the product database
based on changes and/or updates to one or more of the types of information of the customer data
602 (e.g., filtering information, parameters and/or other such data}, store information, change of
store information, location information, inventory information, and/or other such information as
described above relative to at least the filtering. For example, the retraining may be based on
changes to one or more of the purchase history information 604, the search history information
608, the product preference data 618, and/or other such information corresponding to the
customer. Based on the results of reapplying the set of filtering rules, an updated histing 634 of
products 15 generated specific to the customer. A set of one or more model training rules can be
accessed and reapplied 638 to retrain the one or more models. The retraming is typically hmited
to the updated listing of products 634, This retraining can be initiated based on a schedule, n
response to a detected change, mn response to a customer imtiating a shopping experience, a
notification that a customer 18 11 a store or within a threshold distance of a store, other such
triggers, or a combination of two or more of such triggers. For example, in some embodiments,

the model training system, in repeatedly updating and retraining the one or more models, 15
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configured to initiate the retraining in response o receiving a notification of a modification to
one or more of the purchase history information 604, the search history information 608, the
product preference data 618, and/or other customer data 602 corresponding to the customer.
Suntlarly, in some embodiments, the model training system, in repeatedly updating and
retraining the one or more models, is configured to mitiate the retraining in response o receiving
a notification that the portable user device associated with the customer is within a geographic
threshold of a different second retatl store that is at a geographic location that is different than a
geographic location of another retail store (e.g., a retail store the customer typically visits). The
listing of products can be updated to include an additional subset of products. This additional
subset of products may be added to the listing, while in other instances may overwrite one or
more products previously included in the listing. For example, the additional subset of products
may nclude products relevant to at least one of the second retail store and the geographic
location of the second retail store. Again, the subsequent retraining the one or more models can

be hinuted to the updated listing of products that includes the additional subset of products.

{0089} As described above, in some implementations, one or more categories, sub-
categories and/or other such groupings of products can be considered in filtering the potential
available products to produce the resulting histing 634 relevant to a customer. In some
embodiments, the model training system, in generating the histing of products specific to the
customer, 1s configured to identify, for multiple products identified based on the result of
filtering the product database, a product category corresponding to one or more products
identified as relevant to the customer. Such a category and/or sub-category can include a set of a
plurality of similar products defined as being past of the product category or sub-category (e.g,,
produce category, citrus produce sub-category, apples produce sub-category, etc.; non-alcoholic
beverage category, cola sub-category, juice sub-category, water sub-category, etc.; and other
such categories and/or sub-categories). Based on the category and/or sub-category of products,
two or more products from each of the product categories can be mncluded into the histing of
products specific to the first customer. The inclusion into the listing may be based on one or
more factors, such as but not hmited to previous purchases, variations of previous purchases,
pricing and/or whether a product 1s on sale, customer preferences, promotions, other such

factors, and often a combination of two or more of such factors.
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{0090} Additionally, the updating of the listing 634 may include appending additional
products into the histing. Further, the updating may remove one or more products from the
listing. As such, the model training system, in repeatedly updating and retraining one or more of
the models, can be configured to identity that a first product, which was mcluded in a most
recent updated listing of products, has not been purchased by the customer within a threshold
purchase period of time {e.g., within the last year, within the last 6 months, etc }, and update the
listing of products to exclude the first product from the updated listing of products in response to
identifying that the first product has not been purchased by the customer within the threshold
purchase period of time. This threshold period of time may be dependent on the type of product,
the quantities of product the customer previously purchased, the expected consumption rate of
the product, a consumption rate typical for the customer {e.g., determined over time based on
historic purchase rates), other such factors, or a corabination of two or more of such factors. For
example, the system may identify a first product, determine a most recent purchase date of the
first product, determine a guantity of the first product purchased, 1dentify a typical consumption
rate by the customer of the first product, determine a predicted consumption date of the product
based on the quantity of the product purchased and the consumption rate, determine that a
threshold time has passed since the calculated consumption, and remove the first product from
the histing when the threshold time has passed based on the time since the previous purchase.
Again, the retrairung of one or more of the models can be limited to the updated histing of

products that excludes the products removed from the listing.

{0091] The updating over time of the one or more models can provide more current and
more accurately trained models o attempts to accurately identity those products the customer
atterpts to dentify through image recognition while reducing the processing overhead, memory
overhead, and processing fime at the customers portable user device. Some embodiments further
confirming that one or more tramed model stored on the portable user device are current. This
confurmation may occur based on a schedule, in response to a request from the customer, based
on detected changes and/or threshold changes to one or more of the filtering customer data 602,
based on a detection of the portable user device entering a geographic area or being within a
threshold of a geographic location, and/or other such factors or combination of such factors. For

example, an application on the customer’s portable user device, when authorized by the
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customer, may detect that the customer is within a threshold distance of a retail store, and initiate
a communtcation from the probable user device of the versions of one or more of the trained
models to the model traiming system. In other instances, the model training system may request
the current versions from the portable user device. In some embodiments, the model traming
system is configured to receive a notification from the portable user device associated with the
customer identifying a version of one or more of the stored machine learning model presently
stored on the portable user device. The one or more versions can be evaluated to determine that
the version of the one or more stored models is not the most recently updated version of the
machine learning model, and cause a most recently updated version of one or more of the trained
machine learning models to be communicated to the portable user device. As described above,
this communication can be via one or more communication methods and/or protocols (e.g.,

cellular, Wi-Fi, Internet, etc. ) over one or more communication and/or computer networks 108,

{0092} The respective portable user device 102 corresponding to a particular customer
receives the one or more customized trained models 640 and can apply them when attempting to
identify a product from 1mage and/or video content captured by the imaging system 220 of the
portable user device. Again, the customized modeling being restricted to the linuted number of
products identitied through the filtering provides the customized models that have a reduced
memory requirement, reduce processing overhead and provide results in a quicker amount of
time than models trained based on most or all of the products available from the retail store
and/or retail company. Further, reduced number of products identified in the listing enables the
system to distribute a correspondingly timited quantity of the image data, numeric
representations and/or multidimensional arrays representing images and/or labels of those
products o the listing, which uses a significantly less quantity of memory on the portable user
device. As described above, the system can further update 642 and/or retrain the models over

time by repeating some or all of the steps of the process 600.

{0093] In some embodiments, the portable user device 102 stores the custonuzed trained
one or more machine learning models 640 m a local memory. The portable user device, 1n some
mplementations, further maintains a local product database locally storing sets of product
imaging data for each set of the filtered subset of tens of retail products o the histing 634 and

available for sale from the retail store and/or company. The image data, in some applications,
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includes a product identifier and at least image attribute data exclusively corresponding to the
respective product. In response to an activation of the product recognition application by the
customer and/or in response to capturing images while the application is active on the portable
user device, the decision control circuit 224 can process each frame of a subset of one or more
frames of the video content based on one or more modeling techniques implemented by one or
more of the trained machine learning models 640 relative to corresponding one or more image
attributes. Based on the processing corresponding one or more product identification
probabilities that an tem, captured within each of the subset of at least one frame, 15 estimated to
be a first product of the first subset of tens of retail products is obtained. As described above,
some embodiments evaluate aggregated identification probabilities. For example, the decision
control circuit can determine an aggregated first identification probability of the first product as a
function of a first product identification probabilities corresponding to the frames of a subset of
at least one frame, and determine an aggregated second 1dentification probability of the first
product as a function of the second product wlentification probabilities corresponding to the
frames of the subset of at least one frame. The aggregated first identification probability and the
aggregated second identification probability of the first product for the frames of the subset of at
least one frame can be collectively evaluated, and dentify when one or more of the aggregated
first identification probability and the aggregated second identification probability has a
predefined relationship with a collective threshold probability. An image of the first product can
be displayed in response to identifying that one or more of the aggregated first identification
probability and the aggregated second 1dentification probability has the predefined relationship

with the collective threshold probability.

{0094] In those instances where a product attempting to be identified through the 1mage
and/or video content cannot be recognized, whether because it 1s a product that 1s not in the
custom histing of products 634 or cannot otherwise be recognized because of one or more factors
(e.g., portable device 18 moving too much, not capturing sufficient portion of the product, not
capturing distinguishing portion{(s} of the product, etc.}, the application on the mobile device can
inform the customer that the product could not be recognized and provide subsequent
mstructions. For example, the application may ask the customer whether the customer wants to

communicate the image and/or video data to a remote server that has one or more models trained
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based on a larger quantity or substantially all of the products available from the retail store to

perform additional processing to try to identify the product remote from the portable user device.

{00935} FiG. 7 illustrates a simplified flow diagram of a process 700 of inttiating the
application of one or more models on the portable user device 102, in accordance with some
embodiments. In step 702, the customer 1s identified. This may be based on an identifier stored
within the portable user device, supplied by the customer (& g., through a log-in process,
activation process, etc.}, or the like. In step 704, 1t 15 determined whether the identified customer
is an existing customer and/or has previously utilized the product identification application. This
may be based on whether a customer profile for the identified customer 15 available on the
portable device and/or accessible at a remote server and/or database. When the customer is an
existing customer, the process 700 advances to step 706 to determine whether one or more
customized trained models 640 are stored iocal on the portable user device and/or are most
current trained models. When customized trained models are locally stored the process advances
to step 712. Alternatively, when customized trained models are not locally stored and/or more
recently updated models are available, the process can advance to step 708 to determine whether
customized models and/or more recently updated models are accessible from a remote source

{e.g., remote customer database, remote server, eic ).

