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tion. In an embodiment, lines are detected in an input image
of a document. The lines are searched for candidate quad-
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quadrilaterals, a contour score is calculated, and the candi-
date quadrilaterals are saved or discarded based on their
contour scores. For each saved candidate quadrilateral, a
contrast score is calculated. A final candidate quadrilateral is
selected, based on the combined contour and contrast scores
for the saved candidate quadrilaterals, to represent the
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ADVANCED HOUGH-BASED ON-DEVICE
DOCUMENT LOCALIZATION

CROSS-REFERENCE TO RELATED
APPLICATIONS

This application claims priority to Russian Patent App.
No. 2021132191, filed on Nov. 3, 2021, which is hereby
incorporated herein by reference as if set forth in full.

BACKGROUND

Field of the Invention

The embodiments described herein are generally directed
to document recognition, and, more particularly, to docu-
ment localization that is suitable for the resource constraints
imposed by a mobile device, such as a smartphone.

Description of the Related Art

Systems for recognizing documents in images are used in
various institutions and industries, such as customs, trans-
port, banking, trade, and telecommunications. See, e.g.,
Ref1 and Ref2. The development of stricter privacy and
security standards (see, e.g., Ref3) has increased the demand
for on-device document recognition, such that no data needs
to be transferred to third-party document-recognition serv-
ers. On-device document-recognition systems are used for
remote authentication in car-sharing rentals, automating
bank card entry for online shopping, business card scanning,
and the like. To improve the user experience when interact-
ing with such systems, the response time of the system
should be minimized. However, typically such systems are
implemented on mobile devices (e.g., smartphones), which
generally have limited processing power and memory. Thus,
what is needed is a document-recognition algorithm that can
perform accurately under such constraints.

SUMMARY

Accordingly, systems, methods, and non-transitory com-
puter-readable media are disclosed for fast document local-
ization to reduce the response time of a document-recogni-
tion system.

In an embodiment, a method comprises using at least one
hardware processor to: receive an input image of a docu-
ment; detect a plurality of edges in the document; detect a
plurality of lines based on the plurality of edges; search the
plurality of lines for combinations of the plurality of lines
that represent a plurality of new candidate quadrilaterals; for
each of at least a subset of the plurality of new candidate
quadrilaterals, calculate a contour score for the new candi-
date quadrilateral, when a saved set of candidate quadrilat-
erals has not yet reached a maximum size, add the new
candidate quadrilateral to the saved set, and, when the saved
set of candidate quadrilaterals has reached the maximum
size, when the contour score of the new candidate quadri-
lateral is not greater than a contour score of any candidate
quadrilateral in the saved set, discard the new candidate
quadrilateral, and, when the contour score of the new
candidate quadrilateral is greater than a contour score of at
least one candidate quadrilateral in the saved set, discard a
candidate quadrilateral with a lowest contour score from the
saved set, and add the new candidate quadrilateral to the
saved set; after the search, for each candidate quadrilateral
in the saved set, calculate a contrast score for the candidate

quadrilateral, and calculate a combined score from the
contour score and the contrast score calculated for the
candidate quadrilateral; and select a candidate quadrilateral
having a highest combined score from the saved set to
represent borders of the document. The combined score may
be a linear combination of the contour score and the contrast
score. The at least one hardware processor may be com-
prised in a mobile device.

The input image may be a lower resolution version of an
original image, and the method may further comprise using
the at least one hardware processor to refine the selected
candidate quadrilateral by: extracting a region that repre-
sents each border in the selected candidate quadrilateral;
applying a similarity transformation to the selected candi-
date quadrilateral to produce a transformed quadrilateral,
wherein the similarity transformation makes each of the
extracted regions, representing a horizontal border, horizon-
tal, makes each of the extracted regions, representing a
vertical border, vertical, and scales the selected candidate
quadrilateral to a higher resolution; and detecting lines in the
transformed quadrilateral.

The search may comprise: searching for combinations of
four lines from the plurality of lines; and searching for
combinations of three lines from the plurality of lines, and,
for each combination of three lines that is found, interpo-
lating a fourth line based on the three lines and a known
aspect ratio of the document.

The method may further comprise using the at least one
hardware processor to, for each of the plurality of new
candidate quadrilaterals, before calculating the contour
score for the new candidate quadrilateral: determine whether
or not an inverse image of the new candidate quadrilateral
differs from an ideal rectangle representing the document by
a predefined threshold difference; and, when the inverse
image of the new candidate quadrilateral differs from the
ideal rectangle by the predefined threshold difference, dis-
card the new candidate quadrilateral without calculating the
contour score for the new candidate quadrilateral and with-
out adding the new candidate quadrilateral to the saved set.
Determining whether or not the inverse image of the new
candidate quadrilateral differs from the ideal rectangle by
the predefined threshold difference may comprise calculat-
ing whether an aspect ratio of the inverse image of the new
candidate quadrilateral differs from an aspect ratio of the
ideal rectangle by more than a predetermined percentage.
Determining whether or not the inverse image of the new
candidate quadrilateral differs from the ideal rectangle by
the predefined threshold difference may comprise calculat-
ing whether a difference between an angle of the inverse
image of the new candidate quadrilateral and an angle of 90
degrees exceeds a predetermined number of degrees.

The contour score may be calculated as:

Contour Score =
{b}

w(b)

1 +
{b}

(1- c(b))
-

{b}

w
′(b)

wherein {b} are the combination of lines in the new candi-
date quadrilateral, wherein w(b) is a total edge intensity
inside a segment b, wherein w'(b) is a total edge intensity of
segments that lie on a straight line containing segment b, do
not intersect each other, have one common point within
segment b, and have at least the threshold length, and
wherein c(b) is a fraction of non-zero edge pixels inside
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segment b. The method may further comprise using the at
least one hardware processor to, for each of the plurality of
new candidate quadrilaterals, before calculating the contour
score for the new candidate quadrilateral: determine whether
or not each of w(b), w'(b), and c(b) has a value that is outside
a respective range; and, when determining that any of w(b),
w'(b), and c(b) have a value that is outside the respective
range, discard the new candidate quadrilateral without cal-
culating the contour score for the new candidate quadrilat-
eral and without adding the new candidate quadrilateral to
the saved set.

For each candidate quadrilateral in the saved set, the
contrast score may be calculated based on an χ2 distance
between red-green-blue (RGB) pixel histograms of inner
areas and outer areas of the candidate quadrilateral. For each
candidate quadrilateral in the saved set, the contrast score
may be calculated after projectively normalizing the candi-
date quadrilateral.

Detecting the plurality of edges may comprise generating
a horizontal edge map for primarily horizontal edges and a
vertical edge map for primarily vertical edges. Generating
each of the horizontal edge map and the vertical edge map
may comprise: applying morphological filtering to the input
image; calculating derivative values along a respective axis
of the input image; averaging the derivative values; sup-
pressing non-maxima having absolute derivative values
greater than one; collecting connectivity components; and
filtering the collected connectivity components, based on
size, to produce remaining edges, wherein the respective
edge map comprises the remaining edges. Generating each
of the horizontal edge map and the vertical edge map may
further comprise blurring the remaining edges using a
Gaussian function.

Detecting the plurality of lines may comprise: detecting
primarily horizontal lines from the horizontal edge map; and
detecting primarily vertical lines from the vertical edge map.
Detecting the plurality of lines may comprise, for each of the
horizontal edge map and the vertical edge map: applying a
Fast Hough Transform to one or more regions of the
respective edge map; determining a global maximum across
all of the one or more regions based on the Fast Hough
Transform; selecting up to a predetermined number of local
maxima within each of the one or more regions based on the
global maximum; and applying an inverse of the Fast Hough
Transform to the one or more regions to convert the local
maxima into straight lines. Selecting up to a predetermined
number of local maxima within each of the one or more
regions based on the global maximum may comprise select-
ing a local maximum only if that local maximum exceeds a
threshold percentage of the global maximum and that local
maximum lies more than a threshold number of pixels away,
by an l2 norm, from all previously selected local maxima.

Any of the methods may be embodied in executable
software modules of a processor-based system, such as a
mobile device (e.g., smartphone), and/or in executable
instructions stored in a non-transitory computer-readable
medium (e.g., integrated in a smartphone).

BRIEF DESCRIPTION OF THE DRAWINGS

The details of the present invention, both as to its structure
and operation, may be gleaned in part by study of the
accompanying drawings, in which like reference numerals
refer to like parts, and in which:

FIG. 1 illustrates an example processing system, by which
one or more of the processes described herein, may be
executed, according to an embodiment;

FIG. 2 illustrates the pipeline of an example document-
localization process, according to an embodiment;

FIG. 3 illustrates a transformation using a model of a
pinhole camera, according to an embodiment;

FIGS. 4A-4C illustrate an example scenario for illustrat-
ing contour and contrast scoring, according to an embodi-
ment;

FIG. 5 illustrates an example two-stage ranking process
for candidate quadrilaterals, according to an embodiment;

FIGS. 6A-6D illustrate a detailed algorithm for document
localization, according to an embodiment; and

FIGS. 7A-7E illustrate examples of the application of the
document-localization algorithm to an example input image,
according to an embodiment.

