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NEURAL-NETWORK-BASED PREDICTION
OF THE STOPPING MOMENT FOR TEXT
RECOGNITION IN A VIDEO STREAM

CROSS-REFERENCE TO RELATED
APPLICATIONS

This application claims priority to Russian Patent App.
No. 2022115947, filed on Jun. 14, 2022, 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 text recognition in a video stream, and, more particularly,
to using a predictive model, such as a neural network or
other classifier, to determine when to stop text recognition in
a video stream.

Description of the Related Art

The number of public and private organizations that use
automated systems for document recognition is increasing at
a substantial rate. These systems are in wide use in the
banking sector (Refl, Ref2), in the sharing economy (Ref3),
in the field of mobile services (Ref4), for reading documents
at travel hubs (e.g., train stations, airports, etc.), for filling in
personal data when purchasing tickets and registering per-
sonal accounts, and the like. An important subtype of
documents that are the target of automated recognition and
verification systems is identity documents, such as passports
and drivers licenses (Ref5).

One of the most significant issues that arises, during the
process of recognition in a video stream, is an inability to
control the quality of the video capture, including lighting
conditions, camera focus, and incident highlights (Ref6,
Ref7). These factors complicate the recognition process and
can negatively impact the recognition result. However, the
accuracy of recognition is particularly important when pro-
cessing identity documents.

Another problem in the field of recognition in identity
documents is the lack of open datasets for benchmarking and
experimental evaluation. In particular, the publication of this
type of personal information is restricted (Ref8, Ref9).
Therefore, researchers and developers are forced to prepare
and use synthetically generated data, which do not always
reflect reality, and perform evaluations using their own
documents or a small set of publicly available samples.
While there are several open-source identity databases, such
as the Public Register of Authentic Travel and Identity
Documents Online (PRADO) (Ref10), the images in these
databases are generally not representative.

A typical recognition process comprises several steps,
including object detection (Refll), segmentation (Refl12),
text recognition (Refl3), and more. For example, object
detection may detect elements of an identity document, such
as text fields, photographs, signatures, and/or the like, and
segmentation may segment the detected text fields into
characters or words. Text recognition is then used to recog-
nize those characters or words, and output a set of relevant
data extracted from the identity document. In the case of a
passport, the relevant data may comprise the document type
(e.g., indicating that the document is a passport), the pass-
port number as read from the machine-readable zone,
optional data from the machine-readable zone, the passport
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number as read from the passport-number field, the name of
the passport holder, the nation that issued the passport (e.g.,
in both the native language and an operator language, such
as English), and/or the like.

The advantage of performing recognition on a video
stream is that the recognition system has the ability to
process a sequence of frames in the video stream, to thereby
extract more information than could be obtained from a
single image. The image-processing and recognition algo-
rithms can accumulate the per-frame results for each frame
in the video stream, to increase the accuracy of the final
recognition result (Refl4, Refl5, Refl6). However, the
video stream is not naturally limited in time, which leads to
the problem of how to find the optimal moment to stop the
recognition process.

The problem of optimal stopping has been explored in the
field of mathematical statistics (Refl7, Refl8, Refl9,
Ref20). However, it has not been suitably studied in the
domain of optical recognition in video streams (Ref21).
Nevertheless, some classical stopping algorithms could be
applied to the problem of recognizing text fields in a video
stream.

In Ref22, the problem of stopping a video stream is
assumed to be a monotone problem. Based on this assump-
tion, a strategy was proposed, based on thresholding the
estimates of the expected distance between the current
recognition result and the next combined recognition result.
Experimental studies have demonstrated the effectiveness of
this strategy, relative to a trivial stopping rule that simply
stops the recognition process after a fixed number of pro-
cessed frames. This strategy can be used with clustering of
a sequence of intermediate recognition results, as proposed
in Ref23.

However, it is desirable to provide alternative strategies to
determining the optimal stopping point during text recog-
nition in a video stream. For example, it would be advan-
tageous to have a stopping method that does not rely on the
assumption that the problem is monotone.

SUMMARY

Accordingly, systems, methods, and non-transitory com-
puter-readable media are disclosed for predicting the stop-
ping moment for text recognition in a video stream, using a
predictive model, such as a neural network or other classi-
fier.

In an embodiment, a method comprises using at least one
hardware processor to, for each of one or more fields in a
plurality of frames from a video stream for which a recog-
nition process is being performed: perform text recognition
on the field to produce a current text-recognition result;
combine the current text-recognition result with a preceding
text-recognition result for the field from one or more prior
frames; calculate an error between the combined text-rec-
ognition result and the preceding text-recognition result; add
the calculated error to an accumulated feature set; and, when
the accumulated feature set has reached a predefined size,
wherein the predefined size is greater than one, apply a
predictive model to the accumulated feature set of the
predefined size to classify the accumulated feature set into
one of a plurality of classes, wherein the plurality of classes
comprises a first class that indicates continuation of the
recognition process, and a second class that indicates stop-
ping of the recognition process, when the one class is the
first class, continue the recognition process for the field, and,
when the one class is the second class, stop the recognition
process for the field.
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The error may be calculated based on a Levenshtein
distance between the combined text-recognition result and
the preceding text-recognition result. The error may be a
normalized Levenshtein distance.

