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METHODS FOR IMPLEMENTATION OF STRING OBJECT RECOGNITION
RESULTS IN REAL-TIME VIDEO STREAMS

This study addresses the challenge of string object recognition in real-time video streams, particularly focusing on
improving recognition accuracy under dynamic conditions with distortions such as defocusing, glare, and motion artefacts. A novel
algorithm is proposed that integrates recognition results from multiple video frames using extended result models, considering
alternative classification options for each object. The algorithm leverages dynamic programming and advanced metrics, such as the
Generalized Levenshtein Distance, to aggregate recognition outcomes effectively. Experimental validation on the MIDV-500 dataset
demonstrates the proposed method's superifority over traditional approaches, including the ROVER method, in reducing recognition
errors across varfous text fields. The findings highlight the algorithm's robustness and scalability for applications in document
digitization, automated data extraction, and mobile-based text recognition. Future research directions include optimizing
computational efficiency, expanding to multilingual recognition tasks, and validating performance on diverse datasets to ensure
generalizability for real-world applications.

Keywords: real-time video stream, string object recognition, text recognition, dynamic programming, video-based OCR,
recognition result integration, distortion mitigation.

I'VAHCAHI Ca

BiHHHMLBKUIA HAI[IOHAJBHUIM TEXHIYHUN YHIBEPCUTET
XyHaHCHKHH KOJIEZK MacOBHX MeJlia

KOBTVYH B’sguecnas

BiHHMIBKHH HalliOHANBHUH TEXHIYHUN YHIBEPCUTET

METOIM PO3II3BHABAHHS PAJAKOBUX OB’EKTIB ¥ BIJIEO IIOTOKAX
PEAJIBHOT'O YACY

Y crarTi AOCHAKYETLCS MPO6/IEMa MIABULLEHHS TOYHOCTI PO3ITI3HABAHHS PSAKOBUX OO'EKTIB y BIAEO MIOTOKax peasibHoro
qacy. LocimKyBaHmi MpoLec XapakTEPUIYETbCA AMHAMIYHICTIO Ta [PUCYTHICTIO B aHA/I30BaHOMY BIAEO [10TOLI TaKkuX TUMiB
CrIOTBOPEHDb, SIK ACQPOKYCYBAHHS, BIA6MCKM Ta apTe@aktv pyxy. [IpE4cTaBieHo HOBUY METOh, Sk IHTerpye pesysbtat
PO3I13HABaHHS 3 KI/IbKOX BIAEOKAAPIB, BPAaxXOBYIOYU a/IbTEPHATUBHI BapiaHTU KAacu@ikalii 4715 KOXHOro psaKkoBOro 00 €KTa.
MeTOAMOERHYE NPHUHLMITN AUHAMIYHOO MPOrpaMyBaHHs Ta CyYacHi METPUKY, Taki K y3ara/lbHeHa BIACTaHb JIEBEHIUTENHE, ANS
EQPEKTUBHOIO arperyBaHHs pPe3y/ibTaTtiB PO3rli3HaBaHHS. EKCIEPUMEHTE/IbHA MEPEBIPKa Ha Habopi aannx MIDV-500 pemoHcTpye
nepeBary 3anporoHOBaHoro METOAY Haa TPaanUiHumu rigxodamu, 30Kkpema meroqom ROVER, y 3HWKEHHI MTOMU/IOK PO3ITi3HaBaHHS
PIBHUX TUIIB PSAKOBUX OBGEKTIB. Pe3y/ibTaty MiGKPeC/IoTs HaaMHICTb | MacluTaboBaHICTs METOAY 418 3acTOCyBaHb y ciepi
oUNDPOBKIN [OKYMEHTIB, aBTOMATU3OBAHOIO EKCTPAryBaHHS JaHUX Ta PO3ITI3HABAHHS TEKCTY MOBIIbHUMM rpUCTposmu. Mavi6yTHi
Hanpsimn  AOCTIKEHs  OyAyTb CrPSIMOBaHI HA ONTUMIBALII0 OOYNC/IOBAIbHOI €QEKTUBHOCTI MPEACTaB/IEHOr0 METO4y, HOoro
ananTauito 4o pO3ri3HaBaHHS PSAKOBUX OO EKTIB, yTBOPEHUX DI3HUMU MOBamy, Ta MEPEBIPKY MPOAYKTUBHOCTI Ha Habopax AaHuXx,
SKI BIATBOPIOOTH PEAsTICTUYHI CLEHEPIT 3aCTOBYaaHHs BIAMOBIAHUX CUCTEM PO3ITI3HABAHHS.