DETAILED DESCRIPTION

In an embodiment, systems, methods, and non-transitory
computer-readable media are disclosed for performing docu-
ment localization that is suitable for the resource constraints
imposed by a mobile device. After reading this description,
it will become apparent to one skilled in the art how to
implement the invention in various alternative embodiments
and alternative applications. However, although various
embodiments of the present invention will be described
herein, it is understood that these embodiments are pre-
sented by way of example and illustration only, and not
limitation. As such, this detailed description of various
embodiments should not be construed to limit the scope or
breadth of the present invention as set forth in the appended
claims.

1. System Overview

FIG. 1 is a block diagram illustrating an example wired or
wireless system 100 that may be used in connection with
various embodiments described herein. For example, system
100 may be used as or in conjunction with one or more of
the functions, processes, or methods (e.g., to store and/or
execute one or more software modules implementing the
disclosed algorithm) described herein. System 100 can be a
server or any conventional personal computer, or any other
processor-enabled device that is capable of wired or wireless
data communication. However, it is generally contemplated
that system 100 would be a mobile device, such as a
smartphone. Other computer systems and/or architectures
may be also used, as will be clear to those skilled in the art.

System 100 preferably includes one or more processors
110. Processor(s) 110 may comprise a central processing
unit (CPU). Additional processors may be provided, such as
a graphics processing unit (GPU), an auxiliary processor to
manage input/output, an auxiliary processor to perform
floating-point mathematical operations, a special-purpose
microprocessor having an architecture suitable for fast
execution of signal-processing algorithms (e.g., digital-sig-
nal processor), a slave processor subordinate to the main
processing system (e.g., back-end processor), an additional
microprocessor or controller for dual or multiple processor
systems, and/or a coprocessor. Such auxiliary processors
may be discrete processors or may be integrated with
processor 110. Examples of processors which may be used
with system 100 include, without limitation, any of the
processors (e.g., A series) available from Apple Inc. of
Cupertino, any of the processors (e.g., Exynos™) available
from Samsung Electronics Co., Ltd., of Seoul, South Korea,
any of the processors (e.g., Core™ i5 or i7) available from
Intel Corporation of Santa Clara, California, and/or the like.
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Processor 110 is preferably connected to a communication
bus 105. Communication bus 105 may include a data
channel for facilitating information transfer between storage
and other peripheral components of system 100. Further-
more, communication bus 105 may provide a set of signals
used for communication with processor 110, including a
data bus, address bus, and/or control bus (not shown).
Communication bus 105 may comprise any standard or
non-standard bus architecture such as, for example, bus
architectures compliant with industry standard architecture
(ISA), extended industry standard architecture (EISA),
Micro Channel Architecture (MCA), peripheral component
interconnect (PCI) local bus, standards promulgated by the
Institute of Electrical and Electronics Engineers (IEEE)
including IEEE 488 general-purpose interface bus (GPM),
IEEE 696/S-100, and/or the like.

System 100 preferably includes a main memory 115 and
may also include a secondary memory 120. Main memory
115 provides storage of instructions and data for programs
executing on processor 110, such as one or more of the
functions and/or modules discussed herein. It should be
understood that programs stored in the memory and
executed by processor 110 may be written and/or compiled
according to any suitable language, including without limi-
tation C/C++, Java, JavaScript, Perl, Visual Basic, .NET, and
the like. Main memory 115 is typically semiconductor-based
memory such as dynamic random access memory (DRAM)
and/or static random access memory (SRAM). Other semi-
conductor-based memory types include, for example, syn-
chronous dynamic random access memory (SDRAM), Ram-
bus dynamic random access memory (RDRAM),
ferroelectric random access memory (FRAM), and the like,
including read only memory (ROM).

Secondary memory 120 may optionally include an inter-
nal medium 125 and/or a removable medium 130. Remov-
able medium 130 is read from and/or written to in any
well-known manner. Removable storage medium 130 may
be, for example, a magnetic tape drive, a compact disc (CD)
drive, a digital versatile disc (DVD) drive, other optical
drive, a flash memory drive, and/or the like.

Secondary memory 120 is a non-transitory computer-
readable medium having computer-executable code (e.g.,
disclosed software modules) and/or other data stored
thereon. The computer software or data stored on secondary
memory 120 is read into main memory 115 for execution by
processor 110.

In alternative embodiments, secondary memory 120 may
include other similar means for allowing computer programs
or other data or instructions to be loaded into system 100.
Such means may include, for example, a communication
interface 140, which allows software and data to be trans-
ferred from external storage medium 145 to system 100.
Examples of external storage medium 145 may include an
external hard disk drive, an external optical drive, an exter-
nal magneto-optical drive, and/or the like. Other examples
of secondary memory 120 may include semiconductor-
based memory, such as programmable read-only memory
(PROM), erasable programmable read-only memory
(EPROM), electrically erasable read-only memory (EE-
PROM), and flash memory (block-oriented memory similar
to EEPROM).

As mentioned above, system 100 may include a commu-
nication interface 140. Communication interface 140 allows
software and data to be transferred between system 100 and
external devices (e.g. printers), networks, or other informa-
tion sources. For example, computer software or data may
be transferred to system 100, over one or more networks

(e.g., including the Internet), from a network server via
communication interface 140. Examples of communication
interface 140 include a built-in network adapter, network
interface card (NIC), Personal Computer Memory Card
International Association (PCMCIA) network card, card bus
network adapter, wireless network adapter, Universal Serial
Bus (USB) network adapter, modem, a wireless data card, a
communications port, an infrared interface, an IEEE 1394
fire-wire, and any other device capable of interfacing system
100 with a network or another computing device. Commu-
nication interface 140 preferably implements industry-pro-
mulgated protocol standards, such as Ethernet IEEE 802
standards, Fiber Channel, digital subscriber line (DSL),
asynchronous digital subscriber line (ADSL), frame relay,
asynchronous transfer mode (ATM), integrated digital ser-
vices network (ISDN), personal communications services
(PCS), transmission control protocol/Internet protocol
(TCP/IP), serial line Internet protocol/point to point protocol
(SLIP/PPP), and so on, but may also implement customized
or non-standard interface protocols as well.

Software and data transferred via communication inter-
face 140 are generally in the form of electrical communi-
cation signals 155. These signals 155 may be provided to
communication interface 140 via a communication channel
150. In an embodiment, communication channel 150 may be
a wired or wireless network, or any variety of other com-
munication links. Communication channel 150 carries sig-
nals 155 and can be implemented using a variety of wired or
wireless communication means including wire or cable,
fiber optics, conventional phone line, cellular phone link,
wireless data communication link, radio frequency (“RF”)
link, or infrared link, just to name a few.

Computer-executable code (e.g., computer programs,
comprising one or more software modules) is stored in main
memory 115 and/or secondary memory 120. Computer-
executable code can also be received via communication
interface 140 and stored in main memory 115 and/or sec-
ondary memory 120. Such computer-executable code, when
executed, enable system 100 to perform the various func-
tions of the disclosed embodiments as described elsewhere
herein.

In this description, the term “computer-readable medium”
is used to refer to any non-transitory computer-readable
storage media used to provide computer-executable code
and/or other data to or within system 100. Examples of such
media include main memory 115, secondary memory 120
(including internal memory 125, removable medium 130,
and external storage medium 145), and any peripheral
device communicatively coupled with communication inter-
face 140 (including a network information server or other
network device). These non-transitory computer-readable
media are means for providing executable code, program-
ming instructions, software, and/or other data to system 100.

In an embodiment that is implemented using software, the
software may be stored on a computer-readable medium and
loaded into system 100 by way of removable medium 130,
I/O interface 135, or communication interface 140. In such
an embodiment, the software is loaded into system 100 in
the form of electrical communication signals 155. The
software, when executed by processor 110, preferably
causes processor 110 to perform one or more of the pro-
cesses and functions described elsewhere herein.

In an embodiment, I/O interface 135 provides an interface
between one or more components of system 100 and one or
more input and/or output devices. Example input devices
include, without limitation, sensors, keyboards, touch
screens or other touch-sensitive devices, cameras, biometric
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sensing devices, computer mice, trackballs, pen-based point-
ing devices, and/or the like. Examples of output devices
include, without limitation, other processing devices, cath-
ode ray tubes (CRTs), plasma displays, light-emitting diode
(LED) displays, liquid crystal displays (LCDs), printers,
vacuum fluorescent displays (VFDs), surface-conduction
electron-emitter displays (SEDs), field emission displays
(FEDs), and/or the like. In some cases, an input and output
device may be combined, such as in the case of a touch panel
display (e.g., in a smartphone, tablet, or other mobile
device).

System 100 may also include optional wireless commu-
nication components that facilitate wireless communication
over a voice network and/or a data network. The wireless
communication components comprise an antenna system
170, a radio system 165, and a baseband system 160. In
system 100, radio frequency (RF) signals are transmitted
and received over the air by antenna system 170 under the
management of radio system 165.

