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Abstract

In this paper, a novel multilingual OCR (Optical Character Recognition) method
for scanned papers is provided. Current open-source solutions, like Tesseract,
offer extremely high accuracy when it comes to Latin letters. Nonetheless, mul-
tilingual texts using Asian characters typically have less accuracy than ones that
are simply in Latin. The challenges for OCR increase when handling the logo-
graphic Chinese and Korean scripts because these languages feature complex
multi-stroke characters. Text segmentation in these scripts proves challenging
because their scripts lack word boundaries that Latin-based languages possess.
OCR performs substantially worse at document processing when mixed Eng-
lish, Chinese, and Korean content exists within a single document rather than
when the documents contain English-only content. The mix of complex char-
acter structures that includes no word boundaries and numerous dense char-
acter sets leads to subpar performance of current OCR systems, which process
multilingual content. We provide a novel architecture that addresses these is-
sues by using three neural blocks a segmenter and switcher as well as numerous
recognizers as well as the segmenter’s reinforcement learning: Our system solves
multilingual OCR challenges by implementing a segmenter to separate word
images into single-character sub-images which helps minimize the difficulties
of recognizing multi-stroke characters present in Chinese and Korean languages.
Each sub-image goes to the switcher, which distributes it among specialized rec-
ognizers to increase accuracy due to task assignments based on character type.
A new approach deals with non-Latin script word boundaries by eliminating
their identification challenges. The training process of recognizers through su-
pervised learning enhances both character recognition performance and over-
all output for multilingual documents. Nevertheless, there are two significant
problems with the segmenter’s supervised learning: Its training necessitates a
significant amount of annotation work, and its target function is not optimal.
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Therefore, by using the reinforcement learning method, training for the seg-
menter can minimise the edit distance of the final recognition results, thereby
optimising overall performance. According to experimental results, the sug-
gested approach, which does not use character boundary markers, greatly en-
hances performance for multilingual scripts and languages with huge character
sets.
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1. Introduction

The fundamental task of Optical character recognition (OCR) demands solutions
in various fields; thus, numerous methods have emerged to resolve this issue [1].
The present generation of OCR models depends on attention-based sequence-to-
sequence (seq2seq) frameworks or Long Short-Term Memory-Connectionist Tem-
poral Classification (LSTM-CTC) systems for processing narrow sub-image se-
quences into recognition results [2]. These models do without requiring character
segmentation while learning how characters relate to one another using transition
data [3]. Open-source OCR systems have chosen LSTM-CTC as their core com-
ponent throughout multiple popular software solutions including Tesseract that
produces impressive English character identification results [4].

The accuracy levels achieved by these models are lower for languages that in-
clude Chinese and Korean [5]. The large number of available characters within these
languages produces a complex recognition challenge for computers because the
recognition procedure becomes increasingly difficult [6]. The large number of char-
acter classes in Chinese and Korean compared to English creates an extremely dif-
ficult recognition challenge because texts must be recognized as individual pairs
of characters [6]. The restricted capabilities of present-day LSTM applications in
managing complex challenges require a more powerful approach for multilingual
OCR under circumstances of large character inventories [7]. This research intro-
duces a multi-block computational architecture that incorporates segmenters along
with switchers, together with specialized recognizers to solve the existing problems.
This innovative approach enhances OCR precision in documents containing mul-
tilingual content, especially when dealing with language sets comprising large and
complex characters, including Chinese and Korean patterns.