[0096] When trained models are available for the customer from the remote source, the
process advances to step 710 where the trained models are retrieved and locally stored on the
portable user device. For example, the portable user device may download the traimed models
from central server 106 and/or the model training system 110, In step 712, one or more locally
stored trained models are applied to each frame of a subset of frames in accordance with one or
more respective modeling technigues to obtain one or more identifiers of a product and

corresponding probabilities.

[0097] In some embodiments, the process 700 includes step 714 where it 1s deternuned
whether one or more additional models are to be applied to one or more frames of the wnage
and/or video content. When further models are to be applied the process can return to an earlier
step, such as step 706t0 determine whether further customized models are to be apphed. Further,
the process can optionally mclude step 716 where one or more trained models are retained and

iocally stored on the portable user device,
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{0098} When it 1s determined in step 704 that the identified customer is not an existing
customer and/or has not previously viilized the product identification application, the process
advances to step 720. Simularly, in some embodiments, when it is determined in step 708 that
customized models and/or more recently updated models are not accessible from a remote
source, the process advances to step 720. In step 720, one or more non-customized models
and/or one or more models that are more generally customized {e.g., customized based on one or
more groups, customized based on a particular store, customized based on a geographic area,
and/or otherwise customized at a more general level than specific to a particular customer) are
locally accessed and/or retrieved from a remote source. In step 722, one or more locally stored
models are applied to each frame of a subset of frames in accordance with one or more
respective modeling techniques to obtain one or more identifiers of a product and corresponding
probabilities. Some embodiments further include optional step 724 where customization of the
traming of one or more models can be initiated at the remote model training system and/or
partially or fully performed locally on the portable device. This mitiation of customization of
traming may utilize one or more product identifiers, image data and/or other such data obtained
based at least in part on the products identified through the image recognition process at least in

part to customized traiming and/or filtering to generate the listing used 10 customized training.

[0699] FIG. 8 dlustrates a simplified flow diagram of a process 800 of tratning models
for use in recognizing retail products i a physical retail store, in accordance with some
embodiments. Further, in some embodiments, the process 800 is implemented at least partially
by the model training system 110 that s communicatively coupled with the product database and
the customer database. In step 802, a customer 1s identified of the plurality of customers. This
identification may be identifving a previously registered customer that has authorized and/or
opted 1n to participate in using the apphication on their portable user device to recognized
products through image recogrntion and authorized the customization of the training of models
based on information specific to that customer and tracked and maintained by the retail store or
retail company. In other instances, the identification may include dentifyving that the customer
has not previously registered and/or has not authorized the customized training of models

spectfic to the customer.
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{00106} In step 804, a first customer profile is accessed in the customer database
associated with the first customer when a customer profile 1s available for the identified
customer. Some embodiments include optional step 806 where one or more general or generic
customer profiles are accessed. These general or generic profiles may be used based on an
aggregation and/or statistical processing of information for multiple other registered customers.
For example, profiles of customers that shop at a particular store may be used to generate a
general customer profile that is relevant to shopping at that store. As another example,
mformation in profiles of customers living in geographic area and/or threshold distance of the
identified customer may be aggregated and/or statistically processed to generate a general profile
for customers that live 1n a geographic area. In another example, customers associated with a
demographic may be identified and information from profiles of these customers can be used to
generate a general demographuc profile that can be used for customers matching that
demographic. Agamn, customers have to authorize having have thewr customer profiles used for
such generalizations. Similarly, a customer would have to authorize a general profile used to

customize the training of one or more models.

{00101} In step 808, one or more rules databases are accessed to obtain a set of one or
more filtering rules that are applied to product information. Typically, the rules are applied
products 1n the product database. Further, the rules are applied to filter the product information
and/or products identified in at least the product database based on customer data 602 and/or
other such parameters. For example, the rules are applied based on one or more of purchase
history information 604, search history mformation 608, product preference data 618, store
geographic location information, on-hand mventory mformation, sales frequency and/or rates of
sales of products at retail stores, feature and/or on sale products imformation, other such
mformation, or a combination of two or more of such information corresponding to the first
customer. The customer data can be spectfic to the first customer to provide more accurate
results relative to that customer. More genernic and/or general customer data can additionally or
alternatively be applied. In step 810, a listing 634 of products specific to the first customer 13
generated based on result of filtering the product database based on the customer data 602. In
some embodiments, the listing comprises a first subset of tens of retail products, of the tens of

thousands or more of the retail products available from the retail store, and that the customer 13
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predicted to attempt to identify through image recognition implemented on a portable user device

associated with the first customer.

{00102} In step 812, a second set of model training rules are accessed and applied in
traming one or more machine learning models that are to be provided to and subsequently
applied by the portable user device in identifying one or more products from frames of image
and/or video content captured by the portable user device. Further, this model training can be
limited to the histing of products 634 and corresponding image data for each of the products in
the listing of products. In step 814, the one or more trained machine learning models are

communicated to the portable user device associated with the first customer.

{00103] In step 816, the one or more trained machine learning models are updated and/or
retrained one or more times. This updating and retraining can be performed over time to
continue to update the trained models. The updated trained models can be communicated to the
portable user device associated with the first customer to replace a previously stored trained
machine learning model on the portable user device. In some embodiments the repeated
updating and retraining of the one or more machine learning models can include reapplying, over
time, the set of filtering rules to the product database based on updates to one or more of the
customer data 602 {(e.g., the purchase history information, the search history information, the
product preference data, other such data, or combination of two or more of such data)
corresponding to the first customer. An updated listing of products specific to the first customer
can be generated based on results of reapplying the set of filtering rules relative to current and/or
modified customer data. Accordingly, the retraining of the one or more models can include
accessing the set of model training rules, reapplying the set of model training rules, and
retraining the one or more machine learning models linuted to the updated listing of products.
The one or more retrained machine learning models can be communicated to the portable user

device for subsequent use mn wdentifying products.

{00104} Further, in some instances, the updating and retraining of the one or more the
machine learning models can be imtiated in response to a modification to one or more of the
customer data, such as a modification to one or more of the purchase history information, the
search history nformation, and the product preference data corresponding to the first customer.

Additionally or alternatively, the updating and retraiming of one or more of the machine learning
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models may be initiated in response to the model training system and/or the central server
receiving a notification that the portable user device associated with the first customer 1s within a
geographic threshold of a second retail store that is at a second geographic location that is
different than a first geographic focation of a first retail store {e.g., a store the customer more
regularly visits. The listing of products 634 can be updated to include a second subset of
products, wherein the second subset of products comprises products relevant to at least one of the
second retail store and the geographic location of the second retail store. Further, the retraining

the one or more machine learning models can be limited to the updated listing of products that

includes the second subset of products.

{00105] Some embodiments, in generating the hsting of products specific to the first
customer in step 810, further identify, for multiple products identified based on the result of
filtering the product database, a corresponding product category comprising a set of a plurality of
similar products defined as being part of the product category, and including two or more
products from each of the product categories into the listing of products specific to the first
customer. Some embodiments may remove product from listing over time. For example, in
some embodiments, the updating and retraining of the one or more machine learning model can
mnclude wWdentifying that a first product, which was included in the most recent updated first
listing of products, has not been purchased by the first customer within a threshold purchase
period of time. The subsequent updating of the listing of products can include excluding the first
product from the updated listing of products in response to the identification that the first product
has not been purchased by the first customer within the threshold purchase period of time.

Agarn, the corresponding, subsequent retraining of the one or more machine learning models can

be limted to the updated histing of products that excludes the first product.

[60106] Some embodiments, in step 814 and/or in a step parallel to step 814, optionally
receive a notification from the portable user device associated with the customer that identifies a
version of one or more stored trained machine learming models presently stored on the portable
user device. The model training system and/or central server can determine whether the versions
of the stored one or more machine learning models s not the most recently updated version of
the machine learning model. When 1t 1s determined that the versions of the one or more stored

multiple machine learning models are not the most recently updated version, the system can
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cause the communication of the most recently updated version of one or more of the trained

machine learning models to the portable user device.