Knto4oBi c/108a: BIAEO IOTIK PeasibHOro 4acy, PO3rii3HaBaHHS PSAKOBUX OOEKTIB, PO3IN3HABAHHS TEKCTY, AMHaMIYHE
1IPOrpamyBaHHs, BIAEO-OMTUYHE PO3ITI3HaBAHH CUMBOJIIB, IHTErPAaLisi Pe3y/ibTaTiB PO3I1i3HABAHHS], 3MEHLLEHHS BI/INBY CIIOTBOPEHb.

THE PROBLEM STATEMENT IN GENERAL FORM AND ITS CONNECTION
WITH IMPORTANT SCIENTIFIC OR PRACTICAL TASKS

The recognition of string objects such as text paragraphs, text lines, and document fields presents
significant challenges, particularly when the source images are obtained from mobile device cameras [1, 2]. These
challenges arise due to various image distortions [3, 4], including defocusing, blurring, glare on reflective surfaces,
and insufficient resolution. Such factors often degrade the performance of character recognition algorithms, making
it difficult to achieve the desired level of accuracy.

In real-time video streams, these challenges are further exacerbated by the dynamic nature of video content,
where changes in lighting, object orientation, and motion can introduce additional complexity [5]. Despite these
difficulties, video streams offer a unique advantage by providing a continuous sequence of frames. This allows for
the repeated recognition of the same object across multiple frames, thereby improving the final recognition accuracy
through redundancy.

However, relying on a single best result from a video stream is often insufficient, as certain frames may fail
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to capture the object fully or clearly [6]. This limitation necessitates the development of advanced methods for
aggregating recognition results from multiple frames. By leveraging information from diverse frames, it is possible
to mitigate the impact of distortions and improve the reliability of recognition outcomes.

Addressing this problem is of critical scientific and practical significance. It directly contributes to the
advancement of real-time recognition systems, enabling applications in document digitization, automated data
extraction, mobile-based text recognition, and other fields where efficient and accurate recognition of string objects
is essential.

THE PROBLEM STATEMENT AND REVIEW OF RECENT RESEARCH
Consider the model for the recognition result of a single object. Let the image P of an object K be

classified into one of N classes from aset K = {kl, Kyy.oo Ky } using a classification module f . In the classical

formulation, the result of classification is one of the classes f(P):kf, where Kk, € K, and the task of
recognizing a single object is to maximize the posterior probability that the class Kk, matches the true value K . Ina
more  general  formulation, the classification  module f assigns a set of  pairs
f (1= {(kl, $):(Kp ,),e.s (Ky @y )} to the input image, where ¢, is the membership score of the object to

class ki . The final recognition result is the class corresponding to the maximum membership score:

f (P)=argmax|f (P)| e{kf (ki ¢ )e f(P))A@f :(kg}%@} (1)

In the case where there are multiple pairs (kf1,¢5f ),(kf2,¢f ), with the same maximum membership

score, one of the classes is selected as the answer according to the adopted convention (for example, the class with
the smallest index in the set K ). The recognition result model for a single object (1) is a variant of the Algorithm
for Calculating Scores (ACS) [7]. It is also the most widely used model in optical image recognition methods using
convolutional neural networks [8, 9].

To define the recognition result of a string object, it is necessary to introduce the concept of an empty class
n, representing the absence of a single object. The extended result of classifying a single object is considered to be
amapping a : KU {77} - [0,1] from the set of classes, augmented with the label of the empty class 77, to the set

of membership scores. Each membership score is a real number between 0 and 1, and the sum of the membership
scores is equal to one. Thus, the set of all possible recognition results for a single object K is defined as:
. def KUy}
K =<ae[01] Y. a(k)=1¢. )
keKu{n}
On the set of all possible recognition results for a single object K, a metric can be defined as follows:
def 1 R
|K(a,ﬂ)=§kKZ ‘a(k)—ﬂ(k)‘,Va,ﬂeK. 3)
eKu /7
It is easy to verify that the function | , ( ,ﬂ) possesses the properties of a valid metric:
N(a,f)=0=VkeKuU a(k)= < a = [, thus the identity axiom is satisfied.
K
2. Vvke Ku{n}: |a(k)—ﬂ( )| =|,B(k