Chinese and Korean languages need specific solutions for character separation
and identification, whereas English has different requirements [8]. The proposed
novel multilingual OCR framework optimizes character recognition through ded-

icated recognizers that operate within a unified system framework. A neural system

DOI: 10.4236/0alib.1113574

2 Open Access Library Journal


https://doi.org/10.4236/oalib.1113574

F. S. Binunya, H. B. Zhou

comprising three blocks conducts operations starting with the segmenter, followed
by the switcher, which leads to multiple recognizers as illustrated in Figure 1. The
segmenter first divides a word image into individual character images. Each pixel
array of characters in the word image gets transferred to individual recognizers by
the switcher module, which recognizes particular characters. Each recognizer pro-
ceeds to animate the character sub-image assigned to it. The system manages as-
signments through its switcher by taking into account the distinctive language el-
ements of spacing and stroke patterns, as shown in Figure 2, despite potential
visual similarities between characters. The tool consolidates single-character im-
ages into word-level representations so it can execute word recognition despite
operating at the character level through its segmenter and switcher. The method
supports the scalable recognition of multiple languages through their special char-

acter traits by utilizing native language features.

Korean

: -2 B, 2.8
Recognizer

English
Recognizer
Switcher
\D‘ Special
2] \

1

HEM. B -

-
[EEMZE Recognizer

Chinese

Recognizer

Figure 1. The suggested OCR system’s general structure: A word picture is divided into char-
acter images by the segmenter, and each character image is given a recogniser by the switcher.
The recognisers then carry out the recognition of the allocated.

WrWA [eELIF%E [EVyEE
JIII#% |Wdja |AWbs

Figure 2. Examples of word images. Character overlap, wide intra-character gaps, and other

factors make character segmentation difficult.

The suggested segmenter block’s function could appear to be identical to that
of traditional character segmentation. In actuality, character-level segmentation
served as the foundation for several OCR techniques, and various character seg-
mentation techniques were put forth. For instance, researchers used ad hoc guide-
lines to determine the character spacing that was the target of projection profiling-
based techniques [9]. There are several exceptions, though: As seen in Figure 2,
spacing can happen inside individual characters, adjacent characters can touch,
and geometric and photometric aberrations can make the spacing between char-
acters unclear. In order to overcome these obstacles, deep neural network-based

Recently, character segmentation techniques were put forth [10]. However, the

application of this system to various picture collection contexts is complicated by

DOI: 10.4236/0alib.1113574

3 Open Access Library Journal


https://doi.org/10.4236/oalib.1113574

F. S. Binunya, H. B. Zhou

remember|—>

the high number of character boundary annotations required by this supervised
technique [11]. The segmenter’s job is to discover a partition that optimizes the sys-
tem’s overall performance, not only to replicate the ground truth partitions. Nota-
bly, as Figure 2 shows, creating the ground-truth-character bounds is unclear. The
number of potential border possibilities increases with the inter-character spacing.
Additionally, vertical overlapping may make it impossible to distinguish neigh-
bouring characters. Thus, under the reinforcement learning framework, we train
the segmenter block to maximise the edit distance (Levenshtein distance) of the
final recognition results [12]. Because it is costly to create a realistic word picture
dataset consisting of boundary annotations of characters, this method not only
enables us to have a globally optimised OCR system but also minimises annotation
efforts [13]. According to experimental results, the suggested OCR system performs
very well for a wide range of character-set languages, including Chinese and Ko-

rean, as well as their mixed scripts.

2. Related Work

There are essentially two types of recent OCR studies: One is document OCR,
which recognises text in document pictures, while the other is scene text recogni-
tion, which recognizes text characters in normal scene photographs [14]. Word
localisation in document OCR is comparatively simple since backgrounds are of-
ten uniform and characters are well-aligned [15]. However, in the test phase, fast
throughput is also necessary, and the size of the dictionary in the documented
images is considerable. This article discusses two common methods in the field of

document picture word recognition, as seen in Figure 3.

—$-010100101001010100

Character remember|—» —remempb.er

—+»remempber

riemieim{b

Recognizer

Figure 3. Two common methods for OCR. The OCR methods on the left and right are based on explicit and implicit segmentation,

respectively.