{00167} The portable user device can use the customized trained models to locally identify
products based on images captured by the portable user device, without having to communicate
the images to a remote device. In some embodiments, the decision control circuit 224 of the
portable user device 102 can process each frame of a subset of one or more frames of a video
content, captured by an imaging system 220 of the portable use device, by at least a first
modeling technigue implemented by one or more of the trained machine learning models relative
to a first image attribute, and obtain a corresponding first product identification probability that
an item, captured within each of the subset of at least one frame, is estimated to be a first product
of the first subset of tens of retail products for which the one or more products are trained.
Further, in some instances, each frame of the subset of at least one frame can be processed by a
second modeling technique implemented by one or more of the trained machine learning models
relative to a second 1mage attribute that 1s different than the first attribute, and obtain a
corresponding second product identification probability that the item, captured within each of the
subset of at least one frame, 15 estimated to be the first product of the first subset of tens of retail
products. An aggregated first identification probability of the first product can be determined as
a function of the first product identification probabilities corresponding to the frames of the
subset of at least one frame. Sumularly, an aggregated second identification probability of the
first product can be determined as a function of the second product identification probabilities
corresponding to the frames of the subset of at least one frame. The aggregated fiurst
identification probability and the aggregated second identification probability of the first product
can be collectively evaluated for the frames of the subset of at least one frame to identify when
one or more of the aggregated first identification probability and the aggregated second
identification probability has a predefined relationship with a collective threshold probability.
The decision control circuit can cause an image of the furst product to be displayed in response to
identifying that one or more of the aggregated first identification probability and the aggregated
second identification probability has the predefined relationship with the collective threshold

probability.
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{00103} In some embodiments, the system analyses a customer’s purchase history,
preferences, search history and/or other relevant customer information 1n an attempt to identify
predict products that the customer will likely attempt to 1dentify through image recognition
and/or purchase. By identifying a set of products that the customer is likely to attempt to identify
through the image recognition, the system can provide more focused training of models to
produce more efficient, smaller trained models that operate with reduced processing overhead
and use less memory of the portable user device. Such focused and limited training 1s based, in
part, on a customer data 602, and typically customer data specific to that customer, such as but
not limited to the customer’s purchase history to predict products that the customer is expected
or may likely to attempt to identify through image recognition and/or purchase. By selecting a
subset of the products available for purchase in and/or through the retail store that is focused on
customer data corresponding to the customer {e.g., purchase history, search history, preferences,
frequency of purchase, variations 1o purchases, categories, eic.), the system can train more
effective machine learning models {e.g., computer vision models) that can be applied local on the
portable user device to recognize those products that are important to a given customer and/or
predicted to be products that the customer is more likely to attempt to dentify through image
recognition and/or purchase. By customizing the training of one or more models, the system can
scale a multi-model image processing system to more effectivelv recognize products, of the tens
of thousands of products available through the retail company, that are more relevant to the
customer, and greatly reduce processing and memory overhead by avoiding the tramning based on
products the customer 1s unlikely to consider and/or attempt to identify through image
recognition. The system can disti] the total number of products into a focused and himited hist of

products that 1s personal to each customer.

[60109] The customized training can be based on customer data {e.g., purchase history,
search history, etc.) with a model output decision engine to avoid having the system support the
recognition of tens of thousands of products, and mstead focus the training on those products
relevant to the individual customer {or group of customers}, and be able to recognize the
products that the customer 1s more likely to be interested in, consider for purchase, cared about,
and/or purchase. The recognition does not have to be 100% accurate or be able to recognize

100% of the products. The system instead attempts to improve efficiency through the
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anticipation of products the customer 1s predicted to attempt to identify through the image
recognition. Accordingly, the customized training and personalization of the relevant one or
more models in a multi-model product recognition system, satisfies the goal of recognizing
substantially all if not all of the products that a particular customer would attempt to identify
and/or scan. The more customer data available relative to a particular customer, the more
effective the system is going to be at filtering the products to generate a more accurate filtered
listing that is used to provide more effective and efficient trained models. Still further, the
reduced numbers of products to be used in training the one or more products can greatly reduce
the time to train those models. This reduced training time, in part, further enables more updating

and the distribution of models that are trained based on the most recent customer data.

{00110} Further, the circuits, circuitry, systems, devices, processes, methods, techniques,
functionality, services, servers, sources and the like described herein may be utilized,
implemented and/or run on many different types of devices and/or systems. FIG. @ illustrates an
exemplary system 900 that may be used for implementing any of the components, circuits,
circuitry, systems, functionality, apparatuses, processes, applications, and/or other above or
below mentioned systems or devices, or parts of such circuits, circuitry, functionality, systems,
apparatuses, processes, or devices. For example, the system 900 may be used to implement
some or all of the portable devices 102, the central server 106, the model training systeros 110,
the control circuit 202 of a portable device 102, the imaging system 220 of the portable device,
the image processing circuit 222, the decision control circuit 224, and inventory system, and/or
other such components, circuitry, functionality and/or devices. However, the use of the system

900 or any portion thereof 1s certainly not required.

{00111} By way of example, the system 900 may comprise a control circuit or processor
module 912, memory 914, and one or more communication hinks, paths, buses or the like 918.
Some embodiments may include one or more user interfaces 916, and/or one or more internal
and/or external power sources or supplies 940. The countrol circuit 912 can be implemented
through one or more processors, microprocessors, central processing unit, logic, local digital
storage, firmware, software, and/or other control hardware and/or software, and may be used to
execute or assist in executing the steps of the processes, methods, functionahity and technigues

described herein, and control various communications, decisions, programs, content, listings,
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services, interfaces, logging, reporting, etc. Further, in some embodiments, the control circust
912 can be part of control circuitry and/or a control system 910, which may be implemented
through one or more processors with access to one or more memory 914 that can store
mstructions, code and the like that 1s implemented by the conirol circuit and/or processors to
implement intended functionality. In some applications, the control circuit and/or memory may
be distributed over a communications network (e.g., LAN, WAN, Internet) providing distributed
and/or redundant processing and functionality. Again, the system 200 may be used to implement
one or more of the above or below, or parts of, components, circuits, systems, processes and the

itke.

{00112} The user mterface 916 can allow a user to interact with the system 900 and
recetve information through the system. In some instances, the user interface 916 includes a
display 922 and/or one or more user inputs 924, such as buttons, touch screen, track ball,
keyboard, mouse, etc., which can be part of or wired or wirelessly coupled with the system 900.
Typically, the system 900 further includes one or more communication interfaces, ports,
transceivers 920 and the like aliowing the system 900 to communicate over a communication
bus, a distributed computer and/or communication network 108 (e.g., a local area network
(LAN), the Internet, wide area network (WAN), etc.), communtcation link 918, other networks
or communication channels with other devices and/or other such coromunications or
combination of two or more of such communication methods. Further the transceiver 920 can be
contigured for wired, wireless, optical, fiber optical cable, satellite, or other such communication
configurations or combinations of two or more of such communications. Some embodiments
melude one or more mput/output {1/0) ports 934 that allow one or more devices to couple with
the system 900, The I/O ports can be substantially any relevant port or combinations of ports,
such as but not limited to USB, Ethernet, or other such ports. The I/ interface 934 can be
configured to allow wired and/or wireless communtcation coupling to external components. For
example, the VO nterface can provide wired communication and/or wireless communication
{e.g., Wi-Fi, Bluetooth, cellular, RF, and/or other such wireless commumnication), and in some
mstances may include any known wired and/or wireless interfacing device, circuit and/or
connecting device, such as but not imited to one or more transmitiers, receivers, transceivers, or

combination of two or more of such devices.
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{00113} In some embodiments, the system may include one or more sensors 926 to
provide information to the system and/or sensor mformation that 1s communicated to another
component. The sensors can include substantially any relevant sensor, such as accelerometer
sensor, light sensor, distance measurement sensors {e.g., optical units, sound/ultrasound units,
etc.), and other such sensors. The foregoing examples are intended to be tllustrative and are not
mtended to convey an exhaustive listing of all possible sensors. Instead, 1t will be understood
that these teachings will accommaodate sensing any of a wide variety of circumstances in a given

application setting.

{00114} The system 900 comprises an example of a control and/or processor-based system
with the control circuit 912, Again, the control circuit 912 can be implemented through one or
more processors, controllers, central processing units, logic, software and the like. Further, in

some implementations the control circuit 912 may provide multiprocessor functionality.

{00115} The memory 914, which can be accessed by the control circuit 912, typically
mcludes one or more processor-readable and/or computer-readable media accessed by at least the
control circuit 912, and can include volatile and/or nonvolatile media, such as RAM, ROM,
EEPROM, flash memory and/or other memory technology. Further, the memory 914 13 shown
as internal to the control system 910; however, the memory 914 can be internal, external or a
combination of internal and external memory. Similarly, some or all of the memory 914 can be
internal, external or a combination of internal and external memory of the control circuit 912,
The external memory can be substantially any relevant memory such as, but not limited to, solid-
state storage devices or drives, hard drive, one or more of universal serial bus (USB) stick or
drive, flash memory secure digital (SD) card, other memory cards, and other such memory or
combinations of two or more of such memory, and some or all of the memory may be distributed
at multiple locations over the computer network 108, The memory 914 can store code, software,
executables, scripts, data, content, lists, programming, programs, log or history data, user
mformation, customer information, product mformation, and the hke. While FIG. 9 dlustrates
the various components being coupled together via a bus, it 18 understood that the various
components may actually be coupled to the control circutt and/or one or more other components

directly.
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{00116} In some embodiments, the system is configured to reduce the use of or remove the
remote server processing and instead locally perform the analysis and recognition through image
processing in real-time by applying multiple machine learning modeling. This provides minimal
latency, faster recognition, and does not require network connectivity {or use of a customer’s
data limits). The system further improves image recognition, in part, through the evaluation of
accelerometer data to determine whether the user device is positioned properly to capture a good
video of an object and to select one or more appropriate frames so that the input to the models 15
valid and accurate. Further, the invention provides an additional layer of analysis to create a
believable result. The system takes raw output from one or more of the machine learning models
over a series of one or more input frames, analyzes the series of inputs, and compiles the results
of the one or more models in real-time into a singular aggregate result providing more accurate
result. The aggregation significantly reduces false positives i the machine learning models and
results 1 a much higher accuracy in the results than when a single model was used alone. In
some imaplementations, the system 1s configured to simultaneously perform 1mage, bar and
text/QR code recognition to wdentify products and/or confirm an identification of a product. The

systern can operate with live video data and does not have to rely/utilize a singular image

