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Determine whether an object depicted in the digital
image belongs to a particular object class among a
plurality of object classes
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Extract, using the hardware processor, the some or all
of the content from the digital image using the
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CONTENT-BASED OBJECT DETECTION, 3D
RECONSTRUCTION, AND DATA
EXTRACTION FROM DIGITAL IMAGES

RELATED APPLICATIONS

This application is a continuation of U.S. patent applica-
tion Ser. No. 16/194,201, filed Nov. 16, 2018, which is a
continuation-in-part of U.S. patent application Ser. No.
16/151,090, filed Oct. 3, 2018, which is a continuation of
U.S. patent application Ser. No. 15/234,993, filed Aug. 11,
2016, which claims the benefit of U.S. Provisional Patent
Application No. 62/317,360, filed Apr. 1, 2016 and which is
a continuation-in-part of U.S. patent application Ser. No.
14/932,902, filed Nov. 4, 2015 (granted Apr. 17, 2018 as
U.S. Pat. No. 9,946,954), which is a continuation of U.S.
patent application Ser. No. 14/491,901 filed Sep. 19, 2014
(granted Dec. 8, 2015 as U.S. Pat. No. 9,208,536), which
claims the benefit of U.S. Provisional Patent Application No.
61/883,865. Priority is claimed to each of the foregoing
applications, and the contents of which are herein incorpo-
rated by reference.

FIELD OF INVENTION

The present invention relates to digital image data capture
and processing, and more particularly to detecting objects
depicted in image and/or video data based on internally-
represented features (content) as opposed to edges. The
present invention also relates to reconstructing detected
objects in a three-dimensional coordinate space so as to
rectify image artifacts caused by distortional effects inherent
to capturing image and/or video data using a camera. The
present invention still further relates to extracting data from
the detected object, with or without reconstruction thereof.

This application is a continuation of U.S. patent applica-
tion Ser. No. 16/194,201, filed Nov. 16, 2018, which is a
continuation-in-part of U.S. patent application Ser. No.
15/396,322, filed Dec. 30, 2016, which is a continuation-
in-part of U.S. patent application Ser. No. 14/818,196, filed
Aug. 4, 2015 (granted Sep. 5, 2017 as U.S. Pat. No.
9,754,164), which is a continuation of U.S. patent applica-
tion Ser. No. 14/209,825, filed Mar. 13, 2014 (granted Apr.
12, 2016 as U.S. Pat. No. 9,311,531), which claims the
benefit of U.S. Provisional Patent Application No. 61/780,
747, filed Mar. 13, 2013. Priority is claimed to each of the
foregoing applications, and the contents of which are herein
incorporated by reference.

This application is a continuation of U.S. patent applica-
tion Ser. No. 16/194,201, filed Nov. 16, 2018, which is a
continuation-in-part of U.S. patent application Ser. No.
15/396,322, filed Dec. 30, 2016, which is a continuation-
in-part of U.S. patent application Ser. No. 15/157,325, filed
May 17, 2016 (granted Jun. 12, 2018 as U.S. Pat. No.
9,996,741), which is a continuation of U.S. patent applica-
tion Ser. No. 13/802,226, filed Mar. 13, 2013 (granted May
31, 2016 as U.S. Pat. No. 9,355,312). Priority is claimed to
each of the foregoing applications, and the contents of which
are herein incorporated by reference.

BACKGROUND OF THE INVENTION

Digital images having depicted therein a document such
as a letter, a check, a bill, an invoice, a credit card, a driver
license, a passport, a social security card, etc. have conven-
tionally been captured and processed using a scanner or
multifunction peripheral coupled to a computer workstation
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such as a laptop or desktop computer. Methods and systems
capable of performing such capture and processing are well
known in the art and well adapted to the tasks for which they
are employed.

However, in an era where day-to-day activities, comput-
ing, and business are increasingly performed using mobile
devices, it would be greatly beneficial to provide analogous
document capture and processing systems and methods for
deployment and use on mobile platforms, such as smart
phones, digital cameras, tablet computers, etc.

A major challenge in transitioning conventional document
capture and processing techniques is the limited processing
power and image resolution achievable using hardware
currently available in mobile devices. These limitations
present a significant challenge because it is impossible or
impractical to process images captured at resolutions typi-
cally much lower than achievable by a conventional scanner.
As a result, conventional scanner-based processing algo-
rithms typically perform poorly on digital images captured
using a mobile device.

In addition, the limited processing and memory available
on mobile devices makes conventional image processing
algorithms employed for scanners prohibitively expensive in
terms of computational cost. Attempting to process a con-
ventional scanner-based image processing algorithm takes
far too much time to be a practical application on modern
mobile platforms.

A still further challenge is presented by the nature of
mobile capture components (e.g. cameras on mobile phones,
tablets, etc.). Where conventional scanners are capable of
faithfully representing the physical document in a digital
image, critically maintaining aspect ratio, dimensions, and
shape of the physical document in the digital image, mobile
capture components are frequently incapable of producing
such results.

Specifically, images of documents captured by a camera
present a new line of processing issues not encountered
when dealing with images captured by a scanner. This is in
part due to the inherent differences in the way the document
image is acquired, as well as the way the devices are
constructed. The way that some scanners work is to use a
transport mechanism that creates a relative movement
between paper and a linear array of sensors. These sensors
create pixel values of the document as it moves by, and the
sequence of these captured pixel values forms an image.
Accordingly, there is generally a horizontal or vertical
consistency up to the noise in the sensor itself, and it is the
same sensor that provides all the pixels in the line.

In contrast, cameras have many more sensors in a non-
linear array, e.g., typically arranged in a rectangle. Thus, all
of these individual sensors are independent, and render
image data that is not typically of horizontal or vertical
consistency. In addition, cameras introduce a projective
effect that is a function of the angle at which the picture is
taken. For example, with a linear array like in a scanner,
even if the transport of the paper is not perfectly orthogonal
to the alignment of sensors and some skew is introduced,
there is no projective effect like in a camera. Additionally,
with camera capture, nonlinear distortions may be intro-
duced because of the camera optics.

Distortions and blur are particularly challenging when
attempting to detect objects represented in video data, as the
camera typically moves with respect to the object during the
capture operation, and video data are typically characterized
by a relatively low resolution compared to still images
captured using a mobile device. Moreover, the motion of the
camera may be erratic and occur within three dimensions,
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meaning the horizontal and/or vertical consistency associ-
ated with linear motion in a conventional scanner is not
present in video data captured using mobile devices.
Accordingly, reconstructing an object to correct for distor-
tions, e.g. due to changing camera angle and/or position,
within a three-dimensional space is a significant challenge.

Further still, as mobile applications increasingly rely on
or leverage image data to provide useful services to cus-
tomers, e.g. for downstream applications such as mobile
banking, shopping, applying for services such as loans,
opening accounts, authenticating identity, acquiring or
renewing licenses, etc., capturing relevant information
within image data is a desirable capability. However, often
the detection of objects within the mobile image data is a
challenging task, particularly where the object’s edges may
be missing, obscured, etc. within the captured image/video
data. Since conventional detection techniques rely on detect-
ing objects by locating edges of the object (i.e. boundaries
between the object, typically referred to as the image “fore-
ground” and the background of the image or video), missing
or obscured object edges present an additional obstacle to
consistent and accurate object detection.

In view of the challenges presented above, it would be
beneficial to provide an image capture and processing algo-
rithm and applications thereof that compensate for and/or
correct problems associated with using a mobile device to
capture and/or detect objects within image and/or video
data, and reconstruct such objects within a three-dimen-
sional coordinate space.

SUMMARY OF THE INVENTION

According to one embodiment, a computer-implemented
method of detecting an object depicted in a digital image
includes: detecting a plurality of identifying features of the
object, wherein the plurality of identifying features are
located internally with respect to the object; projecting a
location of region(s) of interest of the object based on the
plurality of identifying features, wherein each region of
interest depicts content; building and/or selecting an extrac-
tion model configured to extract the content based at least in
part on: the location of the region(s) of interest, the of
identifying feature(s), or both the location of the one or more
regions of interest and the plurality of identifying features;
and extracting the some or all of the content from the digital
image using the extraction model. At least a portion of one
or more edges of the object is missing from the digital
image.

According to another embodiment, a computer-imple-
mented method of detecting an object depicted in a digital
image includes: detecting a plurality of identifying features
of'the object, wherein the plurality of identifying features are
located internally with respect to the object; projecting a
location of region(s) of interest of the object based on the
plurality of identifying features, wherein projecting the
location of the one or more regions of interest of the object
is based on a mapping of key points within some or all of the
plurality of identifying features to key points of a reference
image depicting an object belonging to a same class as the
object depicted in the digital image, and wherein each region
of interest depicts content; building and/or selecting an
extraction model configured to extract the content based at
least in part on: the location of the region(s) of interest, the
of identifying feature(s), or both the location of the one or
more regions of interest and the plurality of identifying
features; and extracting the some or all of the content from
the digital image using the extraction model.
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According to yet another embodiment, a computer-imple-
mented method of detecting an object depicted in a digital
image includes: detecting a plurality of identifying features
of'the object, wherein the plurality of identifying features are
located internally with respect to the object; cropping the
digital image based at least in part on a projected location of
one or more edges of the object, wherein the projected
location of the one or more edges of the object is based at
least in part on the plurality of identitying features; detecting
one or more transitions between the background and the
object within the cropped digital image; projecting a loca-
tion of region(s) of interest of the object based on the
plurality of identifying features, wherein each region of
interest depicts content; building and/or selecting an extrac-
tion model configured to extract the content based at least in
part on: the location of the region(s) of interest, the of
identifying feature(s), or both the location of the one or more
regions of interest and the plurality of identifying features;
and extracting the some or all of the content from the digital
image using the extraction model.

Corresponding system and computer program products
are also disclosed.

Other aspects and embodiments of the invention will be
appreciated based on reviewing the following descriptions in
full detail.

BRIEF DESCRIPTION OF THE DRAWINGS

FIG. 1 illustrates a network architecture, in accordance
with one embodiment.

FIG. 2 shows a representative hardware environment that
may be associated with the servers and/or clients of FIG. 1,
in accordance with one embodiment.

FIG. 3A is a digital image of a document including a
plurality of designated feature zones, according to one
embodiment.

FIG. 3B is a digital image of a document including a
plurality of designated identifying features, according to one
embodiment.

FIG. 3C is a digital image of a document including an
extended set of the plurality of designated identifying fea-
tures, according to another embodiment.

FIG. 4A depicts a mapping between matching distinctive
features of a reference image and test image of a driver
license, according to one embodiment.

FIG. 4B depicts a mapping between matching distinctive
features of a reference image and test image of a driver
license, according to another embodiment where the test and
reference images depict the driver license at different rota-
tional orientations.

FIG. 4C depicts a mapping between matching distinctive
features of a reference image and test image of a credit card,
according to one embodiment.

FIG. 5 is a simplified schematic of a credit card having
edges thereof projected based on internal features of the
credit card, according to one embodiment.

FIG. 6A is a simplified schematic showing a coordinate
system for measuring capture angle, according to one
embodiment.

FIG. 6B depicts an exemplary schematic of a rectangular
object captured using a capture angle normal to the object,
according to one embodiment.

FIG. 6C depicts an exemplary schematic of a rectangular
object captured using a capture angle slightly skewed with
respect to the object, according to one embodiment.
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FIG. 6D depicts an exemplary schematic of a rectangular
object captured using a capture angle significantly skewed
with respect to the object, according to one embodiment.

FIG. 7 is a flowchart of a method for detecting objects
depicted in digital images based on internal features of the
object, according to one embodiment.

FIG. 8 is a flowchart of a method for reconstructing
objects depicted in digital images based on internal features
of the object, according to one embodiment.

FIG. 9 is a flowchart of a method for extracting data from
objects depicted in digital images, according to one embodi-
ment.

FIG. 10 is a flowchart of a user-mediated method for
extracting data from objects depicted in digital images,
according to one embodiment.

FIG. 11 is a flowchart of a method for extracting data from
objects depicted in digital images based on internal features
of the object, according to one embodiment.

DETAILED DESCRIPTION

The following description is intended to illustrate the
general principles of the present invention and is not meant
to limit the inventive concepts claimed herein. Further,
particular features described herein can be used in combi-
nation with other described features in each of the various
possible combinations and permutations.

Unless otherwise specifically defined herein, all terms are
to be given their broadest possible interpretation including
meanings implied from the specification as well as meanings
understood by those skilled in the art and/or as defined in
dictionaries, treatises, etc.

It must also be noted that, as used in the specification and
the appended claims, the singular forms “a,” “an” and “the”
include plural referents unless otherwise specified.

The present application refers to image processing. In
particular, the present application discloses systems, meth-
ods, and computer program products configured to detect
and reconstruct objects depicted in digital images from a
non-rectangular shape to a substantially rectangular shape,
or preferably a rectangular shape. Even more preferably, this
is accomplished based on evaluating the internal features of
the object(s) rather than detecting object edges and recon-
structing a particular shape based on edge contours.

According to one embodiment, a computer-implemented
method of detecting an object depicted in a digital image and
extracting data therefrom includes: detecting, using a hard-
ware processor, a plurality of identifying features of the
object, wherein the plurality of identifying features are
located internally with respect to the object; projecting,
using the hardware processor, a location of one or more
regions of interest of the object based at least in part on the
plurality of identifying features, wherein each region of
interest depicts content; building and/or selecting, using the
hardware processor, an extraction model configured to
extract some or all of the content based at least in part on:
the location of the one or more regions of interest, the
plurality of identifying features, or both the location of the
one or more regions of interest and the plurality of identi-
fying features; and extracting, using the hardware processor,
the some or all of the content from the digital image using
the extraction model.

According to another embodiment, a computer program
product for detecting an object depicted in a digital image
and extracting data therefrom includes a computer readable
medium having stored thereon computer readable program
instructions configured to cause a processor, upon execution
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thereof, to: detect, using a hardware processor, a plurality of
identifying features of the object, wherein the plurality of
identifying features are located internally with respect to the
object; project, using the hardware processor, a location of
one or more regions of interest of the object based at least
in part on the plurality of identifying features, wherein each
region of interest depicts content; build and/or select, using
the hardware processor, an extraction model configured to
extract some or all of the content based at least in part on:
the location of the one or more regions of interest, the
plurality of identifying features, or both the location of the
one or more regions of interest and the plurality of identi-
fying features; and extract, using the hardware processor, the
some or all of the content from the digital image using the
extraction model.

According to yet another embodiment, a system for
detecting an object depicted in a digital image and extracting
data therefrom includes a hardware processor and logic
embodied with and/or executable by the hardware processor.
The logic is configured to cause the processor, upon execu-
tion thereof, to: detect, using a hardware processor, a plu-
rality of identifying features of the object, wherein the
plurality of identifying features are located internally with
respect to the object; project, using the hardware processor,
a location of one or more regions of interest of the object
based at least in part on the plurality of identifying features,
wherein each region of interest depicts content; build and/or
select, using the hardware processor, an extraction model
configured to extract some or all of the content based at least
in part on: the location of the one or more regions of interest,
the plurality of identifying features, or both the location of
the one or more regions of interest and the plurality of
identifying features; and extract, using the hardware proces-
sor, the some or all of the content from the digital image
using the extraction model.

The following definitions will be useful in understanding
the inventive concepts described herein, according to vari-
ous embodiments. The following definitions are to be con-
sidered exemplary, and are offered for purposes of illustra-
tion to provide additional clarity to the present disclosures,
but should not be deemed limiting on the scope of the
inventive concepts disclosed herein.

As referred to henceforth, a “quadrilateral” is a four-sided
figure where (1) each side is linear, and (2) adjacent sides
form vertices at the intersection thereof. Exemplary quad-
rilaterals are depicted in FIGS. 6C and 6D below, according
to two illustrative embodiments.

A “parallelogram” is a special type of quadrilateral, i.e. a
four-sided figure where (1) each side is linear, (2) opposite
sides are parallel, and (3) adjacent sides are not necessarily
perpendicular, such that vertices at the intersection of adja-
cent sides form angles having values that are not necessarily
90°.

A “rectangle” or “rectangular shape” is a special type of
quadrilateral, which is defined as a four-sided figure, where
(1) each side is linear, (2) opposite sides are parallel, and (3)
adjacent sides are perpendicular, such that an interior angle
formed at the vertex between each pair of adjacent sides is
a right-angle, i.e. a 90° angle. An exemplary rectangle is
depicted in FIG. 6B, according to one illustrative embodi-
ment.

Moreover, as referred-to herein “rectangles” and “rectan-
gular shapes” are considered to include “substantially rect-
angular shapes”, which are defined as a four-sided shape
where (1) each side is predominantly linear (e.g. at least
90%, 95%, or 99% of each side’s length, in various embodi-
ments, is characterized by a first-order polynomial (such as
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y=mx+b), (2) each pair of adjacent sides form an interior
angle having a value 6, where 0 is approximately 90° (e.g.
0 satisfies the relationship: 85°<0<95°)) at either (a) a vertex
between two adjacent sides, (b) a vertex between a projec-
tion of the predominantly linear portion of one side and an
adjacent side, or (c) a vertex between a projection of the
predominantly linear portion of one side and a projection of
the predominantly linear portion of an adjacent side.