The plurality of classes may consist of the first class and
the second class.

The predictive model may comprise a neural network.

The neural network may comprise a multilayer percep-
tron.

The accumulated feature set of the predefined size may
consist of a plurality of most recently accumulated features
within a sliding window having the predefined size.

The video stream may be of an identity document.

The one or more fields may be a plurality of fields. The
method may further comprise using the at least one hard-
ware processor to perform the recognition process for all of
the plurality of fields in parallel. The method may further
comprise using the at least one hardware processor to
determine to stop an overall recognition process for the
plurality of fields once the recognition process for all of the
plurality of fields have been stopped. The method may
further comprise using the at least one hardware processor
to, in response to determining to stop the overall recognition
process, automatically end the video stream.

The current text-recognition result may be combined with
the preceding text-recognition result using Recognizer Out-
put Voting Error Reduction (ROVER).

The method may further comprise using the at least one
hardware processor to train the predictive model, prior to the
recognition process for each of the one or more fields, using
a training dataset comprising a plurality of labeled feature
sets. Each of the plurality of labeled feature sets may
comprise a feature tuple of the predefined size and a label
indicating one of the plurality of classes. The method may
further comprise using the at least one hardware processor to
generate the training dataset by, for each of a plurality of
video clips: perform another recognition process on one or
more fields in the video clip, calculate the errors between
combined text-recognition results obtained by the other
recognition process for successive frames in the video clip,
and record a stopping moment of the other recognition
process, wherein the stopping moment is a frame in the
video clip at which the other recognition process was
stopped; and generate the plurality of labeled feature sets
based on the calculated errors and the recorded stopping
moment. Generating the plurality of labeled feature sets may
comprise generating a feature tuple of the predefined size
consisting of calculated errors for successive frames pre-
ceding and including the stopping moment, and labeling the
feature tuple with the second class. Generating the plurality
of labeled feature sets may comprise generating one or more
feature tuples of the predefined size consisting of calculated
errors for successive frames excluding the stopping moment,
and labeling each of the one or more feature tuples with the
first class.

The method may be embodied in executable software
modules of a processor-based system, such as a mobile
device or server, and/or in executable instructions stored in
a non-transitory computer-readable medium.

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:
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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 how labeled features vectors may be
generated for a dataset to be used to train a neural network,
according to an embodiment;

FIG. 3 illustrates a stopping method in a recognition
process, according to an embodiment; and

FIGS. 4A and 4B illustrate expected performance profiles
for three stopping methods, according to an experiment.

DETAILED DESCRIPTION

In an embodiment, systems, methods, and non-transitory
computer-readable media are disclosed for predicting the
stopping moment for text recognition in a video stream,
using a predictive model, such as a neural network or other
classifier. 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 under-
stood that these embodiments are presented 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. 1is 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) 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. 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., Pentium™, Core i7™, Xeon™, etc.) avail-
able from Intel Corporation of Santa Clara, California, any
of the processors available from Advanced Micro Devices,
Incorporated (AMD) of Santa Clara, California, any of the
processors (e.g., A series, M series, etc.) available from
Apple Inc. of Cupertino, any of the processors (e.g., Exy-
nos™) available from Samsung Electronics Co., Ltd., of
Seoul, South Korea, any of the processors available from
NXP Semiconductors N.V. of Eindhoven, Netherlands, 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 is a non-transitory computer-
readable medium having computer-executable code (e.g.,
any of the software disclosed herein) 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. Secondary memory 120 may
include, for example, semiconductor-based memory, such as
programmable read-only memory (PROM), erasable pro-
grammable read-only memory (EPROM), electrically eras-
able read-only memory (EEPROM), and flash memory
(block-oriented memory similar to EEPROM).

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.

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 include an exter-
nal hard disk drive, an external optical drive, an external
magneto-optical drive, and/or the like.

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
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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/1P), 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,
such as the disclosed software) 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 secondary memory
120. Such computer-executable code, when executed,
enable system 100 to perform the various functions 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 and/or removable medium
130), 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 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/0 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
sensing devices, computer mice, trackballs, pen-based point-
ing devices, and/or the like. Examples of output devices
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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 (e.g., in the case
of a mobile device, such as a smart phone). 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 software) that can be stored
in main memory 115 or secondary 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, can enable system 100 to perform the
various functions of the disclosed embodiments.