{00117} Some embodiments further utilize an application (APP) on the portable device to
track products identitied and/or products the user (e g., worker, customer, efc.) intends to
purchase, and can keep a running total of the products intended to be purchased. This pricing
information can be acquired in response to identifying the product through the multi-modeling
image processing system. For example, a shopping application can include an option to capture
an image or scan a product, which activates the camera on the mobile device. Feedback may be
provided to the user as the video content 1s captured {e.g., unstable, directions to move up, down,
feft right, back and/or forward, notification of whether there 15 a barcode detected, etc.). In some
apphications, the camera may be launch by default in a barcode scan mode, while in other
mstances may perform some preliminary evaluation to detect there 1s no barcode present. Other
feedback may be provided {e.g., using static scan brackets, illustrated arrows for direction the
user 1$ to move the device, etc.). For example, the brackets can be animated to help the user
hone mto the label, barcode, and/or other information more hikely to provide a more accurate

identification. An “Image Scan” option may be displayed to initiate the processing of the
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multiple subset of frames. Similarly, other feedback may be provided such as a tip/message to
“Point at a product”, which may remain if the user i1s moving the portable device too much
and/or an image 1s not in focus. Once a product is in focus the tip/message may be removed.
Additional or alternative feedback may be provided indicating the processing of the frames,
and/or provide the user with an option to scan the product instead of a barcode (e.g., ammated

series of dots rotating with product edge detection} to show scanning is occurring).

{00113} The multi-modeling evaluation of the subset of frames can return identifying
mformation {e.g., name, size, image, cost, barcode number, etc.} and/or other mmformation (e.g.,
nutritional information, related products, links to recipes and/or related products, etc.). Some
embodiments offer some type of confirmation of recognition and/or a probability (e.g., a
percentage, an illustrated scale (e.g., multicolored bar scale), etc.) that the correct product was
scanned and identified. This notification and/or identifying information may continue to be
displayed until a user selects one or more options {e.g., “add to cart”, “Incorrect Item”, selecting
a number of that identified product to be purchased {e.g., selecting a displayed number, selecting
a “+” or “-” displayed option, selecting a “Add to Cart” option numerous times, etc.), selecting
an “Undo” option, etc.). This can trigger the APP 104 to advance to allow the user to select a
subsequent product. Some embodiments may additionally request the user provide additional
input when an incorrect item 13 identified and/or when multiple products are identified (e.g., the
system is unable to achieve a threshold consistency of one product). For example, if the user
selects a displayed “Incorrect” or “UNDO” displaced option, the APP may offer one or more
options for the user to provide feedback as to why user decided not to add the item to a virtual
shopping cart {e.g., displaying options such as “Wrong Item”, user changed his/her mind, etc ).
This may disappear after a selection or after a predefined period of time {e.g., N seconds). An
itern count indication and/or price and/or total indicator can be updated on the displayed interface
{e.g., a sticky subtotal bar). Additionally or alternatively, a listing and/or images of simular items
found may be displayed with options to select one or more of these {e.g., offer multiple
selections if stmilar form factors were recognized and probability accuracy was less than a
threshold (e.g., system could not distinguish if the ttem was a large or small case of a product)).
In some mstances, the APP may further display a “None of These” option or other similar option

or otherwise touches the display screen outside the list of products.
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{00119} Some embodiments may provide additional or alternative feedback, such as when
an object cannot be recognized within a desired level of accuracy. For example, a display may
be presented to the user that the product could not be recognized. This may include requesting
the customer scan the barcode or to move the camera to a different orientation relative to the
product. Similarly, an option to initiate a barcode scan may be provided, which in response may
mitiate display of one or more alignment indicators {e.g., static scan brackets) to guide the user
and/or animate instructions to hone mto the barcode. An option of “no barcode” may be
presented when the user cannot locate a barcode or a barcode is not accessible. Once a barcode
1s detected an “Scan the barcode message” may disappear and/or an indication of processing may

be displayed.

{00120} Once the barcode 1s recognized a confirmation may be provided of the product
that was recognized from the barcode. Again, the user may be presented with options {e.g.,
“Add to Cart”, numbers of ttems to add, “Undo”, etc.). This may disappear in n seconds. Some
embodiments may further display an item count, pricing, and/or other mmformation, and if
selected to purchase update the cart, total cost, number of products, eic. {e.g., updated on a sticky
subtotal bar). Some embodiments may add a delay/pause prior to allowing a subsequent scan to

avoid accidental scans of the same product.

{06121} In some embodiments, the systern provides further guidance when an “Tmage”
scan operation 1s displayed, such as providing instructions, animation or the like to help capture
frames that can be used. This may be activated after a threshold period of time. The APP 104
may provide other displayed options, such as a “check-out” option to initiate purchases of
collected products, an view cart option to see what products the customer has selected and/or
otherwise indicated to be purchased, a budget option to see how the cost affects a budget, a
shopping hist option to see what products the customer intends to purchase and/or that have not
vet been obtamed during the shopping trip, and/or other such options. Further, some
embodiments automatically imtiate a purchase of products through a communication, from the
portable device 102 to one or more of the point of sale systems 118, of the product identifying

mformation of products within the virtual cart,

{60122} Some embodiments confirm the accuracy of the virtual cart through tracking

product identifies such as RFID tags read by one or more RFID tags within the retail store and/or
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proximate a point of exit of the retail store, detecting product identifying information (e.g., bar
codes, image processing of cameras of the retail store that are separate from the camera of the
portable device 102, other such methods, or a combination of two or more of such methods.
Based on the evaluation of products, the central server 106, mventory system 114 or other
relevant system may identify that products physically retrieved by a customer (e.g., ina
customer’s physical cart, basket, etc ) are mnconsistent with the products identified in the
customer’s virtual cart and/or numbers of products are inconsistent. Based on the detected
mconsistency, the central server 106, inventory system 114 or other system can communicate a
notification to the portable device to be presented to the customer, such as through a pop-up on a
display, through an audible notice, through the APP, other such method or a combimation of two
or more of such methods. In some embodiments, the inconsistency can further be communicated
to one or more point of sale systems to notify the customer through the point of sale system of
the inconsistency. In some applications, for example, a point of sale system 118 being used to
complete the purchase of the products can communicate a notification to the central server 106,
the inventory system 114 and/or other system of the pending purchase. The notification can
include an dentification of the virtual cart and/or the customer making the purchase and receive
the notification of inconsistencies in response to the notification of the pending purchase. In
some instances, the notification of the pending purchase can include a listing of products to be
purchased to allow a confirmation between the physical products and the products wdentified in

the virtual cart and the quantities of those products.

{00123} Accordingly, some embodiments provide systems and methods of purchasing one
or more products once recognized through the image product recognition and/or other methods
of identitying and/or confirming an identification of product. In some embodiments, the systems
and/or methods enable purchasing of one or more products using a portable device 102, Product
dentification mformation 1s captured by and/or nputted into the portable device 102 that
identifies the product for purchase. The product may be added to a virtual cart and/or an order
may be generated from one or more products identified by the wdentification information. Some
embodiments obtain an optical machine-readable identifier, code or the like that exclusively
identifies the order, which can be used to retrigve the order nformation specifying product

identifying information that can be used by a point of sale system 118 to obtain pricing for each
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product in the order. Accordingly, in some implementations, the optical machine-readable

identifier is a representation of the order.

100124] Some embodiments provide one or more computer readable memory mediums
comprising program instructions to enable purchasing of one or more product using a portable
device 102 that includes one or more imaging systems 220 (e.g., one or more digital cameras}
and/or other scanning module or system. The program instructions are executable by a processor
to capture an tmage of a product and/or an identifying portion of a product and process the image
to obtain identification information that is used to identify the product. In some embodiments,
the program instructions are also executable by a processor to generate a virtual shopping cart
containing product information representing the product. The product information s retrieved

using the identification information.

[00125] Further, in some implementations, program instructions are executable by a
processor to initiate a payvment transaction through a point of sale system 118, which may bea
stand-alone point of sale system, implemented within the central server 106, implemented ina
remote server, or the like, of the products in the virtual cart. In some embodiments, a customer
has the option of paying for the order of the products in the virtual cart by providing a cashier
with an optical or other machine-readable representation of an order 1dentifier, order number or
the like identifving an order. The machine-readable representation of the order, in some
waplementations, can be displayed on a display of the portable device 102 to be scanned ata
point of sale system, wirelessly transnmutied from the portable device to a point of sale system, or
the like. In some embodiments, the portable device may additionally or alternatively transmut
payment information directly from the portable device to a point of sale system 118,
communicate nstructions to a point of sale system 118 directing the pont of sale system to
access a payment method for the customer (e.g., accessing a customer profile associated with
that customer), provide customer identifying imformation to the point of sale system enabling the
point of sale system to retrieve payment information, or other such methods of obtaining
payment. In this manuner, a user can save time by not having to remove products from a shopping
cart for scanning at a traditional cashier or a self-checkout station, and in some implementations,
the user can save additional time by bypassing the traditional cashier or self-checkout station

completely and paying for an order directly with the mobile device.
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100126] With reference to FIG. 10, illustrated is an exemplary representation of a portable
device 102 identifying a product 1020, which may be selected for purchasing at a retail store or
other retail establishment. As described above, in some embodiments, the portable device 102
mcludes a control circuit 202 for executing applications, a display 1000, one or more transceivers
and an imaging system and/or other scanning module. The imaging system captures one or more
mmages that are used to identify the product 1020 and/or capture identification information of the
product as described above. The portable device 102 is configured to communicate with another
devices, such as the remote central server 106, one or more point of sale systems 118, one or
more inventory systems 114, other portable devices, and/or other devices via one or more

computer and/or communication network 108,

{00127} FIG. 11 illustrates a simplified flow diagram of a process 1100 of adding products
to a virtual shopping cart, such as based on recognition of the products from one or more images,
scanning of a barcode, etc., and completing a purchase of the one or more products of the virtual
cart, in accordance with some embodiments. The process, in some implementations, can be
utilized as part of a SCAN & GO application and system operated by a retailer. In an optional
step 1102, a user can activate a scan application on the portable device 102, This application in
part provides one or more graphical user interfaces that are displayed on a display of the portable
device to allow the user to tuplement one or more actions associated with identifying a product,
adding a quantity of the product to a virtual cart, and paving for the one or more products added
to the virtual cart. FIG. 12 llustrates an exemplary scan interface 1200 m accordance with some

ernbodiments that is provided to enable the customer to capture an image of a product 1202.