2.1. Explicit-Segmentation-Based Approach

A projection-profile-based method, which identifies the borders of characters that
have vertical projection profiles, is the simplest way to explicitly segment charac-
ters [16]. In this technique, algorithms like morphology or adaptive-threshold ap-
proaches were often used to lessen the disparity between projection profile pat-
terns and character boundaries [17]. Nevertheless, projection profile-based tech-
niques experienced touching characters (under-segmentation) as well as over-seg-
mentation, which is spacing inside single characters, despite these ad hoc tech-
niques [18].

Researchers tried using deep learning for character segmentation in an effort to

address these issues [19]. For example, [20] employed a Fully Convolutional Network
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(FCN) to identify character boundaries after formulating character segmentation as
a binary segmentation issue. A lightweight word picture segmentation model was
proposed by [21] that chose the most likely boundaries in images using dynamic
programming. Character segmentation blocks were trained in a less-than-ideal
manner, and the combined optimization of recognition and segmentation has not

been addressed.

2.2. Recognition of Characters (With No Explicit Segmentation)

As shown in Figure 3, LSTM-based techniques use word pictures as inputs and
perform recognition of characters regardless of the need for specific character seg-
mentation. For example, neural networks with three different types of layers, con-
volution, LSTM, and CTC layers, were employed in LSTM-CTC techniques. The
LSTM layers provide the character classes of the input data, while features are ex-
tracted by the convolution layers from word picture slices. Since a single character
is used to create many slices, the LSTM layers typically generate the same symbol
again, which the CTC layer suppresses [22]. Using the encoder-decoder architecture,
Seq2seq, utilizing the attention model, was employed [23]. In this case, the encoder
forms a vector with one feature that describes the whole input image by scanning
word images horizontally. The decoder then uses the attention mechanism to de-
code the feature vector, producing letter sequences. These techniques may be used
in a variety of settings since LSTM-based models do not require character boundary
labels for training. Its objective role is also worldwide. Keep in mind that the train-
ing of each sub-block within the explicit segmentation of character technique should
be done using distinct loss functions. The strategy of employing tiny slices, however,
is inappropriate for languages with a high character count. In that instance, due
to the two-dimensional juxtaposition of a considerably small number of glyphs,
several slices from distinct characters may appear identical, and each slice only
offers a restricted perspective of an entire character. As a result, Chinese and Ko-

rean characters are less accurate than English, and hybrid scripts are much worse.

3. Proposed Methodology

We can deal with a lot of characters using the explicit segmentation-based tech-
nique, and we can employ a global objective function with word-level annotations
solely using the implicit segmentation-based approach. As seen in Figure 1, we
provide a new structure made up of three blocks that combines the best features
of both strategies.

This part focuses on presenting the segmenter block after providing a summary

of the suggested system.

3.1. System Overview

The objective is to obtain a series of character labels by treating an input word
picture as a horizontally concatenated form of images. Initially, a segmenter 5(-)

receives a text picture (X) as input and outputs the character boundaries.
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S(X)=(a,8,ay)e{0,1}" 1)

where, as shown in Figure 3, 1 s represent character boundaries and 0 s represent
others. We can divide Xinto |a| + 1 sub-images given a particular map of character
boundary ae {O,l}w , where |4 represents the number of 1s inside a. The recog-
niser accountable for recognising each sub-image is allocated by the switcher L(-).
The labels of assigned sub-images are found by recognisers for each language text
Ri(.) € {R1(.), R2(.),.......... RM ()}.

Using a cross-entropy based objective function, L(.) is trained using character
pictures from many languages, and then Ri(.) using character pictures from the
corresponding language. Next, a segmenter S(.) is trained using the recognisers in
reward-evaluation and the trained switcher. The recognition result of X with seg-
menter S(-) will be Y (X, S(X)), since we indicate the result for recognition of input

X employing a map of character’s boundary as Y (X, a).