axiom is satisfied.
3. Vi, jell : i+ j|<li|+|i]= VYke KU{n}:

|:I a,B)=1,(B,a), thus the symmetry

|a(k)—7/(k)|S|a(k)—7(k)|+|y(k)—ﬂ(k)|:>IK(a,,B)SIK(a,;/)+lk(}/,,b’), thus, the triangle
inequality is also satisfied.
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It is worth noting that the metric IK (a, ﬂ) corresponds to the Manhattan metric in the vector space over
the ordered set K U {77} . Since for & and /3, the sum of the values across all k € K u{n} equals one, the set

of values for the function IK (a, ﬂ) forms a segment [0, 1]. We denote the "empty result” as:

ﬂdif{(n,l),(kl,o),(kz,o),...,(kN,0)}. )

The result P of recognition of a string object will be called a string over the set K \{ﬁ} , i.e., an element

def , *
PeP, where P = (K \{ﬁ}) . The string P represents a sequence of recognition results of individual objects

P=pp,...p, where p, e K \{ﬁ} , and the length of the string |P| =M is called the number of elements in
this sequence. The notation P; . refers to a substring of the string P, including elements p, 0, ;... p; ,p0; for
1<i< j<m.Wheni> j,thesubstring P; ; corresponds toan empty string 77 of zero length.

The recognition of string objects in real-time video streams has garnered considerable attention due to its
broad applicability in fields such as document digitization, automated data extraction, and mobile-based text
recognition [10]. Several studies have contributed to advancing this area, emphasizing the challenges and
innovations in handling dynamic and diverse input conditions.

Recent advancements in deep learning have significantly improved object detection and recognition
capabilities. Study [9] provided a comprehensive survey of deep learning techniques for object detection,
emphasizing their potential in dynamic environments such as autonomous driving systems. Their findings highlight
the robustness of convolutional neural networks (CNNs) in handling varying lighting conditions, object orientations,
and motion-induced blurring.

In video-based recognition tasks, [11] proposed an objective video quality assessment method tailored for
object recognition tasks. Their work underscores the importance of high-quality video frames in enhancing
recognition accuracy, particularly in scenarios where video content is affected by motion artefacts and resolution
inconsistencies.

For tasks specific to text recognition, [12] explored methods to increase real-time object recognition
accuracy on mobile platforms. Their study emphasized the role of preprocessing techniques such as image
normalization and text area segmentation in mitigating the effects of glare, defocusing, and other distortions
commonly encountered in mobile-captured images.

Machine learning models incorporating Optical Character Recognition (OCR) techniques have also been a
focal point of recent research. Research [13] performed a comparative analysis of Google Vision OCR and
Tesseract, demonstrating the trade-offs between accuracy and computational efficiency. Similarly, [14] implemented
OCR for Javanese script, showcasing the adaptability of OCR systems to diverse textual formats and languages.

The integration of dynamic programming methods into recognition pipelines has shown promising results.
Study [15] introduced a normalized Levenshtein distance metric, which has been widely adopted for string-matching
tasks. This metric provides a foundation for aligning recognition results across multiple frames in video streams,
enabling improved aggregation of recognition outcomes.

The ROVER (Recognizer Output Voting Error Reduction) method, as described in [16], offers a robust
framework for combining recognition results from multiple classifiers. This approach has been successfully adapted
to optical recognition tasks, including printed and handwritten text, by leveraging a voting mechanism to resolve
ambiguities in recognition outputs.

In addressing the challenges of string object recognition in real-time video streams, study [17] proposed an
anytime algorithm with an adaptive variable-step-size mechanism. Their method, designed for the path planning of
UAVs, demonstrates the broader applicability of such algorithms in scenarios requiring iterative optimization under
dynamic conditions.

Despite these advancements, existing methods often fall short of effectively integrating recognition results
across frames to leverage redundancy in video streams. The present study builds upon these foundations, proposing
an extended model of string object recognition that considers alternative classification options for individual objects.
This approach seeks to bridge gaps in current methodologies, providing a more robust and accurate framework for
real-time video-based text recognition.