[00128] In step 1104, the product 15 identified based on the one or more images as
described above and/or other scanning methods (e.g., barcode scanning, RFID tag reading, etc).
In step 1106, the product 1s added to a virtual cart associated with the customer. In some
mstances, the product s avtomatically added to the virtual cart, while i other embodiments the
customer 1s asked through the application whether to add the product to the cart. FI{G 13
dlustrates an exemplary cart confirmation user interface 1300, 1n accordance with some
embodiments. The cart confumation user mterface 1300 1s configured to displays product
identifying information 1302 {e.g., name, mamifacturer, source, cost, tax, weight, mitritional

nformation, other such information or a combination of such information, and/or an option to
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access additional information that may not be displayed on the cart confirm interface} to the
customer and provides one or more options, such as an add option 1304 to add the product to the
virtual cart, discard the product 1306, re-scan the product 1308, a quantity option 1310 that
allows a customer to specify a quantity of the product to be added to the virtual cart and/or other
such options, other such options, and typically a combination of two or more of such options.
FIG. 14 illustrates an exemplary virtual cart interface 1400 in accordance with some
embodiments. The virtual cart interface 1400, in some instances, is displayed following a
product being added and/or in response to a customer selecting a view virtual cart option from
one of the other user interfaces. The virtual cart interface 1400 can show a listing 1402 of the
one or more products in the virtual cart. Some embodiments include options to adjust quantities,
delete products from the virtual cart, empty the virtual cart and/or other such options. Further,
some embodiments provide information about the products (e.g., name, manufacturer, quantity,
weight, size, cost, other such information, a combination of two or more of such information, an
option to access additional information, etc.), provide an estimated total cost, other such
mnformation, other such information, and typically a combination of such information. The
virtual cart interface 1400 may further provide a checkout option 1404, scan another product

1406, and/or other such options. Other options may additionally or alternatively be available.

[00129] In step 1108, a checkout of the virtual cart s initiated. In some implementations,
the initiation of checkout is in response to the customer activating the checkout option 1404, In
other instances, the checkout may be in response to a cusiomer moving 1nto a certain area of the
retail store {e.g., detecting a location based on location information, detecting an RFID tag, etc).
In checking out, the process obtains payment for each product within the virtual shopping cart.
In some embodiments, the process 1100 mncludes step 1110 where the application activates a
generation of an order corresponding to the virtual cart and each product included m the virtual
cart. In some instances, the order 15 generated local on the portable device, while in other
mplementations the order 1s generated at the central server 106, a checkout system, other such
system or a combination of systems. The order represents all of the products and quantities of
those products within the virtual cart. Typically, an order identifier is further generated by the
central server that 1s unigue to that order. In some embodiments, optional step 1112 13

implemented to dynamically generate one or more optical machine-readable representations of
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the order corresponding to the virtual cart. In some implementations, a single machine-readable
representation is generated {0 represent an entire virtual cart. The optical machine-readable
representation ¢an, in some implementations, be configured to be optically scanned and/or
otherwise recognized by a scanning system, such as be configured to be scanned by a scanning
system associated with a point of sale system to acquire cost mformation of the products in the
virtual cart. FIG. 15 illustrates of an exemplary optical scanning machine 1502 reading an
optical machine-readable representation 1504 of an order displayed on a portable device 102, in
accordance with some embodiments. In some embodiments, the optical machine-readable
representation of the order is in a form of 1D barcode, such as a 1D barcode having one of the
following formats: UPC-A, UPC-E, EAN-13, EAN-§, Code-128, Code-39 and I'TF. Other

machine readable representations can alternatively or additional be utilized.

{00130} FIG. 16 illustrates an exemplary checkout screen 1600 with an exemplary
machine-readable representation 1504 of the order displayed on the display of the portable
device, in accordance with some embodiments. The machine-readable representation can be a
barcode, string alphanumeric of characters, other such machine-readable representation or
combination of such representations. In some embodiments, a unique order number 1602 13
further provided that can be used 1n addition to or alternatively to the machine-readable
representation. The generation of the machine-readable representation may be generated in
response o a customer confirming an intention to go to a traditional cashier, self-checkout
station or other such system to complete the sale and pay for the products in the virtual cart {and
that typically have been physically retrieved by the customer and added to a physical cart the
customer 1s moving through the retail store as the customer shops and adds products the

customer mtends to purchase}.

{00131} In optional step 1114 the machine-readable representation 1s caused to be
displayed on the display of the portable device and a scanning system detects and scans the
machine-readable representation. The unique identifying mformation can be acquired and used
to get the total cost mformation, itemized product mformation, and/or other such information.
For example, the point of sale system can communicate the relevant order identifier to the central
server and recetve total cost and/or other relevant information corresponding to the virtual cart.

In optional 1116, the customer can pay for the products. The payment can be with cash, credit
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cart and/or other methods. In some embodiments, the point of sale system receives the unique
identifier representing the order from the scanning system in response to the scanning machine
system of the machine-readable representation. The identifier is used to obtain and import into
the point of sale system the order using the unique identifier. The point of sale system can
complete a sales transaction of each of the products i the virtual cart based on the order, and
generate a confirmation of payment and/or a receipt acknowledging completion of the sales

transaction.

{00132} In some embodiments, the process 1100 includes step 1120 that enables the
customer to compete the purchase of the products in the virtual cart through the APP, such as by
selecting a checkout option 1404 and/or selecting an electronic payment option. Accordingly, in
some embodiments, the customer, in step 1120, authorizes payment for the products represented
i the virtual cart. The electronic payment option enables the customer to select a type of tender
and the payment method used to pay for the order. For example, the user may have the choice of
providing a variety of types of tender, such as cash, credit card, direct debit from a bank,
payment using an online payment service such as PayPal™ or Google Checkout, a gift card,
store credit, personal check, money order, or other payment means. The user also has the choice
of payment method, either transmitting payment via the portable device 102 using mobile
application 104 or providing payment at either a traditional cashier or self-checkout station. In
other troplementations, a point of sale system 118 1s activated to retrieve a method of payment

{e.g., from a customer profile).

{00133} Instep 1122, a confirmation of payment is generated at the point of sale system
and/or in response to the customer electronically authorizing the payment. Thus confirmation of
payment is received at the portable device 102 and/or presented to the customer {e.g., traditional
paper receipt). When electronically received at the portable device, in some mmplementation the
confirmation of payment 15 configured to be displayed on a display of the portable user device to
confum payment prior to the customer leaving the first retail store. Some embodiments include
optional step 1124 where some or all of the confirmation of pavment 1s displayed on the display
of the portable device 102, and this can be presented prior to exiting the retail store as a
confirmation the customer paid for the products the customer 1s removing from the store. FIG.

17 ittustrates an exemplary pavment confirmation mterface 1700, in accordance with some
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embodiments. In some instances, the payment confirmation inchides a confirmation machine
readable representation 1702 that can be scanned prior to the customer exiting the store as a
confirmation of purchase. In some instances, 3 worker can view a histing of products paid for in
response to scanning the confirmation machine-readable representation 1702 to allow the worker
to view what products are physically present in the physical shopping cart and confirm a
consistency between the physical products in the cart and the products that are confirmed as paid.
The confirmation of payment interface may further provide the customer with an option to view
a detailed receipt. Additionally or alternatively, a receipt confirmation may further be
communicated to the portable device that can enable the customer to access information about
the purchase and/or access a detailed itemization of products purchased and/or electronic receipt.
Such information 1s typically stored in a customer profile, such as in a receipt portion of a

profile, a purchase history portion of the customer profile, and/or other relevant portion.