A “non-rectangular shape” as referred to herein includes
any shape that is not either a “rectangular shape” or a
“substantially rectangular shape” as defined above. In pre-
ferred embodiments, a “non-rectangular shape” is a “tetra-
gon,” which as referred to herein is a four-sided figure,
where: (1) each side is characterized in whole or in part by
an equation selected from a chosen class of functions (e.g.
selected from a class of polynomials preferably ranging
from zeroth order to fifth order, more preferably first order
to third order polynomials, and even more preferably first
order to second order polynomials), and (2) adjacent sides of
the figure form vertices at the intersection thereof.

Images (e.g. pictures, figures, graphical schematics, single
frames of movies, videos, films, clips, etc.) are preferably
digital images captured by cameras, especially cameras of
mobile devices. As understood herein, a mobile device is
any device capable of receiving data without having power
supplied via a physical connection (e.g. wire, cord, cable,
etc.) and capable of receiving data without a physical data
connection (e.g. wire, cord, cable, etc.). Mobile devices
within the scope of the present disclosures include exem-
plary devices such as a mobile telephone, smartphone,
tablet, personal digital assistant, iPod®, iPad®, BLACK-
BERRY® device, etc.

However, as it will become apparent from the descriptions
of various functionalities, the presently disclosed mobile
image processing algorithms can be applied, sometimes with
certain modifications, to images coming from scanners and
multifunction peripherals (MFPs). Similarly, images pro-
cessed using the presently disclosed processing algorithms
may be further processed using conventional scanner pro-
cessing algorithms, in some approaches.

Of course, the various embodiments set forth herein may
be implemented utilizing hardware, software, or any desired
combination thereof. For that matter, any type of logic may
be utilized which is capable of implementing the various
functionality set forth herein.

One benefit of using a mobile device is that with a data
plan, image processing and information processing based on
captured images can be done in a much more convenient,
streamlined and integrated way than previous methods that
relied on presence of a scanner. However, the use of mobile
devices as document(s) capture and/or processing devices
has heretofore been considered unfeasible for a variety of
reasons.

In one approach, an image may be captured by a camera
of' a mobile device. The term “camera” should be broadly
interpreted to include any type of device capable of captur-
ing an image of a physical object external to the device, such
as a piece of paper. The term “camera” does not encompass
a peripheral scanner or multifunction device. Any type of
camera may be used. Preferred embodiments may use cam-
eras having a higher resolution, e.g. 8 MP or more, ideally
12 MP or more. The image may be captured in color,
grayscale, black and white, or with any other known optical
effect. The term “image” as referred to herein is meant to
encompass any type of data corresponding to the output of
the camera, including raw data, processed data, etc.
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The description herein is presented to enable any person
skilled in the art to make and use the invention and is
provided in the context of particular applications of the
invention and their requirements. Various modifications to
the disclosed embodiments will be readily apparent to those
skilled in the art and the general principles defined herein
may be applied to other embodiments and applications
without departing from the spirit and scope of the present
invention. Thus, the present invention is not intended to be
limited to the embodiments shown, but is to be accorded the
widest scope consistent with the principles and features
disclosed herein.

General Computing and Networking Concepts

In particular, various embodiments of the invention dis-
cussed herein are implemented using the Internet as a means
of communicating among a plurality of computer systems.
One skilled in the art will recognize that the present inven-
tion is not limited to the use of the Internet as a communi-
cation medium and that alternative methods of the invention
may accommodate the use of a private intranet, a Local Area
Network (LAN), a Wide Area Network (WAN) or other
means of communication. In addition, various combinations
of wired, wireless (e.g., radio frequency) and optical com-
munication links may be utilized.

The program environment in which one embodiment of
the invention may be executed illustratively incorporates
one or more general-purpose computers or special-purpose
devices such hand-held computers. Details of such devices
(e.g., processor, memory, data storage, input and output
devices) are well known and are omitted for the sake of
clarity.

It should also be understood that the techniques of the
present invention might be implemented using a variety of
technologies. For example, the methods described herein
may be implemented in software running on a computer
system, or implemented in hardware utilizing one or more
processors and logic (hardware and/or software) for per-
forming operations of the method, application specific inte-
grated circuits, programmable logic devices such as Field
Programmable Gate Arrays (FPGAs), and/or various com-
binations thereof. In one illustrative approach, methods
described herein may be implemented by a series of com-
puter-executable instructions residing on a storage medium
such as a physical (e.g., non-transitory) computer-readable
medium. In addition, although specific embodiments of the
invention may employ object-oriented software program-
ming concepts, the invention is not so limited and is easily
adapted to employ other forms of directing the operation of
a computer.

The invention can also be provided in the form of a
computer program product comprising a computer readable
storage or signal medium having computer code thereon,
which may be executed by a computing device (e.g., a
processor) and/or system. A computer readable storage
medium can include any medium capable of storing com-
puter code thereon for use by a computing device or system,
including optical media such as read only and writeable CD
and DVD, magnetic memory or medium (e.g., hard disk
drive, tape), semiconductor memory (e.g., FLASH memory
and other portable memory cards, etc.), firmware encoded in
a chip, etc.

A computer readable signal medium is one that does not
fit within the aforementioned storage medium class. For
example, illustrative computer readable signal media com-
municate or otherwise transfer transitory signals within a
system, between systems e.g., via a physical or virtual
network, etc.
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FIG. 1 illustrates an architecture 100, in accordance with
one embodiment. As shown in FIG. 1, a plurality of remote
networks 102 are provided including a first remote network
104 and a second remote network 106. A gateway 101 may
be coupled between the remote networks 102 and a proxi-
mate network 108. In the context of the present network
architecture 100, the networks 104, 106 may each take any
form including, but not limited to a LAN, a WAN such as the
Internet, public switched telephone network (PSTN), inter-
nal telephone network, etc.

In use, the gateway 101 serves as an entrance point from
the remote networks 102 to the proximate network 108. As
such, the gateway 101 may function as a router, which is
capable of directing a given packet of data that arrives at the
gateway 101, and a switch, which furnishes the actual path
in and out of the gateway 101 for a given packet.

Further included is at least one data server 114 coupled to
the proximate network 108, and which is accessible from the
remote networks 102 via the gateway 101. It should be noted
that the data server(s) 114 may include any type of com-
puting device/groupware. Coupled to each data server 114 is
a plurality of user devices 116. Such user devices 116 may
include a desktop computer, laptop computer, hand-held
computer, printer or any other type of logic. It should be
noted that a user device 111 may also be directly coupled to
any of the networks, in one embodiment.

A peripheral 120 or series of peripherals 120, e.g. fac-
simile machines, printers, networked storage units, etc., may
be coupled to one or more of the networks 104, 106, 108. It
should be noted that databases, servers, and/or additional
components may be utilized with, or integrated into, any
type of network element coupled to the networks 104, 106,
108. In the context of the present description, a network
element may refer to any component of a network.

According to some approaches, methods and systems
described herein may be implemented with and/or on virtual
systems and/or systems which emulate one or more other
systems, such as a UNIX system which emulates a MAC OS
environment, a UNIX system which virtually hosts a
MICROSOFT WINDOWS environment, a MICROSOFT
WINDOWS system which emulates a MAC OS environ-
ment, etc. This virtualization and/or emulation may be
enhanced through the use of VMWARE software, in some
embodiments.

In more approaches, one or more networks 104, 106, 108,
may represent a cluster of systems commonly referred to as
a “cloud.” In cloud computing, shared resources, such as
processing power, peripherals, software, data processing
and/or storage, servers, etc., are provided to any system in
the cloud, preferably in an on-demand relationship, thereby
allowing access and distribution of services across many
computing systems. Cloud computing typically involves an
Internet or other high speed connection (e.g., 4G LTE, fiber
optic, etc.) between the systems operating in the cloud, but
other techniques of connecting the systems may also be
used.

FIG. 1 illustrates an architecture 100, in accordance with
one embodiment. As shown in FIG. 1, a plurality of remote
networks 102 are provided including a first remote network
104 and a second remote network 106. A gateway 101 may
be coupled between the remote networks 102 and a proxi-
mate network 108. In the context of the present architecture
100, the networks 104, 106 may each take any form includ-
ing, but not limited to a LAN, a WAN such as the Internet,
public switched telephone network (PSTN), internal tele-
phone network, etc.
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In use, the gateway 101 serves as an entrance point from
the remote networks 102 to the proximate network 108. As
such, the gateway 101 may function as a router, which is
capable of directing a given packet of data that arrives at the
gateway 101, and a switch, which furnishes the actual path
in and out of the gateway 101 for a given packet.

Further included is at least one data server 114 coupled to
the proximate network 108, and which is accessible from the
remote networks 102 via the gateway 101. It should be noted
that the data server(s) 114 may include any type of com-
puting device/groupware. Coupled to each data server 114 is
a plurality of user devices 116. Such user devices 116 may
include a desktop computer, lap-top computer, hand-held
computer, printer or any other type of logic. It should be
noted that a user device 111 may also be directly coupled to
any of the networks, in one embodiment.

A peripheral 120 or series of peripherals 120, e.g., fac-
simile machines, printers, networked and/or local storage
units or systems, etc., may be coupled to one or more of the
networks 104, 106, 108. It should be noted that databases
and/or additional components may be utilized with, or
integrated into, any type of network element coupled to the
networks 104, 106, 108. In the context of the present
description, a network element may refer to any component
of a network.

According to some approaches, methods and systems
described herein may be implemented with and/or on virtual
systems and/or systems which emulate one or more other
systems, such as a UNIX system which emulates a MAC OS
environment, a UNIX system which virtually hosts a
MICROSOFT WINDOWS environment, a MICROSOFT
WINDOWS system which emulates a MAC OS environ-
ment, etc. This virtualization and/or emulation may be
enhanced through the use of VMWARE software, in some
embodiments.

In more approaches, one or more networks 104, 106, 108,
may represent a cluster of systems commonly referred to as
a “cloud.” In cloud computing, shared resources, such as
processing power, peripherals, software, data processing
and/or storage, servers, etc., are provided to any system in
the cloud, preferably in an on-demand relationship, thereby
allowing access and distribution of services across many
computing systems. Cloud computing typically involves an
Internet or other high speed connection (e.g., 4G LTE, fiber
optic, etc.) between the systems operating in the cloud, but
other techniques of connecting the systems may also be
used.

FIG. 2 shows a representative hardware environment
associated with a user device 116 and/or server 114 of FIG.
1, in accordance with one embodiment. Such figure illus-
trates a typical hardware configuration of a workstation
having a central processing unit 210, such as a micropro-
cessor, and a number of other units interconnected via a
system bus 212.

The workstation shown in FIG. 2 includes a Random
Access Memory (RAM) 214, Read Only Memory (ROM)
216, an [/O adapter 218 for connecting peripheral devices
such as disk storage units 220 to the bus 212, a user interface
adapter 222 for connecting a keyboard 224, a mouse 226, a
speaker 228, a microphone 232, and/or other user interface
devices such as a touch screen and a digital camera (not
shown) to the bus 212, communication adapter 234 for
connecting the workstation to a communication network 235
(e.g., a data processing network) and a display adapter 236
for connecting the bus 212 to a display device 238.

The workstation may have resident thereon an operating
system such as the Microsoft Windows® Operating System
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(0S),aMAC 08, a UNIX OS, etc. It will be appreciated that
a preferred embodiment may also be implemented on plat-
forms and operating systems other than those mentioned. A
preferred embodiment may be written using JAVA, XML, C,
and/or C++ language, or other programming languages,
along with an object oriented programming methodology.
Object oriented programming (OOP), which has become
increasingly used to develop complex applications, may be
used.

Mobile Image Capture

Various embodiments of a Mobile Image Capture and
Processing algorithm, as well as several mobile applications
configured to facilitate use of such algorithmic processing
within the scope of the present disclosures are described
below. It is to be appreciated that each section below
describes functionalities that may be employed in any com-
bination with those disclosed in other sections, including
any or up to all the functionalities described herein. More-
over, functionalities of the processing algorithm embodi-
ments as well as the mobile application embodiments may
be combined and/or distributed in any manner across a
variety of computing resources and/or systems, in several
approaches.

An application may be installed on the mobile device,
e.g., stored in a nonvolatile memory of the device. In one
approach, the application includes instructions to perform
processing of an image on the mobile device. In another
approach, the application includes instructions to send the
image to one or more non-mobile devices, e.g. a remote
server such as a network server, a remote workstation, a
cloud computing environment, etc. as would be understood
by one having ordinary skill in the art upon reading the
present descriptions. In yet another approach, the application
may include instructions to decide whether to perform some
or all processing on the mobile device and/or send the image
to the remote site. Examples of how an image may be
processed are presented in more detail below.

In one embodiment, there may be no difference between
the processing that may be performed on the mobile device
and a remote server, other than speed of processing, con-
straints on memory available, etc. Moreover, there may be
some or no difference between various user interfaces pre-
sented on a mobile device, e.g. as part of a mobile applica-
tion, and corresponding user interfaces presented on a dis-
play in communication with the non-mobile device.

In other embodiments, a remote server may have higher
processing power, more capabilities, more processing algo-
rithms, etc. In yet further embodiments, the mobile device
may have no image processing capability associated with the
application, other than that required to send the image to the
remote server. In yet another embodiment, the remote server
may have no image processing capability relevant to the
platforms presented herein, other than that required to
receive the processed image from the remote server. Accord-
ingly, the image may be processed partially or entirely on the
mobile device, and/or partially or entirely on a remote
server, and/or partially or entirely in a cloud, and/or partially
or entirely in any part of the overall architecture in between.
Moreover, some processing steps may be duplicated on
different devices.

Which device performs which parts of the processing may
be defined by a user, may be predetermined, may be deter-
mined on the fly, etc. Moreover, some processing steps may
be re-performed, e.g., upon receiving a request from the
user. Accordingly, the raw image data, partially processed
image data, or fully processed image data may be transmit-
ted from the mobile device, e.g., using a wireless data
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network, to a remote system. Image data as processed at a
remote system may be returned to the mobile device for
output and/or further processing.

In a further approach, the image may be partitioned, and
the processing of the various parts may be allocated to
various devices, e.g., /2 to the mobile device and %% to the
remote server, after which the processed halves are com-
bined.

In one embodiment, selection of which device performs
the processing may be based at least in part on a relative
speed of processing locally on the mobile device vs. com-
munication with the server.

In one approach, a library of processing functions may be
present, and the application on the mobile device or the
application on a remote server simply makes calls to this
library, and essentially the meaning of the calls defines what
kind of processing to perform. The device then performs that
processing and outputs the processed image, perhaps with
some corresponding metadata.

Any type of image processing known in the art and/or as
newly presented herein may be performed in any combina-
tion in various embodiments.

Referring now to illustrative image processing, the cam-
era can be considered an area sensor that captures images,
where the images may have any number of projective
effects, and sometimes non-linear effects. The image may be
processed to correct for such effects. Moreover, the position
and boundaries of the document(s) in the image may be
found during the processing, e.g., the boundaries of one or
more actual pages of paper in the background surrounding
the page(s). Because of the mobile nature of various embodi-
ments, the sheet of paper may be lying on just about
anything. This complicates image analysis in comparison to
processing images of documents produced using a scanner,
because scanner background properties are constant and
typically known, whereas mobile capture backgrounds may
vary almost infinitely according to the location of the
document and the corresponding surrounding textures cap-
tured in the image background, as well as because of
variable lighting conditions.

Accordingly, the non-uniformity of the background of the
surface on which the piece of paper may be positioned for
capture by the camera presents one challenge, and the
non-linear and projective effects present additional chal-
lenges. Various embodiments overcome these challenges, as
will soon become apparent.

In one exemplary mode of operation, an application on the
mobile device may be initiated, e.g., in response to a user
request to open the application. For example, a user-selec-
tion of an icon representing the application may be detected.

In some approaches, a user authentication may be
requested and/or performed. For example, a user ID and
password, or any other authentication information, may be
requested and/or received from the user.

In further approaches, various tasks may be enabled via a
graphical user interface of the application. For example, a
list of tasks may be presented. In such case, a selection of
one of the tasks by the user may be detected, and additional
options may be presented to the user, a predefined task may
be initiated, the camera may be initiated, etc.

Content-Based Object Detection

An image may be captured by the camera of the mobile
device, preferably upon receiving some type of user input
such as detecting a tap on a screen of the mobile device,
depression of a button on the mobile device, a voice com-
mand, a gesture, etc. Another possible scenario may involve
some level of analysis of sequential frames, e.g. from a
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video stream. Sequential frame analysis may be followed by
a switch to capturing a single high-resolution image frame,
which may be triggered automatically or by a user, in some
approaches. Moreover, the trigger may be based on infor-
mation received from one or more mobile device sensors.
For example, in one embodiment an accelerometer in or
coupled to the mobile device may indicate a stability of the
camera, and the application may analyze low-resolution
video frame(s) for presence of an object of interest. If an
object is detected, the application may perform a focusing
operation and acquire a high-resolution image of the
detected object. Either the low- or high-resolution image
may be further processed, but preferred embodiments utilize
the high-resolution image for subsequent processing.