FORMULATION OF THE ARTICLE'S OBJECTIVES
The purpose of this article is to develop and validate an advanced algorithm for integrating string object
recognition results in real-time video streams, leveraging alternative classification options and extended result
models to enhance accuracy and reliability in dynamic conditions. To design a recognition result model for string
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objects that incorporates alternative classification options for individual elements, ensuring robustness in handling
video stream distortions such as defocusing, glare, and motion artefacts. To create an algorithm for integrating
recognition results of string objects based on the proposed model, ensuring compatibility with dynamic
programming methods and existing metrics such as the Generalized Levenshtein Distance. To conduct experimental
studies on open datasets like MIDV-500, comparing the proposed algorithm's performance with traditional methods
such as ROVER, and evaluating its effectiveness in reducing recognition errors across various text field types and
video sequence lengths.
PRESENTATION OF THE MAIN MATERIAL

Let us introduce the concept of an elementary edit operation D as a pair (a,ﬁ)i(ﬁ,ﬁ), where
a,fpe K . An edit operation D = (a, ,B) , applied to the string P, corresponds to:

1. If B #n:replacing element p, = ¢ inthe string P with element g, if S #n;

2.1f B =1 deleting element p, = & from the string P;

3. If @ =7 :inserting an element A into the string P.
Let us consider two arbitrary strings P,® € P of finite length. An editorial prescription is defined as a
sequence of elementary editorial changes D, , = D,D,... D, that transforms a string P into a string ® . The

weight of an editorial prescription is considered to be the sum of the distances (in terms of metric IK ) between pairs

of objects involved in the elementary editorial changes Di (0{,, ) of the prescription DP 0-

W(Dp,e)dgg'x(aw ) 5)

A metric on the set of recognition results for string objects P is defined as the minimal weight of an
editorial prescription that transforms one string into another:

l,(P,®)= min{a)(DP@)}. (6)

The metric (6) can be considered as one of the implementations of the Generalized Levenshtein Distance
[13] and possesses the properties of a true metric, provided that the metric (3) also satisfies these properties [13].

To calculate the distance between two recognition results of string objects |P(P,®), the following

recursive scheme can be used. Let a(i, j) | ( L. ,, L] ) represent the distance between the prefixes of strings

P and ® , which have lengths i and |, respectively. Then

a(0,0)=0, a(i,0) ZI (pn.77). OJ:ZJ:IK

I, (p.7)+a(i-1 j), _ (7)
a(i, j)=minql, (7, )*a'J o
(p, ) -1,j-1)

and the sought value of the metric I, (P, @) corresponds to the value a(|P| , |®|) .

It is worth noting that the maximum possible value of the metric |P (P, @) is the maximum length of the

strings P and ® (when using (3) as the metric on the set of recognition results for single objects). Since |P itisa

special case of the Generalized Levenshtein Distance, it is possible to construct a normalized version of this metric
while preserving the axioms of identity, symmetry, and the triangle inequality [13]:

- 21, (P,

|, (P,®)def - (P.0) :
o(Pl+[e))+1, (7.0)

where o is the maximum possible weight of an elementary insertion or deletion. For the case of the metric

(3): O':max{lK (a,ﬁ)JK (ﬁ,ﬁ);a,,ﬁe K}:

©)

International Scientific-technical journal
«Measuring and computing devices in technological processes» 2024, Issue 4

341



Mixcnapoonuit HayKoeo-mexniuHuil JHeypHan
«BumiprosanbHa ma o64ucnroeasibHa MexHika 8 mexHoJs1I02iYHUX npoyecax»
ISSN 2219-9365

Let us consider the task of recognizing a string object in a video sequence. The input to the system is a
sequence of images P,,P,,...,P,, of the string object w e K". Using the module F for recognizing the string

object in a single image, each image is assigned a recognition result F (Pi ) € P . Within the framework of the

considered model, we assume that in the initial recognition result of the string object, the membership estimates
corresponding to the empty class 77 are equal to zero:

If(Pi)= P,PeP, P, =p1ip;...prini, p} (7)=0 Vje{l,....m}. (9)
The task consists of combining the results P,,P,,...,P,, with certain weights @, ®,,...,®,, into a
unified result P € P, minimizing the distance to the true value W according to a given metric. Since P e P itisa
string over the set K \{77}, and W is a string over the set of classes K, additional conversion is required to
determine the distance between them. The most natural approach is to transform the true value W into a string

WeP:
W=WW,... W, , W, e K, W=WW,...W, , W e K\ {74},

def

Wy =1(7,0),(k1,0),(Kp,0),..., (w;,1).... (i, O))

and use the distance (6) or its normalized variant (8) as the distance from the integrated result P to the true
value W.