In an embodiment, antenna system 170 may comprise one
or more antennae and one or more multiplexors (not shown)
that perform a switching function to provide antenna system
170 with transmit and receive signal paths. In the receive
path, received RF signals can be coupled from a multiplexor
to a low noise amplifier (not shown) that amplifies the
received RF signal and sends the amplified signal to radio
system 165.

In an alternative embodiment, radio system 165 may
comprise one or more radios that are configured to commu-
nicate over various frequencies. In an embodiment, radio
system 165 may combine a demodulator (not shown) and
modulator (not shown) in one integrated circuit (IC). The
demodulator and modulator can also be separate compo-
nents. In the incoming path, the demodulator strips away the
RF carrier signal leaving a baseband receive audio signal,
which is sent from radio system 165 to baseband system
160.

If the received signal contains audio information, then
baseband system 160 decodes the signal and converts it to an
analog signal. Then the signal is amplified and sent to a
speaker. Baseband system 160 also receives analog audio
signals from a microphone. These analog audio signals are
converted to digital signals and encoded by baseband system
160. Baseband system 160 also encodes the digital signals
for transmission and generates a baseband transmit audio
signal that is routed to the modulator portion of radio system
165. The modulator mixes the baseband transmit audio
signal with an RF carrier signal, generating an RF transmit
signal that is routed to antenna system 170 and may pass
through a power amplifier (not shown). The power amplifier
amplifies the RF transmit signal and routes it to antenna
system 170, where the signal is switched to the antenna port
for transmission.

Baseband system 160 is also communicatively coupled
with processor(s) 110. Processor(s) 110 may have access to
data storage areas 115 and 120. Processor(s) 110 are pref-
erably configured to execute instructions (i.e., computer
programs, such as the disclosed algorithms or software
modules) that can be stored in main memory 115 or sec-
ondary memory 120. Computer programs can also be
received from baseband processor 160 and stored in main
memory 110 or in secondary memory 120, or executed upon
receipt. Such computer programs, when executed, enable
system 100 to perform the various functions of the disclosed
embodiments.

2. Process Overview

Embodiments of processes for document localization will
now be described in detail. It should be understood that the

described processes may be embodied in one or more
software modules that are executed by one or more hardware
processors (e.g., processor 110), for example, as a computer
program or software package. The described processes may
be implemented as instructions represented in source code,
object code, and/or machine code. These instructions may be
executed directly by hardware processor(s) 110, or alterna-
tively, may be executed by a virtual machine operating
between the object code and hardware processors 110.

Alternatively, the described processes may be imple-
mented as a hardware component (e.g., general-purpose
processor, integrated circuit (IC), application-specific inte-
grated circuit (ASIC), digital signal processor (DSP), field-
programmable gate array (FPGA) or other programmable
logic device, discrete gate or transistor logic, etc.), combi-
nation of hardware components, or combination of hardware
and software components. To clearly illustrate the inter-
changeability of hardware and software, various illustrative
components, blocks, modules, circuits, and steps are
described herein generally in terms of their functionality.
Whether such functionality is implemented as hardware or
software depends upon the particular application and design
constraints imposed on the overall system. Skilled persons
can implement the described functionality in varying ways
for each particular application, but such implementation
decisions should not be interpreted as causing a departure
from the scope of the invention. In addition, the grouping of
functions within a component, block, module, circuit, or step
is for ease of description. Specific functions or steps can be
moved from one component, block, module, circuit, or step
to another without departing from the invention.

Furthermore, while the processes, described herein, are
illustrated with a certain arrangement and ordering of sub-
processes, each process may be implemented with fewer,
more, or different subprocesses and a different arrangement
and/or ordering of subprocesses. In addition, it should be
understood that any subprocess, which does not depend on
the completion of another subprocess, may be executed
before, after, or in parallel with that other independent
subprocess, even if the subprocesses are described or illus-
trated in a particular order.

2.1. Introduction

Embodiments focus on locating or localizing a document
within an image during document recognition being per-
formed on the image. It is assumed that each document to be
recognized is a rigid, flat rectangle with a known aspect ratio
and unknown content. An image of the document is captured
with a calibrated camera with a known back focal length and
a position of the principal point. The resulting frame con-
tains an image of only one document with the known aspect
ratio. The slope of each of two opposing sides of the
document is within (−1,1], which will be referred to herein
as “primarily horizontal.” The slope of each of the other pair
of opposing sides is within (−∞, 1]∪(1, +∞), which will be
referred to herein as “primarily vertical.” As is typical in
hand-held photography, one side of the document may be
partially or completely obscured, out of the frame, or have
low contrast.

The task of document localization is to define the quad-
rilateral formed by the outer borders of the document.
Algorithms for localizing documents with unknown content
can be divided into three classes: (i) a first class based on
detecting the borders of the document (referred to herein as
“Hough-based,” since the Hough transform is used to find
the document borders); (ii) a second class based on detecting
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the salient region of the document; and (iii) a third class
based on detecting the vertices of the document.

The first class of document-localization algorithms (i.e.,
Hough-based) was originally employed in Ref5, in which
the following pipeline was proposed: borders detection;
search for straight lines using the Hough transform; forma-
tion; filtering; ranking of quadrilaterals; and refinement of
the quadrilateral with the highest rank. However, Ref5
utilizes whiteboard localization which assumes that the
major part of each boundary is within the frame, has strong
contrast, and is not occluded. In hand-held photography,
these assumptions are often violated, resulting in a reduction
in the accuracy of the document-localization algorithm.
Such violation is referred to herein as the border visibility
(BV) problem. The algorithm in Ref5 is also complicated by
the problem of false positives (FP), which refers to the
presence of extended false contrasts in the background of the
image (e.g., tile, carpet, blinds, keyboard, etc.) and within
the document (e.g., text lines, photographs, Portable Data
File 417 (PDF417), etc.). Despite these shortcomings, Ref6
through Ref13 all employ this first class of document-
localization algorithms.

The second class of document-localization algorithms is
based on detecting the salient region of the document. The
basic assumption in such algorithms is that there is a high
contrast between the document and the background of the
image. A first approach to the contrast analysis is to proceed
from the general to the particular (i.e., from the model to the
document). For example, Ref14 employs a quadrilateral as
the model, and optimizes the position of the document by
maximizing the color difference between the inner and outer
areas of the quadrilateral. A second approach to the contrast
analysis is to proceed from the particular to the general (i.e.,
from the document to the model). In particular, the position
of the document is evaluated based on segmentation of the
image into two classes: the document; and the background.
Ref15 represents the image as an unordered tree of regions,
which is obtained by hierarchical segmentation of the image.
For segmentation, Ref15 uses several contrast features,
including the Dahu pseudo distance and the Chi-square
distance between histograms of the color sets of the pixels
in the image. Ref16 uses similar features to segment the
image into the two classes. These approaches to contrast
analysis are stable in terms of false rectilinear contrasts
present in the document and background. However, this
second class of document-localization algorithms is com-
putationally expensive, and therefore, not suitable for many
mobile devices.

Neural networks may be used for segmenting the image
into a document and its background, and improve robustness
in the case of complex backgrounds. For example, Ref17
and Ref18 employ the original U-net neural network. There
are millions of parameters in such networks. Thus, research
has concentrated on reducing the number of parameters. For
example, Ref19 modified the U-net architecture to reduce
the number of parameters by more than 70%, and Ref20
reduced the number of parameters by a factor of 100 using
the Fast Hough Transform (see, e.g., Ref21). However, the
employment of neural networks on mobile devices, such as
smartphones, remains difficult.

The third class of document-localization algorithms is
based on detecting the vertices of the document. See, e.g.,
Ref6, Ref18, and Ref22. Since there may be abundant false
angles in the image, a region of interest (ROI) is employed
to improve the stability of the algorithms. Ref18 employs a
U-net to estimate the region of interest, and Ref22 uses a
convolutional neural network (CNN) to estimate the region

of interest. In contrast, Ref6 does not use a region of interest.
Rather, Ref6 searches for angles in the image, but only to
complement the primary algorithm that is based on detecting
the borders of the document.

Only a handful of existing document-localization algo-
rithms account for the constraints imposed by an on-device
application (e.g., on a smartphone). In Ref7 and Ref8,
high-frequency structures filtering is used to overcome the
FP problem. In Ref9, the quadrilaterals are formed by
straight lines gained by no filtered edges. Since the ratio of
sides is known, triplets of the sides can be used to form a
quadrilateral, in addition to the standard method that
employs the intersection of four sides. This improves the
output quality of the algorithm, especially when one docu-
ment border is not visible in the image. Ref10 suggests
ranking quadrilaterals, based on the edge characteristics
along the document borders, and accounting for the contrast
between the foreground and the background of the quadri-
lateral. Inspired by salience-based algorithms, Ref11
employs the watershed algorithm to extract contours in the
image, prior to searching for straight lines in the image. Ref7
and Ref8 were not evaluated on open datasets, and Ref10
and Ref11 were evaluated on the open dataset SmartDoc
(see Ref23), but did not achieve state-of-the-art scores. Ref9
and Ref10 were evaluated on the open dataset Mobile
Identity Document Video (MIDV)-500 (see Ref24).