2. Process Overview

Embodiments of processes for predicting the stopping
moment for text recognition in a video stream, using a
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predictive model, such as a neural network or other classi-
fier, 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 pro-
cesses 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 alternatively, may be executed by a
virtual machine operating between the object code and
hardware processor(s) 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, may
be illustrated with a certain arrangement and ordering of
subprocesses, 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

Ref22 introduces a stopping method for text recognition
in a video stream. In the stopping method of Ref22, a frame
enters the system, the document type is determined, zones
are segmented, and fields are found. Text recognition is
performed on each field, and the recognition result of the
current frame is combined with the previous recognition
results from prior frames, using Recognizer Output Voting
Error Reduction (ROVER), which is described in Ref15 and
Ref25. The combination of recognition results decreases the
error as the number of captured frames increases. After
combination, the expected distance between the current
combined recognition result and the unknown recognition
result after the next frame is estimated. If the estimated error
is below a specified threshold for a field, representing
satisfaction of the stopping criterion, the recognition process
on that field is stopped. Otherwise, the recognition process
on that field continues with the next frame.

A formal mathematical statement of this stopping problem
can be formed. Text recognition in a video stream may be
considered as a sequential decision problem. Let X repre-
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sent a set of all possible recognition results for a text string.
Given a sequence of image frames I,, I,, L5, . . ., obtained
one at a time, the task is to recognize a text string with the
correct value x*€ X. At stage n, text recognition is per-
formed on the image frame I,, to obtain the recognition
result x,EX. The per-frame recognition results X,
X5, . . . , X, are combined to produce an accumulated
recognition result R,,€ X. The stopping decision is to either
stop the recognition process and use R n as the final
recognition result, or to continue the recognition process
with at least one additional stage n+1 in an effort to obtain
a recognition result with higher expected accuracy. If the
recognition process is stopped at stage n, the loss function L
n is a combination of the error and elapsed time:

L,=p(R,,x*)+cn

wherein p is a metric function on the set X that represents
the error between the accumulated recognition result R, and
the correct value x*, and ¢ is a constant value that represents
the price paid for each observation (i.e., each frame that is
processed).

The stopping rule can be formally expressed as a random
variable N, representing the stopping time, with a distribu-
tion defined by a stopping method given the observations X,
X5, X3, . . . . The stopping problem is to minimize the
expected loss:

ELn(X1, Xo, ..., Xy)) - min

wherein E(°) is a mathematical expectation of loss, and X,
X,, . .., X, are random recognition results with identical
joint distribution with X*, of which x,, x,, . . . , X, are
realizations observed at stages 1, 2, . . ., k, respectively.

The stopping method proposed in Ref22 relies on an
assumption that, starting from stage n, the expected dis-
tances between consecutive combined recognition results
decrease over time, and thus, the text recognition problem
can be considered monotone. The stopping method is then
defined as thresholding the estimation of an expected dis-
tance between the current combined recognition result and
the next recognition result:

Stop if A,=c, where

A def

n—

n
P} 6+ ;p(&, R(x1, X2, «ov s Xy Xi))

wherein 8 is an external parameter, and wherein R(x,,
X5, - - . » X, X;) 18 @ modeled combined recognition result of
all consecutive observations, obtained by stage n, concat-
enated with the i-th observation.

2.2. Training of Predictive Model

In order to build a stopping rule based on machine
learning, the stopping problem can be reformulated as a
classification problem. Let a dataset C=(p,, Yo),
(1> Y1) - - - » (P> ¥o), such that p,£R™" and y,&{0, 1},
wherein p, represents a vector of m—1 Levenshtein distances
between m sequential frames, k represents a size of the
dataset C, and y represents a class label. In an embodiment,
the value of y may be either 0, representing a classification
to continue the recognition process, or 1, representing a
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classification to stop the recognition process. The dataset C
may be divided into two datasets:

C=C'rain_crest

wherein C”“" is a training dataset, and C** is a testing
dataset.

The set of classifiers may be denoted as P*, such that P:
R™'—{0, 1}, VPEP*. The estimation function of these
classifiers on a sample C’ may be expressed as:

1
OP.C)= - D [P =)

J
I o

The task is to train the classifier PEP*, so as to maximize the
quality function on the training dataset,

P =argmax Q (P, C’V”i”)
PeP*

while, at the same time, maximizing the quality function on
the testing dataset:

P =argmax Q (P, C”“i”) :Q (P, C"™") - max
PepP*

To generate dataset C for training a classification-based
stopping method, the method in Ref22, which is based on
modeling the next combined result, may be used as a
reference. In an embodiment, the classifier is trained to
approximate the behavior of the method of Ref22, while
reducing or eliminating its reliance on the assumption that
the problem is monotone.