3.2. Modelling of Segmenter

The segmenter receives modeling attention because it divides word image inputs
into separate character images. Our method adopts a reinforcement learning ap-
proach to address the segmentation task by treating it as a probabilistic system
instead of a simple binary classification issue. The central concept models seg-
mentation by describing boundary detection decisions that lead to a sequence de-
termining all character positions in the input image. Specifically, we model the
policy distribution 7t (a|X; 0) that produces actions a € {0, 1} W for a given X for

accuracy. To express 7 (a|X; 8), we use a network’s output.
f(X;0) )

where Orepresents a group of parameters within the scope.

The action, however, is a vector of high dimension and random in nature (in
which single arbitrary variables are tightly connected), in contrast to usual rein-
forcement learning scenarios. For instance, it is extremely rare that & =a; =1 if
|i - j| is tiny. This makes the element-wise sampling of action very inefficient;
therefore, we add a post-processing step. Due to the inefficiency of element-wise
sampling of action, we add a post-pre-processing block to the network output to
produce g(X;0)=(p,, P, Py ) fulfilling:

z(X:0) =[], P (1-p)(1-a) (3)

where a=(a,,a,,-,a, ), Orepresents a group of parameters within the scope.
Specifically, we obtain g(X;8) by applying three procedures on f(X;6).
To ensure that the sampling from (3) produces believable examples, we first apply
non-max suppressionon f (X;6) withawindowsize of 5(a; =a, =1 if |i— j|
is tiny will frequently occur). Second, we trim the probability with 7=0.99 to pose
a probabilistic sample, as well as for stronger candidates. Lastly, to exclude low prob-
ability candidates early in the training process, we use an element-wise threshold

operation:
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min(non_max( f (X :8)), f(X:0)>n
G(XH): ! ( - ( ( )) T) ( ) (4)
0 f (X : 49) <n
where nis a threshold value.
While in the training phase, action is drawn from the distribution of policy.
a" = z(X;0) (5)

where ‘7 and ‘/ represent an index of a sample, and assess their incentives accord-
ing to the edit distance of the final results. In contrast, we choose the most likely

course of action during the test phase:
S(X)zarg_mfx[n(alx;e)] (6)
for instance, a;= 1 if and only if p;> 0.5.
S(X) represents the segmenter function.
3.3. Reinforcement Learning of Segmenter

The reward function is modelled to minimize the edit distance obtained from the
segmenter. Instead of creating the entire reinforcement framework, we optimize
the reward using the REINFORCE algorithm, much like in [24].

V,L=-V, Iog(f(x:@))T A-V,log(1-f (X :«9))T B )
_ a0 (D) (a0 ()

A Zj:a,' 7Z'(OZIJ )ﬂ(a‘ |X,6)r(x,a‘ ) (8)
oS (1= o) (i) (i)

B, ;(1 a! );z(a |x,9)r(x,a ) (9)

where Trepresents transpose, @ represents scope parameters, and xis the input
text picture.

Aisequal to (A,..., Aw) and Bis equal to (B,,..., By). Additionally, by lowering
the gradient’s estimate variances, the author employs the baseline technique to
stabilise learning. Equation (6) is utilised as an action baseline as it is unaffected

by sampled activities, and the associated reward captures the behaviour of sam-

pled actions, ie., b(X) = SX):
A=Y a'z(al|X,0)(r(X,a’)-r(X,b(X))) (10)
B=Y (1-a')z(a’ | X,0)(r(X,a’)-r(X,b(X))) (11)
Lastly, a term for regularizing is added:
V,2-V,log(f(X:6)) A-V,log(L-f(X:6)) B-»V,|of  (12)

where y represents a hyperparameter and & represents a group of parameters
within the scope.

Figure 4 shows the segmenter learning process as a whole.

3.4. Segmenter Training Details

For reliability, the segmenter is first rained utilisng the projection profiles method’s
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Figure 4. An outline of the suggested approach. The entire stages (reward evaluation, sample-action as well as A, B calculations) are

depicted in this figure. Details are in the text.

pseudo labels, implementing a binary cross entropy approach element-wise [25].

d(Y(X,a).Y)

r(X'Ol):1_max(|oc|+1,NY)

(13)
where Ny is the number of characters in ¥, Y represents the ground-truth text
annotation for X, and d(.) is an edit distance.