In an embodiment, the disclosed document-localization
algorithm uses a Hough-based approach that is capable of
operation on a resource-constrained device, such as a smart-
phone. The modifications proposed in Ref9 and Ref10 may
be used to make the document-localization algorithm more
reliable in terms of FP and BV problems. When evaluated on
the SmartDoc dataset, the disclosed algorithm outperformed
all other methods in terms of precision, with the exception
of a U-net-like neural network. When evaluated on the more
challenging MIDV-500 dataset (i.e., in terms of background
clutter), the disclosed algorithm guaranteed the best perfor-
mance in terms of precision.

2.2. General Algorithm

FIG. 2 illustrates the pipeline of an example document-
localization process 200, according to an embodiment. Pro-
cess 200 may be implemented in software that is entirely
executed by a processor 110 on a mobile device (e.g.,
comprising system 100) to operate on an image that has been
captured by a camera integrated into the mobile device. The
mobile device is generally contemplated to be a smartphone.
However, process 200 may be utilized in other types of
mobile devices (e.g., laptop computers, tablet computers,
etc.), as well as in non-mobile devices (e.g., desktop com-
puters, electronic kiosks, servers, etc.).

In subprocess 210, quadrilaterals are detected. In particu-
lar, subprocess 210 may search for each combination of four
straight lines in the input image that intersect to form a
quadrilateral. Subprocess 210 may also search for three
intersecting straight lines (i.e., triplet) in the input image and
reconstruct or interpolate a fourth straight line representing
the fourth side of a quadrilateral, as described in Ref9.
Subprocess 210 may reconstruct the fourth straight line,
from the found triplet of straight lines, using the known
aspect ratio of the document and the internal parameters
(e.g., position of the principal point and focal length) of the
camera that captured the input image. If the internal param-
eters of the camera are unknown, it can be assumed that the
principal point lies in the center of the image and the focal
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length equals k*d, wherein k is the focal factor (e.g., 0.7) and
d is a diagonal of the image at the working resolution.

To simulate the camera, the model of a pinhole camera
may be used, with a center at O, a focal length, and a known
position of the principal point. In a situation in which two
horizontal lines and one vertical line have been detected for
the quadrilateral, the analytical solution of the fourth line of
the quadrilateral is reduced to the calculation of the vertical
vanishing point. In particular, the known vertical line is
intersected with a plane that (i) is perpendicular to the
horizontal vanishing point, and (ii) passes through the center
O of the camera. Notably, the algorithm proposed in Ref9 is
analytical and requires a constant number of calculations.

In subprocess 220, the detected quadrilaterals are filtered
based, for example, on known geometric properties of the
document being localized. As illustrated in FIG. 3, in the
model of a pinhole camera, the projection of a rectangular
document on an image plane is generally a quadrilateral.
This transformation is performed by the central projection of
the document in the three-dimensional world onto the image
plane. To perform the inverse transformation, the tetrahedral
angle OABCD, formed by the center of the camera O and the
quadrilateral ABCD of the document image, is dissected by
the plane α. The plane α is parallel to the plane OV1V2, in
which V1 and V2 are the vanishing points. To obtain the
coordinates of the inverse image, the quadrilateral ABCD is
projected onto the plane α. If the quadrilateral ABCD is the
true image of the document, the inverse image will be a
rectangle with the aspect ratio of the document. In the
general case, for any convex quadrilateral on the image
plane, the inverse image will be a parallelogram. Notably,
the inverse transformation does not preserve the document’s
original scale.

In an embodiment, all of the quadrilaterals, detected in the
input image (i.e., formed by four intersecting lines), are
filtered based on the difference between a resulting paral-
lelogram and a rectangle with a known aspect ratio, as
described for instance in Ref9. For example, detected quad-
rilaterals, whose parallelogram (having an aspect ratio r)
differs from a rectangle with the known aspect ratio by more
than a predefined threshold difference, may be excluded
from further processing by subsequent subprocesses 230 and
240. Thus, subprocess 220 reduces computational load by
excluding clearly incorrect quadrilaterals from further con-
sideration. The output of subprocess 220 is a set of one or
more candidate quadrilaterals from among all of the detected
quadrilaterals output by subprocess 210.

In subprocess 230, all of the candidate quadrilaterals,
remaining after the filtering of subprocess 220, are ranked
based, for example, on contours and contrasts. In particular,
the contours of each quadrilateral q may be scored based on
the integral characteristics of the contours along the lines or
borders {b} of the quadrilateral q. These characteristics may
include the intensity w of the edges inside the borders {b},
the intensity w' of the edges outside of the borders {b}, and
the shares of non-zero pixels c on the edge map along the
borders {b}. See, e.g., Ref5 and Ref8. In an embodiment the
contour score C may be calculated as (see Ref10):

C =


{b}

w(b)

1 +
{b}

(1- c(b))
-

{b}

w′(b)

Equation (1)

wherein w(b) is the total intensity of the edge map inside the
border b, wherein w'(b) is the total edge intensity along
segments outside the border b, wherein the segments (i) do
not intersect each other, (ii) have one common point with
border b, and (iii) have at least a threshold length (e.g., 10
pixels), and wherein c(b) is the fraction of non-zero pixels
along the edge map inside the border b. The computational
complexity of calculating the contour score C for a single
quadrilateral q is O(1), provided that there are precomputed
arrays of integral statistics along the lines of the borders {b}.

To improve performance for complex image back-
grounds, contrast estimation may be performed on all of the
candidate quadrilaterals. See, e.g., Ref10. The contrast esti-
mation for a quadrilateral q may comprise calculating a
contrast score based on the χ2 distance between the red-
green-blue (RGB) pixel histograms of the inner and outer
areas of the quadrilateral q. In order for the contrast score to
be independent of the size of the candidate quadrilaterals,
the candidate quadrilaterals may be projectively normalized
prior to calculation of their respective χ2 distances.

FIGS. 4A-4C illustrate an example scenario to illustrate
contour and contrast scoring, according to an embodiment.
FIG. 4A illustrates the input image with the true quadrilat-
eral 410 shown with a white border and the false quadrilat-
eral 420 shown with a black border, while FIGS. 4B and 4C
illustrate the projectively normalized true quadrilateral 410
and false quadrilateral 420, respectively. In FIGS. 4B and
4C, only the inner area, between the quadrilateral borders
and the white rectangle in the center of each quadrilateral
410 and 420, is used for contrast scoring. In this case, true
quadrilateral 410 has a lower contour score than false
quadrilateral 420, because the left border of true quadrilat-
eral 410 is less precise than the left border of false quadri-
lateral 420. For example, in testing, the contour score for
true quadrilateral 410 was 9,063, whereas the contour score
for false quadrilateral 420 was 10,919. However, true quad-
rilateral 410 has a higher contrast score than false quadri-
lateral 420, because the left side of true quadrilateral 410 has
higher contrast between the inner and outer areas than the
left side of false quadrilateral 420. For example, in testing,
the contrast score for true quadrilateral 410 was 170,
whereas the contrast score for false quadrilateral 420 was
143.

The contour and contrast scores may be combined in any
suitable manner (e.g., weighted sum, weighted average, etc.)
to obtain the ranking of each candidate quadrilateral in
subprocess 230. For example, in the above example, the
contour and contrast scores were linearly combined, with the
coefficient of the contour score being 0.011 and the coeffi-
cient of the contrast score being 1, such that the rounded
combined score for true quadrilateral 410 was 270 (i.e.,
9063*0.011+170) and the rounded combined score for false
quadrilateral 420 was 263 (i.e., 10919*0.011+143). Accord-
ingly, true quadrilateral 410 was selected over false quad-
rilateral 420.

In an embodiment, since the calculation of the contrast
score is computationally expensive, the ranking in subpro-
cess 230 may be performed in a two-stage ranking process.
FIG. 5 illustrates an example two-stage ranking process for
the candidate quadrilaterals in subprocess 230, according to
an embodiment. In subprocess 231, the contour score is
calculated for all of the candidate quadrilaterals. In subpro-
cess 232, the candidate quadrilaterals are ranked according
to their contour scores (e.g., from highest to lowest contour
score). In subprocess 233, any quadrilateral whose rank is
below the Kth place is excluded, where K is a suitable
integer designed to exclude clearly false quadrilaterals (e.g.,
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based on empirical testing). In subprocess 234, the contrast
score is calculated for all of the remaining candidate quad-
rilaterals that were not excluded in subprocess 233 (i.e., all
candidate quadrilaterals from 1st to Kth place). In subpro-
cess 235, the contour score and contrast score are combined
for each of the remaining candidate quadrilaterals. The
contour score and contrast score may be combined in any
suitable manner. For example, in a particular implementa-
tion, the contour score is linearly combined with the contrast
score, with the contour score being multiplied by a constant
of 0.011 in the linear combination and the contrast score not
being multiplied by any constant or being multiplied by a
constant of 1. In subprocess 236, the remaining candidate
quadrilaterals, from subprocess 235, are ranked according to
the combined scores calculated for the remaining candidate
quadrilaterals.