In more approaches, switching to single frame mode as
discussed above may be unnecessary, particularly for
smaller objects, in particular documents such as business
cards, receipts, credit cards, identification documents such
as driver licenses and passports, etc. To increase processing
rate and reduce consumption of processing resources, object
type identification may facilitate determining whether or not
to switch to single frame mode and/or capture a high-
resolution image for processing.

As noted above, conventional techniques for detecting
objects in image and/or video data generally rely on detect-
ing the edges of the object, i.e. transitions between the
background and foreground (which depicts the object) of the
image or video data. For instance, edges may be detected
based on locating one or more lines (e.g. four lines inter-
secting to form corners of a substantially rectangular object
such as a document) of pixels characterized by a sharp
transition in pixel intensity between the background and
foreground.

However, where edges are missing or obscured, the
conventional edge detection approach is not reasonably
accurate or consistent in detecting objects within image
and/or video data. Similar challenges exist in images where
the object for which detection is desired is set against a
complex background (e.g. a photograph or environmental
scene) since detecting sharp transitions in intensity is likely
to generate many false positive predictions of the location of
the object. Accordingly, a new approach is presented via the
inventive concepts disclosed herein, and this inventive
approach advantageously does not rely on detecting object
edges to accomplish object detection within the image
and/or video data.

In particular, the presently disclosed inventive concepts
include using features of the object other than the edges, e.g.
content depicted within a document, to serve as identifying
characteristics from which object detection may be accom-
plished. While the present descriptions set forth several
exemplary embodiments of object detection primarily with
reference to features of documents, it should be understood
that these concepts are equally applicable to nearly any type
of object, and the techniques discussed herein may be
utilized to detect nearly any type of object for which a
suitable set of identifying features are present across various
exemplars of that object type.

Turning now to exemplary embodiments in which the
detected object is a document, e.g. a form, a passport, a
driver license, a credit card, a business card, a check, a
receipt etc., and consistent with the notion that identifying
features should be present across various (preferably all)
exemplars of a particular document type, content that is
common to documents of that type may serve as a suitable
identifying feature. In some approaches, edges of the
detected object may be cut off, obscured, or otherwise not
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identifiable within the image. Indeed, the presently disclosed
inventive concepts offer the particular advantage that detec-
tion of objects may be accomplished independent of whether
object edges are identifiable within the image data. Accord-
ingly, the presently disclosed inventive concepts effectuate
an improvement to systems configured for object recogni-
tion/detection within image data.

In some approaches, when the object or document is
known to depict particular content in a particular location,
e.g. a barcode, MICR characters for a check, MRZ charac-
ters on passports and certain types of identifying documents,
etc., then these reference content may be employed to
facilitate detecting the object within image and/or video
data. In many cases, reference content position and/or con-
tent is defined by some sort of standard. In various embodi-
ments, it is accordingly advantageous to leverage a priori
knowledge regarding the location, size, orientation, etc. of
reference content within an image to project the location of
document edges based on the reference content as depicted
in the image and/or video data.

However, not all objects include such reference content.
Accordingly, in more embodiments, content such as internal
lines, symbols (e.g. small images like icons which prefer-
ably contain rich texture information, for instance, for a
fingerprint, the ridge pattern, especially, the cross points of
two lines, etc.), text characters, etc. which appears on
substantially all documents of a particular type is eligible for
use as an identifying feature. According to the present
descriptions, such content may also be referred to as “boil-
erplate content.”

Boilerplate content may be determined manually, e.g.
based on a user defining particular feature zones within a
reference image, in some approaches. For instance, a user
may define particular regions such as those designated in
FIG. 3A by dashed-line bounding boxes. In a particularly
preferred approach, the particular regions defined by the user
may include a subset of the regions shown in FIG. 3A, most
preferably those regions exhibiting a shading within the
bounding box (e.g. for a California driver license, state name
“CALIFORNIA,” expiration date “EXP,” first name “FN,”
last name “LN,” date of birth “DOB,” sex “SEX,” height
“HGT,” eye color “EYES,” weight “WGT,” and document
discriminator “DD” field designators). In various
approaches, the feature zones may include boilerplate text,
e.g. regions 302 and/or non-textual identifying features such
as logos, lines, intersecting lines, shapes, holograms,
designs, drawings, etc. such as represented in region 304 of
FIG. 3A, according to one embodiment.

Upon reading the present descriptions, skilled artisans
will appreciate that the portions of the document obscured
by white rectangles are redactions to protect sensitive infor-
mation, and should not be considered feature zones within
the scope of the presently disclosed inventive concepts.
Indeed, by way of contrast to the boilerplate content refer-
enced and shown above, the content redacted from FIG. 3A
varies from driver license to driver license, and therefore is
not suitable for designating or locating identifying features
common to all (or most) driver licenses for a particular state.

Variable content may therefore be understood as any
content that is not boilerplate content, and commonly
includes text and photographic features of a document.
According to preferred embodiments, content-based detec-
tion and reconstruction of objects within image data as
disclosed herein is based on boilerplate content, and not
based on variable content.

Although the exemplary embodiment shown in FIG. 3A
is a driver license, this is merely illustrative of the type of
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feature zones that may be designated by a user for purposes
of locating and leveraging identifying features as described
herein. In other document types, any equivalent text, espe-
cially field designators, may be utilized.

For instance on credit or debit cards a region depicting a
name of the issuing entity (e.g. VISA, Bank of America, etc.)
may be a suitable feature zone, or a region depicting a logo
corresponding to the issuing entity, a portion of the card
background, a portion of the card depicting a chip (e.g. for
a smartcard, an EMV or other equivalent chip), etc. as would
be understood by a person having ordinary skill in the art
upon reading the present descriptions.

For checks, suitable feature zones may include field
designators such as the “MEMO” region of the check, Payee
designator “PAY TO THE ORDER OF,” boilerplate text
such as bank name or address, etc. Similarly, a region
including borders of the bounding box designating the
numerical payment amount for the check may be a suitable
feature zone, in more embodiments.

Similarly, for identification documents such as govern-
ment-issued IDs including social security cards, driver
licenses, passports, etc. feature zones may include field
designators that appear on the respective type of identifica-
tion document, may include text such as the document title
(e.g. “United States of America,” “Passport,” “Social Secu-
rity,” etc.), may include a seal, watermark, logo, hologram,
symbol, etc. depicted on the identifying document, or other
suitable static information depicted on a same location and
in a same manner on documents of the same type.

For forms, again field designators are exemplary feature
zones suitable for locating identifying features, as well as
lines (particularly intersecting lines or lines forming a ver-
tex), boxes, etc. as would be understood by a person having
ordinary skill in the art upon reading the present descrip-
tions.

Preferably, the feature zones defined by the user are
defined within a reference image, i.e. an image representing
the object according to a preferred or desired capture angle,
zoom level, object orientation, and most preferably omitting
background textures. Advantageously, defining the feature
zones in a reference image significantly reduces the amount
of training data necessary to accomplish efficient, accurate,
and precise object detection and three-dimensional recon-
struction. Indeed, it is possible to utilize a single training
example such as shown in FIG. 3A in various embodiments.
Reconstruction shall be discussed in further detail below.

To determine identifying features within the feature
zones, or within the image as a whole, a feature vector-based
approach is preferably implemented. As understood herein,
a feature vector is an n-dimensional vector representing
characteristics of a pixel within digital image and/or video
data. The feature vector may include information represen-
tative of the pixel intensity in one or more color channels,
pixel brightness, etc. as would be understood by a person
having ordinary skill in the art upon reading the present
descriptions.

Preferably, identifying features are characterized by a
pixel in a small window of pixels (e.g. 8x8, 15x15, or other
suitable value which may be configured based on image
resolution) exhibiting a sharp transition in intensity. The
identifying features may be determined based on analyzing
the feature vectors of pixels in the small window, also
referred to herein as a “patch.” Frequently, these patches are
located in regions including connected components (e.g.
characters, lines, etc.) exhibiting a bend or intersection, e.g.
as illustrated in FIG. 3B via identifying features 306 (white
dots).
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Of course, identifying features and/or feature zones may
also be determined automatically without departing from the
scope of the presently disclosed inventive concepts, but it
should be noted that such approaches generally require
significantly more training examples than approaches in
which feature zones are defined manually in a reference
image. Automatically identifying feature zones may also
result in a series of identifying features 306 as shown in FIG.
3B, in some approaches.

The aim of automatic feature zone discovery is to find
feature points without manually labeling. For instance, in
one exemplary embodiment automatically identifying fea-
ture zones may include one or more of the following features
and/or operations.

In one approach, the algorithm of selecting feature points
involves two passes. The first pass of the algorithm includes:
pair matching, designation of matching points; determining
the set of most frequently used matching points; and select-
ing the best image index.

Pair matching may involve assuming a set of cropped
images, for instance, assume a set of ten cropped images
denoted by ¢, ¢,, €5, . . . ¢, Where at least one image is a
reference image. From the assumed set, form a set of image
pairs preferably including the reference as one of the images
in each image pair. For instance if ¢, is used as the reference
image, image pairs may include (c,, c2), (c;,c3)...(c;, ¢;p)-
In addition, for each pair (¢, c;) (k=2 ... 10) pair matching
includes finding matching key points between the images,
e.g. as described above.

Designating matching points may involve denoting the set
of matching points appearing in image ¢, as S,, i.e., the set
S, includes the set of points in image ¢, that match to their
corresponding points in image c,. Designating matching
points may also involve denoting the set of matching points
in image c, that correspond to the matching points in S, as
the set T,.

Finding the most frequently used points S,(k=2,3 ... 10)
may, in turn, include the following. For each point in
1S, }k=2,3 . .. 10), compute the frequency with which the
point is used in {S,}. If the frequency is above a threshold,
for example, 35%, the point is labeled as a “most frequently
used” point. In this way, the set of “most frequently used”
points in image ¢, may be determined, and this set of points
is preferably used as the “automatically selected” feature
points in image c,. The first pass of the automatic feature
identification algorithm may also include denoting the
selected most commonly used points for image c,, as m,.

Selecting the best image, in various approaches, may
include determining the image with the best image index, i.e.
the image exhibiting the maximum value of m,(k=1,2 ...
10) among images ¢, C,, . . . Cjo-

FIG. 3B shows exemplary points 306 automatically
selected by implementing the above algorithm, according to
one embodiment.

However, in some approaches the above algorithm may
generate feature point sets that are more conservative, which
means that although the precision may be high, the recall
may be low. Low recall can be problematic when attempting
to match images with a small number of identifying features,
superimposed against a particularly complex background,
etc. as would be understood by a person having ordinary
skill in the art upon reading the present disclosures. Accord-
ingly, in some approaches the automatic feature discovery
process may include a second pass aimed at increasing recall
of feature point selection.

In a preferred embodiment, the second pass may proceed
as follows. Without loss of any generality, suppose that the
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best image index is 1, that m;, has the maximum value
among different values of m, (k=1, 2 . . . 10), and that this
image index represents an undesirably low recall rate.
Accordingly, to improve recall, extend the set m, by adding
more selected feature points in image c1. The added features
may be characterized by a frequency less than the frequency
threshold mentioned above with regard to the first pass, in
some embodiments.

Note that the points in the set m; belongs to image c,. For
eachm, (k=2 ... 10), find the corresponding matching points
in ¢,. Denote as the set of corresponding feature point as v,
for each m, where (k=2, 3 . .. 10). The final extended set of
selected feature points for image ¢, may be defined as the
union of m,;, v,, v5 .. . and v,,. The extended set of selected
feature points is shown in FIG. 3C, according to one
embodiment. Compared with FIG. 3B, the result shown in
FIG. 3C contains more feature points, reflecting the
improved recall of the second pass.

It should be noted that, in some approaches, automatic
feature zone discovery may be characterized by a systematic
bias when operating on cropped images. When observing the
layout of text zones or texture zones in different cropped
images of the same object, or objects in the same category,
there are often variations in layout. There are about 4% to
7% relative changes in locations between different images.
The reason for these variations was not only varying angles
or 3D distortions, but also due to error inherent to the
manufacturing process. In other words, the locations of
particular features often are printed at different positions, so
that even a scanned image of two different objects of the
same type could exhibit some shift in feature location and/or
appearance.

The above problem means the generated models may
contain systematic bias. In preferred approaches, it is there-
fore advantageous to implement an algorithm to compensate
for such bias. For instance, the bias may be estimated by the
mean value of point shifts in different pair images. For
instance, if ¢, is the best selected image. The average value
of point shift between each pair image (c,, ¢,), (¢, ¢3) . . .
(cys ¢,0) 1s estimated as the bias. Using this approach, it is
possible to account for bias inherent in the automatic feature
zone discovery process as described herein.

Feature vectors may be defined using a suitable algorithm,
and in one embodiment a Binary Robust Independent
Elementary Feature (BRIEF) is one suitable method to
define a feature vector or descriptor for a pixel in an image.
BRIEF uses grayscale image data as input, but in various
embodiments other color depth input image data, and/or
other feature vector defining techniques, may be utilized
without departing from the scope of the present descriptions.

In one embodiment, the first step in this algorithm is to
remove noise from the input image. This may be accom-
plished using a low-pass filter to remove high frequency
noise, in one approach.

The second step is the selection of a set of pixel pairs in
the image patch around a pixel. For instance, in various
approaches pixel pairs may include immediately adjacent
pixels in one or more of four cardinal directions (up, down,
left, and right) and/or diagonally adjacent pixels.

The third step is the comparison of image intensities of
each pixel pair. For instance, for a pair of pixels (p, q), if the
intensity at pixel p is less than that at pixel g, the comparison
result is 1. Otherwise, the result of the comparison is 0.
These comparison operations are applied to all selected pixel
pairs, and a feature vector for this image patch is generated
by concatenating these 0/1 values in a string.

40

45

55

60

18

Assuming a patch comprising 64 pixels, the patch feature
vector can have a length of 128, 256, 512, etc. in various
approaches and depending on the nature of the comparison
operations. In a preferred embodiment, the feature vector of
the patch has a length of 256, e.g. for a patch comprising a
square 8 pixels long on each side and in which four
comparisons are performed for each pixel in the patch (left,
right, upper and lower neighbor pixels).

A patch descriptor is a representation of a feature vector
at a pixel in an image. The shape of a patch around a pixel
is usually square or rectangular, but any suitable shape may
be employed in various contexts or applications, without
departing from the scope of the presently disclosed inventive
concepts.

In some embodiments, and as noted above the value of
each element in a feature vector descriptive of the patch is
either 1 or O, in which case the descriptor is a binary
descriptor. Binary descriptors can be represented by a string
of values, or a “descriptor string.”

As described herein, a descriptor string is analogous to a
word in natural language. It can also be called a “visual
word.” Similarly, an image is analogous to a document
which is characterized by including a particular set of visual
words. These visual words include features that are helpful
for tasks such as image alignment and image recognition.
For instance, for image alignment, if there are distinctive
visual words in two images, aligning the images based on
matching the visual words is easier than attempting to align
the images de novo.

The distance between two descriptor strings can be mea-
sured by an edit distance or a Hamming distance, in alter-
native embodiments. Determining distance is a useful indi-
cator of whether two different images, e.g. a reference image
and a test image, depict similar content at particular posi-
tions. Thus, two images with very small distance between
descriptor strings corresponding to identifying features of
the respective images are likely to match, especially if the
spatial distribution of the proximate identifying features is
preserved between the images.

In the original implementation of a BRIEF descriptor
algorithm for defining patch feature vectors, there are no
patch orientations, which means that the descriptor is not
rotation invariant. However, patch orientations are important
to generate patch descriptors which are invariant to image
rotations. Accordingly, in preferred approaches the feature
vector, e.g. BRIEF descriptors, are enhanced with patch
orientations which can be estimated using patch momentum.
Patch momentum may be analyzed using any suitable tech-
nique that would be understood by a person having ordinary
skill in the art upon reading the present disclosures.

In one embodiment, an “oriented Features from Acceler-
ated Segment Test (FAST) and rotated BRIEF” (ORB)
algorithm may be employed to enhance descriptors with
orientation information. After getting the patch orientations,
each descriptor is normalized by rotating the image patch
with the estimated rotation angle.

As noted above regarding FIGS. 3A-3C, in preferred
approaches the image includes one or more identifying
features 306, which are characterized by a sharp transition in
pixel intensity within a patch. Accordingly, the position of
these identifying features 306 (which may also be consid-
ered distinctive visual words or key points) is determined.