One may think of the second term in (7) as an edit distance of normalized length.
The segmenter’s goal function is constructed as follows, depending on the reward:

element-wise.

L(0)=-E,[r(X.a)]
= x(al | X,0)r(X,a') (1
i
where Z( ) represents the segmenter’s goal function.

In order to use the policy gradient approach, we calculate the function (14)’s
gradient as: training by giving character boundaries’ candidates comparatively high
probability, this pre-training offers a decent starting point, even when the seg-
menter learnt by projection profile approaches performs poorly.

Additionally, we use an incremental learning strategy that gradually lowers 7in
(4). Learning meaningful rules may take longer when all feasible actions are per-
mitted early in the training process. Instead, we deliver promising candidates early
on, then progressively give the ones with lesser promises to border candidates by
scheduling 7. Up to 20 epochs, we linearly reduce 7 by 0.015 per epoch after start-
ing it at 0.4.
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4. Building the Dataset and Architectures of the Recognizer
Networks

Following an explanation of three datasets, each brain block’s intricate structure
is examined. We concentrate on the combination of 2 Asian tests and English,
namely Korean and Chinese, regarded as a particular implementation example,

even though there is no limit to the number of possible language combinations.

4.1. Data Set 1: Word Images (Synthetic)

As far as we are aware, no publicly accessible word picture collection with mixed
scripts in English, Chinese, and Korean exists. As a result, we create a training
dataset of synthetic multilingual word images. In order to do this, we start by com-
piling terms from Wikipedia to create our dictionaries. Next, we add to the vo-
cabulary by creating words using random combinations of Korean (2341 classes),
Chinese (1807 classes), English (52 classes), and special characters (46 classes),
including brackets, exclamation points, rests, and full stops. Here, the national
language standards and the frequency of their appearance on Wikipedia are used
to choose classes for Chinese and Korean texts.

We use these dictionaries to generate artificial word graphics in eight distinct
sizes and five different font kinds. We use random rotation in [-2°, 2°] and add
compression artefacts to synthesized word pictures to make them resemble ac-
tual scanned photos. Figure 5 displays a few pictures. In Chinese, there are 208,480
synthetic word pictures, in Korean, there are 314,880, and in English, there are
325,360.

[project]  [AOI%i ~ojio] OpenBSD) RACEE N WrWA %36
CHS™2| [university| [283] HERREEE EBZE (BEDR)

hpmmd [E+zEns [B93Y FLIFE] UI4] |@Db]

Figure 5. Word picture examples from the dataset. Word pictures on the left were created
artificially, and word images on the right were scanned.

4.2. Data Set 2: Test Words

We have used flatbed scanners to scan printed papers for realistic test pictures,
and we have applied the following processes to the scanned images: word segmen-
tation, text line extraction, and skew correction [26] [27]. As seen in Figure 5, we
concatenated Chinese, English, and Korean text characters to create the test set

using multi-script words.

4.3. Data Set 3: Real Character Images

As seen in Figure 6, we gather actual scanned character pictures to train switchers
and recognizers. We create them using eight distinct scales and five different font
kinds, much like the word dataset. Additionally, we gather character pictures from
textbooks and periodicals by cropping characters in scanned photos to cover other

font kinds as well as styles of text that were not included in the training dataset.
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G i ohmopn & ¥ %
G Wb <& & &
GGG Mmmpmn 2 F &

Figure 6. Character picture examples from our dataset. Images of scanned English charac-

G G
G G

ters are on the left, Chinese characters are in the middle, and Korean characters are on the
right.