FIG. 2 illustrates how feature tuples may be generated for
dataset C, according to an embodiment. While FIG. 2
illustrates the process for generating labeled feature tuples
for training the predictive model, the same process may be
used to generate input feature tuples during operation of the
predictive model. However, it should be understood that the
input feature tuples, used during operation of the predictive
model, will not be labeled (i.e., with the ground-truth class).
Instead, the predictive model will be applied to the input
feature tuples to predict the class for that input feature tuple.

For each frame of a video stream, an error metric may be
calculated between the combined recognition result for that
frame and the combined recognition result after the imme-
diately preceding frame. In an embodiment, the normalized
Levenshtein distance is used as the error metric. In an
alternative embodiment, a different error metric may be used
to calculate the distance or difference between recognition
results.

This normalized Levenshtein distance may be calculated
as:

2-Lev(Ry, Ry-1)
IRyl + |Ry-1| + Lev(Ry, Ry-1)

PRy Ry-1) =

wherein IR, | is the length of the string R,, (i.e., the combined
recognition result at stage n), IR, ;1 is the length of the string
R,_, (i.e., the combined recognition result at stage n—1), and
Lev(R,, R, ;) is the Levenshtein distance between strings R,
and R, _,. In this embodiment, the normalized Levenshtein

n

n-1°
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distance is a value between 0 and 1. The triangle inequality
holds for the normalized Levenshtein distance (Ref24).

The calculated errors (e.g., normalized Levenshtein dis-
tances) for a set of frames may be packaged into a feature
tuple that is labeled with a ground-truth value, representing
one of a plurality of classes of stopping decisions into which
the feature tuple should be classified. To quickly generate a
dataset C, the feature tuples and the ground-truth values to
be used as the labels in labeled feature tuples may be derived
by executing the stopping method of Ref22 with a fixed
stopping threshold. Sets of m calculated errors for consecu-
tive frames may be collected from the execution as the
feature tuples. Each feature tuple may be labeled with the
stopping decision that was made after processing the last
frame represented in the feature tuple during execution. In
an embodiment, the ground-truth value may be a binary
class (i.e., two possible values) that identifies the stopping
decision. A first value (e.g., 0) indicates that the recognition
process for a given field should continue after processing the
current frame (i.e., continue to stage n+1). In contrast, the
second value (e.g., 1) indicates that the recognition process
for the given field should stop after processing the current
frame (i.e., stop at current stage n). Thus, each feature tuple
belongs to one of these two classes, such that the stopping
problem may be considered as a binary classification prob-
lem.

The value m represents a time window, in terms of a
number of frames, that defines the length of each feature
tuple. For example, m represents the length of the sequence
of error measurements (e.g., normalized Levenshtein dis-
tances) between neighboring combined recognition results.
In the illustrated embodiment, m=4. Thus, each video clip
that is used to build the dataset C may be divided into
sequences of normalized Levenshtein distances of length 4,
and labeled with the ground-truth stopping decision that was
made after the fourth frame, represented in the sequence,
was processed. The dataset C may then be divided into two
disjoint datasets, C"*"* and C'**, for training and testing,
respectively. Oversampling may be used to correct for
imbalance in the distribution of classes in the datasets.

Since an objective of the stopping method is to make
“online” stopping decisions (i.e., to make a decision at any
iteration of the recognition process based only on the
previously obtained observations), a regression model
would be inappropriate. This is because a regression model
makes its decision after the fact. Thus, in an embodiment,
the predictive model comprises a fully connected neural
network. The neural network may be a multilayer perceptron
(MLP), such as the MLPClassifier class in the Scikit-learn
library, which implements an MLP algorithm that trains
using back-propagation. In an embodiment, the neural net-
work was trained to predict a pseudo-probability of stopping
on a current frame, with three hidden layers of 16, 32, and
16 nodes, respectively, Rectified Linear Units (ReLU) as the
activation function, an adaptive learning rate with an initial
value of 0.01, a batch size of 200, a maximum number of
iterations of 200, and the Adam optimization solver. The
predictive model may be trained using the dataset C, which
may be implemented as a first array of a samplesxb features,
with the features consisting of normalized Levenshtein
distances between combined recognition results for neigh-
boring frames, represented as floating-point feature tuples,
and a second array of a labels, with each label representing
the target value (i.e., ground-truth class, representing the
ground-truth stopping decision) for the corresponding fea-
ture tuple at the same index in the first array.
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In an embodiment, cross-entropy is used as the loss
function:

Lipg(np)==(y log(p)+(1-y)log(1-p))

wherein p is a probability estimation. This probability esti-
mation may be obtained by executing the predict_proba( )
function of the Scikit-learn library.