2.3. Detailed Algorithm

FIG. 6A illustrates the detailed algorithm 600 for docu-
ment localization, according to an embodiment. Algorithm
600 may be implemented in software that is entirely
executed by a processor 110 on a mobile device (e.g.,
comprising system 100) to operate on an image that has been
captured by a camera integrated into the mobile device. The
mobile device is generally contemplated to be a smartphone.
However, process 600 may be utilized in other types of
mobile devices (e.g., laptop computers, tablet computers,
etc.), as well as in non-mobile devices (e.g., desktop com-
puters, electronic kiosks, servers, etc.).

To reduce the image noise, the input image may be
compressed isotropically, such that the shortest side of the
compressed input image is a predefined number of pixels
(e.g., 240 pixels). Since the document borders are two pairs
of primarily horizontal and primarily vertical borders, the
search for edges and lines may be divided into two similar
or identical processes: one for detecting primarily horizontal
borders; and one for detecting primarily vertical borders.

In subprocess 610, edges are detected in the input image.
FIG. 6B illustrates an example of subprocess 610, according
to an embodiment. Subprocess 610 may be performed once
to detect primarily horizontal edges and once to detect
primarily vertical edges, either serially or in parallel. In step
611, channel-by-channel morphological filtering is applied
to the input image. Firstly, an opening operation is applied
to the input image with a window wing of one pixel, and
secondly, a closing operation is applied to the input image
with the same window. This filters local minima (i.e.,
valleys) and local maxima (i.e., ridges) with a width of two
pixels. Step 611 may be performed independently for each
column of pixels (for horizontal edge detection) or each row
of pixels (for vertical edge detection). As used herein, the
term “column” refers to a structural vertical element of the
input image with a width of one pixel, and the term “row”
refers to a structural horizontal element of the input image
with a height of one pixel. In step 612, the derivative values
along the Y-axis (for horizontal edge detection) or the X-axis
(for vertical edge detection) are calculated, with a kernel
filter of (1,−1). In step 613, the derivative values are
averaged over each of the RGB channels. In step 614,
non-maxima inside each column or row, with pixels having
absolute derivative values greater than one, are suppressed.
In step 615, the connectivity components (horizontally con-
nected for horizontal edge detection, and vertically con-
nected for vertical edge detection) are collected. In an
embodiment, three pixels on either side of each pixel (imme-
diately left and right for horizontal edge detection, and

immediately above and below for vertical edge detection)
are considered that pixel’s neighbors. In step 616, the
collected connectivity components are filtered by size. For
instance, all of the connectivity components may be
excluded whose lengths are less than a predetermined per-
centage (e.g., 10%) of the minimum of (i) the length of the
maximum component, and (ii) the length of half the width
of the input image. In step 617, an edge map is built from the
same constant values at points covered by the remaining
connectivity components. FIG. 7A illustrates an example
input image, and FIG. 7B illustrates the edge maps for both
the primarily horizontal and primarily vertical edges,
according to an implementation. Finally, in step 618, the
edges are blurred using the Gaussian function. Step 618 may
be performed independently for each column or row of
pixels. As mentioned above, subprocess 610 is performed
twice: once for primarily horizontal edges; and once for
primarily vertical edges. Thus, the output of subprocess 610
is two edge maps: one for primarily horizontal edges; and
one for primarily vertical edges.

Returning to FIG. 6A, in subprocess 620, lines are
detected from the two edge maps that are output by sub-
process 610. FIG. 6C illustrates an example of subprocess
620, according to an embodiment. In the event that one
dimension of the input image is greater than the other
dimension of the input image, the input image—and more
particularly, the edge maps output by subprocess 610—may
be divided into a plurality of non-overlapping regions in the
greater dimension. For example, the input image in FIG. 7A
is greater in the vertical dimension than the horizontal
dimension. Thus, the input image may be divided into N
(e.g., three) roughly equal, non-overlapping regions in the
vertical dimension, and each of the N regions may be
separately searched for primarily vertical lines, whereas the
search for primarily horizontal lines is performed over the
full input image as a single region. It should be understood
that, in cases in which the horizontal dimension is greater
than the vertical dimension, the input image may be divided
into M regions in the horizontal dimension, and not divided
in the vertical dimension. In cases in which the horizontal
dimension is equal to the vertical dimension, the input image
may not be divided in either dimension. In alternative
implementations, whether the input image is a square or
rectangle, the input image may be divided into a plurality of
regions in both dimensions (e.g., N×M regions). It should be
understood that subprocess 620 is performed for both the
horizontal dimension and the vertical dimension, either
serially or in parallel.

In step 621, the Fast Hough Transform (FHT) is applied
to each region in the given dimension (e.g., in the illustrated
example, to each of the N=3 regions in the vertical dimen-
sion, and to the single region in the horizontal dimension).
In step 622, the global maximum for the entire dimension is
determined. In the event that the input image has been
divided into a plurality of regions along a dimension, the
global maximum for that dimension is the maximum across
all of the plurality of regions (e.g., across all N=3 regions in
the horizontal dimension in the illustrated example). In step
623, up to a predetermined number (e.g., fifteen) of local
maxima are sequentially selected in each region in the given
dimension (e.g., in the illustrated example, in each of the
N=3 regions in the vertical dimension, and in the single
region in the horizontal dimension). In an embodiment, a
local maximum is selected only if both (i) the local maxi-
mum exceeds a threshold percentage (e.g., 20%) of the
global maximum in the given dimension, and (ii) the local
maximum lies more than a threshold number of pixels (e.g.,
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ten pixels) away, by the l2 norm, from all previously selected
local maxima (if any). FIG. 7C illustrates an FHT image of
the middle region of the edge map for the vertical dimen-
sion, in an implementation. The local maxima are shown by
dots, with the selected local maxima (e.g., fifteen in this
implementation) and their respective neighborhoods illus-
trated by circles. The true vertical borders of the document
are marked by squares. In step 624, the selected local
maxima for all regions in the given dimension are converted
into straight lines using the inverse Fast Hough Transform.
FIG. 7D illustrates the straight lines detected, in an imple-
mentation. As shown, in the illustrated example, forty-five
lines were detected in the vertical dimension, and fifteen
lines were detected in the horizontal dimension, since the
predetermined number of local maxima that were selected in
step 623 was fifteen (i.e., 15 multiplied by 3 regions in the
vertical dimension, and 15 multiplied by 1 region in the
horizontal dimension). The output of subprocess 620 is a set
of primarily horizontal straight lines and primarily vertical
straight lines.

Returning to FIG. 6A, in subprocess 630, it is determined
whether or not a new candidate quadrilateral can be formed
from the set of primarily vertical and primarily horizontal
lines detected in subprocess 620. In subprocess 630, new
candidate quadrilaterals may be detected by performing a
consecutive brute force search over the set of lines, output
by subprocess 620, to create sets of four lines (i.e., two
primarily vertical lines and two primarily horizontal lines)
and, in an embodiment, sets of a triplet (i.e., three lines
consisting of either two primarily vertical lines and one
primarily horizontal line or one primarily vertical line and
two primarily horizontal lines) with a reconstructed or
interpolated fourth line. If a new candidate quadrilateral can
be formed from the set of lines (i.e., “Yes” in subprocess
630), algorithm 600 proceeds to subprocess 640. Otherwise,
if no new candidate quadrilaterals can be formed from the
set of lines (i.e., “No” in subprocess 630), algorithm 600
proceeds to subprocess 670. In other words, algorithm 600
evaluates every candidate quadrilateral that can be formed
from the set of primarily vertical and primarily horizontal
lines detected in subprocess 620.

In an embodiment, some of the quadrilaterals that are
identified in the search for sets of four lines may be filtered
out from further consideration during subprocess 630, as
discussed with respect to subprocess 220 in process 200. In
particular, as discussed with respect to subprocess 220, an
inverse image of the document may be reconstructed. The
shape of this image is a parallelogram. If the difference
between the parallelogram and the ideal rectangle, repre-
senting the shape of the document, exceeds a predefined
threshold difference, the parallelogram is discarded (i.e., not
detected as a candidate quadrilateral in subprocess 630). For
example, the difference may be a difference between the
aspect ratio r and the known aspect ratio of the document, in
which case the predefined threshold difference may be a
predetermined percentage (e.g., 7%), and/or a difference
between the angle of the parallelogram and 90 degrees, in
which case the predefined threshold difference may be a
predetermined number of degrees (e.g., 5 degrees). In an
embodiment, if either of these threshold differences are
satisfied, the parallelogram is discarded. Notably, it gener-
ally only makes sense to perform this type of filtration on
sets of four lines. During the search for three lines, this type
of filtration is useless, since all of the quadrilaterals that are
produced from three lines and an interpolated fourth line
already correspond to the central projective model of the
rectangle with a known aspect ratio.

In subprocess 640, a contour score is calculated for the
new candidate quadrilateral. The contour score may be
calculated as discussed elsewhere herein. For example, the
contour score may be calculated as the contour score C using
Equation (1). Before or during calculation of the contour
score C, all of the new candidate quadrilateral’s components
(i.e., w, c, and w') may be compared to ranges, represented
by minimum and maximum thresholds. In an embodiment,
if the components are not within the allowed range between
the minimum and maximum thresholds, the new candidate
quadrilateral may be immediately discarded before complet-
ing the calculation of the contour score, and algorithm 600
may return to subprocess 630 (shown by dashed arrow in
FIG. 6A) to determine whether or not any new candidate
quadrilaterals remain to be considered.