Key point selection includes finding pixels in an image
that have distinctive visual features. These pixels with
distinctive features are at positions where image intensities
change rapidly, such as corners, stars, etc. Theoretically
speaking, every pixel in an image can be selected as a key
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point. However, there may be millions of pixels in an image,
and using all pixels in image matching is very computation-
ally intensive, without providing a corresponding improve-
ment to accuracy. Therefore, distinctive pixels, which are
characterized by being in a patch exhibiting a rapid change
in pixel intensity, are a suitable set of identifying features
with which to accurately match images while maintaining
reasonable computational efficiency. In one embodiment, a
FAST (Features from Accelerated Segment Test) algorithm
may be implemented to select key points in image data
and/or video data.

In various approaches, image descriptors that are
described in the previous sections are not scale invariant.
Therefore, the scale of a training image and a testing image
should be the same in order to find the best match. For a
reference image, a priori knowledge regarding the physical
size of the object and image resolution may be available. In
such embodiments, it is possible and advantageous to esti-
mate the DPI in the reference image. Notably, in some
approaches using a high resolution (e.g. 1920x1080 or
greater, 200 DPI or greater) training image may produce too
many key points which will slow down image matching
process.

In order to optimize the matching time and accuracy, an
appropriate reduced DPI level of image/video data is used,
in some approaches. Accordingly, for high resolution train-
ing images, it is beneficial to scale down to a smaller image
resolution, e.g. with a specific DPI level. For instance, the
reduced DPI level is 180 in one embodiment determined to
function well in matching images of driver licenses, credit
cards, business cards, and other similar documents.

For a test image, the DPI of an object to be detected or
matched is generally not known. In order to account for this
potential variation, it is useful to define a range that the
actual image/video data resolution may reasonably fall
within. In one embodiment, this may be accomplished
substantially as follows. The range of resolution values may
be quantized with a set of values, in some approaches. For
instance, if the resolution range is in a search interval (a, b),
where a and b are minimum and maximum DPI values
respectively, then the interval (a, b) are divided into a set of
sub intervals. The test image is scaled down to a set of
images with different, but all reduced, resolutions, and each
re-scaled image is matched to the training image. The best
match found indicates the appropriate downscaling level.

The detail of a matching algorithm, according to one
embodiment, is as follows. For each resolution in the search
interval: a test image is scaled down to the resolution used
in the reference image. A brute-force matching approach
may be employed to identify the matching points between
the reference image and test image. The key points in the
reference image are matched against some, or preferably all,
key points identified in the testing image. First, the best
match for each key point both in the reference image and test
image is identified by comparing the distance ratio of the
two best candidate matches. When the distance ratio is larger
than a predetermined threshold, the match is identified as an
outlier.

After distance ratio testing, in some embodiments a
symmetrical matching test may be applied to further identity
other potential remaining outliers. In the symmetrical
matching test, if the match between key points in the
reference image and test image is unique (i.e. the key points
in the reference and test image match one another, but do not
match any other key points in the corresponding image),
then the key points will be kept. If a match between
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corresponding key point(s) in the reference image and test
image is not unique, those key points will be removed.

After performing brute-forced matching, there are still
potential outliers in the remaining matches. Accordingly, an
outlier identification algorithm such as a Random Sample
Consensus (RANSAC) algorithm is applied to further
remove outliers. The details of RANSAC algorithm are
summarized below. In one embodiment implementing the
RANSAC algorithm, the best match is found, and the
number of matching key points is recorded.

RANSAC is a learning technique to estimate parameters
of'a model by random sampling of observed data. For plane
image matching tasks, such as documents, the model is a
homograph transformation of a 3 by 3 matrix.

In one embodiment, the RANSAC algorithm to estimate
the homograph transformation is as follows. First, randomly
select four key points in a testing image, and randomly select
four key points in a reference image. Second, estimate a
homograph transform with the above four key point pairs
using a four-point algorithm, e.g. as described below regard-
ing image reconstruction. Third, apply the homograph trans-
formation to all key points in the reference and testing
images. The inlier key points are identified if they match the
model well, otherwise the key points will be identified as
outliers. In various embodiments, more than four points may
be selected for this purpose, but preferably four points are
utilized to minimize computational overhead while enabling
efficient, effective matching.

The foregoing three-step process is repeated in an itera-
tive fashion to re-sample the key points and estimate a new
homograph transform. In one embodiment, the number of
iterations performed may be in a range from about 10>-10°
iterations. After the iterative identification of key points is
complete, the largest inlier set is retained, and an affine or
homograph transform is re-estimated based on the retained
inlier set.

After removing outliers, the matching process selects the
reference image with the maximum number of matching
points as the best match, and an affine or homograph
transform is estimated with the best match to reconstruct the
image and/or video data in a three-dimensional coordinate
system. Image reconstruction mechanics are discussed in
further detail below.

Exemplary mappings of key points between a reference
image 400 and test image 410 are shown, according to two
embodiments, in FIGS. 4A-4B, with mapping lines 402
indicating the correspondence of key points between the two
images. FIG. 4C depicts a similar reference/test image pair,
showing a credit or debit card and exemplary corresponding
key points therein, according to another embodiment.

Advantageously, by identifying internal key points and
mapping key points located in a test image 410 to corre-
sponding key points in a reference image 400, the presently
disclosed inventive concepts can detect objects depicted in
image and/or video data even when the edges of the object
are obscured or missing from the image, or when a complex
background is present in the image or video data.

Once an appropriate transform is estimated, the presently
disclosed inventive concepts advantageously allow the esti-
mation of object edge/border locations based on the trans-
form. In brief, based on the edge locations determined from
the reference image data, it is possible to estimate the
locations of corresponding edges/borders in the test image
via the transform, which defines the point-to-point corre-
spondence between the object as oriented in the test image
and a corresponding reference image orientation within the
same coordinate system. According to the embodiment
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shown in FIGS. 4A and 4B, estimating the edge locations
involves evaluating the transform of the document plane
shown in test image 410 to the document plane shown in the
reference image 400 (or vice versa), and extrapolating edge
positions based on the transform.

FIG. 4C shows a similar mapping of key points between
a reference image 400 and test image 410 of a credit card.
In the particular case of credit cards, and especially credit
cards including an IC chip, it is possible to identify key
points within the region of the card including the IC chip,
and estimate transform(s) and/or border locations using
these regions as the sole source of key points, in various
embodiments. Accordingly, the presently disclosed inven-
tive concepts are broadly applicable to various different
types of objects and identifying features, constrained only
by the ability to obtain and identify appropriate identifying
features in a suitable reference image or set of reference
images. Those having ordinary skill in the art will appreciate
the scope to which these inventive concepts may be applied
upon reading the instant disclosures.

Based on the transform, and the projected object edges,
the presently disclosed inventive concepts may include
transforming and cropping the test image to form a cropped,
reconstructed image based on the test image, the cropped,
reconstructed image depicting the object according to a
same perspective and cropping of the object as represented
in the reference image perspective.

In addition, preferred embodiments may include function-
ality configured to refine the projected location of object
edges. For example, considering the results depicted in
FIGS. 4A-4C and 5, a skilled artisan will understand that the
projected edges achieved in these exemplary embodiments
are not as accurate as may be desired.

As shown in FIG. 5, an object 500 such as a credit card
or other document is depicted in a test image, and edge
locations 502 are projected based on the foregoing content-
based approach. However, the projected edge locations 502
do not accurately correspond to the actual edges of the object
500. Accordingly, it may be advantageous, in some
approaches, rather than cropping directly according to the
projected edge locations 502, to crop in a manner so as to
leave a predetermined amount of background texture
depicted in the cropped image, and subsequently perform
conventional edge detection. Conventional edge detection
shall be understood to include any technique for detecting
edges based on detecting transitions between an image
background 504 and image foreground (e.g. object 500) as
shown in FIG. 5. For example, in preferred approaches
conventional edge detection may include any technique or
functionality as described in U.S. Pat. No. 8,855,375 to
Macciola, et al.

The predetermined amount may be represented by a
threshold a, which may be a predefined number of pixels, a
percentage of an expected aspect ratio, etc. in various
embodiments. In some approaches, the amount may be
different for each dimension of the image and/or object, e.g.
for flat objects a predetermined height threshold 3,, and/or
predetermined width threshold 3, may be used. 3, and 3,
may be determined experimentally, and need not be equal in
various embodiments. For instance, 3, and 25 may inde-
pendently be absolute thresholds or relative thresholds, and
may be characterized by different values.

In this way, one obtains an image where the document is
prominent in the view and the edges reside within some
known margin. Now it is possible to employ normal or
specialized edge detection techniques, which may include
searching for the edge only within the margin. In “normal”
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techniques, the threshold for detection can be less stringent
than typically employed when searching for edges using
only a conventional approach, without content-based detec-
tion augmentation. For instance, in “normal” techniques the
contrast difference required to identify an edge may be less
than the difference required without content-based detection
augmentation. In “specialized” techniques, one could allow
for increased tolerance regarding existence of gaps in the
edge than would normally be prudent when searching an
entire image (e.g. as would be present in FIG. 4A).

In various approaches, a further validation may be per-
formed on the image and/or video data by classifying the
cropped, reconstructed image. Classification may be per-
formed using any technique suitable in the art, preferably a
classification technique as described in U.S. patent applica-
tion Ser. No. 13/802,226 (filed Mar. 13, 2013). If the
classification result returns the appropriate object type, then
the image matching and transform operations are likely to
have been correctly achieved, whereas if a different object
type is returned from classification, then the transform
and/or cropping result are likely erroneous. Accordingly, the
presently disclosed inventive concepts may leverage classi-
fication as a confidence measure to evaluate the image
matching and reconstruction techniques discussed herein.

As described herein, according to one embodiment a
method 700 for detecting objects depicted in digital images
based on internal features of the object includes operations
as depicted in FIG. 7. As will be understood by a person
having ordinary skill in the art upon reading the present
descriptions, the method 700 may be performed in any
suitable environment, including those depicted in FIGS. 1-2
and may operate on inputs and/or produce outputs as
depicted in FIGS. 3A-5, in various approaches.

As shown in FIG. 7, method 700 includes operation 702,
in which a plurality of identifying features of the object are
detected. Notably, the identifying features are located inter-
nally with respect to the object, such that each identifying
feature is, corresponds to, or represents a part of the object
other than object edges, boundaries between the object and
image background, or other equivalent transition between
the object and image background. In this manner, and
according to various embodiments the presently disclosed
inventive content-based object recognition techniques are
based exclusively on the content of the object, and/or are
performed exclusive of traditional edge detection, border
detection, or other similar conventional recognition tech-
niques known in the art.

The method 700 also includes operation 704, where a
location of one or more edges of the object are projected, the
projection being based at least in part on the plurality of
identifying features.

Of course, the method 700 may include any number of
additional and/or alternative features as described herein in
any suitable combination, permutation, selection thereof as
would be appreciated by a skilled artisan as suitable for
performing content-based object detection, upon reading the
instant disclosures.

For instance, in one embodiment, method 700 may addi-
tionally or alternatively include detecting the plurality of
identifying features based on analyzing a plurality of feature
vectors each corresponding to pixels within a patch of the
digital image. The analysis may be performed in order to
determine whether the patch includes a sharp transition in
intensity, in preferred approaches. The analysis may option-
ally involve determining a position of some or all of the
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plurality of identifying features, or position determination
may be performed separately from feature vector analysis, in
various embodiments.

Optionally, in one embodiment detecting the plurality of
identifying features involves automatic feature zone discov-
ery. The automatic feature zone discovery may be a multi-
pass procedure.

Method 700 may also include identifying a plurality of
distinctive pixels within the plurality of identifying features
of the object. Distinctive pixels are preferably characterized
by having or embodying distinct visual features of the
object.

In a preferred approach, method 700 also includes match-
ing the digital image depicting the object to one of a plurality
of reference images each depicting a known object type. The
reference images are more preferably images used to train
the recognition/detection engine to identify specific identi-
fying features that are particularly suitable for detecting
and/or reconstructing objects of the known object type in
various types of images and/or imaging circumstances (e.g.
different angles, distances, resolutions, lighting conditions,
color depths, etc. in various embodiments). Accordingly, the
matching procedure may involve determining whether the
object includes distinctive pixels that correspond to distinc-
tive pixels present in one or more of the plurality of
reference images.

The method 700 may also include designating as an
outlier a candidate match between a distinctive pixel in the
digital image and one or more candidate corresponding
distinctive pixels present in one of the plurality of reference
images. The outlier is preferably designated in response to
determining a distance ratio is greater than a predetermined
distance ratio threshold. Moreover, the distance ratio may be
a ratio describing: a first distance between the distinctive
pixel in the digital image and a first of the one or more
candidate corresponding distinctive pixels; and a second
distance between the distinctive pixel in the digital image
and a second of the one or more candidate corresponding
distinctive pixels.

In more embodiments, method 700 includes designating
as an outlier a candidate match between a distinctive pixel
in the digital image and a candidate corresponding distinc-
tive pixel present in one of the plurality of reference images
in response to determining the candidate match is not
unique. Uniqueness may be determined according to a
symmetrical matching test, in preferred approaches and as
described in greater detail hereinabove.

Notably, employing reconstruction as set forth herein,
particularly with respect to method 700, carries the advan-
tage of being able to detect and recognize objects in images
where at least one edge of the object is either obscured or
missing from the digital image. Thus, the presently disclosed
inventive concepts represent an improvement to image pro-
cessing machines and the image processing field since
conventional image detection and image processing/correc-
tion techniques are based on detecting the edges of objects
and making appropriate corrections based on characteristics
of'the object and/or object edges (e.g. location within image,
dimensions such as particularly aspect ratio, curvature,
length, etc.). In image data where edges are missing,
obscured, or otherwise not represented at least in part, such
conventional techniques lack the requisite input information
to perform the intended image processing/correction.

In some approaches, the method 700 may include crop-
ping the digital image based at least in part on the projected
location of the one or more edges of the object. The cropped
digital image preferably depicts a portion of a background of
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the digital image surrounding the object; and in such
approaches method 700 may include detecting one or more
transitions between the background and the object within the
cropped digital image.

The method 700 may optionally involve classifying the
object depicted within the cropped digital image. As
described in further detail elsewhere herein, classification
may operate as a type of orthogonal validation procedure or
confidence measure for determining whether image recog-
nition and/or reconstruction was performed correctly by
implementing the techniques described herein. In brief, if a
reconstructed image of an object is classified and results in
a determination that the object depicted in the reconstructed
image is a same type of object represented in/by the refer-
ence image used to reconstruct the object, then it is likely the
reconstruction was performed correctly, or at least optimally
under the circumstances of the image data.

With continuing reference to classification, method 700 in
one embodiment may include: attempting to detect the
object within the digital image using a plurality of prede-
termined object detection models each corresponding to a
known object type; and determining a classification of the
object based on a result of attempting to detect the object
within the digital image using the plurality of predetermined
object detection models. The classification of the object is
the known object type corresponding to one of the object
detection models for which the attempt to detect the object
within the digital image was successful.

The method 700, in additional aspects, may include:
generating a plurality of scaled images based on the digital
image, each scaled image being characterized by a different
resolution; extracting one or more feature vectors from each
scaled image; and matching one or more of the scaled
images to one of a plurality of reference images. Each
reference image depicts a known object type and being
characterized by a known resolution.

In even further embodiments, method 700 may include
extracting data from a detected object. Data extraction
principles are described in greater detail below regarding
methods 900-1100, as well as in U.S. patent application Ser.
No. 14/209,825 (granted as U.S. Pat. No. 9,311,531), the
contents of which are herein incorporated by reference.

Of course, in various embodiments and as described in
greater detail below, the techniques and features of method
700 may be combined and used to advantage in any per-
mutation with the various image reconstruction techniques
and features such as presented with respect to method 800.

Content-Based Image Reconstruction

Reconstructing image and/or video data as described
herein essentially includes transforming the representation
of the detected object as depicted in the captured image
and/or video data into a representation of the object as it
would appear if viewed from an angle normal to a particular
surface of the object. In the case of documents, or other flat
objects, this includes reconstructing the object representa-
tion to reflect a face of the flat object as viewed from an
angle normal to that face. For such flat objects, if the object
is characterized by a known geometry (e.g. a particular
polygon, circle, ellipsoid, etc.) then a priori knowledge
regarding the geometric characteristics of the known geom-
etry may be leveraged to facilitate reconstruction

For other objects having three-dimensional geometries,
and/or flat objects having non-standard geometries, recon-
struction preferably includes transforming the object as
represented in captured image and/or video data to represent
a same or similar object type as represented in one or more
reference images captured from a particular angle with
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respect to the object. Of course, reference images may also
be employed to facilitate reconstruction of flat objects in
various embodiments and without departing from the scope
of the presently disclosed inventive concepts.

Accordingly, in preferred approaches the reconstructed
representation substantially represents the actual dimen-
sions, aspect ratio, etc. of the object captured in the digital
image when viewed from a particular perspective (e.g. at an
angle normal to the object, such as would be the capture
angle if scanning a document in a traditional flatbed scanner,
multifunction device, etc. as would be understood by one
having ordinary skill in the art upon reading the present
descriptions).