{00134} In some embodiments, a virtual transaction is created in response o an mitiation
of checkout and/or payment and an order identifier can be defined or created. Tn some instances,
an optical machine-readable representation of the order, and/or the order identifier is generated
and which wdentifies the order. This machine readable representation can be displayed on the
display of the portable device 102, wirelessly communicated to a point of sale system, or
otherwise provided to the point of sale systern. The optical machine-readable representation can
encode a unique identifier such as an order number or a unique mobile identifier (UMI) which is
associated with the portable device in order to identify the particular order. Typically, each order
number, identifier and/or optical machine-readable representation generated s unique to a single
particular order. Similarly, 1 some instances, each umque mobile identifier (UMI) 15 specific to
a particular portable device 102, and contains mformation wdentifying that particular portable
device 102, such as umque device identifier (UDID} for the portable device 102, a seral number
of the portable device 102, or some other identifying information for a particular portable device
102. The optical machme-readable representation of the order represents the order and can
encode 1dentifying information or a unique 1dentifier, which includes things such as: an order
number; customer identifying information which can be used to identify a customer, such as a
customer name, a customer number, and a social security number; transaction identifying

nformation which can be used to 1dentify a specific transaction, such as a number or other
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alphanumeric code; device identifying information that can identify a specific device such as a
serial number or a unique device identifier (UDID) for a device such as a mobile phone or
mobile computer; and any alphanumeric code or any symbol which may be used associated with
and used to identify and retrieve a specific order, other such information, or a combination of
two or more of such information. In some embodiments, an order number along with the optical
machine-readable representation of the order 1s displayved on the display of the portable device

102.

{00135] The virtual shopping cart containing product identifiers and/or product
mformation is generated or updated as products are identified through the APP and added by the
user, or otherwise identified (e.g., customer manually enters identifier information). In some
embodiments, the virtual shopping cart is generated by the portable device 102 and then
transmiited to the central server 106 and/or one or more point of sale systems 118, Insome
umplementations, the APP 15 configured to initiate communications with a point of sale system
118 {e.g., a terminal sales application that resides on the central server 106, a stand-along point
of sale system in a retail store, a separate point of sale server, or the like). In other embodiments,
the virtual shopping cart 1s generated and/or updated by the central server 106 {(e.g., generated by
a terminal sales application implemented by the central server) based on commmunications from
the portable device. In some embodiments, the APP provides the user with the option to create
and save a shopping list having intended to be purchased and/or having the products represented
in the virtual shopping cart. The shopping list can be created any place, such as a user's home.
When using the shopping list in a retail store, products may be pawred up and removed from the
shopping hist when added to the virtual shopping cart. In some embodiments, upon retrieving
product information, the central server 106 may transmit some or all of the retrieved product
mformation to the portable device, whersupon the APP automatically generates and/or updates
the virtual shopping cart containing product information representing the product and/or product

identifving information,

{80136} In some embodiments, when the customer authorized and/or tendering payment,
payment information s generated (e.g., by the pomnt of sale system} and transmitted to the central
server 106, inventory system 114, the APP 104 on the portable device 102, and/or other system.

Typically, the virtual shopping cart in the APP and/or the central server is then marked paid and
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a receipt is generated by the central server 106 and/or point of sale system. The receipt is then
provided to the user and/or an elecironic version of the receipt is communicated to the APP on
the portable device and available through the APP. In some implementations, upon generating
and sending an acknowledgment that payment has been received, the central server 106 and/or
the APP then changes the current virtual shopping cart into a past virtual shopping cart,
retrievable by the user via an order history button and/or a customer profile. Sales transaction
and receipt information may be stored on the central server 106, other customer database, and/or
other storage system, and is thus accessible for a variety of purposes: including but not limited
to: asset protection solutions, return validation, customer reference, and the like. Similarly, the
purchase information may be used by the ceniral server in evaluating customer preferences,

mventory tracking and/or other relevant information.

{00137} When payment s authorized through electronic payment, the APP in some
embodiments may debit a preregistered payment account of the user's or the user i1s prompted for
payment account information. In some embodiments, the user may have already created a
preregistered payment account with the APP, by already entering payment account information
which could mclude, credit card information, online payment service information such as a user
account name and password, store credit information, or gift card imformation, then the APP can
debit the preregistered account and/or provide the point of sale systermn with the relevant payment
information to be used by the point of sale system to complete the sale and obtain payment.
When the user has not already created a preregistered payment account with the APP and/or the
APP does not direct the point of sale system to retrieve payment information {e.g, from a
customer profile}, the user may in some embodiments be prompted to create a payment account
by providing payment account information.

{601338] The use of the virtual cart and the purchase of products based on product
wdentification is further described in U8, Patent No. 10,121,133, filed Nov. 16, 2010, U.S. Patent
Application Ser. No. 15/956,400, filed April 18, 2018, 1J.S. Patent Application Ser. No.
16/730,567, filed Dec. 30, 2019, and U.8. Provisional Patent Application No. 61/392 908, filed
on (Oct. 13, 2010, the contents of each 15 incorporated heremn by reference in its entirety.

{060139] In some embodiments, systems are provided to recognize retail products ina

physical retail store, comprising: a portable user device comprising: a housing; an imaging
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system at least partially positioned within the housing and configured to capture at least video
content, wherein each video content comprising a series of {rames; an image processing circuit
secured withimn the housing and communicatively coupled with the imaging system, and the
image processing circuit 15 configured to select and extract at least a subset of frames comprising
one or more individual frames from the series of frames of a video content; at least one tangible
memory positioned within the housing and storing a local product database locally storing sets of
product imaging data, wherein each set of product imaging data corresponds to one of hundreds
of different retail products available for sale from a retail store and comprises a product identifier
and at least image attribute data exclusively corresponding to the respective product; and a
decision control circuit communicatively coupled with the memory and configured to: process
each frame of the subset of frames by at least a first modeling technique relative to a first image
attribute and obtain a corresponding first product identification probability that an ttem, captured
within each of the subset of frames, 15 estimated to be a first product of the hundreds of products;
process each frame of the subset of frames by a second modeling technique relative to a second
image attribute that is different than the first attribute, and obtain corresponding second product
identification probability that the ttem, captured within each of the subset of frames, is estimated
to be the first product of the hundreds of products; deternune an aggregated first identification
probability of the first product as a function of the first product wlentification probabilities
corresponding to the frames of the subset of frames; determine an aggregated second
identification probability of the first product as a function of the second product identification
probabilities corresponding to the frames of the subset of frames; collectively evaluate the
aggregated first identification probability and the aggregated second identification probability of
the first product for the frames of the subset of frames and 1dentify when one or more of the
aggregated first identification probability and the aggregated second identification probability
has a predefined relationship with a collective threshold probability; and cause an 1mage of the
first product to be displayed in response to identifying that one or more of the aggregated first
identification probability and the aggregated second identification probability has the predefined

relationship with the colliective threshold probability.

[B0140] Some embodiments provide methods to recognize retail products in a physical

retail store, comprising: receiving one or more video content, wherein each video content

- 50 -



WO 2020/176439 PCT/US2020/019591

comprising a series of frames; extracting at least a subset of frames from a video content,
wherein the subset of frames comprises one or more individual frames from the series of frames
of the video content; processing each frame of the subset of frames by at least a first modeling
technique relative to a first image attribute and obtaining a corresponding first product
identification probability that an item, captured within each of the subset of frames, is estimated
to be a first product of the hundreds of products; processing each frame of the subset of frames
by a second modeling technique relative to a second image attribute that 15 different than the first
attribute and obtaining corresponding second product identification probabilities that the item,
captured within each of the subset of frames, is estimated to be the first product of the hundreds
of products; determining an aggregated first identification probability of the first product as a
function of the first product identification probabilities corresponding to the frames of the subset
of frames; determuning an aggregated second identification probability of the first product as a
function of the second product identification probabilities corresponding to the frames of the
subset of frames; collectively evaluating the aggregated first identification probability and the
aggregated second identification probability of the first product for the frames of the subset of
frames and identify when one or more of the aggregated first identification probability and the
aggregated second 1dentification probability has a predefined relationship with a collective
threshold probability; and causing an image of the first product to be displaved in response to
identifying that one or more of the aggregated first identification probability and the aggregated
second identification probability has the predefined relationship with the collective threshold

probability.

{60141} Some embodiments provide systems to recognize retail products in a physical
retail store. These systems comprise: a customer database storing, for each of a plurality of
customers of a retail company operating at least a first retail store, a customer profile storing one
or more of purchase history information, product search history information, and product
preference data; a retail product database storing product data comprising product imaging data
corresponding to each of tens of thousands of different retail products available for sale from the
first retai! store, wherein each of the imaging data corresponding to one of the different retail
products and comprises a corresponding product identifier and at least image attribute data

exclusively corresponding to the respective product; and a model training system
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communicatively coupled with the product database, wherein the modeling training system
comprises a training control circuit communicatively coupled with tangible memory storing a
rules database maintaining rules and code that 15 when executed by the training control circuit
cause the training control circuit, for each of the plurality of customers, to: identify a first
customer of the plurality of customers; access, in the customer database, a first customer profile
associated with the first customer; access the rules database and obtain a first set of one or more
filtering rules, and apply the first set of one or more filtering rules to the product database based
on each of the purchase history information, the search history information, and the product
preference data corresponding to the first customer; generate, based on a result of filtering the
product database, a first listing of products specific to the first customer, wherein the first listing
comprises a first subset of tens of retail products, of the tens of thousands of retail products, that
the customer 1s predicted to attempt to wdentify one or more of the first subset of tens of retail
products through image recognition implemented on a portable user device associated with the
first custorer; access a second set of model training rules and apply the second set of model
traming rules to train a machine learning model to be applied by the portable user device in
identifyimg one or more products from frames of video content captured by the portable user
device, wherein the training is limited to the first listing of products and corresponding image
data for each of the products in the first listing of products; and communicate the trained

machine learning model to the portable user device associated with the first customer.