2.3. Stopping Method Using Trained Predictive
Model

FIG. 3 illustrates a stopping method in a recognition
process 300 for a text field, according to an embodiment.
Process 300 may be implemented by one or more
processor(s) 110 in a system 100, such as a mobile device
(e.g., smartphone), document-scanning device, server, or the
like. Recognition process 300 may utilize a predictive
model, such as a neural network or other classifier that has
been previously trained using the dataset C, described
above. Instead of modeling the error on the next frame,
accumulated errors between recognition results for succes-
sive frames may be fed as feature tuples to this neural
network, which classifies the feature tuples into one of two
binary classifications, in order to decide whether or not to
stop the recognition process at the current frame.

In subprocess 305, a new frame is received. The new
frame may be the next frame in a sequence of image frames
of a video stream, such as a real-time video stream of an
identity document being captured by a system 100. This new
frame represents the current frame being processed by the
current iteration of process 300.

In subprocess 310, a text field is extracted from the
current frame. This field extraction may be performed in any
known manner, including by detecting objects (Refl1), and
segmenting the detected object into text fields (Ref12). The
output of subprocess 310 may be a sub-image from the
frame that comprises just the extracted text field (e.g., with
one or more pixels of margin). Examples of such a sub-
image are illustrated as the input frames in FIG. 2.

In subprocess 315, text recognition is performed on the
extracted field (e.g., in the sub-image). Text recognition may
be performed in any known manner, such as the manner
described in Ref13. The output of subprocess 315 may be a
text string representing the current result of the text recog-
nition on the extracted field. Examples of such a text string
are illustrated as the recognition results in FIG. 2.

In subprocess 320, the result of the text recognition on the
extracted field, output by subprocess 315, from the current
frame, received in subprocess 305, is combined with any
previous results to produce a combined text recognition
result. The combination of the current and preceding text-
recognition results may be performed in any known manner.
In an embodiment, ROVER integration is used to combine
the text-recognition results in subprocess 320. Examples of
combined recognition results are illustrated in FIG. 2.

In subprocess 325, it may be determined whether or not
the video stream has ended. In other words, it is determined
whether or not the current frame is the final frame from the
video stream. If the video stream has ended (i.e., “Yes” in
subprocess 325), the combined text-recognition result, out-
put by subprocess 320, may be output in subprocess 360 as
the final text-recognition result for the particular field
extracted in subprocess 310. In this case, the stopping
decision is moot, since there are no more frames to be
processed. On the other hand, if the video stream has not
ended (i.e., “No” in subprocess 325), process 300 continues
to subprocess 330.
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In subprocess 330, the error between the current com-
bined text-recognition result and the preceding combined
text-recognition result may be calculated. For example, the
error may be calculated as a normalized Levenshtein dis-
tance between the current combined text-recognition result
for the field and the immediately preceding combined text-
recognition result for the field, as discussed elsewhere
herein. In an alternative embodiment, a different error metric
may be calculated in subprocess 330.

In subprocess 335, the calculated error is added to a set of
features that are being accumulated. In particular, prior to
application of the predictive model, a set of m features may
be accumulated in a feature tuple. It should be understood
that the feature tuple will comprise the errors that have been
calculated in m consecutive iterations of subprocess 330 for
m consecutive frames in the video stream. For example,
referring to FIG. 2, the errors, calculated in m=4 consecutive
iterations of subprocess 330, may comprise normalized
Levenshtein distances of 0.00, 0.00, and 0.00. These nor-
malized Levenshtein distances may be accumulated in a
feature tuple of size m=4: [0.00, 0.08, 0.00, 0.00].

In subprocess 340, it may be determined whether or not
m features have been accumulated (e.g., whether or not the
feature tuple of accumulated features has reached a size of
m). If m features have not yet been accumulated (i.e., “No”
in subprocess 340), process 300 returns to subprocess 305 to
process the next frame from the video stream. Otherwise, if
m features have been accumulated (i.e., “Yes” in subprocess
340), process 300 proceeds to subprocess 345.

It should be understood that m may represent a sliding
window that slides across accumulated features to collect
tuples of the most recent set of m features. In this case, once
m+1 frames have been processed, subprocess 340 will
always resolve to “Yes.” For example, using the accumu-
lated features depicted in FIG. 2 as an example, if m=3, an
initial feature tuple would be [0.00, 0.08, 0.00], the next
feature tuple would be [0.08, 0.00, 0.00], and so on and so
forth. More generally, a sliding window of size m slides
across the accumulated features as each new frame is
processed, to accumulate the most recently accumulated m
features.

In subprocess 345, the predictive model is applied to the
most recently accumulated m features to infer the stopping
decision via binary classification. For example, the accumu-
lated feature tuple may be input into the trained neural
network, described elsewhere herein. The trained neural
network may output a binary classification, with a first value
indicating that the recognition process for the field should
continue and a second value indicating that the recognition
process for the field should stop.