Various capture angles, and the associated projective
effects are demonstrated schematically in FIGS. 6A-6D.

In some approaches, the reconstruction may include
applying an algorithm such as a four-point algorithm to the
image data.

In one embodiment, perspective correction may include
constructing a 3D transformation based at least in part on the
spatial distribution of features represented in the image
and/or video data.

A planar homography/projective transform is a non-sin-
gular linear relation between two planes. In this case, the
homography transform defines a linear mapping of four
randomly selected pixels/positions between the captured
image and the reference image.

The calculation of the camera parameters may utilize an
estimation of the homography transform H, such as shown
in Equation (1), in some approaches.

I{X\I I{hll hiz hia \"{X\I (¢Y]
li y i:i hat hyy A ii 4 i
V1) Vhy hay A A1)

homography H

As depicted above in Equation (1):

A is the focal depth of position (X, Y, Z) in the “reference”
or “real-world” coordinate system, (e.g. a coordinate
system derived from a reference image,). Put another
way, A may be considered the linear distance between
a point (X,Y.Z) in the reference coordinate system and
the capture device;

(%, y, z) are the coordinates of a given pixel position in the
captured image; and

H is a (3x3) matrix having elements h, , where, i and j
define the corresponding row and column index,
respectively.

In one approach, the (x, y) coordinates and (X, Y)
coordinates depicted in Equation 1 correspond to coordi-
nates of respective points in the captured image plane and
the reference image. In some approaches, the Z coordinate
may be set to 0, corresponding to an assumption that the
object depicted in each lies along a single (e.g. X-Y) plane
with zero thickness. In one embodiment, it is possible to
omit the z value in Equation 1 from the above calculations
because it does not necessarily play any role in determining
the homography matrix.

Thus, the homography H can be estimated by detecting
four point-correspondences p,<>P; with p,=(x,, y,, 1)7 being
the position of a randomly selected feature in the captured
image plane; and P,'=(X,, Y,, 1)” being the coordinates of the
corresponding position in the reference image, where i is
point index value with range from 1 to n in the following
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discussion. Using the previously introduced notation, Equa-
tion (1) may be written as shown in Equation (2) below.

Ap=HP', @

In order to eliminate a scaling factor, in one embodiment
it is possible to calculate the cross product of each term of
Equation (2), as shown in Equation (3):

PX(Ap;)=p:<(HP")) 3

Since pxp,=0;, Equation (3) may be written as shown
below in Equation (4).

pXHP'=0; @

Thus, the matrix product HP, may be expressed as in
Equation (5).

W P ®)
HP; =n* P

wrop

According to Equation 5, h™” is the transpose of the m”
row of H (e.g. h'7 is the transpose of the first row of H, h*”
is the transpose of the second row of H, etc.). Accordingly,
it is possible to rework Equation (4) as:

xy [#7 P yil*TP] - TP ©
p,v><HP§=[ y,v]x WP =| TP - xR =03
Lot P kP -yl TP,

Notably, Equation (6) is linear in h™” and h™’P,=P;h™.
Thus, Equation (6) may be reformulated as shown below in
Equation (7):

of -7 ypf K @
Prof - || R [=0
-y PT Pt of Iy

Note that the rows of the matrix shown in Equation (7) are
not linearly independent. For example, in one embodiment
the third row is the sum of —x; times the first row and —y,
times the second row. Thus, for each point-correspondence,
Equation (7) provides two linearly independent equations.
The two first rows are preferably used for solving H.

Because the homography transform is written using
homogeneous coordinates, in one embodiment the homog-
raphy H may be defined using 8 parameters plus a homo-
geneous scaling factor (which may be viewed as a free 9
parameter). In such embodiments, at least 4 point-correspon-
dences providing 8 equations may be used to compute the
homography. In practice, and according to one exemplary
embodiment, a larger number of correspondences is prefer-
ably employed so that an over-determined linear system is
obtained, resulting in a more robust result (e.g. lower error
in relative pixel-position). By rewriting H in a vector form
as h=[h, .h,,.h,3,h,.h 50500, hs o ha 017, nopairs of point-
correspondences enable the construction of a 2nx9 linear
system, which is expressed by Equation (8)
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As shown in Equation 8, the first two rows correspond to
the first feature point, as indicated by the subscript value of
coordinates X, Y, X, y—in this case the subscript value is 1.
The second two rows correspond to the second feature point,
as indicated by the subscript value 2, the last two rows
correspond to the n* feature point. For a four-point algo-
rithm, n is 4, and the feature points are the four randomly
selected features identified within the captured image and
corresponding point of the reference image.

In one approach, solving this linear system involves the
calculation of a Singular Value Decomposition (SVD). Such
an SVD corresponds to reworking the matrix to the form of
the matrix product C=UDV7, where the solution h corre-
sponds to the eigenvector of the smallest eigenvalue of
matrix C, which in one embodiment may be located at the
last column of the matrix V when the eigenvalues are sorted
in descendant order.

It is worth noting that the matrix C is different from the
typical matrix utilized in an eight-point algorithm to esti-
mate the essential matrix when two or more cameras are
used, such as conventionally performed for stereoscopic
machine vision. More specifically, while the elements con-
ventionally used in eight-point algorithm consist of feature
points projected on two camera planes, the elements in the
presently described matrix C consist of feature points pro-
jected on only a single camera plane and the corresponding
feature points on 3D objects.

In one embodiment, to avoid numerical instabilities, the
coordinates of point-correspondences may preferably be
normalized. This may be accomplished, for example, using
a technique known as the normalized Direct Linear Trans-
formation (DLT) algorithm. For example, in one embodi-
ment, after the homography matrix is estimated, Equation 1
may be used to compute each pixel position (x, y) for a given
value of (X, Y). In practical applications the challenge
involves computing (X, Y) when the values of (x, y) are
given or known a priori. As shown in Equation 1, and in
preferred embodiments, (x, y) and (X, Y) are symmetrical
(i.e. when the values of (x, y) and (X, Y) are switched, the
validity of Equation 1 holds true). In this case, the “inverse”
homography matrix may be estimated, and this “inverse”
homography matrix may be used to reconstruct 3D (i.e.
“reference” or “real-world”) coordinates of an object given
the corresponding 2D coordinates of the object as depicted
in the captured image, e.g. in the camera view.

Based on the foregoing, it is possible to implement the
presently described four-point algorithm (as well as any
equivalent variation and/or modification thereof that would
be appreciated by a skilled artisan upon reading these
descriptions) which may be utilized in various embodiments
to efficiently and effectively reconstruct digital images char-
acterized by at least some perspective distortion into cor-
rected digital images exempting any such perspective dis-
tortion, where the corrected image is characterized by a pixel
location error of about 5 pixels or less.
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Various embodiments may additionally and/or alterna-
tively include utilizing the foregoing data, calculations,
results, and/or concepts to derive further useful information
regarding the captured image, object, etc. For example, in
various embodiments it is possible to determine the distance
between the captured object and the capture device, the pitch
and/or roll angle of the capture device, etc. as would be
understood by one having ordinary skill in the art upon
reading the present descriptions.

After (X, Y) values are estimated, the expression in
Equation 1 may be described as follows:

A=hy Xthao Vs, (©))

Accordingly, in one embodiment the focal depth, also
known as the distance between each point (X, Y, Z) in the 3D
(i.e. “reference” or “real world”) coordinate system and the
capture device, may be computed using Equation 9 above.

Determining a Rotation Matrix of the Object.

After estimating the position of the 3D object (X, Y) and
A for each pixel in the captured image. Note that (X, Y) are
the coordinates in the world coordinate system, while A is
the distance to the point (X, Y) in the camera coordinate
system. If the 3D object is assumed to be a rigid body, it is
appropriate to use the algorithm disclosed herein to estimate
the rotation matrix from the world coordinate system to the
camera coordinate system. The following equation holds for
rotation and translation of the point (X, Y, 0):

X, X
[Yc]:R[Y]H
Z. 0

where (Xc, Yc, Zc) are the coordinates relative to camera
coordinate system, which are derived by rotating a point (X,
Y. Z) in the world coordinate system with rotation matrix R,
and a translation vector of t, where t is a constant indepen-
dent of (X, Y). Note that the value of Zc is the same as the
value of k, as previously estimated using equation 9.

Considering the relationships of homography matrix H
and intrinsic camera parameter matrix A and r1, r2, where rl,
r2 are the first and second column vectors respectively,
reveals the following relationship:

am

H=GA(ry, 1) (n

where G is a constant and A is the intrinsic camera parameter
matrix, defined as:

a2

where a and b are scaling factors which comprise of the
camera focal length information, a=f/dx, and b=f/dy, where
f is the focal length, while dx, dy are scaling factors of the
image; c is the skew parameter about two image axes, and
(d, e) are the coordinates of the corresponding principal
point.

After estimation of homography matrix H, the matrix A
can be estimated as follows:

12.1y

a=~Ww/By;

(12.2)
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-continued
c=-Bpatb/w;d= %—BUHZ/W; (12.3)
v =—Ba*h/w; (1@.4)
e=(BB1s — Bubx)/(BuBn - BL); (12.5)
w =By — (Bl + e(BraBu3 —Bnbzs))/Bn- (12.6)

In the above relationships, the unknown parameters are
B,;. These values are estimated by the following equations:

( Wy ,)G o, a2
(i1 —va2)

where G is the solution of the above equation, alternatively
expressed as:

G=(B\1,B1»B25B13B33,B33)", (12.8)
where vy=(h; by, by o thihy L by, ushy Hhg s,
hishyothi s, hishys)! (12.9)

Note that in a conventional four-points algorithm, since it
is possible to accurately estimate scaling factors a, b, the
skew factor ¢ is assumed to be zero, which means that one
may ignore camera’s skew distortion. It is further useful, in
one embodiment, to assume that d and e have zero values
(d=0, e=0).

From equation (11), B=(rl r2 t), where ¢~' A—H=B.
Utilizing this relationship enables a new approach to esti-
mate rl, 12 from the equation C=(r1 12 0) where the first and
second column vectors of C are the first and second column
vectors of B, and the third column vector of C is 0.

First, decompose matrix C with SVD (Singular Value
Decomposition) method, C=UZV’, where U is 3 by 3
orthogonal matrix, where V is 3 by 3 orthogonal matrix.
Then r1 and r2 are estimated by the following equation:

o o=u(’y) -

where W is a 2 by 3 matrix whose first and second row
vectors are the first and second row vectors of V’ respec-
tively. In the above computation, assume & is 1. This scaling
factor does not influence the value of U and W and therefore
does not influence the estimation of r1 and r2. After r1, r2 are
estimated (e.g. using Equation 13), it is useful to leverage
the fact that R is a rotation matrix to estimate r3, which is
the cross product of r1 and r2 with a sign to be determined
(either 1 or —1). There are two possible solutions of R. In one
example using a right-hand coordinate system, the r3 value
is the cross-product value of rl and r2.

Determining Yaw, Pitch, and Roll from a Rotation Matrix.

The yaw, pitch and roll (denoted by the o, B and ¥
respectively) are also known as Euler’s angles, which are
defined as the rotation angles around z, y, and X axes
respectively, in one embodiment. According to this
approach, the rotation matrix R in Equation 10 can be
denoted as:

o2 3 (14)
R=|ra ra rs

F31 32 133

where each r is an element of the matrix R.
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It is often convenient to determine the ¢,  and ¥ param-
eters directly from a given rotation matrix R. The roll, in one
embodiment, may be estimated by the following equation
(e.g. when r5; is not equal to zero):

(15)

y=atan 2(rssr33)
Similarly, in another approach the pitch may be estimated
by the following equation:

Batan2(—rs, N7y 47507) 16

In still more approaches, the yaw may be estimated by the
following equation (e.g. when r,, is nonzero)

a=atan2(r,,7 ;)

an

Notably, in some approaches when r,;, 135 or \/r112+r212

e near in value to zero (e.g. 0<r;;<g, 0<ry;<e, or 0<
3];“2+r212<£, where the value c is set to a reasonable value
for considering the numerical stability, such as 0<€<0.01, in
one embodiment, and €=0.0001 in a particularly preferred
embodiment. In general, the value of € may be determined
in whole or in part based on limited computer word length,
etc. as would be understood by one having ordinary skill in
the art upon reading the present descriptions), this corre-
sponds to the degenerate of rotation matrix R, special
formulae are used to estimate the values of yaw, pitch and
roll.

Estimating Distance Between Object and Capture Device

In still more embodiments, it is possible to estimate the
distance between an object and a capture device even
without the knowledge of the object size, using information
such as a camera’s intrinsic parameters (e.g. focal length,
scale factors of (u, v) in image plane).

The requirements of this algorithm, in one approach, may
be summarized as follows: 1) The camera’s focal length for
the captured image can be provided and accessed by an API
call of the device (for instance, an android device provides
an API call to get focal length information for the captured
image); 2) The scale factors of dx and dy are estimated by
the algorithm in the equations 12.1 and 12.2.

This enables estimation of the scale factors dx, dy for a
particular type of device, and does not require estimating
scale factors for each device individually. For instance, in
one exemplary embodiment utilizing an Apple iPhone® 4
smartphone, it is possible, using the algorithm presented
above, to estimate the scale factors using an object with a
known size. The two scaling factors may thereafter be
assumed to be identical for the same device type.

The algorithm to estimate object distance to camera,

according to one illustrative approach, is described as fol-
lows: normalize (u, v), (X, Y) in the equation below

(-4

Note that Equation 18 is equivalent to Equation 1, except
(u, v) in Equation 18 replaces the (x, y) term in Equation 1.

Suppose that ti=u/L,,, ¥=v/L,; 8=X/L,; y=Y/L,; where L,
L, are image size in coordinates u and v and Ly, L, are the
object size to be determined. Then Equation 18 may be
expressed as:

as



US 11,818,303 B2

3

a

where

1/L, Ly
FI:[ v ]ﬁ[ Ly ]
1 1

Normalized homography matrix H can be estimated by
equation (20). Note that from equation 11, the following
may be determined:

Qo

H=GA(r,r30) @n

and the intrinsic parameter matrix of the camera is assumed
with the following simple form:

fldx ¢ d
A:[ fldy e]
1

@2

where f is the camera focal length, dx, dy are scaling factors
of the camera, which are estimated.
From equations (19), (20) and (21), thus:

L, @23
gd(n n t)[ L, ]:ﬁ[
1

Ly,
where H = L, |#
1

Because A is known, from equation (23) the following
may be determined:

@4

e

Ly
a(r m I)[ Ly ]:Al
1

Denote K:A_lﬁ, K=(k,.k,.k;), from equation (24) the
following may be determined:

or,L =k, (25)
or,L=k, 26)
o=k, @7

because tin equation (27) is the translation vector of the
object relative to camera. The L2 norm (Euclidean norm) of

t is as follows:
[l41= 5|V (28)

is the distance of left-top corner of the object to the camera.
Because ||r;|=|,/=1, from equation (8) and (9), the fol-

lowing may be determined
L=k Vo (29)
L=llkyic (30)

Equations (29) and (30) may be used to estimate the
document size along X and Y coordinates. The scaling factor
may remain unknown, using this approach.
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Note that the algorithm to estimate rotation matrix
described above does not need the scaling factor . Rather,
in some approaches it is suitable to assume 6=1. In such
cases, it is possible to estimate roll, pitch, and yaw with the
algorithm presented above. Equations (29) and (30) may
also be used to estimate the aspect ratio of the object as:

aspectratb=L,/L, =k |/ Gh

Estimation of Pitch and Roll from Assumed Rectangle.

In practice the most common case is the camera capture
of rectangular documents, such as sheets of paper of stan-
dard sizes, business cards, driver and other licenses, etc.
Since the focal distance of the camera does not change, and
since the knowledge of the yaw is irrelevant for the dis-
cussed types of document image processing, it is necessary
only to determine roll and pitch of the camera relative to the
plane of the document in order to rectangularize the corre-
sponding image of the document.

The idea of the algorithm is simply that one can calculate
the object coordinates of the document corresponding to the
tetragon found in the picture (up to scale, rotation, and shift)
for any relative pitch-roll combination. This calculated tet-
ragon in object coordinates is characterized by 90-degree
angles when the correct values of pitch and roll are used, and
the deviation can be characterized by the sum of squares of
the four angle differences. This criterion is useful because it
is smooth and effectively penalizes individual large devia-
tions.

A gradient descent procedure based on this criterion can
find a good pitch-roll pair in a matter of milliseconds. This
has been experimentally verified for instances where the
tetragon in the picture was correctly determined. This
approach uses yaw equal zero and an arbitrary fixed value of
the distance to the object because changes in these values
only add an additional orthogonal transform of the object
coordinates. The approach also uses the known focal dis-
tance of the camera in the calculations of the coordinate
transform, but if all four corners have been found and there
are three independent angles, then the same criterion and a
slightly more complex gradient descent procedure can be
used to estimate the focal distance in addition to pitch and
roll—this may be useful for server-based processing, when
incoming pictures may or may not have any information
about what camera they were taken with.