However, from a practical application perspective, it is also important to obtain the final recognition result
of the string object (analogous to the final result (1) for a single object). The following two-step procedure can be
used to obtain the final result:

(10)

1. At the first step, each component p; € K \{ﬁ} of the integrated result P = PP, - Pr, 1S assigned
either the class kpj € K with the maximum membership estimate Pi (kpj ) or the empty class 77, if its estimate
o (77) exceeds a certain threshold A :

_ |argmax p; (k)Vp,; (7)< A,
Pj = (11)
nvp; (77) > A

2. In the second step, all components p; =17 are removed from the resulting string p,0, ... py, . The

resulting string 134 e K" can be used as the final recognition result of the string object.
As the distance from the integrated result P to the true value W, the Levenshtein distance
levenshtein (I_)i , W) [13] or its normalized variant:

2levenshtein(P,, w)

||_ (Pﬂ ! W) - ‘Fi‘ +|W| + |evenShtein(F,1 , W) , (12)

can now be used.

The approach presented in [16] has also been applied to combining multiple classifiers in optical
recognition tasks for printed and handwritten texts. The approach described in [16], known as Recognizer Output
Voting Error Reduction (ROVER), employs a two-module scheme:

In the first stage, the alignment module converts all input string objects into strings of equal length by
optimally inserting the empty class 7.

In the second stage, the voting module selects a class for each component of the resulting string based on a
linear combination of occurrence frequency and confidence scores generated by the recognition module.

The model of a single-string recognition result in the ROVER approach [16] is represented as a pair
consisting of a string over the set of recognition classes for individual objects and the confidence score of the

recognition module, i.e., an object from the set K™ x[] .
To construct an algorithm for integrating string object recognition results with an extended model of a
single recognition result, let us consider the problem formulation of string alignment of the form (9).

Let P,,P,,..., B, bethesetof M strings, where P, € P and |Pi| =m, >0 are given:
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1 1 1 2 2 2 M M M
Py =pipy o Po= Py Py Py =00 Py e P, - (13)
The alignment of a given set of strings will be understood as an align function:

M M
{1,..., M }x{l,...,malx mi}%{l,...,Zmi}. The function align(i, J) specifies the index of the output
1= -1

"integrated” string component, into which the components p} contribute. For each input string, the values of the
align function for individual string components are different and maintain their order: Vi e{l,...,l\/l},

Vje{l,...,m -1} align(i, j) <align(i, j +1).

M
We also introduce a match function: {1,..., M }><{l,...,Zmi } — K, defined as follows:
i=1

~_af [ plvalign(i, j)=c,
match(i,c)=4""_ ( ) (14)
nv3j:align(i, j)=c.
The alignment problem consists of finding the align function such that the penalty functional
ZZIK(match(il,c),(match(iz,c),))—>min (15)
c i<i,
is minimized, reflecting the total pairwise distance between the recognition results of individual objects that

contribute to the same components of the integrated result.
To generalize the voting module, which selects a class for each component of the resulting string, we

introduce a family of functions for combining the recognition results of individual objects y(M) :
A M A R
yM KM x(mg) — K\{7}. (16)
The function y(M) takes as input M recognition results of individual objects ;,a,,...,a,, such that

Ji o # 77, and a set of associated non-negative weights wy,0,,..., 0, reflecting the significance of the result,

M
such that Za)i >0.

i=1
Then, the function Y ™) for integrating the recognition results of string objects takes the form
M) .M M) (M
Y (P, P,,..., P @y, @, 0y )= Y, VS ,...,me). 17)

where M, = mMmax align(i, j) and each component of the resulting string is calculated using the
combination function (16) and in accordance with the alignment result (14):
yM = y('\")(match(l, j).match(2, j),...,match(M, j), @, ®,,..., 0, ) (18)

j
In the general case, the exact solution to the problem (15) involves calculating a dynamic programming
scheme (analogous to the scheme for calculating the Generalized Levenshtein Distance (7) with a computational

cost that exponentially depends on the number of input strings M (since the results of the string alignment
subproblems P Por i Py, must be used for all tuples

(i iy iy ) e {1 ombx{L .. ,my b x .x{L,...,my, } . Heuristic algorithms for shortest path search, such

as A" -search [17], can also be applied when calculating this scheme. The next section will present an algorithm for
integrating the recognition results of string objects, with the alignment functional approximated using the method
employed in the ROVER approach [16].