In subprocess 350, it may be determined whether the
classification, output by the predictive model (e.g., neural
network) in subprocess 345, indicates that the recognition
process should continue or stop. For example, if the classi-
fication is the first value (e.g., 0), subprocess 350 will
determine to continue to the recognition process, whereas, if
the classification is the second value (e.g., 1), subprocess
350 will determine to stop the recognition process. If the
classification indicates that the recognition process should
continue (i.e., “No” in subprocess 350), process 300 returns
to subprocess 305 to process the next frame from the video
stream. Otherwise, if the classification indicates that the
recognition process should stop (i.e., “Yes” in subprocess
350), process 300 stops the recognition process for the field
in subprocess 355. In subprocess 360, the current combined
text-recognition result is output as the final text-recognition
result for the field.
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Process 300 may be performed for each field to be
recognized in the video stream. For example, for a video
stream of an identity document, process 300 may be per-
formed for each field to be recognized in the identity
document. In the case of a passport, these fields may
comprise the name of the passport holder, the passport
number from the passport-number field, the passport number
in the machine-readable zone, optional data in the machine-
readable zone, the issuing nation, the date of birth of the
passport holder, the date of issuance, the date of expiration,
and/or the like. Similarly, in the case of a driver’s license,
these fields may comprise the name of the driver, the license
number, the issuing state, the date of birth of the driver, the
date of issuance, the date of expiration, and/or the like.

When there are a plurality of fields to be recognized in the
video stream, process 300 may be executed for each field in
parallel (e.g., as parallel threads) or serially, for each frame
in the video stream. For real-time recognition, the process
300 for each field should be executed in parallel, if possible,
to reduce processing latencies. In either case, a decision to
stop the overall recognition process for the entire document
may be made as soon as the decision to stop has been made
for all of the plurality of fields. For example, as long as the
process 300 for at least one field has not ended, the overall
recognition process may continue. However, as soon as the
process 300 for every field has ended, the overall recognition
process may end. In an embodiment, as soon as the decision
to stop the overall recognition process has been made, the
system 100 may automatically terminate or otherwise end
capture of the video stream, and pass the final combined
text-recognition result for each of the plurality of fields (i.e.,
output in subprocess 360 of the process 300 for each field)
to one or more downstream functions of the same system
100 or a different system. These downstream function(s)
may comprise identity verification, authentication, applica-
tion or registration processing, and/or the like.

While process 300 is described as executing iteratively on
successive frames in a video stream, it should be understood
that this does not require the processing of every frame that
is captured. Rather, frames could be sampled from the
captured frames, according to a fixed sampling rate, and
process 300 could be executed only on the sampled frames.
This may be necessary in a system 100 that does not have the
computing resources to process every single frame in a
video stream in real time.

3. Experimental Results

In order to evaluate process 300, the openly accessible
benchmarks of the Mobile Identity Document Video
(MIDV) family were used, with an evaluation protocol that
closely follows the protocol in Ref27. The first dataset in the
MIDV family is MIDV-500 (Ref28), which utilizes samples
of identity documents that are not copyrighted and which are
distributed with an open license. The MIDV-500 dataset
includes 50 types of documents, consisting of 17 types of
identity cards, 14 types of passports, 13 types of driver’s
licenses, and 6 other types of identity documents. To create
the MIDV-500 dataset, each document was printed, and 10
videos of each printed document were filmed under five
different conditions. Each of the 500 resulting video clips are
at least three seconds in duration. A total of 15,000 images
were captured, with each image having a resolution of
1080x1920 pixels. In total, the MIDV-500 dataset contains
546 text fields in different languages.

The MIDV-2019 dataset was released about one year after
the MIDV-500 dataset, and contains 200 more video clips
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from the same 50 documents. However, the video clips in
the MIDV-2019 dataset were filmed under two new condi-
tions: high projective distortion; and low lighting. The video
clips in the MIDV-2019 dataset have a resolution of 2160x
3840 pixels.

The MIDV-2020 dataset was recently released (Ref30),
and consists of 1,000 artificially generated identity docu-
ments. Each identity document has unique text fields and an
artificially generated photograph of a non-existent person. In
total, the MIDV-2020 dataset contains 1,000 video clips,
2,000 scans, and 1,000 photographs of documents, with rich
annotations. With a total of 72,409 tagged images, mostly in
the form of video frames, the MIDV-2020 dataset is possibly
the largest open dataset of identity documents.

For experimentation, the MIDV-500 and MIDV-2019
datasets were used to train the neural network of the pre-
dictive model, whereas the MIDV-2020 dataset was used for
testing. Overlapping documents were excluded from the
datasets to ensure the independence of the training and
testing samples, even on the level of document types. The
fields of all three datasets were recognized using the two-
step text-recognition framework for identity documents
described in Ref13.