Interestingly, when the page detection is wrong, even the
optimal pitch-roll pair leaves sizeable residual angle errors
(of 1 degree or more), or, at least, if the page was just
cropped-in parallel to itself, the aspect ratio derived from the
found object coordinates does not match the real one.

Additionally, it is possible to apply this algorithm even
when a location of one of the detected sides of the document
is suspect or missing entirely (e.g. that side of the document
is partially or completely obstructed, not depicted, or is
blurred beyond recognition, etc.). In order to accomplish the
desired result it is useful to modify the above defined
criterion to use only two angles, for example those adjacent
to the bottom side, in a gradient descent procedure. In this
manner, the algorithm may still be utilized to estimate pitch
and roll from a picture tetragon with bogus and/or undetect-
able top-left and top-right corners.

In one example, arbitrary points on the left and right sides
closer to the top of the image frame can be designated as
top-left and top-right corners. The best estimated pitch-roll
will create equally bogus top-left and top-right corners in the
object coordinates, but the document will still be correctly
rectangularized. The direction of a missing (e.g. top) side of
the document can be reconstructed since it should be sub-
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stantially parallel to the opposite (e.g. bottom) side, and
orthogonal to adjacent (e.g. left and/or right) side(s).

The remaining question is where to place the missing side
in the context of the image as a whole, and if the aspect ratio
is known then the offset of the missing side can be nicely
estimated, and if not, then it can be pushed to the edge of the
frame, just not to lose any data. This variation of the
algorithm can resolve an important user case when the
picture contains only a part of the document along one of its
sides, for example, the bottom of an invoice containing a
deposit slip. In a situation like this the bottom, left and right
sides of the document can be correctly determined and used
to estimate pitch and roll; these angles together with the
focal distance can be used to rectangularize the visible part
of the document.

In more approaches, the foregoing techniques for address-
ing missing, obscured, etc. edges in the image data may
additionally and/or alternatively employ a relaxed cropping
and subsequent use of conventional edge detection as
described above with reference to FIG. 5. Of course, if the
edge is completely missing from the image and/or video
data, then the relaxed cropping techniques may not be
suitable to locate the edges and projection as described
above may be the sole suitable mechanism for estimating the
location of edges. However, in the context of the present
disclosures, using internally represented content rather than
corner or edge positions as key points allows projection of
edge locations in a broader range of applications, and in a
more robust manner than conventional edge detection.

As described herein, according to one embodiment a
method 800 for reconstructing objects depicted in digital
images based on internal features of the object includes
operations as depicted in FIG. 8. As will be understood by
a person having ordinary skill in the art upon reading the
present descriptions, the method 800 may be performed in
any suitable environment, including those depicted in FIGS.
1-2 and may operate on inputs and/or produce outputs as
depicted in FIGS. 3A-5, in various approaches.

As shown in FIG. 8, method 800 includes operation 802,
in which a plurality of identifying features of the object are
detected. Notably, the identifying features are located inter-
nally with respect to the object, such that each identifying
feature is, corresponds to, or represents a part of the object
other than object edges, boundaries between the object and
image background, or other equivalent transition between
the object and image background. In this manner, and
according to various embodiments the presently disclosed
inventive image reconstruction techniques are based exclu-
sively on the content of the object, and/or are performed
exclusive of traditional edge detection, border detection, or
other similar conventional recognition techniques known in
the art.

The method 800 also includes operation 804, where the
digital image of the object is reconstructed within a three
dimensional coordinate space based at least in part on some
or all of the plurality of identifying features. In various
embodiments, the portion of the image depicting the object
may be reconstructed, or the entire image may be recon-
structed, based on identifying feature(s)

Of course, the method 800 may include any number of
additional and/or alternative features as described herein in
any suitable combination, permutation, selection thereof as
would be appreciated by a skilled artisan as suitable for
performing content-based object detection, upon reading the
instant disclosures.

For instance, in one embodiment, method 800 may addi-
tionally or alternatively include reconstructing the digital
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image of the object based on transforming the object to
represent dimensions of the object as viewed from an angle
normal to the object. As such, reconstruction effectively
corrects perspective distortions, skew, warping or “fish-
bowl]” effects, and other artifacts common to images cap-
tured using cameras and mobile devices.

Optionally, in one embodiment reconstructing the digital
image of the object is based on four of the plurality of
identifying features, and employs a four-point algorithm as
described in further detail elsewhere herein. In such embodi-
ments, preferably the four of the plurality of identifying
features are randomly selected from among the plurality of
identifying features. In some approaches, and as described in
greater detail below, reconstruction may involve an iterative
process whereby multiple sets of four or more randomly
selected identifying features are used to, e.g. iteratively,
estimate transform parameters and reconstruct the digital
image. Accordingly, reconstructing the digital image of the
object may be based at least in part on applying a four-point
algorithm to at least some of the plurality of identifying
features of the object, in certain aspects.

Reconstructing the digital image of the object may addi-
tionally and/or alternatively involve estimating a homogra-
phy transform H. In one approach, estimating H comprises
detecting one or more point correspondences p,<>P,' with
p,~(%,,yi,1)” as discussed above. Optionally, but preferably,
each point correspondence p,<=P, corresponds to a position
p; of one of the plurality of identifying features of the object,
and a respective position P,' of a corresponding identifying
feature of the reconstructed digital image of the object.
Estimating H may also include normalizing coordinates of
some or all of the point correspondences.

As noted above, estimating the homography transform H
may include an iterative process. In such embodiments, each
iteration of the iterative process preferably includes: ran-
domly selecting four key points; using a four point algorithm
to estimate an i” homography transform H, based on the four
key points; and applying the estimated i”* homography
transform H, to a set of corresponding key points. Each key
point corresponds to one of the plurality of identifying
features of the object, and in some embodiments may be one
of the plurality of identifying features of the object. The set
of corresponding key points preferably is in the form of a
plurality of point correspondences, each point correspon-
dence including: a key point other than the four randomly
selected key points; and a corresponding key point from a
reference image corresponding to the digital image. The
“other” key points also correspond to one of the plurality of
identifying features of the object. Thus, each point corre-
spondence includes two key points in preferred embodi-
ments: a key point from the test image and a corresponding
key point from the reference image. The degree of corre-
spondence between point correspondences may reflect the
fitness of the homography transform, in some approaches.

Thus, in some approaches method 800 may include evalu-
ating fitness of the homography transform (or multiple
homography transforms generated in multiple iterations of
the aforementioned process). The evaluation may include
determining one or more outlier key points from among each
set of corresponding key points; identifying, from among all
sets of corresponding key points, the set of corresponding
key points having a lowest number of outlier key points;
defining a set of inlier key points from among the set of
corresponding key points having the lowest number of
outlier key points; and estimating the homography transform
H based on the set of inlier key points. Preferably, the set of
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inlier key points exclude the outlier key points determined
for the respective set of corresponding key points.

Furthermore, determining the one or more outlier key
points from among each set of corresponding key points
may involve: determining whether each of the plurality of
point correspondences fits a transformation model corre-
sponding to the estimated i” homography transform H,; and,
for each of the plurality of point correspondences, either:
designating the other key point of the point correspondence
as an outlier key point in response to determining the point
correspondence does not fit the transformation model; or
designating the other key point of the point correspondence
as an inlier key point in response to determining the point
correspondence does fit the transformation model.

In several approaches, particularly preferred in the case of
objects such as documents and especially standard docu-
ments such as forms, templates, identification documents,
financial documents, medical documents, insurance docu-
ments, etc. as would be understood by a skilled artisan upon
reading the instant descriptions, the plurality of identifying
features correspond to boilerplate content of the object. In
various approaches, boilerplate content may include any
type of such content as described hereinabove.

Notably, employing reconstruction as set forth herein,
particularly with respect to method 800, carries the advan-
tage of being able to reconstruct objects and/or images
where at least one edge of the object is either obscured or
missing from the digital image. Thus, the presently disclosed
inventive concepts represent an improvement to image pro-
cessing machines and the image processing field since
conventional image recognition and image processing/cor-
rection techniques are based on detecting the edges of
objects and making appropriate corrections based on char-
acteristics of the object and/or object edges (e.g. location
within image, dimensions such as particularly aspect ratio,
curvature, length, etc.). In image data where edges are
missing, obscured, or otherwise not represented at least in
part, such conventional techniques lack the requisite input
information to perform the intended image processing/cor-
rection. It should be understood that similar advantages are
conveyed in the context of image recognition and method
700, which enables recognition of objects even where all
edges of the object may be missing or obscured in the digital
image data since recognition is based on features internal to
the object.

In more embodiments, method 800 may include cropping
the reconstructed digital image of the object based at least in
part on a projected location of one or more edges of the
object within the reconstructed digital image. The projected
location of the one or more edges of the object is preferably
based at least in part on an estimated homography transform
H.

In still more embodiments, method 800 may include
classifying the reconstructed digital image of the object. As
described in further detail in U.S. patent application Ser. No.
13/802,226 (granted as U.S. Pat. No. 9,355,312), the con-
tents of which are herein incorporated by reference, classi-
fication may operate as a type of orthogonal validation
procedure or confidence measure for determining whether
image recognition and/or reconstruction was performed cor-
rectly by implementing the techniques described herein. In
brief, if a reconstructed image of an object is classified and
results in a determination that the object depicted in the
reconstructed image is a same type of object represented
in/by the reference image used to reconstruct the object, then
it is likely the reconstruction was performed correctly, or at
least optimally under the circumstances of the image data.
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In even further embodiments, method 800 may include
extracting data from a reconstructed digital image of the
object. Data extraction principles are described in greater
detail below regarding methods 900-1100, as well as in U.S.
patent application Ser. No. 14/209,825 (granted as U.S. Pat.
No. 9,311,531), the contents of which are herein incorpo-
rated by reference.

Data Extraction

In addition to performing improved image processing
based on content, e.g. content-based detection and/or recon-
struction of objects within image data, a user may wish to
gather information about one or more objects, and/or content
therein, depicted in a digital image. In several embodiments,
it is advantageous to leverage object classification for the
purposes of extracting data from digital images. As
described in further detail below, the presently disclosed
methods, systems and computer program products thus
include functionality for extracting data from digital images
based on object classification.

The data extraction embodiments discussed herein may
utilize one or more of the functionalities disclosed in related
U.S. patent application Ser. No. 12/042,994, filed Mar. 5,
2008; and Ser. No. 12/368,685, filed Feb. 10, 2009, and U.S.
Pat. No. 9,961,391, granted Jul. 20, 2010 (U.S. patent
application Ser. No. 11/952,364, filed May 13, 2009 each of
which is herein incorporated by reference in its entirety. For
example, the presently disclosed embodiments of data
extraction may utilize one or more of support-vector-ma-
chine (SVM) techniques, learn-by-example (LBE) tech-
niques, feature vectors, feature matrices, document valida-
tion techniques, dataset organization techniques,
transductive classification techniques, maximum entropy
discrimination (MED) techniques, etc. as disclosed therein.

Referring now to FIG. 9, a method 900 is shown, accord-
ing to one embodiment. The method may be performed in
any suitable environment and/or utilizing any suitable
mechanism(s), including those depicted in FIGS. 1-4D, in
various approaches.

In one approach, method 900 includes operation 902,
where a digital image captured by a mobile device is
received. The digital image may be received and/or stored in
a memory of the mobile device used to capture the image,
another mobile device, and/or a remote computer such as a
server and/or cloud storage environment, in various embodi-
ments. Moreover, the digital image may be received from a
variety of sources, such as a component of the mobile device
including a camera, a memory, wireless receiver, antenna,
etc. as would be understood by one having ordinary skill in
the art upon reading the present descriptions. In other
approaches, the digital image may be received from a remote
device, such as a remote server, another mobile device, a
camera with integrated data transmission capability, a fac-
simile machine or other multifunction printer, etc. The
digital image may optionally be received via an online
service, a database, etc. as would be understood by the
skilled artisan reading this disclosure.

Method 900 further includes performing operations 904-
910, preferably using a processor of one or more mobile
devices, but potentially also or instead using a processor of
one or more servers, or combinations of mobile device and
server processors . . . As will be understood by one having
ordinary skill in the art upon reading the present descrip-
tions, various embodiments of method 900 may involve
performing any of operations 902-910 using processor(s) of
one or more mobile devices, processor(s) of one or more
servers, processing resources of a cloud computing environ-
ment, etc. as well as any combination thereof.
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In operation 904, the processor(s) is/are used to determine
whether an object depicted in the digital image belongs to a
particular object class among a plurality of object classes.
Determining whether the depicted object belongs to a par-
ticular object class may be performed using any method as
described herein, with particular reference to the object
classification methods discussed above with reference to
FIGS. 5 and 6.

In operation 906, the processor is/are used to determine
one or more object features of the object based at least in part
on the particular object class. In one embodiment, object
features may be determined using a feature vector, feature
vector list, feature matrix, and/or extraction model. This
determination is made in response to determining the object
belongs to the particular object class. As discussed herein,
object features include any unique characteristic or unique
combination of characteristics sufficient to identify an object
among a plurality of possible objects or any unique charac-
teristic or unique combination of characteristics sufficient to
identify an object as belonging to a particular object class
among a plurality of object classes. For example, in various
approaches object features may include object color, size,
dimensions, shape, texture, brightness, intensity, presence or
absence of one or more representative mark(s) or other
features, location of one or more representative mark(s) or
other features, positional relationship between a plurality of
representative mark(s) or other features, etc. as would be
understood by one having ordinary skill in the art upon
reading the present descriptions. Object features may also
include internal identifying features as described herein-
above with respect to content-based detection and method
700, in various embodiments.

In a preferred embodiment, one or more object features
comprise one or more regions of interest of the object. As
understood herein, a region of interest may include any
portion of the object that depicts, represents, contains, etc.
information the user desires to extract. Thus, in some
approaches one or more of the regions of interest comprise
one or more text characters, symbols, photographs, images,
etc. Preferably, regions of interest comprise identifying
features and any associated content, e.g. boilerplate and/or
variable content as defined hereinabove. Moreover, regions
of interest from which data should be extracted may be
selected based at least in part on a downstream application
to which the object and/or extracted data are relevant.

For example, in one instance a user may wish to perform
a credit check, apply for a loan or lease, etc. In order to
perform the desired action, the user needs to gather data,
such as an applicant’s name, address, social security num-
ber, date of birth, etc. The mobile device may receive a
digital image of one or more identifying documents such as
a utility bill, driver license, social security card, passport,
pay stub, etc. which contains/depicts information relevant to
performing the credit check, loan or lease application, etc. In
this case, regions of interest may include any portion of the
identifying document that depicts relevant data, such as the
applicant’s name, address, social security number, date of
birth, etc.

In another example, a user wishes to make an electronic
funds transfer, set up a recurring bill payment, engage in a
financial transaction, etc. In this case the user may need to
gather data such as an account number, routing number,
payee name, address, biller name and/or address, signature,
payment amount, payment date and/or schedule, etc. as
would be understood by one having ordinary skill in the art
upon reading the present descriptions. The mobile device
may receive a digital image of one or more financial
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documents such as a bill, remittance coupon, check, credit
card, driver license, social security card, passport, pay stub,
etc. which contains/depicts information relevant to perform-
ing the credit check, loan or lease application, etc. In this
case, regions of interest may include any portion of the
identifying document that depicts relevant data, such as the
account number, routing number, payee name, address,
biller name and/or address, signature, payment amount,
payment date and/or schedule, etc.

In still another example, a user wishes to authenticate the
identity of an individual applying for motor vehicle regis-
tration or a new bank account, etc. The applicant provides a
driver license as proof of identification. The user may
capture an image of the driver license, and extract data from
the image including text information such as a name,
address, driver license number, etc. The user may also
extract a photograph of the licensee from the image, and
compare the extracted photograph to a reference photograph
of the licensee. The reference photograph may be retrieved
from a local database maintained by the motor vehicle
administration office, bank, a database maintained by a
government agency, etc. in various approaches. Alterna-
tively, the reference photograph may be a previously
obtained photograph of the licensee, for example a photo-
graph obtained during a prior transaction requiring identity
authentication. Based on the comparison, the user may be
presented an indication of whether the extracted photograph
matches the reference photograph, along with an optional
confidence score, in one embodiment.

Operation 908 includes using the processor(s) to build or
select an extraction model based at least in part on the one
or more object features. In one embodiment, the object class
determines the extraction model. As understood herein, an
extraction model encompasses any model that may be
applied to a digital image in order to extract data therefrom.
In a preferred approach, the extraction model comprises a set
of instructions and/or parameters for gathering data from a
digital image. In a particularly preferred embodiment, the
extraction model utilizes a feature vector and/or list of
feature vectors and/or feature matrix to generate and/or
modify instructions for extracting data from digital images.