The contour score of a quadrilateral includes a reward
(i.e., the total intensity w inside the four borders {b}), and
a penalty (i.e., based on the fraction of non-zero pixels c and
the intensity w' outside of the four borders {b}). If the value
of the reward of the new candidate quadrilateral is less than
that of a K number of previously scored candidate quadri-
laterals, there is no reason to further consider the new
candidate quadrilateral, and therefore, it may be discarded.

Thus, in subprocess 650, the new candidate quadrilateral
is ranked, with respect to any previously saved candidate
quadrilaterals, according to the contour score calculated in
subprocess 640, and then it is determined whether or not the
new candidate quadrilateral is within a rank of 1 to K (e.g.,
K=4). If the new candidate quadrilateral is within the 1st to
Kth rank in the ranking (i.e., “Yes” in subprocess 650),
algorithm 600 proceeds to subprocess 660. Otherwise, if the
new candidate quadrilateral is lower than the Kth rank, the
new candidate quadrilateral is discarded, and algorithm 600
returns to subprocess 630. It should be understood that in the
first to Kth iteration of subprocess 650, the result of sub-
process 650 will always be “Yes,” such that algorithm 600
can skip subprocess 650 and proceed directly from subpro-
cess 640 to subprocess 660.

In subprocess 660, the new candidate quadrilateral is
added to a saved set (e.g., heap) of candidate quadrilaterals.
In addition, the candidate quadrilateral that was previously
at the Kth rank and which has now been shifted to the
(K+1)th rank is discarded. Thus, the maximum size of the
heap of candidate quadrilaterals is constant and is always
equal to K. For example, if K=4, the size of the heap will
never exceed 4.

After all candidate quadrilaterals have been detected in
subprocess 630 (i.e., “No” in subprocess 630), indicating
that no new candidate quadrilaterals can be formed from the
set of lines output by subprocess 620, algorithm 600 pro-
ceeds to subprocess 670. In subprocess 670, a contrast score
is calculated for each candidate quadrilateral in the saved
set. It should be understood that the number of candidate
quadrilaterals in the saved set—and therefore, the number of
candidate quadrilaterals for which the contrast score must be
calculated—will never be greater than K. Thus, the compu-
tationally expensive calculation of the contrast score is
limited to a maximum of K iterations. As discussed else-
where herein, the contrast score may be calculated based on
the χ2 distance.

In subprocess 680, for each of the K candidate quadrilat-
erals, the contrast score calculated for that candidate quad-
rilateral in subprocess 670 is combined with the contour
score that was calculated for that candidate quadrilateral in
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subprocess 640 and stored in the saved set. As discussed
elsewhere herein, the combination of contour score and
contrast score may be a linear combination, such as:

Combined=a×Contour+b×Contrast

wherein a and b are constants. In a particular implementa-
tion, a=0.011 and b=1. In subprocess 690, the candidate
quadrilateral with the highest combined score is selected as
the quadrilateral, representing the localization of the docu-
ment in the input image.

FIG. 7E illustrates the resulting candidate quadrilaterals
from a brute force search of the example input image in FIG.
7A. The top row in FIG. 7E illustrates the top K=4 candidate
quadrilaterals from a search by four lines, and the bottom
row in FIG. 7E illustrates the top K=4 candidate quadrilat-
erals from a search by three lines, with the interpolated line
represented by a dashed line, as determined by an example
implementation of algorithm 600. In this example, in terms
of the combined score, the rank of the top four candidate
quadrilaterals, from highest score to lowest score, was: (a),
(e), (f), and (b). Thus, in subprocess 690, candidate quad-
rilateral (a) would be selected as the final localization of the
document.

In an embodiment in which the image was compressed to
a working resolution (e.g., shortest side of 240 pixels), the
quadrilateral, selected in subprocess 690, may be refined in
subprocess 695. In particular, since the working resolution
(e.g., 240 by 426) for algorithm 600 is less than the original
resolution (e.g., 4.5 times less), the detected document
borders, as represented by the selected quadrilateral, may be
refined (e.g., at a scale of 3 times the working resolution) to
increase the accuracy of the document localization at the
original resolution. FIG. 6D illustrates an example of sub-
process 695, according to an embodiment. For example, in
subprocess 696, a region may be extracted for each of the
detected document borders. Each region may be a rectangle
formed by indents of N pixels (e.g., N=2 pixels) in the
perpendicular direction from the border. Then, in subprocess
697, a similarity transformation may be applied to each of
the resulting regions to make them (i) horizontal in the
horizontal borders or vertical in the vertical borders, and (ii)
scaled at X times (e.g., X=3) the working resolution. Then,
subprocesses 610 and 620 may be applied to the resulting
image of the document at the upscaled resolution. For
example, the edge map and the Fast Hough Transform are
calculated for the image, the global maximum is evaluated,
and the refined position of each document border is calcu-
lated by the inverse Fast Hough Transform of the corre-
sponding maximum in the FHT image. The result is an
image of the document at or near the original resolution.

3. Experimentation

Algorithm 600 was tested on two open datasets of docu-
ment images captured by smartphone cameras: SmartDoc
(see, e.g., Ref23) and MIDV-500 (see, e.g., Ref24).

SmartDoc includes about 25,000 images of A4-sized
pages. Each image is associated with a ground-truth quad-
rilateral obtained in semi-automatic mode. See Ref 25.
SmartDoc is divided into five parts, but only the first four
parts were used for testing, since only these four parts
include images of a single document with a known aspect
ratio. The fifth part of SmartDoc includes images of an
A4-sized page on top of a stack of papers, such that the
borders of other A4-sized pages are visible in the image.
Thus, it would be impossible to distinguish the target

document from another page in the stack based solely on
borders. Rather, information about the content of the target
document would be required.

MIDV-500 includes 15,000 images of 50 different types
of identity documents. The images have been captured under
several conditions, including different backgrounds (e.g.,
table, keyboard, clutter, etc.), with the document resting on
a surface and held in a hand, and with the document wholly
within the frame and partially outside the frame. All of the
images, including those in which the imaged document is
partially outside the frame, are associated with a ground-
truth quadrilateral that has been manually marked. In addi-
tion to the ground-truth quadrilateral, all of the images are
associated with a known aspect ratio of the imaged docu-
ment.

3.1. Problems and Metrics

A metric of quality, which is based on the maximum
discrepancy between vertices, was used to evaluate the
algorithm’s performance in document localization. In par-
ticular, the index introduced in Ref9 was used to evaluate
algorithm 600. This index is based on the maximum dis-
crepancy between the vertices of the quadrilateral q, output
by algorithm 600, and the ground-truth quadrilateral m,
within the coordinate system of quadrilateral q. The discrep-
ancy D may be calculated as:

D(q, m, t) = maxi
ti - Hmi2
P(t)

Equation (2)

wherein t is a rectangle with linear sizes of the document
template, H represents a homography such that Hq=t, and
P(t) is a perimeter of the template.

Since the quadrilateral of the document should be defined
precisely up to the vertices renumbering, the index is cal-
culated as follows:

MinD(q,m,t)=minqi∗QD(q(i),m,t) Equation (3)

wherein Q={[a, b, c, d]; [b, c, d, a]; [c, d, a, b]; [d, a, b, c]}
is a set of quadrilaterals gained by renumbering the vertices
of quadrilateral q.

Intersection-over-Union IoU is used in the case of seg-
mentation into two classes (i.e., foreground and back-
ground):

IoU(q, m) =
area (q⋂m)
area (q⋃m)

Equation (4)

This metric is more universal, since it can be used to
evaluate both the quality of the segmentation and the quality
of the detection of the quadrilateral formed by the document
borders. According to the SmartDoc competition protocol,
the metric in Equation (4) must be calculated in the coor-
dinate system of the ideal quadrilateral:

IoUgt(q, m, t) =
area (Mq⋂ t)
area (Mq⋃ t)

wherein M is a homography, such that Mm=t.
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The second variation of the metric in Equation (4) is
denoted Mean Intersection-over-Union MeanIoU, which
may be calculated as follows:

Mean IoU(q, m, I) =
1
2
cnt1(Iq ⋂ Im)
cnt1(Iq ⋃ Im)

+
cnt1Iq ⋂ Im

cnt1Iq ⋃ Im

wherein Iq and Im are corresponding binary masks of q and
m, respectively, with the same size as the input image I, and
cnt1 is a count of the true pixels in the input image I.

3.2. Results

To measure the run-time of algorithm 600, an iPhone 6
with an Apple A8 CPU and 1 gigabyte (GB) of RAM was

used in single-threading mode. Algorithm 600 was tested
twice: once on 100 random images from SmartDoc; and
once on 100 random images from MIDV-500. The run-time
per frame for the SmartDoc subset was 65 milliseconds, and
the run-time per frame for the MIDV-500 subset was 102
milliseconds. The difference in run-time between these two
subsets can be explained by the overall lower number of
false straight-line contrasts in the SmartDoc subset than in
the MIDV-500 subset.