To evaluate the generalization abilities of the trained
neural network, an experiment was conducted on the inde-
pendent RoadText-1K dataset (Ref31). The RoadText-1K
dataset contains 1,000 video clips captured from moving
vehicles, with feature annotations for text objects within the
road scenes. In other words, this is a completely different

type of data than the text fields in the MIDV family of 3

datasets.

For the experiment, only video clips that tracked text
objects for at least 30 frames and had ground-truth values
consisting of digits and/or letters of the Latin alphabet were
used. In all cases, only the first 30 frames of each video clip
were used. The text objects were detected using the pre-
trained model described in Ref32 with thin-plate spline
transformation, residual neural network (ResNet) feature
extraction, bidirectional long short-term memory (BiLS™)
sequence modeling, and attention-based sequence predic-
tion.

After data preparation, three datasets were obtained. The
training dataset, derived from the MIDV-500 and MIDV-
2019 datasets, contained 16,000 elements of each classifi-
cation. The first testing dataset, derived from the MIDV-
2020 dataset, contained 40,000 elements of the first class
(i.e., continue the recognition process) and 80,000 elements
of the second class (i.e., stop the recognition process). The
second testing dataset, derived from the RoadText-1K data-
set, contained 22,800 elements of the first class (i.e., con-
tinue the recognition process) and 22,100 elements of the
second class (i.e., stop the recognition process). The neural
network was trained for 40 epochs and exhibited an area
under the curve (AUC) of the receiver operating character-
istic (ROC) curve of 0.71.

The process of recognizing text fields in a video stream,
wherein each frame is independently processed and the
per-frame results are accumulated, can be considered an
anytime algorithm (Ref33). Thus, the gradual increase of the
recognition accuracy can be analyzed with performance
profiles. The expected performance profiles for processes, in
which stopping rules are applied, could be used to compare
the stopping methods of the processes. Such profiles visu-
alize the achieved trade-off between the mean number of
processed frames and the mean accuracy of the text-recog-
nition results at the time that the recognition process is
stopped.
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The profiles of the existing algorithm in Ref27 were built
by varying the stopping threshold, against which the mag-
nitude of the error was compared to make the stopping
decision. The profiles of an algorithm using the disclosed
process 300 were built by varying the probability of assign-
ing text objects to classes. FIG. 4A illustrates the expected
performance profiles for three methods when tested on the
first testing dataset, derived from the MIDV-2020 dataset,
and FIG. 4B illustrates the expected performance profiles for
the same three methods when tested on the second testing
dataset, derived from the RoadText-1K dataset, according to
the experiment. The three methods were a stopping method
that stops at a fixed stage (i.e., “Stopping at fixed stage”), a
stopping method that implements the algorithm in Ref27
(i.e., “Base method”), and a stopping method that imple-
ments disclosed process 300 (i.e., “MLP method”). Each
expected performance profile represents the mean distance
from the final combined text-recognition result to the correct
value (Y-axis), against the mean number of processed frames
before stopping (X-axis).

As illustrated in FIGS. 4A and 4B, on average, the
performance profile of the stopping method in disclosed
process 300 falls below the other stopping methods for both
testing datasets. This indicates that disclosed process 300
has greater efficiency. In other words, for the same mean
number of processed frames, disclosed process 300 achieves
a lower mean recognition error at stopping time than the
other methods. The summarized values of the mean error
levels are presented in the tables below:

Mean Error Rate with a Limit to Mean Number
of Processed Frames (MIDV-2020 Dataset)
Limit of the mean number of processed frames n
Method n=<4 n=<6 n=<3y8 n=10 ns 12
Base (Ref27) 0.110 0.081 0.074 0.071 0.070
Disclosed 0.110 0.081 0.069 0.062 0.062
Mean Error Rate with a Limit to Mean Number
of Processed Frames (RoadText-1L Dataset)
Limit of the mean number of processed frames n
Method n=<4 n=<3§ ns=I12 n=15 n=17
Base (Ref27) 0.295 0.250 0.220 0.201 0.195
Disclosed 0.295 0.245 0.205 0.177 0.165
As depicted in these tables, for every limit on the mean

number of processed frames, the error rate of the disclosed
method, utilizing process 300, is less than or equal to the
base method described in Ref27. There is a maximum error
reduction of 12.7% when the compared methods are con-
figured to stop with the mean number of processed frames
not exceeding 10, and 15.4% when the compared methods
are configured to stop with the mean number of processed
frames not exceeding 17, even without retraining the neural
network on the RoadText-1L dataset. Thus, the disclosed
method represents a significant improvement over the base
method.
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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
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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, for each of one or more fields in a plurality of
frames from a video stream for which a recognition process
is being performed:

perform text recognition on the field to produce a current

text-recognition result;

combine the current text-recognition result with a preced-

ing text-recognition result for the field from one or
more prior frames;

calculate an error between the combined text-recognition

result and the preceding text-recognition result;

add the calculated error to an accumulated feature set;

and,

when the accumulated feature set has reached a pre-

defined size, wherein the predefined size is greater than

one,

apply a predictive model to the accumulated feature set
of the predefined size to classify the accumulated
feature set into one of a plurality of classes, wherein
the plurality of classes comprises a first class that
indicates continuation of the recognition process,
and a second class that indicates stopping of the
recognition process,

when the one class is the first class, continue the
recognition process for the field, and,

when the one class is the second class, stop the recog-
nition process for the field.