When calculating the integrated result of the recognition of a string object, a set of intermediate integrated

results Y (Pl,a)l),...,Y(i_l) (Pl,...,Pi_l,a)l,...,a)i_l) is generated, where the result Y™ is used to solve
the alignment task at step 1. In the first step of the algorithm:
1
Y@ (P, @,)=P,. (19)
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At each subsequent i-th step of the algorithm, the optimal alignment of the strings P, and
Y(H)(Pl,...,Pi_l,a)l,...,a)i_l) is built using a dynamic programming scheme, similar to (7). Let
def i
7/(d,e)=|p(Pil._d,Y("l)(P11-~~1Pi71’w1’~--’a’i71)l .e) and R,(d,e) are the auxiliary functions for

r €{1,2,3} . The calculation of 7 (d,e) and R, (d,e) is performed according to the following procedure:
7(0,))=0, »(d,0) ZI (o,7). (o,e)=cze;|K(ﬁ, Yo,
Rl(d,e)=lk(pé,n)+y(d—Le)' R, (d.e) =1, (7. y.)+7(d.e-1), 0
R,(d.e) =1, (p5. ¥\ )+7(d-1e-1), y(d,e)=min{R (d,e),R,(d,e),R,(d,e)}.
To calculate the integration result Y (P,,...,P,,@,,..., @) at the i -th step we introduce two auxiliary

functions @, : {O,...,mi + in_l} —{L....,m} and ¢, : {0,...,mi + in_l} - {1,...,in_1} , whose calculation

is performed according to the following recursive procedure:

(0): m;,
@ (0)=m, ¢ (c+1)= Ez;+1vi|se( ). @, (C))/\ Rl((op (). e, (C)) # }/(qop (c). (C)), .
(c+1) {wv )7R, (04 (¢). 2, () =7 (20 (c). 4 (<)),
(pY +1Velse.

The integrated result at the 1 -th step is calculated as follows:
m, =min{c:¢,(c)=gp, (c)=0}, YO(P,...,P,@,...,0) = y{')yg')...yﬁ'w)i :

y(z) (ygv_(]z(c))+]_’ M2, @ )V(/)P (cﬂ(C)) =0 (gD(C)—l),
0 _Jy@ (5 @2
Yo' =Y (77’,0%( (c))+1” Ziy o )V(PY ((”(C)) = (¢(C)_1)'
y? (v(il‘&c»w Patotear Ziar @ )Ve'se’
ef i def
where Z, il Z:a)C ; o(c) - m, —C+1 is the auxiliary function, and y® is the function for integrating
c=1

the two recognition results of single objects (16).
It should be noted that within the proposed algorithm, the integration function (16) requires the following

property:
M
yM" (a0, @y @0 ) = )
23
2 M-1
= y! )(y( )(al,...,aM_l,a)l,...,a)M_l),aM O, F ...+ 0y, O )
In the case where the used function Yy does not possess the property (23), the alignment procedure remains
unchanged, and the integrated result at step I must be calculated for each component of the resulting string using
formula (18), after explicitly restoring the functions align and match .
Within the framework of this dissertation, it is proposed to use the weighted average as the function VY,
which possesses the property (23):
1 M

y" e, 0, 0., 0 )(k):Z—Z:ozi (K)o, Vke Ku{n}. (24)
M i=1l
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The experimental study was conducted on the open MIDV-500 dataset [18], which holds 50 different types
of identity document videos (with 10 video clips for each certificate; 30 frames per video) with explained ideal
locations and content of text areas. Four groups of fields were analyzed: dates recorded with numbers and
punctuation marks, Machine-Readable Zone (MRZ) strings, certificate number,and elements of the certificate
holder's name written in the Latin alphabet.

Only frames in which the entire document is visible were considered (thus, the video sequences in the
examined subset of a dataset had varying sizes, from 1 to 30 frames). To decrease the effects of normalization and
offer a clearer representation of the outcomes, every clip was extended in duration to 30 frames by repeating the clip
from the beginning (thus, all analyzed clips had an identical duration of 30 frames).