For example, in one approach an exemplary data extrac-
tion process as described herein is configured to extract data
from various forms of identification based on objects and/or
object features (as may be embodied in one or more feature
vector(s)) thereof. Illustrative forms of identification may
include, for example, a plurality of driver’s license formats.
Moreover, the illustrative IDs may be classified according to
one or more distinguishing criteria, such as an issuing entity
(state, administrative agency, etc.) to which the ID corre-
sponds. The extraction model may be selected based on
determining an ID in question belongs to one of the prede-
termined categories of ID (e.g. the ID in question is a
Maryland driver’s license). Preferably, the selected extrac-
tion model is built using a plurality of exemplars from the
corresponding category/class.

In one exemplary approach, based on the user input
identifying the region(s) of interest, operation 908 may
include reviewing one or more existing object class defini-
tions to determine whether the determined object features
define a pattern that matches, corresponds, or is similar to a
pattern defining features of objects belonging to the existing
object class, e.g. based on reference images of the objects
belonging to the existing object class. Upon determining the
patterns match, correspond or are similar, operation 908 may
include selecting an existing extraction model defined for
the matching object class, and utilize that extraction model
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to extract data from the digital image. The existing object
class definition and/or extraction model may be retrieved
from a memory of the mobile device, a memory in commu-
nication with the mobile device, a server, a local or online
database, etc. as would be understood by one having ordi-
nary skill in the art upon reading the present descriptions.

Alternatively, operation 908 may include analyzing the
image and characteristics thereof to define a feature vector
descriptive of the image characteristics. This new feature
vector may be used to modify a feature vector, list of feature
vectors and/or feature matrix descriptive of the existing
object class having the matching, corresponding, or similar
pattern of regions of interest. For example, building the
extraction model may include mapping the object features to
the feature vector, list of feature vectors and/or feature
matrix, which may have been modified via the new feature
vector as described above. The resulting extraction model is
configured to extract data from images depicting objects
belonging to the existing object class.

Additionally and/or alternatively, operation 908 may
include building a new extraction model based on the object
features, in some approaches. More specifically, using one or
more processor(s), the image is analyzed and characteristics
thereof used to define a feature vector and/or list of feature
vectors descriptive of the image characteristics. For
example, the feature vector(s) may correspond to image
characteristics such as pixel brightness and/or intensity in
one or more color channels, brightness and/or intensity of
one or more neighboring pixels in one or more color
channels, positional relationship of pixels in the image or in
a subregion of the image, etc. Image analysis and feature
vector definition may be performed in any suitable manner,
and preferably may be performed substantially as described
above regarding “Document Classification” and “Additional
Processing.” Using the feature vector(s), operation 908 may
include building an extraction model configured to extract
data corresponding to image characteristics depicted in the
region(s) of interest.

In still further embodiments, building an extraction model
may include mapping the feature vector, list of feature
vectors, and/or feature matrix, and associating metadata
label(s) with each mapped object feature. In one approach
mapping the feature vector, list of feature vectors, and/or
feature matrix to object features involves processing the
feature vector to determine therefrom pertinent location
information, color profile information, etc. for the image.

Metadata labels may include any type of information and
be associated with any type of object feature. For example,
in some embodiments metadata labels may identify object
features according to type of data depicted, such as text,
alphanumeric characters, symbols, numeric characters, pic-
ture, background, foreground, field, shadow, texture, shape,
dimension, color profile or scheme, etc. as would be under-
stood by one having ordinary skill in the art upon reading the
present descriptions.

In case of invoices for instance, metadata labels may
include text and/or relative or absolute location information.
For example, a metadata label may identify text as an
invoice number with an absolute location at a bottom right
corner of the invoice. Moreover, another metadata label may
identify text as an invoice date with a relative location
directly below the invoice number address on the invoice,
etc.

Additionally and/or alternatively, metadata labels may
identify object features according to relevance in subsequent
processing operations, such as identifying particular data
format or informational content. For example, metadata
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labels may include personal information labels such as
“name,” “address,” “social security number,” “driver license
number,” “date of birth,” “credit score,” “account number,”
“routing number,” “photograph” etc. as would be under-
stood by one having ordinary skill in the art upon reading the
present descriptions.

In operation 910, the processor(s) is/are used to extract
data from the digital image based at least in part on the
extraction model. Notably, extracting the data does not
utilize optical character recognition (OCR) techniques.
Rather, the extraction model is preferably defined based on
a feature vector, list of feature vectors, and/or feature matrix
descriptive of an object or object class, respectively. For
instance, in one embodiment data extraction comprises
identifying connected components within the digital image
(preferably a region of interest of the digital image) and
extracting a sub image comprising some or all of the
identified connected components. However, as described in
further detail below, optical character recognition techniques
may be utilized outside the context of data extraction per se
as performed in operation 910, such as to establish a location
of'a bounding box surrounding textual elements represented
in the digital image data.

Referring now to FIG. 10, a method 1000 is shown,
according to one embodiment. The method may be per-
formed in any suitable environment and/or utilizing any
suitable mechanism(s), including those depicted in FIGS.
1-4C, in various approaches. In one view, the method 1000
may be considered an implementation of a data extraction
process as described herein; the implementation is in the
format of a mobile application being engaged by a user.

In one approach, method 1000 includes operation 1002,
where a digital image captured by a mobile device is
received. The digital image may be received and/or stored in
a memory of the mobile device used to capture the image,
another mobile device, and/or a remote computer such as a
server and/or cloud storage environment, in various embodi-
ments. Moreover, the digital image may be received from a
variety of sources, such as a component of the mobile device
including a camera, a memory, wireless receiver, antenna,
etc. as would be understood by one having ordinary skill in
the art upon reading the present descriptions. In other
approaches, the digital image may be received from a remote
device, such as a remote server, another mobile device, a
camera with integrated data transmission capability, a fac-
simile machine or other multifunction printer, etc. The
digital image may optionally be received via an online
service, a database, etc. as would be understood by the
skilled artisan reading this disclosure.

Method 1000 includes performing operations 1002-1012
using a single processor or combination processors, such as
a processor of the mobile device used to capture the image
and/or a processor of another mobile device, one or more
processors of a server or multiple servers, one or more
processing resources of a remote cloud computing environ-
ment, etc., in various embodiments.

In operation 1004, the processor(s), preferably including
at least a mobile device processor, is/are used to determine
whether an object depicted in the digital image belongs to a
particular object class among a plurality of object classes.
Determining whether an object belongs to a particular object
class may be performed according to any suitable method,
and is preferably performed in a manner commensurate with
the descriptions in related U.S. patent application Ser. No.
14/209,825 regarding Document Classification, e.g. as set
forth with respect to FIGS. 5 & 6 of U.S. patent application
Ser. No. 14/209,825, in various embodiments.
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In operation 1006, once again preferably using the pro-
cessor of the mobile device, the digital image is displayed on
a mobile device display. The digital image is displayed in
response to determining the object does not belong to any
particular object class among the plurality of object classes.
Additionally and/or alternatively, the digital image may be
displayed in response to determining the object does belong
to a particular object class among the plurality of object
classes.

Displaying the digital image on the mobile device display
enables further action conducive to efficient and robust
extraction of data from digital images using a processor. For
example, in various approaches the digital image may be
displayed on the mobile device display (or another device’s
display, such as a desktop computer, server, etc.) to provide
feedback regarding the digital image, such as image quality,
object classification (or lack thereof), extracted data, etc.
Similarly, the digital image may be displayed to facilitate
receiving additional input from a user, such as: user feed-
back regarding a classification and/or extraction result;
metadata associated with or to be associated with the digital
image, object depicted therein, and/or a particular object
class to which the depicted object is determined to belong,
etc.; instructions to perform additional processing, extrac-
tion, or other manipulation of the digital image, etc. as
would be understood by one having ordinary skill in the art
upon reading the present descriptions.

Operation 1008 includes using the processor(s) to receive
user input via the display of the mobile device. More
particularly, the user input identifies one or more regions of
interest in the object. In one embodiment of a method 1000
including operation 1008, the image of the identifying
document may be presented to the user via the mobile device
display. The user may be prompted to confirm, negate,
and/or modify identifying features of the object, regions of
interest identified based on an object classification, etc. The
user may additionally and/or alternatively be prompted to
define, confirm, negate, and/or modity identifying features
of the object, regions of interest not identified based on the
classification, etc., in various embodiments.

In operation 1010, an extraction model is built and/or
selected based at least in part on the user input received in
operation 1008. In one exemplary approach, based on the
user input identifying the region(s) of interest, operation
1010 may include, using the processor(s), reviewing one or
more existing object class definitions to determine whether
the identified regions of interest define a pattern that
matches, corresponds, or is similar to a pattern defining
regions of interest of objects belonging to the existing object
class. Upon determining the patterns match, correspond or
are similar, operation 1010 may include selecting an existing
extraction model defined for the matching object class, and
utilize that extraction model to extract data from the digital
image.

Alternatively, operation 1010 may include analyzing the
image and characteristics thereof to define a feature vector
descriptive of the image characteristics, where the feature
vector preferably includes at least internal identifying fea-
tures of the object. This new feature vector may be used to
modify a list of feature vectors and/or feature matrix
descriptive of the existing object class having the matching,
corresponding, or similar pattern of regions of interest. The
resulting extraction model is configured to extract data from
images depicting objects belonging to the existing object
class, including raw image data, data corresponding to text,
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images, photographs, symbols, etc. as would be understood
by one having ordinary skill in the art upon reading the
present descriptions.

Additionally and/or alternatively, operation 1010 may
include building, using the processor(s), a new extraction
model based on the user input defining the regions of
interest, identifying features, etc., in some approaches. More
specifically, using the processor of the mobile device, the
image is analyzed and characteristics thereof used to define
a feature vector descriptive of the regions of interest, iden-
tifying features, and/or other image characteristics. For
example, the feature vector may correspond to image char-
acteristics such as pixel brightness and/or intensity in one or
more color channels, brightness and/or intensity of one or
more neighboring pixels in one or more color channels,
positional relationship of pixels in the image or in a subre-
gion of the image, regions of a document likely to depict
text, regions of a document likely to depict a photograph,
etc. Image analysis and feature vector definition may be
performed in any suitable manner, and preferably may be
performed substantially as described above regarding
“Document Classification” and “Additional Processing.”
Using the feature vector, operation 1010 may include build-
ing an extraction model configured to extract data corre-
sponding to image characteristics depicted in the region(s)
of interest.

In operation 1012, data is extracted, using the
processor(s), from the image based at least in part on the
extraction model. Notably, extracting the data does not
utilize optical character recognition (OCR) techniques.
Rather, the extraction model is preferably defined based on
a feature vector, list of feature vectors, and/or feature matrix
descriptive of an object or object class, respectively. For
instance, in one embodiment data extraction comprises
identifying connected components within the digital image
(preferably a region of interest of the digital image) and
extracting a sub image comprising some or all of the
identified connected components. However, optical charac-
ter recognition techniques may be utilized outside the con-
text of data extraction per se as performed in operation 1012,
such as to establish a location of a bounding box surrounding
textual elements represented in the digital image data.

In one illustrative embodiment, a user, via a mobile
application adapted to facilitate performing data classifica-
tion and/or extraction as described herein, may perform a
classification operation to attempt classifying an object
depicted in a digital image. Depending on whether the
classification algorithm has been trained to recognize an
object as belonging to a particular object class, the algorithm
may or may not successfully classify the particular object
depicted in the digital image. After completing one or more
classification attempts, the image of the identifying docu-
ment may be presented to the user via the mobile device
display. The user may be prompted to confirm, negate,
and/or modify regions of interest identified based on the
object classification. The user may additionally and/or alter-
natively be prompted to define one or more regions of
interest not identified based on the classification.

Similarly, if the classification attempt fails to identify the
object class, the user may be prompted to define a new object
class and further define one or more regions of interest in
object belonging to the new object class by interacting with
the display of the mobile device. For example, a user may
draw one or more bounding boxes around regions of interest
by providing tactile feedback via the mobile device display.
The user may then direct the mobile application to extract
data from the digital image, and the application optionally
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employs the processor of the mobile device, a server, etc. to
build and/or select an extraction model based at least in part
on the user-defined regions of interest and extract data from
the digital image based in whole or in part on the extraction
model.

Classification may include any functionality as described
in related U.S. Patent Application Nos. 13/802,226 and/or
14/209,825, in various approaches and without departing
from the scope of the inventive concepts presented herein.
As noted above, U.S. Patent Application Nos. 13/802,226
and/or 14/209,825 are incorporated herein by reference and
respectively teach various inventive embodiments of clas-
sification and extraction techniques.

In various approaches, methods 900 and/or 1000 may
optionally include one or more additional functionalities,
features and/or operations as described below.

In one approach, method 900 and/or method 1000 may
further include training the extraction model. Training an
extraction model may be accomplished using any known
method, model, mechanism, etc. as would be understood by
one having ordinary skill in the art upon reading the present
descriptions. In a preferred embodiment, training comprises
a learn-by-example (LBE) process. Specifically, for a par-
ticular object class, a plurality of representative objects may
be provided with or without associated metadata labels.
Based at least in part on the object features of the provided
representative objects, the extraction model may be trained
to modify and thus improve the robustness of extracting data
from objects belonging to the object class.

Those having ordinary skill in the art will appreciate that
in some approaches extraction model training may be spe-
cifically designed to improve the ability of the extraction
model to precisely and accurately extract data from objects
corresponding to a particular object class for which the
extraction model was built. Such training may improve
extraction precision and/or accuracy by training the model
by providing a set of objects characterized by substantially
identical object features, e.g. a plurality of copies of the
same object type such as a standardized form, document
type, multiple images of the same object, etc. Using this
training set, the extraction model may reinforce the list of
feature vectors and/or feature matrix representing objects in
the class, and improve the robustness of extracting data from
objects belonging to the class.

Alternatively, training may be specifically designed to
improve the ability of the extraction model to extract data
from a set of objects within an object class characterized by
variable object features, or across several object classes.
Such training may involve providing a set of objects with
diverse characteristics to improve the extraction model’s
ability to extract data generally from a diverse object class
or several object classes.

In more approaches, the extraction model may be trained
using the processor of the mobile device. Moreover, the
trained extraction model may be stored and/or exported, e.g.
to a memory, a buffer, another process or processor, etc. The
trained extraction model may be preferably stored and/or
exported to a memory of the mobile device, a processor of
the mobile device, or another process being executed using
the processor of the mobile device. In various embodiments,
the trained extraction model may be flagged and/or retrieved
for subsequent use by the mobile device or another mobile
device. Similarly, the extraction model may be stored and/or
passed to a memory and/or processor of another device, such
as another mobile device, a server, a cloud computing
environment, etc.
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Preferably, training as described herein utilizes a training
set comprising a plurality of objects, and more preferably the
training set comprises no less than five objects.

In addition to training the extraction model, some
embodiments of method 900 may additionally and/or alter-
natively encompass performing at least one OCR technique
on one or more regions of the digital image. The OCR’ed
region(s) may correspond to one or more of the object
features (e.g. object features identified using the object class
definition and/or extraction model) and/or other object fea-
tures (e.g., features were not previously identified using the
object class definition and/or extraction model).

Still more embodiments of method 900 and/or method
1000 may further include detecting one or more lines of text
in objects such as documents. In some approaches, detecting
text lines involves projecting the digital image onto a single
dimension. In an exemplary approach, a projection may be
made along a dimension perpendicular to the predominant
axis of text line orientation, so that text lines and areas
between lines of text can be easily distinguished according
to dark area density (e.g. black pixel density, count, etc.).
Thus, if the document is oriented in portrait, detecting text
includes projecting along the vertical dimension (y-axis) and
if the document is in landscape orientation, detecting text
includes projecting along the horizontal dimension (x-axis).
The projection can also be used to determine and/or manipu-
late orientation (portrait, landscape, or any other angle of
skew) of a document, in other approaches. For example, in
an exemplary embodiment configured to classify and extract
data from images of documents corresponding to a standard
ID such as a driver’s license, detecting lines of text, etc. may
be utilized to determine a most likely document orientation
from among a plurality of possible orientations (e.g. 0°, 90°,
180°, or 270° rotation angle, in one approach).

Detecting text lines may additionally include determining
a distribution of light and dark areas along the projection;
determining a plurality of dark pixel densities. Moreover,
each dark pixel density may correspond to a position along
the projection. Upon determining the plurality of dark pixel
densities, probable text lines may be determined according
to whether the corresponding dark pixel density is greater
than a probable text line threshold, which may be pre-
defined by a user, determined experimentally, automatically
determined, etc. In embodiments where a probable text line
threshold is employed, detecting text lines further includes
designating each position as a text line upon determining the
corresponding dark pixel density is greater than the probable
text line threshold.

In another embodiment detecting text lines may include
detecting a plurality of connected components non-back-
ground elements in the digital image, and determining a
plurality of likely characters based on the plurality of
connected components.