Table 1 below depicts the results of an evaluation of an
implementation of algorithm 600 against state-of-the-art
systems, using SmartDoc, according to the averaged index
IoUgt. The state-of-the-art systems are listed in descending
order by the average accuracy for all four parts of SmartDoc.
Based on overall accuracy, algorithm 600 did second best,
surpassed only by the system of Ref19, which is based on a
U-net neural network.

TABLE 1

System Bgr. 1 Bgr. 2 Bgr. 3 Bgr. 4 All Run-Time (ms)/Device

Alg. 600 0.9886 0.9858 0.9896 0.9806 0.9866 65/Apple A8 (iPhone 6) 1 GB RAM
Ref19 [0.9912, 0.9934] 59/Intel Core i7 8700, 8 GB RAM,

6 GB Nvidia GTX 1060
Ref6 0.9885 0.9833 0.9897 0.9785 0.9856 unknown/unknown
Ref18 0.9876 0.9839 0.9830 0.9843 0.9848 564/Intel Xeon ®, 2CPU E5-2603

v4, 4GPU Nvidia-1080
Ref15 0.9850 0.9820 0.9870 0.9800 0.9838 3700/Intel i7, 8 GB RAM
Ref10 0.9830 0.9740 0.9830 0.9700 0.9787 unknown/unknown
Ref22 0.9832 0.9724 0.9830 0.9695 0.9777 320/Intel i5-4200U, 8 GB RAM
Ref16 0.9605 0.9444 0.9647 0.9300 0.9516 430/Intel i5-3570K, 16 GB RAM
Ref11 0.9050 0.9360 0.8590 0.9030 0.9007 40/unknown

- MIDV-500 does not offer a standard protocol for measur-
ing the accuracy of document-localization systems. There
are different quality metrics, as well as different test subsets
of MIDV-500. The use of different metrics is justified, for
example, when the objectives differ.

Table 2 below depicts the results of an evaluation of an
implementation of algorithm 600 against state-of-the-art
systems, using MIDV-500. The first four columns in Table
2 represent the accuracy metrics of four state-of-the-art
systems, tested against MIDV-500. With the exception of
Ref26, none of these state-of-the-art systems utilize the
documents’ contents for document localization. The third
column of Table 2 provides a brief description of the
MIDV-500 subsets against which each state-of-the-art sys-
tem was tested. The fifth column of Table 2 represents the
corresponding accuracy metric of algorithm 600, tested
against the same MIDV-500 subsets.

System Metric MIDV-500 subset (# of images) Accuracy Alg. 600

Ref10 Averaged IoUgt Full (15000) 0.8700 0.9056

At least 3 vertices in frame (11965) 0.9610 0.9788

All 4 vertices in frame (9791) 0.9720 0.9830

Ref9 Percentage of images Full (15000) 80.50% 82.43%

with MinD +0.017 At least 3 vertices in frame (11991) 92.66% 94.92%

All 4 vertices in frame (9791) 94.66% 96.77%

Ref20 Averaged MeanIoU At least 3 vertices in frame (11965) 0.9600 0.9862

Ref27 Percentage of images Percentage of document area in frame 97.00% 93.99%

with IoU ≥0.9 is ≥90% (13586)
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With the exception of the system in Ref19, algorithm 600
yields the highest accuracy values for the first, second, and
third parts (i.e., backgrounds) of SmartDoc, and is compa-
rable with state-of-the-art systems for the fourth part of
SmartDoc. Ref18, which has greater accuracy for the fourth
part of SmartDoc, uses a U-net neural network to prelimi-
narily estimate the region of interest in the image. Notably,
algorithm 600 outperforms the Hough-based systems (e.g.,
Ref10 and Ref11) that were specifically designed to work on
smartphones.

As demonstrated in Table 2, algorithm 600 outperforms
the state-of-the-art systems that do not consider the content
of the documents in terms of accuracy. While the system in
Ref27 outperforms algorithm 600, it generates the baseline
for the document border detection using knowledge about
the inner structure of the document.

The run-time and device column, in Table 1, depicts the
time required per image to perform document localization,
as well as the parameters of the device used to perform
document localization. While the parameters of the devices
were different, the data demonstrate that (i) the run-time of
algorithm 600 is short, and (ii) unlike the state-of-the-art
systems, algorithm 600 runs on a mobile processor that is
inferior to the other devices in terms of computational
resources.

The run-time of algorithm 600 was comparable to the
state-of-the-art systems in Ref9 and Ref10, which used the
same device and CPU mode for document localization in the
MIDV-500 subsets. In particular, the run-time for Ref9 was
67 milliseconds per frame, for Ref10 was 88 milliseconds
per frame, and for algorithm 600 was 102 milliseconds per
frame.

4. Example Embodiment

In an embodiment, algorithm 600 is disclosed for detect-
ing the quadrilateral formed by the outer borders of a
document in an image, even when there is no prior infor-
mation about the content of the document, and with suffi-
cient performance to operate, in real time, on smartphones or
other devices with relatively low computational resources.
Algorithm 600 utilizes a Hough-based approach, which
analyzes the visible quadrilateral outline of the document
and is characterized by low computational complexity.
However, unlike state-of-the-art Hough-based document-
localization systems, algorithm 600 has comparable accu-
racy to state-of-the-art systems that solve the document-
localization problem without computational constraints.

In addition to standard techniques, algorithm 600 employs
geometric invariants of rectangular projections, which sig-
nificantly increases the robustness of the document-local-
ization system when one of the document borders is not
visible. Furthermore, algorithm 600 employs color charac-
teristics of bordering regions, which improves the accuracy
of the document-localization system for images with a large
number of edges. When combined with standard optimiza-
tions, such as multiscale analysis, algorithm 600 achieved an
accuracy that is typical for algorithms without computa-
tional constraints. With respect to SmartDoc, comprising
images of printed documents with arbitrary content, algo-
rithm 600 performed second best, with an average accuracy
on the IoUgt index of 0.985 and an average run-time of 65
milliseconds per frame on an iPhone 6 in single-threaded
mode. With respect to MIDV-500, comprising images of
identity documents, algorithm 600 performed the best in
terms of accuracy, with an average accuracy of 0.98, and had
an average run-time of 100 milliseconds per frame on a

subset with a large number of false straight-line contrasts
and out-of-frame documents. The average run-time of algo-
rithm 600 demonstrates the applicability of algorithm 600 to
on-device document-recognition systems. In addition, the
fact that algorithm 600 outperformed all of the state-of-the-
art document-localization methods on MIDV-500 is signifi-
cant, because MIDV-500 contains images that simulate
real-world use cases of real-time document recognition (e.g.,
hand-held close-up images)
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The above description of the disclosed embodiments is
provided to enable any person skilled in the art to make or
use the invention. Various modifications to these embodi-

ments will be readily apparent to those skilled in the art, and
the general principles described herein can be applied to
other embodiments without departing from the spirit or
scope of the invention. Thus, it is to be understood that the
description and drawings presented herein represent a pres-
ently preferred embodiment of the invention and are there-
fore representative of the subject matter which is broadly
contemplated by the present invention. It is further under-
stood that the scope of the present invention fully encom-
passes other embodiments that may become obvious to those
skilled in the art and that the scope of the present invention
is accordingly not limited.

Combinations, described herein, such as “at least one of
A, B, or C,” “one or more of A, B, or C,” “at least one of A,
B, and C,” “one or more of A, B, and C,” and “A, B, C, or
any combination thereof” include any combination of A, B,
and/or C, and may include multiples of A, multiples of B, or
multiples of C. Specifically, combinations such as “at least
one of A, B, or C,” “one or more of A, B, or C,” “at least one
of A, B, and C,” “one or more of A, B, and C,” and “A, B,
C, or any combination thereof” may be A only, B only, C
only, A and B, A and C, B and C, or A and B and C, and any
such combination may contain one or more members of its
constituents A, B, and/or C. For example, a combination of
A and B may comprise one A and multiple B’s, multiple A’s
and one B, or multiple A’s and multiple B’s.

What is claimed is:
1. A method comprising using at least one hardware

processor to:
receive an input image of a document, the input image

comprising pixel data captured by an image sensor;
detect a plurality of edges in the document by processing

the pixel data of the input image;
detect a plurality of lines based on the plurality of edges

using a computer-implemented line detection algo-
rithm;

search the plurality of lines for combinations of the
plurality of lines that represent a plurality of new
candidate quadrilaterals;

for each of at least a subset of the plurality of new
candidate quadrilaterals,
calculate a contour score for each new candidate quad-

rilateral,
when a saved set of candidate quadrilaterals has not yet

reached a predetermined maximum size K, add said
new candidate quadrilateral to the saved set, and,

when the saved set of candidate quadrilaterals has
reached the predetermined maximum size K,
when the contour score of said new candidate quad-

rilateral is not greater than a contour score of any
candidate quadrilateral in the saved set, discard
the new candidate quadrilateral, and,

when the contour score of said new candidate quad-
rilateral is greater than a contour score of at least
one candidate quadrilateral in the saved set, dis-
card a candidate quadrilateral with a lowest con-
tour score from the saved set, and add said new
candidate quadrilateral to the saved set, such that
the saved set never exceeds the predetermined
maximum size K;

after the search, for each candidate quadrilateral in the
saved set,
calculate a contrast score for each candidate quadrilat-

eral, and
calculate a combined score from the contour score and

the contrast score calculated for each candidate
quadrilateral; and
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select a candidate quadrilateral having a highest combined
score from the saved set to represent borders of the
document.