Each area was extracted from the source image using a projective transformation, according to the joint
annotation of the ideal boundaries of the document and the coordinates of the text area, with margins increased to
30% of the shortest side of the text area. The size of the extracted text area images corresponded to a resolution of
300 dots per inch. Each extracted text area was recognized using the component of the Tesseract system [13], which
is responsible for recognizing a single text string with an extended result model (9).

The normalized Levenshtein distance (12) between the true value and the text string obtained using the
procedure (11), was used as the distance between the integrated recognition result of the text area and its true value.
All character comparisons were performed regardless of case, and the Latin letter "O" was considered identical to
the digit "0".

In the framework of this experimental study, the proposed algorithm, operating within the extended model
of the string object recognition result, was compared with an analogue operating within the classical model. For
each group of text areas and each video sequence, integration was performed using the ROVER method, where
simple text strings formed by the procedure (11), applied to the frame-by-frame recognition results, were used as
input data. The threshold A for the empty symbol score (11) was set to 0.6 for both the control ROVER method and
the proposed algorithm.

Fig. 1 presents the results of the compared algorithms for the four groups of text areas in the MIDV-500
dataset. It can be noted that for each group of fields, the integration using the proposed algorithm of the full
recognition results (i.e., considering alternative recognition options for each character) achieves a lower error value
than integration using the ROVER method (which only considers the first alternatives for the recognition of each
character), regardless of the length of the sequence of integrated results.

The achieved average values of the distance between the integrated recognition result of the text area and
its true value for different lengths of the integrated video sequence prefix are presented in Table 1.

Table 1.
Achieved distance between the integrated recognition result and the true value without integration using the
ROVER method and the proposed algorithm

. Frame number (length of the sequence of integrable results)
Integration method 3 6 9 12 15 18 21 oq 27
Without integration 0.136 0.154 0.160 0.157 0.168 0.159 0.165 0.166 0.150
Integration using the proposed algorithm 0.115 0.089 0.078 0.071 0.066 0.065 0.066 0.066 0.064
Integration using the ROVER method 0.125 0.096 0.083 0.075 0.070 0.069 0.069 0.069 0.067

The experimental results, summarized in Fig. 1 and Table 1, highlight the superior performance of the
proposed algorithm in integrating recognition results of string objects compared to both the ROVER method and the
absence of integration. Across all four groups of text fields analyzed from the MIDV-500 dataset, the proposed
algorithm consistently achieved lower error values, indicating its robustness in improving recognition accuracy. Fig.
1 illustrates the diminishing returns property, where the error reduction becomes less pronounced as the number of
frames increases. This characteristic suggests that the proposed method efficiently utilizes the redundancy in video
sequences while maintaining computational efficiency. Table 1 quantifies the error distances for various sequence
lengths, showing that the proposed algorithm outperforms the ROVER method across all frame counts. For shorter
sequences (e.g., three frames), the difference in error reduction is modest. Still, it becomes increasingly significant
as the sequence length grows, reinforcing the algorithm's scalability and effectiveness in handling extended video
streams.
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Fig. 1. Results of the integration algorithms for four groups of text areas in the MIDV-500 dataset

CONCLUSIONS FROM THE PRESENT STUDY AND
PROSPECTS FOR FURTHER RESEARCH IN THIS AREA

This study highlights the significant advancements achieved by the proposed algorithm for integrating
string object recognition results in real-time video streams. Experimental findings validate its superiority over
traditional methods, such as the ROVER approach, by demonstrating enhanced accuracy and robustness in
addressing video stream distortions like defocusing, glare, and motion artefacts. The incorporation of extended
result models, which consider alternative classification options, has proven essential in achieving these
improvements, particularly in scenarios involving dynamic and challenging conditions. This work underscores the
potential of advanced aggregation methods in reducing recognition errors and optimizing video-based text
recognition processes.

Future research should aim to enhance the computational efficiency of the algorithm to ensure seamless
real-time application on resource-constrained platforms, such as mobile devices, while also exploring its
applicability to multilingual and complex textual formats. Additional efforts could focus on integrating
preprocessing techniques like adaptive filtering and dynamic region selection to improve resilience against
distortions further. Moreover, leveraging recent advancements in artificial intelligence and machine learning could
help scale the algorithm's capabilities, ensuring adaptability to various data types and application contexts. Finally,
extensive validation across diverse datasets is necessary to ensure the generalizability and reliability of the proposed
method for a broader range of practical applications, including document digitization, automated data extraction,
and real-time mobile-based text recognition systems.
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