In one embodiment, likely characters may be found
within or characterized by regions of a digital image char-
acterized by a predetermined number of light-to-dark tran-
sitions in a given direction, such as three light-to-dark
transitions in a vertical direction as would be encountered
for a small region of the digital image depicting a capital
letter “E.” Each light-to-dark transition may correspond to a
transition from a background of a document (light) to one of
the horizontal strokes of the letter “E.” Of course, other
numbers of light-to-dark transitions may be employed, such
as two vertical and/or horizontal light-to-dark transitions for
a letter “o0,” one vertical light to dark transition for a letter
“1,” etc. as would be understood by one having ordinary
skill in the art upon reading the present descriptions.
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In another embodiment, likely characters and/or text
blobs may be detected using or within maximally stable
extremal regions of the image. A maximally stable extremal
region is a connected area characterized by almost uniform
intensity or color, surrounded by contrasting background.
The regions are determined as those that maintain
unchanged shapes over multiple thresholds.

For instance, in one exemplary MSER approach, for each
threshold, the connected components are computed, and for
each component, the corresponding area thereof is deter-
mined. Stable regions are those with persistent areas over
multiple thresholds. Preferably, dA/dt is near zero, where A
is the area, t is threshold, dA is the differential of A, and dt
is the differential of the threshold t).

Those having ordinary skill in the art will appreciate that
likely characters may be determined using either or both of
the foregoing exemplary approaches, as well as other tech-
niques known in the art, in any combination without depart-
ing from the scope of the presently described inventive
embodiments.

Upon determining likely characters, lines of text may be
determined by identifying regions of the image having a
plurality of adjacent characters, and may define the text lines
according to a text baseline of the plurality of adjacent
characters, in one embodiment.

In some approaches, it is possible to determine and/or
manipulate image orientation based on the result of project-
ing the image along one dimension. For example, if a
projection produces a one-dimensional pattern of high dark
pixel density regions interspersed with low dark pixel den-
sity regions, then it is probable that the projection was made
along the axis perpendicular to the longitudinal axis of text
line orientation (i.e. a projection along the y-axis for a
document in “portrait” orientation having text oriented from
left-to-right along the x-axis of the image; or a projection
along the x-axis for a document in “landscape” orientation
having text oriented bottom-to-top along the y-axis of the
image). Based on this probabilistic determination, one may
optionally rotate and/or reorient the image based on projec-
tion results.

Those having ordinary skill in the art will appreciate that
detecting text lines based on dark pixel density along a
one-dimensional projection may be particularly challenging
for color images. For example, some documents may depict
text in a color relatively lighter than the background, in
which case dark pixel density would indicate absence of a
probable text line rather than presence thereof. In that case,
detecting text lines may involve designating probable text
lines near any position along the projection upon determin-
ing the position is characterized by a dark pixel density less
than a dark pixel density threshold.

Moreover, text may be presented in a variety of colors,
and mere dark pixel density may be an insufficient charac-
teristic from which to identify probable text lines. In order
to address these challenges, detecting text lines in color
images preferably includes projecting each color channel of
the digital image onto a single channel along the single
dimension. In other words, color channel intensity values
(e.g. integer values between 0-255) are transformed into a
single intensity value. The transformation may be accom-
plished according to any suitable function, and in a preferred
embodiment the intensity of each color channel for a given
pixel or set of pixels is averaged and the pixel or set of pixels
is assigned a representative intensity value according to the
average of the color channel intensity values.

In another embodiment, data extraction may include
associating object classes with one or more lists of object
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regions containing information of interest, for example a list
of rectangular regions of a document that contain text, or
that may contain text and the color of expected text.

In one illustrative example, a user is presented an image
of an object via a display of a mobile device. The user
interacts with the image via the mobile device display, and
defines one or more regions of interest, for example indi-
cating a region displaying the user’s name, address, license
number, etc. The user can repeat the process for a multitude
of images, and thus provide training images either inten-
tionally or as part of a transparent process. Once a sufficient
number of training examples have been defined (e.g. about
5 in the case of a small document such as a driver license),
the training algorithm may be executed automatically or at
the user’s discretion. The result of training is an extraction
model can be used to automatically extract the relevant
locations and rectangles of subsequently presented unknown
documents, all without utilizing OCR techniques.

In other approaches, after data is extracted according to
the above-described methods, OCR techniques may be
utilized for purposes other than mere data extraction. For
example, OCR may be performed using a processor of the
mobile device, and may only OCR a small subset of the total
image. Alternatively, OCR may be performed using a pro-
cessor of a server. In order to reduce communication time
between the mobile device and the server, only portion(s) of
the image to be processed using OCR may be transmitted to
the server.

In additional embodiments, classification and/or extrac-
tion results may be presented to a user for validation, e.g. for
confirmation, negation, modification of the assigned class,
etc. For example, upon classifying an object using semi- or
fully automated processes in conjunction with distinguish-
ing criteria such as defined herein, the classification and the
digital image to which the classification relates may be
displayed to a user (e.g. on a mobile device display) so that
the user may confirm or negate the classification. Upon
negating the classification, a user may manually define the
“proper” classification of the object depicted in the digital
image. This user input may be utilized to provide ongoing
“training” to the classifier(s), in preferred approaches. Of
course, user input may be provided in relation to any number
of operations described herein without departing from the
scope of the instant disclosures.

In even more preferred embodiments, the aforementioned
validation may be performed without requiring user input.
For instance, it is possible to mitigate the need for a user to
review and/or to correct extraction results by performing
automatic validation of extraction results. In general, this
technique involves referencing an external system or data-
base in order to confirm whether the extracted values are
known to be correct. For example, if name and address are
extracted, in some instances it is possible to validate that the
individual in question in fact resides at the given address.

This validation principle extends to classification, in even
more embodiments. For example, if the extraction is correct,
in some approaches it is appropriate to infer that the clas-
sification is also correct. This inference relies on the assump-
tion that the only manner in which to achieve the “correct”
extraction result (e.g. a value matches an expected value in
a reference data source, matches an expected format for the
value in question, is associated with an expected symbol or
other value, etc. as would be understood by one having
ordinary skill in the art upon reading the present descrip-
tions).
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Content-Based Detection and Data Extraction

As noted above, the presently described inventive con-
cepts include the notion of content-based detection of
objects and extraction of data therefrom. Individual details
of content-based detection and data extraction, respectively,
are described hereinabove, according to various embodi-
ments which may be combined in any suitable manner that
would be appreciated by a skilled artisan reading the present
disclosure.

In a particularly preferred embodiment, a combined
approach to content-based detection and data extraction is
shown in FIG. 11, with reference to method 1100. As will be
understood by a person having ordinary skill in the art upon
reading the present descriptions, the method 1100 may be
performed in any suitable environment, including those
depicted in FIGS. 1-2 and may operate on inputs and/or
produce outputs as depicted in FIGS. 3A-5, in various
approaches.

As shown in FIG. 11, method 1100 includes operation
1102, where a plurality of identifying features of an object
depicted in a digital image are detected, preferably using a
hardware processor. Importantly, the identifying features are
located internally with respect to the object rather than being
located on or part of edges of the object.

In operation 1104, method 1100 includes projecting a
location of one or more regions of interest of the object
based at least in part on the plurality of identifying features.
Each region of interest preferably depicts content, optionally
including boilerplate content, variable content, or combina-
tions thereof, in various embodiments. For instance, in one
approach based on the set of identifying features detected
within the object, the type of object and/or layout of content
within the object may be inferred, e.g. based on comparing
the set of identifying features, a feature vector representing
the identifying features and/or other image characteristics,
or some other suitable representation of the object to a
plurality of reference images, reference feature vectors,
reference feature vector matrices, etc. as would be appreci-
ated by a person having ordinary skill in the art upon reading
the present disclosure and materials incorporated herein by
reference.

In operation 1106 of method 1100 an extraction model is
built, selected, or both (e.g. by building upon an existing
extraction model to accommodate new/different character-
istics of a particular object type). The extraction model is
configured to extract some or all content of the object as
depicted in the image, e.g. using techniques as described
herein above with respect to FIGS. 9-10, and based at least
in part on the location of the one or more regions of interest,
the plurality of identifying features, or both, in alternative
approaches. Of course, iterative content extraction may be
configured to extract content in a multi-pass procedure
where each pass involves extracting a different type of
content or extracting content on a different basis.

The extraction model built/selected in operation 1106 is
then utilized to extract some or all content from the digital
image in operation 1108.

Of course, method 1100 may include any combination of
additional features, operations, functions, and/or details
described herein and in the related applications incorporated
by reference hereinabove.

For instance, and according to particularly preferred
embodiments, at least some of the content extracted from the
digital image comprises variable content positioned adjacent
to boilerplate content representing some of the plurality of
identifying features.
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Moreover, the content extracted from the digital image
may be selected based on a downstream application in which
the extracted content will be utilized. For instance, different
information may be relevant to a loan application as opposed
to an identity validation workflow or mobile bill payment.
Accordingly, the pertinent information in the context of the
downstream application may dictate the particular content
extracted from the image, as described hereinabove and as
would be appreciated by persons having ordinary skill in the
art upon reading the present disclosure.

In more embodiments, method 1100 may preferably
include an automated feature discovery (or feature zone
discovery) process that is transparent to the user. Automated
feature zone discovery preferably includes matching a plu-
rality of pixels in the digital image to a plurality of corre-
sponding pixels in a plurality of reference images to form a
set of matching pairs, each matching pair including one pixel
from the digital image and one pixel from one of the
plurality of reference images; and determining a subset of
the matching pairs exhibiting a frequency within the set of
matching pairs that is greater than a predetermined fre-
quency threshold.

The foregoing descriptions of methods 700-1100 should
be understood as provided by way of example to illustrate
the inventive concepts disclosed herein, without limitation.
In other approaches, the techniques disclosed herein may be
implemented as a system, e.g. a processor and logic con-
figured to cause the processor to perform operations as set
forth with respect to methods 700-1100, as well as a com-
puter program product, e.g. a computer readable medium
having stored thereon computer readable program instruc-
tions configured to cause a processor, upon execution
thereof, to perform operations as set forth with respect to
methods 700-1100. Any of the foregoing embodiments may
be employed without departing from the scope of the instant
descriptions.

In addition, it should be understood that in various
approaches it is advantageous to combine features, opera-
tions, techniques, etc. disclosed individually with respect to
content based detection and content based recognition as
described herein. Accordingly, the foregoing exemplary
embodiments and descriptions should be understood as
modular, and may be combined in any suitable permutation,
combination, selection, etc. as would be understood by a
person having ordinary skill in the art reading the present
disclosure. In particular, leveraging a four-point algorithm
and estimating homography transforms to facilitate content-
based recognition and content-based reconstruction of
image data are especially advantageous in preferred embodi-
ments.

While various embodiments have been described above,
it should be understood that they have been presented by
way of example only, and not limitation. Thus, the breadth
and scope of an embodiment of the present invention should
not be limited by any of the above-described exemplary
embodiments.

What is claimed is:

1. A computer-implemented method of detecting an object
depicted in a digital image, the method comprising:

detecting, using a hardware processor, a plurality of

identifying features of the object, wherein the plurality
of identifying features are located internally with
respect to the object;

projecting, using the hardware processor, a location of one

or more regions of interest of the object based at least
in part on the plurality of identifying features, wherein
each region of interest depicts content, and wherein the
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projecting comprises comparing one or more feature
vectors representing the object to one or more reference
feature vectors and/or one or more reference feature
matrices;
building and/or selecting, using the hardware processor,
an extraction model configured to extract some or all of
the content based at least in part on: the location of the
one or more regions of interest, the plurality of iden-
tifying features, or both the location of the one or more
regions of interest and the plurality of identifying
features; and
extracting, using the hardware processor, the some or all
of the content from the digital image using the extrac-
tion model; and
wherein at least a portion of one or more edges of the
object is missing from the digital image.
2. The computer-implemented method as recited in claim
1, wherein extracting the some or all of the content from the
digital image does not utilize OCR.
3. The computer-implemented method as recited in claim
1, wherein the plurality of identifying features comprise
boilerplate content, and wherein the boilerplate content is
selected from the group consisting of: one or more internal
lines of the object, one or more symbols appearing on the
object, one or more text characters, and combinations
thereof.
4. The computer-implemented method as recited in claim
3, wherein the one or more symbols are selected from the
group consisting of: one or more icons, a fingerprint, a
pattern of lines appearing on the object, one or more
intersections between lines appearing on the object, and
combinations thereof.
5. The computer-implemented method as recited in claim
1, comprising:
cropping the digital image based at least in part on a
projected location of one or more edges of the object;
and
classifying the object depicted within the cropped digital
image.
6. The computer-implemented method as recited in claim
1, comprising:
attempting to detect the object within the digital image
using a plurality of predetermined object detection
models each corresponding to a known object type; and
determining a classification of the object based on a result
of attempting to detect the object within the digital
image using the plurality of predetermined object
detection models; and
wherein the classification of the object is determined to be
the known object type corresponding to one of the
object detection models for which the attempt to detect
the object within the digital image was successful.
7. A computer-implemented method of detecting an object
depicted in a digital image, the method comprising:
detecting, using a hardware processor, a plurality of
identifying features of the object, wherein the plurality
of identifying features are located internally with
respect to the object;
projecting, using the hardware processor, a location of one
or more regions of interest of the object based at least
in part on the plurality of identifying features, wherein
projecting the location of the one or more regions of
interest of the object is based on a mapping of key
points within some or all of the plurality of identifying
features to key points of a reference image depicting an
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object belonging to a same class as the object depicted
in the digital image, and wherein each region of interest
depicts content;

building and/or selecting, using the hardware processor,

an extraction model configured to extract some or all of
the content based at least in part on: the location of the
one or more regions of interest, the plurality of iden-
tifying features, or both the location of the one or more
regions of interest and the plurality of identifying
features; and

extracting, using the hardware processor, the some or all

of the content from the digital image using the extrac-
tion model.

8. The computer-implemented method as recited in claim
7, wherein the plurality of identifying features comprise
boilerplate content.

9. The computer-implemented method as recited in claim
8, wherein the boilerplate content is selected from the group
consisting of: one or more internal lines of the object, one or
more symbols appearing on the object, one or more text
characters, and combinations thereof.

10. The computer-implemented method as recited in
claim 9, wherein the one or more symbols are selected from
the group consisting of: one or more icons, a fingerprint, a
pattern of lines appearing on the object, one or more
intersections between lines appearing on the object, and
combinations thereof.

11. The computer-implemented method as recited in claim
7, comprising:

cropping the digital image based at least in part on a

projected location of one or more edges of the object;
and

classifying the object depicted within the cropped digital

image.
12. The computer-implemented method as recited in
claim 7, comprising:
attempting to detect the object within the digital image
using a plurality of predetermined object detection
models each corresponding to a known object type; and

determining a classification of the object based on a result
of attempting to detect the object within the digital
image using the plurality of predetermined object
detection models; and

wherein the classification of the object is determined to be

the known object type corresponding to one of the
object detection models for which the attempt to detect
the object within the digital image was successful.

13. The computer-implemented method as recited in
claim 7, wherein at least a portion of one or more edges of
the object is at least partially obscured and/or missing in the
digital image.

14. A computer-implemented method of detecting an
object depicted in a digital image, the method comprising:

detecting, using a hardware processor, a plurality of

identifying features of the object, wherein the plurality
of identifying features are located internally with
respect to the object;

cropping the digital image based at least in part on a

projected location of one or more edges of the object,
wherein the projected location of the one or more edges
of the object is based at least in part on the plurality of
identifying features;

detecting one or more transitions between the background

and the object within the cropped digital image;
projecting, using the hardware processor, a location of one
or more regions of interest of the object based at least
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in part on the plurality of identifying features, wherein
each region of interest depicts content;

building and/or selecting, using the hardware processor,
an extraction model configured to extract some or all of
the content based at least in part on: the location of the
one or more regions of interest, the plurality of iden-
tifying features, or both the location of the one or more
regions of interest and the plurality of identifying
features; and

extracting, using the hardware processor, the some or all 19

of the content from the digital image using the extrac-
tion model.

15. The computer-implemented method as recited in
claim 14, wherein the plurality of identifying features com-
prise boilerplate content.

16. The computer-implemented method as recited in
claim 15, wherein the boilerplate content is selected from the
group consisting of: one or more internal lines of the object,
one or more symbols appearing on the object, one or more
text characters, and combinations thereof.

17. The computer-implemented method as recited in
claim 16, wherein the one or more symbols are selected from
the group consisting of: one or more icons, a fingerprint, a
pattern of lines appearing on the object, one or more
intersections between lines appearing on the object, and
combinations thereof.

52

18. The computer-implemented method as recited in
claim 14, comprising:
cropping the digital image based at least in part on a
projected location of one or more edges of the object;
and
classifying the object depicted within the cropped digital
image.
19. The computer-implemented method as recited in
claim 14, comprising:
attempting to detect the object within the digital image
using a plurality of predetermined object detection
models each corresponding to a known object type; and
determining a classification of the object based on a result
of attempting to detect the object within the digital
image using the plurality of predetermined object
detection models; and
wherein the classification of the object is determined to be
the known object type corresponding to one of the
object detection models for which the attempt to detect
the object within the digital image was successful.
20. The computer-implemented method as recited in
claim 14, wherein at least a portion of one or more edges of
the object is at least partially obscured and/or missing in the
digital image.