2. The method of claim 1, wherein the input image is a
lower resolution version of an original image, and wherein
the method further comprises using the at least one hardware
processor to refine the selected candidate quadrilateral by:

extracting a region that represents each border in the
selected candidate quadrilateral;

applying a similarity transformation to the selected can-
didate quadrilateral to produce a transformed quadri-
lateral, wherein the similarity transformation
makes each of the extracted regions, representing a

horizontal border, horizontal,
makes each of the extracted regions, representing a

vertical border, vertical, and
scales the selected candidate quadrilateral to a higher

resolution; and
detecting lines in the transformed quadrilateral.
3. The method of claim 1, wherein the search comprises:
searching for combinations of four lines from the plurality

of lines; and
searching for combinations of three lines from the plu-

rality of lines, and, for each combination of three lines
that is found, interpolating a fourth line based on the
three lines and a known aspect ratio of the document.

4. The method of claim 1, further comprising using the at
least one hardware processor to, for each of the plurality of
new candidate quadrilaterals, before calculating the contour
score for the new candidate quadrilateral:

determine whether or not an inverse image of the new
candidate quadrilateral differs from an ideal rectangle
representing the document by a predefined threshold
difference; and,

when the inverse image of the new candidate quadrilateral
differs from the ideal rectangle by the predefined
threshold difference, discard the new candidate quad-
rilateral without calculating the contour score for the
new candidate quadrilateral and without adding the
new candidate quadrilateral to the saved set.

5. The method of claim 4, wherein determining whether
or not the inverse image of the new candidate quadrilateral
differs from the ideal rectangle by the predefined threshold
difference comprises calculating whether an aspect ratio of
the inverse image of the new candidate quadrilateral differs
from an aspect ratio of the ideal rectangle by more than a
predetermined percentage.

6. The method of claim 4, wherein determining whether
or not the inverse image of the new candidate quadrilateral
differs from the ideal rectangle by the predefined threshold
difference comprises calculating whether a difference
between an angle of the inverse image of the new candidate
quadrilateral and an angle of 90 degrees exceeds a prede-
termined number of degrees.

7. The method of claim 1, wherein the contour score is
calculated as:

Contour Score =


{b}

w(b)

1 +
{b}

(1- c(b))
-

{b}

w
′(b)

wherein {b} are the combination of lines in the new
candidate quadrilateral,

wherein w(b) is a total edge intensity inside a segment b,

wherein w'(b) is a total edge intensity of segments that lie
on a straight line containing segment b, do not intersect
each other, have one common point within segment b,
and have at least the threshold length, and

wherein c(b) is a fraction of non-zero edge pixels inside
segment b.

8. The method of claim 7, further comprising using the at
least one hardware processor to, for each of the plurality of
new candidate quadrilaterals, before calculating the contour
score for the new candidate quadrilateral:

determine whether or not each of w(b), w'(b), and c(b) has
a value that is outside a respective range; and,

when determining that any of w(b), w'(b), and c(b) have
a value that is outside the respective range, discard the
new candidate quadrilateral without calculating the
contour score for the new candidate quadrilateral and
without adding the new candidate quadrilateral to the
saved set.

9. The method of claim 1, wherein, for each candidate
quadrilateral in the saved set, the contrast score is calculated
based on an χ2 distance between red-green-blue (RGB) pixel
histograms of inner areas and outer areas of the candidate
quadrilateral.

10. The method of claim 9, wherein, for each candidate
quadrilateral in the saved set, the contrast score is calculated
after projectively normalizing the candidate quadrilateral.

11. The method of claim 1, wherein detecting the plurality
of edges comprises generating a horizontal edge map for
primarily horizontal edges and a vertical edge map for
primarily vertical edges.

12. The method of claim 11, wherein generating each of
the horizontal edge map and the vertical edge map com-
prises:

applying morphological filtering to the input image;
calculating derivative values along a respective axis of the

input image;
averaging the derivative values;
suppressing non-maxima having absolute derivative val-

ues greater than one;
collecting connectivity components; and
filtering the collected connectivity components, based on

size, to produce remaining edges,
wherein the respective edge map comprises the remaining

edges.
13. The method of claim 12, wherein generating each of

the horizontal edge map and the vertical edge map further
comprises blurring the remaining edges using a Gaussian
function.

14. The method of claim 11, wherein detecting the plu-
rality of lines comprises:

detecting primarily horizontal lines from the horizontal
edge map; and

detecting primarily vertical lines from the vertical edge
map.

15. The method of claim 14, wherein detecting the plu-
rality of lines comprises, for each of the horizontal edge map
and the vertical edge map:

applying a Fast Hough Transform to one or more regions
of the respective edge map;

determining a global maximum across all of the one or
more regions based on the Fast Hough Transform;

selecting up to a predetermined number of local maxima
within each of the one or more regions based on the
global maximum; and

applying an inverse of the Fast Hough Transform to the
one or more regions to convert the local maxima into
straight lines.
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16. The method of claim 15, wherein selecting up toa
predetermined number of local maxima within each of the
one or more regions based on the global maximum com-
prises selecting a local maximum only if that local maxi-
mum exceeds a threshold percentage of the global maximum
and that local maximum lies more than a threshold number
of pixels away, by an l2 norm, from all previously selected
local maxima.

17. The method of claim 1, wherein the combined score
is a linear combination of the contour score and the contrast
score.

18. The method of claim 1, wherein the at least one
hardware processor is comprised in a mobile device.

19. A system comprising:
at least one hardware processor; and
software configured to, when executed by the at least one

hardware processor,
receive an input image of a document, the input image

comprising pixel data captured by an image sensor;
detect a plurality of edges in the document by process-

ing the pixel data of the input image;
detect a plurality of lines based on the plurality of edges

using a computer-implemented line detection algo-
rithm;

search the plurality of lines for combinations of the
plurality of lines that represent a plurality of new
candidate quadrilaterals,

for each of at least a subset of the plurality of new
candidate quadrilaterals,
calculate a contour score for each new candidate

quadrilateral,
when a saved set of candidate quadrilaterals has not

yet reached a predetermined maximum size K, add
said new candidate quadrilateral to the saved set,
and,

when the saved set of candidate quadrilaterals has
reached the predetermined maximum size K,
when the contour score of said new candidate

quadrilateral is not greater than a contour score
of any candidate quadrilateral in the saved set,
discard the new candidate quadrilateral, and,

when the contour score of said new candidate
quadrilateral is greater than a contour score of at
least one candidate quadrilateral in the saved
set, discard a candidate quadrilateral with a
lowest contour score from the saved set, and
add said new candidate quadrilateral to the
saved set, such that the saved set never exceeds
the predetermined maximum size K;

after the search, for each candidate quadrilateral in the
saved set,
calculate a contrast score for each candidate quad-

rilateral, and

calculate a combined score from the contour score
and the contrast score calculated for each candi-
date quadrilateral; and

selecta candidate quadrilateral having a highest com-
bined score from the saved set to represent borders of
the document.

20. A non-transitory computer-readable medium having
instructions stored therein, wherein the instructions, when
executed by a processor, cause the processor to:

receive an input image of a document, the input image
comprising pixel data captured by an image sensor;

detect a plurality of edges in the document by processing
the pixel data of the input image;

detect a plurality of lines based on the plurality of edges
using a computer-implemented line detection algo-
rithm;

search the plurality of lines for combinations of the
plurality of lines that represent a plurality of new
candidate quadrilaterals;

for each of at least a subset of the plurality of new
candidate quadrilaterals,
calculate a contour score for each new candidate quad-

rilateral,
when a saved set of candidate quadrilaterals has not yet

reached a predetermined maximum size K, add said
new candidate quadrilateral to the saved set, and,

when the saved set of candidate quadrilaterals has
reached the predetermined maximum size K,
when the contour score of said new candidate quad-

rilateral is not greater than a contour score of any
candidate quadrilateral in the saved set, discard
the new candidate quadrilateral, and,

when the contour score of said new candidate quad-
rilateral is greater than a contour score of at least
one candidate quadrilateral in the saved set, dis-
card a candidate quadrilateral with a lowest con-
tour score from the saved set, and add said new
candidate quadrilateral to the saved set, such that
the saved set never exceeds the predetermined
maximum size K;

after the search, for each candidate quadrilateral in the
saved set,
calculate a contrast score for each candidate quadrilat-

eral, and
calculate a combined score from the contour score and

the contrast score calculated for each candidate
quadrilateral; and

select a candidate quadrilateral having a highest combined
score from the saved set to represent borders of the
document.

− − − − −
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