2. The method of claim 1, wherein the error is calculated
based on a Levenshtein distance between the combined
text-recognition result and the preceding text-recognition
result.

3. The method of claim 2, wherein the error is a normal-
ized Levenshtein distance.

4. The method of claim 1, wherein the plurality of classes
consists of the first class and the second class.

5. The method of claim 1, wherein the predictive model
comprises a neural network.

6. The method of claim 5, wherein the neural network
comprises a multilayer perceptron.

7. The method of claim 1, wherein the accumulated
feature set of the predefined size consists of a plurality of
most recently accumulated features within a sliding window
having the predefined size.
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8. The method of claim 1, wherein the video stream is of
an identity document.

9. The method of claim 1, wherein the one or more fields
are a plurality of fields.

10. The method of claim 9, further comprising using the
at least one hardware processor to perform the recognition
process for all of the plurality of fields in parallel.

11. The method of claim 10, further comprising using the
at least one hardware processor to determine to stop an
overall recognition process for the plurality of fields once
the recognition process for all of the plurality of fields have
been stopped.

12. The method of claim 11, further comprising using the
at least one hardware processor to, in response to determin-
ing to stop the overall recognition process, automatically
end the video stream.

13. The method of claim 1, wherein the current text-
recognition result is combined with the preceding text-
recognition result using Recognizer Output Voting Error
Reduction (ROVER).

14. The method of claim 1, further comprising using the
at least one hardware processor to train the predictive model,
prior to the recognition process for each of the one or more
fields, using a training dataset comprising a plurality of
labeled feature sets.

15. The method of claim 14, wherein each of the plurality
of labeled feature sets comprises a feature tuple of the
predefined size and a label indicating one of the plurality of
classes.

16. The method of claim 15, further comprising using the
at least one hardware processor to generate the training
dataset by, for each of a plurality of video clips:

perform another recognition process on one or more fields

in the video clip, calculate the errors between combined
text-recognition results obtained by the other recogni-
tion process for successive frames in the video clip, and
record a stopping moment of the other recognition
process, wherein the stopping moment is a frame in the
video clip at which the other recognition process was
stopped; and

generate the plurality of labeled feature sets based on the

calculated errors and the recorded stopping moment.

17. The method of claim 16, wherein generating the
plurality of labeled feature sets comprises generating a
feature tuple of the predefined size consisting of calculated
errors for successive frames preceding and including the
stopping moment, and labeling the feature tuple with the
second class.

18. The method of claim 17, wherein generating the
plurality of labeled feature sets comprises generating one or
more feature tuples of the predefined size consisting of
calculated errors for successive frames excluding the stop-
ping moment, and labeling each of the one or more feature
tuples with the first class.

19. A system comprising:

at least one hardware processor; and

one or more software modules that are configured to,

when executed by the at least one hardware processor,

perform text recognition on the field to produce a
current text-recognition result,

combine the current text-recognition result with a pre-
ceding text-recognition result for the field from one
or more prior frames,

calculate an error between the combined text-recogni-
tion result and the preceding text-recognition result,

add the calculated error to an accumulated feature set,
and,
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when the accumulated feature set has reached a pre-

defined size, wherein the predefined size is greater

than one,

apply a predictive model to the accumulated feature
set of the predefined size to classify the accumu-
lated feature set into one of a plurality of classes,
wherein the plurality of classes comprises a first
class that indicates continuation of the recognition
process, and a second class that indicates stopping
of the recognition process,

when the one class is the first class, continue the
recognition process for the field, and,

when the one class is the second class, stop the
recognition process for the field.

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

perform text recognition on the field to produce a current

text-recognition result;

combine the current text-recognition result with a preced-

ing text-recognition result for the field from one or
more prior frames;

20

22

calculate an error between the combined text-recognition
result and the preceding text-recognition result;

add the calculated error to an accumulated feature set;
and,

when the accumulated feature set has reached a pre-
defined size, wherein the predefined size is greater than
one,

apply a predictive model to the accumulated feature set
of the predefined size to classify the accumulated
feature set into one of a plurality of classes, wherein
the plurality of classes comprises a first class that
indicates continuation of the recognition process,
and a second class that indicates stopping of the
recognition process,

when the one class is the first class, continue the
recognition process for the field, and,

when the one class is the second class, stop the recog-
nition process for the field.