[06142] In some embodiments, the portable user device further comprises a portable
device control circuit coupled with the memory and configured to: add the first producttoa
virtual cart; and intiate a checkout of and payment for each product within the virtual shopping
cart. The control circuit, 10 some implementations, 10 imitiating the checkout of the virtual cart
activates a generation at a central server of an order corresponding to the virtual cart and each
product included 1n the virtual cart, obtain a dynamucally generated optical machine-readable
representation of the order corresponding to the virtual cart, wherein the optical machine-
readable representation of the order 13 configured to be scanned by a scanning system associated
with a point of sale system to acquire cost information of the products in the virtual cart. In
some embodiments, the control circuit in imitiating the checkout of the virtual cart activates a

generation at a central server of an order corresponding to the virtual cart and each product
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mcluded in the virtual cart, authorize payment for the products represented in the virtual cart, and
receive a confirmation of payment at the portable user device, wherein the confirmation of
payment is configured to be displayed on a display of the portable user device to confirm

payment prior to the customer leaving the first retail store.

{00143} Some embodiments add the first product to a virtual cart on the portable user
device; initiate a checkout of the virtual shopping cart; and obtain a dynamically generated
optical machine-readable representation of an order corresponding to the virtual cart and each
product included in the virtual cart, and display on a display of the portable user device the
machine-readable representation of the order to be scanned by scanning system associated with a
point of sale system, wherein the machine-readable representation of the order encodes a
dynamically generated unique identifier representing the order. The pomt-of-sale terminal is
mcluded in some embodiments and 1s operatively coupled to the scanning system, wherein the
point-of sale terminal is configured to (1} receive the unique identifier representing the order
from the scanning system n response to the scanning system scanning of the machine-readable
representation, (i1) obtain and importing into the point of sale system the order using the unique
identitier, (111} complete a sales transaction of each of the products in the virtual cart based on the

order, and {(vi} generate a receipt acknowledging completion of the sales transaction.

[00144] Further, some embodiments provide methods of recognizing retail products ina
physical retail store, comprising: by a model training system communicatively coupled with a
product database and a customer database: identifying a first customer of the plurabity of
customers; accessing, in the customer database, a first customer profile associated with the first
customer; accessing a rules database and obtain a first set of one or more filtering rules, and
applying the first set of one or more filtering rules to the product database based on each of a
purchase history information, search history information, and product preference data
corresponding to the first customer; generating, based on a result of filtering the product
database, a first listing of products specific to the first customer, wherein the first bisting
comprises a first subset of tens of retail products, of the tens of thousands of retail products, that
the customer 1s predicted to attempt to wdentify through image recognition implemented on a
portable user device associated with the first customer; accessing a second set of model training

ruies, applying the second set of model training rules, and training a machine learning model to
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be applied by the portable user device n identifying one or more products from frames of video
content captured by the portable user device, wherein the training is limited to the first listing of
products and corresponding image data for each of the products in the first listing of products;
and communicating the trained machine learning model to the portable user device associated

with the first customer.

{60145] In some embodiments a method comprises automaticatly adding the first product
to a virtual cart on the portable user device; inttiating a checkout of the virtual shopping cart; and
obtaining a dynamically generated optical machine-readable representation of an order
corresponding to the virtual cart and each product included in the virtual cart, and displaymg on
a display of the portable user device the machine-readable representation of the order to be
scanned by a scanning system associated with a point of sale system, wherein the machine-
readable representation of the order encodes a dynamically generated unique idenuifier
representing the order. Further, some embodiments comprise: receiving, at a point of sale
termunal, the unique 1dentifier representing the order from the scanming system in response to the
scanning system scanning of the machine-readable representation; obtaining and importing into
the point of sale system the order using the unique wdentifier; completing a sales transaction of
each of the products in the virtual cart based on the order; and generating a receipt

acknowledging completion of the sales transaction.

{00146} Product vectorized characterizations and customer partiality vectors and their
correlation are described in U.S. Patent Application Nos. 15/487,538 filed on 04-14-2017;
15/487 728 filed on 04-14-2017; 15/487,760 filed on 04-14-2017; 15/487,775 filed on 04-14-
2017, 15/487 792 filed on 04-14-2017; 15/487 826 filed on 04-14-2017; 15/487 882 filed on 04-
14-2017; 15/487,894 filed on 04-14-2017; 15/488,004 filed on 04-14-2017; 15/488,015 filed on
04-14-2017; 15/488,107 filed on 04-14-2017; 15/606,602 filed on 05-26-2017, 15/624,030 filed
on 06-15-2017; 15/625,599 filed on 06-16-2017; 15/628,282 filed on 06-20-2017; 15/634,862
filed on 06-27-2017; 15/655,339 filed on 07-20-2017; 15/669,546 filed on 08-04-2017;
15/678,608 filed on 08-16-2017; 15/685,981 filed on 08-24-2017; 15/704,878 filed on 09-14-
2017, 15/782,509 filed on 10-12-2017; 15/782,555 filed on 10-12-2017; 15/782,559 filed on 10-
12-2017;, 15/783,220 filed on 10-13-2017; 15/783,313 filed on 10-13-2017; 15/783,453 filed on
10-13-2017; 15/783,551 filed on 10-13-2017,; 15/783,555 filed on 10-13-2017; 15/783,645 filed
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on 10-13-2017; 15/783,608 filed on 10-13-2017; 15/783,787 filed on 10-13-2017; 15/783,825
filed on 10-13-2017; 15/783,929 filed on 10-13-2017; 15/783,960 filed on 10-13-2017;

15/921,540 filed on 03-14-2018; 15/939,788 filed on 03-29-2018; 15/947,380 filed on 04-06-
2018; 15/952,494 filed on 04-13-2018; and 15/953,113 filed on 04-13-2018; each of which is

mcorporated herein by reference in its entirety.

{60147] Further, the subject application relates to U.S. Provisional Application No.

62/840,748 filed on 04-30-2019, which 1s incorporated herein by reference in its entirety.

{66148} Those skilled in the art will recognize that a wide variety of other modifications,
alterations, and combinations can also be made with respect to the above described embodiments
without departing from the scope of the invention, and that such modifications, alterations, and

combinations are to be viewed as being within the ambit of the inventive concept.
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CLAIMS

What is claimed is:

1. A system to recognize retail products in a physical retail store, comprising:

a portable user device comprising:

a housing;

an imaging system at least partially positioned within the housing and configured to
capture at least video content, wherein each video content comprising a series of frames;

an image processing circuit secured within the housing and communicatively coupled
with the imaging system, and the image processing circuit 1s configured to select and extract at
least a subset of frames comprising one or more individual frames from the series of frames of a
video content;

at least one tangible memory positioned within the housing and storing a local product
database locally storing sets of product imaging data, wherein each set of product imaging data
corresponds to one of hundreds of different retail products avadable for sale from a retail store
and comprises a product identifier and at least image attribute data exclusively corresponding to
the respective product; and

a decision control circuit communicatively coupled with the memory and configured to:

process each frame of the subset of frames by at least a first modeling technique relative
to a first image attribute and obtain a corresponding first product identification probability that
an item, captured within each of the subset of frames, 15 estimated to be a first product of the
hundreds of products; process each frame of the subset of frames by a second modeling
technigque relative to a second image attribute that 15 different than the first attribute, and obtam
corresponding second product identification probability that the tem, captured within each of the
subset of frames, 1s estimated to be the first product of the hundreds of products; determine an
aggregated first identification probability of the first product as a function of the first product
identification probabilities corresponding to the frames of the subset of frames; determine an
aggregated second identification probability of the first product as a function of the second
product identification probabilities corresponding to the frames of the subset of frames;
collectively evaluate the aggregated first identification probability and the aggregated second
identification probability of the first product for the frames of the subset of frames and identify

when one or more of the aggregated first identification probability and the aggregated second
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identification probability has a predefined relationship with a collective threshold probability;
and cause an image of the first product to be displayed in response to identifying that one or
more of the aggregated first identification probability and the aggregated second identification

probability has the predefined relationship with the collective threshold probability.

2. The system of claim 1, wherein the second modeling technique comprises a barcode
recognition modeling technique and the second mmage attribute comprises a barcode image
attribute, wherein the decision control circuit in obtaining the second product identification
probabilities 1s configured to process each frame of the subset of frames by the barcode
recognition modeling technique relative to the barcode image attribute that 1s different than the
first attribute, and obtain corresponding barcode product identification probabilities that the item,
captured within each of the subset of frames, 15 estimated to be the first product of the hundreds
of products; and

determine the aggregated second identification probability of the first product as a
function of the barcode product identification probabilities corresponding to the frames of the

subset of frames.

3. The system of claim 2, wherein the decision control circuit is further configured to:

process each frame of the subset of frames by an optical character recognition (OCR)
modeling technique relative to text image attributes that are different than the first attribute, and
obtain corresponding text product identification probabilities that the item, captured within each
of the subset of frames, 15 estimated to be the first product of the hundreds of products; and

determine an aggregated text wdentification probability of the first product as a function of
the text product wdentification probabilities corresponding to the frames of the subset of frames;
and

wherein the collectively evaluating comprises collectively evaluating the ageregated first
identification probability, the aggregated barcode identification probability and the aggregated
text identification probability of the first product for the frames of the subset of frames and
identify when one or more of the aggregated first identification probability, the aggregated

barcode identification probability and the aggregated text identification probability has a

o8

predefined relationship with the collective threshold probability.
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4. The system of claim 1, wherein the decision control circuit 18 further configured to
apply a first weighting to the aggregated first identification probability as a function of an
expected degree of accuracy relative to the first image attribute to provide a weighted first
product identification probability; apply a second weighting to the aggregated second
identification probability as a function of an expected degree of accuracy relative to the second
image attribute to provide a weighted second product identification probability; and identify
when there is a threshold consistency between the weighted first product identification
probability and the second weighted product identification probability; and cause the image of
the first product to be displayed in response to identifying the threshold consistency between the
weighted first product identification probability and the second weighted product identification

probability.

5. The system of claim 4, wherein the decision control circuit 1s configured to dentify an
aggregate threshold mconsistency between the aggregated first identification probability and the
aggregated second identification probability, and apply the weighting in response to identifying
the threshold mconsistency between the aggregated first identification probability and the

aggregated second identification probability.

6. The system of claim 4, wherein the deciston control circuit, in applying the second
weighting to the second product identification probability, 1s configured to identify a number of
textual words detected m each frame of the subset of frames that are present on the image of the
first product and multiply the number of textual words by a word multiphier to define the second

weighting.

7. The system of claim 1, wherein the portable user device further comprises an
accelerometer system configured to detect movement of the portable user device and output
accelerometer data relative to each frame of the video content; and

wherein the image processing circutt in selecting and extracting at least the subset of

frames 1s configured to access accelerometer data captured corresponding to when each frame of
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the video content is captured, and identify the subset of frames of the video content that each has

corresponding accelerometer data that has a predefined relationship with a movement threshold.

8. The system of claim 1, wherein the decision control circuit is further configured to

statistically process the first product identification probabilities and obtain the aggregated
first identification probability;

statistically process the second product identification probabilities and obtain the
aggregated second identification probability;

identify when there 1s a threshold inconsistency between the aggregated first
identification probability and the aggregated second identification probability; and

apply, in response to determining there is a threshold inconsistency between the
aggregated first identification probability and the aggregated second identification probability, a
first weighting to the aggregated first identification probability as a function of an expected
degree of accuracy relative to the first image atiribute to provide a weighted first product
identification probability, apply a second weighting to the aggregated second identification
probability as a function of an expected degree of accuracy relative to the second image attribute
to provide a weighted second product identification probability, and determine a resultant
identification probability of the first product based on the weighted first product identification

probability and the weighted second product identification probability.

9. The system of claim &, wherein the portable user device further comprises an
accelerometer system configured to detect movement of the portable user device and output
accelerometer data relative to each frame of the video content; and

wherein the image processing circuit 1n selecting and extracting at least the subset of
frames 15 configured to access accelerometer data captured corresponding to when each frame of
the video content is captured, and identify the subset of frames of the video content that each has

corresponding accelerometer data that 15 below a movement threshold.

10, The system of claim 1, wherein the portable user device further comprising a control
circuit coupled with the memory and configured to:

add the first product to a virtual cart; and
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initiate a checkout of and payment for each product within the virtual shopping cart.

11. The system of claim 10, wherein the control circuit in mitiating the checkout of the
virtual cart activates a generation, at a central server, of an order corresponding to the virtual casrt
and each product included in the virtual cart, obtain a dynamically generated optical machine-
readable representation of the order corresponding to the virtual cart, wherein the optical
machine-readable representation of the order is configured to be scanned by a scanning system
associated with a point of sale system to acquire cost information of the products in the virtual

cart.

12, The system of claim 10, wherein the control circuit in mitiating the checkout of the
virtual cart activates a generation at a central server of an order corresponding to the virtual cart
and each product included in the virtual cart, authorize payment for the products represented in
the virtual cart, and recetve a confirmation of payment at the portable user device, wheren the
confirmation of payment is contigured to be displaved on a display of the portable user device to

contirm payment prior to the customer leaving the first retail store.

13. A method to recognize retail products n a physical retail store, comprising:

recetving one or more video content, wherein each video content comprising a series of
frames;

extracting at least a subset of frames from a video content, wherein the subset of frames
comprises one or more individual frames from the series of frames of the video content;

processing each frame of the subset of frames by at least a first modeling technique
relative to a first image attribute and obtaining a corresponding first product identification
probability that an item, captured within each of the subset of frames, 1s estimated to be a first
product of the hundreds of products;

processing each frame of the subset of frames by a second modeling technique relative to
a second image attribute that is different than the first attribute and obtaining corresponding
second product identification probabilities that the item, captured within each of the subset of

frames, is estimated to be the first product of the hundreds of products;
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determining an aggregated first identification probability of the first product as a function
of the first product identification probabilities corresponding to the frames of the subset of
frames;

determining an aggregated second identification probability of the first product as a
function of the second product identification probabilities corresponding to the frames of the
subset of frames;

collectively evaluating the aggregated first identification probability and the aggrepated
second identification probability of the first product for the frames of the subset of frames and
identify when one or more of the aggregated first identification probability and the aggregated
second identification probability has a predefined relationship with a collective threshold
probability; and

causing an image of the first product to be displayed n response to identifying that one or
more of the aggregated first wentification probability and the aggregated second identification

probability has the predefined relationship with the collective threshold probability.

14. The method of claim 13, wherein the second modeling technique comprises a barcode
recognition modeling technique and the second mmage attribute comprises a barcode image
attribute, wherein the obtaining the second product identification probabilities comprises:

processing each frame of the subset of frames by the barcode recognition modeling
technigue relative to the barcode image atiribute that 15 different than the first attribute;

obtaining corresponding barcode product identification probabilities that the item,
captured within each of the subset of frames, 15 estimated to be the first product of the hundreds
of products; and

determining the aggregated second wdentification probability of the first product as a
function of the barcode product identification probabilities corresponding to the frames of the

subset of frames.
15. The method of claim 14, further comprising:

processing each frame of the subset of frames by an optical character recognition {OCR)

modeling technique relative to text image attributes that are different than the first attribute;
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obtaining corresponding text product identification probabilities that the item, captured
within each of the subset of frames, is estimated to be the first product of the hundreds of
products; and

determining an aggregated text identification probability of the first product as a function
of the text product identification probabilities corresponding to the frames of the subset of
frames;

wherein the collectively evaluating comprises collectively evaluating the aggregated first
identification probability, the aggregated barcode identification probability and the aggregated
text identification probability of the first product for the frames of the subset of frames; and
identifying when one or more of the aggregated first identification probability, the aggeregated
barcode identification probability and the aggregated text identification probability has a

predefined relationship with the collective threshold probability.

16. The method of claim 13, further comprising:

applying a first weighting to the aggregated first identification probability as a function of
an expected degree of accuracy relative to the first image attribute to provide a weighted first
product identification probability;

applying a second weighting to the aggregated second identification probability as a
function of an expected degree of accuracy relative to the second image attribute to provide a
weighted second product identification probability,

wdentify when there 15 a threshold consistency between the weighted first product
identification probability and the second weighted product identification probability; and

causing the image of the first product to be displayed m response to identif ying the
threshold consistency between the weighted first product identification probability and the

second weighted product identification probability.

17. The method of claim 16, further comprising:

identifying an aggregate threshold inconsistency between the aggregated first
identification probability and the aggregated second identification probability; and

applying the weighting in response to identifving the threshold inconsistency between the

aggregated first identification probability and the aggregated second identification probability.
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18. The method of claim 16, wherein the applying the second weighting to the second
product identification probability comprises identifying a number of textual words detected in
each frame of the subset of frames that are present on the image of the first product; and

muitiplying the number of textual words by a word multiplier to define the second

weighting.

19. The method of claim 13, further comprising:

accessing accelerometer data captured corresponding to when each frame of the video
content 1s captured; and

wherein the extracting at least the subset of frames comprises identifying the subset of
frames of the video content that each has corresponding accelerometer data that has a predefined

relationship with a movement threshold.

20. The method of claim 13, further comprising:

wherein the determining the aggregated first identification probability comprises
statistically processing the first product identification probabilities and obtaining the aggregated
first identification probability;

wherein the determuung the aggregated second identification probability comprises
statistically processing the second product identification probabilities and obtaining the
aggregated second identification probability;

identifying when there is a threshold inconsistency between the aggregated first
identification probability and the aggregated second identification probability;

applying, m response to determining there 1s a threshold inconsistency between the
aggregated first identification probability and the aggregated second identification probability, a
first weighting to the aggregated first identification probability as a function of an expected
degree of accuracy relative to the first image attribute to provide a weighted first product
identification probability, and applying a second weighting to the aggregated second
identification probability as a function of an expected degree of accuracy relative to the second

image attribute to provide a weighted second product identification probability; and
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determining a resultant identification probability of the first product based on the
weighted first product identification probability and the weighted second product identification

probability.

21. The method of claim 20, further comprising:

accessing accelerometer data captured corresponding to when each frame of the video
content is captured; and

wherein the extracting at least the subset of frames comprises identifying the subset of
frames of the video content that each has corresponding accelerometer data that has a predefined

relationship with a movement threshold.
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