4.4. Neural Network Architectures

We employ four recognisers, one segmenter, and one switcher; the specifics of the
network architectural setup are covered in this part. Conv (g 7x j, k x m) denotes
a convolution layer consisting of channels (¢), a (j x i) sized kernel, with vertical
strides (), as well as horizontal strides (un2). Table 1 summarizes the architectures
of each language recogniser used in this article, while Table 2 describes the archi-
tectures of the character language switcher and segmenter. A bidirectional LSTM
(layer) of dimension (d) is denoted by the notation BiLSTM (d). Maximum pool-
ing and average pooling layers with (j x 17)-sized kernels and & x m strides are
denoted by MaxPool (j x i, k& x m) as well as AvgPool (j x 7 k x m), respectively.
RELU was employed as the activation function to denote the normalization of the
batch as well as for convolution layers, Softmax, and Batchnorm.

We designed the segmenter’s convolution layers based on the architecture of

the character segmenter, which demonstrated high performance with lightweight

Table 1. Rye (Special characters), Reng (English characters), R (Chinese characters), and Rior (Korean characters) recognition ar-

chitectures.

Recognizer Layer 1 Layer 2 Layer 3 Layer 4 Layer 5 Layer 6 Layer 7

FC FC

tput
Layer 1 Layer 2 Outpu

RENG

RSPE

RCHI

RKOR

C 6,5 AvgPool (2 C 16,5 C 120, AvgPool (2
onv ( vgPool ( onc ( BatchNorm onv ( vgPool (

BatchNorm FC (54) FC (53) Softmax
x5 1x1) x2,2x2) x51x1) 5x8,1x1) x2,2x2)

C 6,5 AvgPool (2 C 16,5 C 120, AvgPool (2
onv ( vgPool ( onc ( BatchNorm onv ( vgPool (

BatchNorm FC (48) FC (83) Softmax
x5 1x1) x2,2x2) x51x1) 5x8,1x1) x2,2x2)

Conv (12,5 AvgPool (2 Conc (32,5 Conv (240, AvgPool (2 FC FC
BatchNorm BatchNorm Softmax
X5 1x1) x2,2x2) x51x1) 5x8,1x1) x2,2x%x2) (180) (169)

C 18,5 AvgPool (2 C 48,5 C 360, AvgPool (2
onv ( vgPool ( onv ( BatchNorm onv ( vgPool (

BatchNorm FC (84) FC (29)
x5 1x1) x2,2x2) x51x1) 5x8,1x1) x2,2x%x2)

Table 2. Switcher (L) and segmenter (S) architecture.

Module

Conv1 Conv 2 Conv 3 Conv 4 Conv 5 Bi-LSTM 1 Bi-LSTM 2 FC Activation

Conv (6,5 x Conv (6,5x Conv (6,7 x Conv (6,5x Conv (6,3 x

Bi-LSTM (8) Bi-LSTM (8) FC (1) Sigmoid
52x1)  52x1)  3,2x1)  52x1)  3,2x1) (8) Bi (8) FC(1)  Sigmoi

Conv (6,5 x Conv (6,5x Conv (6,7 x Conv (6,5x Conv (6,3 x

Bi-LSTM (8) Bi-LSTM (8) FC (1) Sigmoid
52x1)  52x1)  3,2x1)  52x1)  3,2x1) (8) Bi (8) FC(1)  Sigmoi
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designs [28]. But at the conclusion of convolution layers, we change the strides
and padding widths such that the resulting feature map is W x 1 from W x 32
inputs. Then, to better use whole word pictures, we apply double layers of bi-di-
rectional LSTM on top of them. The segmenter only handles binary classifications,
which are column-wise and require a very limited amount of parameters, although
it accepts word pictures as inputs.

We use the VGG-13 as a basis model, which has a bigger capacity than LeNet-
5, to collect form characteristics in a variety of scripts for the switcher L(.) [29].
However, we decrease the number of channels and layers to increase efficiency.

To take use of each language’s unique features, a recognizer is created, with
architectures based on language As well as LeNet5 architectures supporting batch
normalization and a fully connected layer of English and special character recog-
nizers (Reng, Rspe) which have 53 and 47 classes, respectively along with an extra
NR (which means Not Recognizable class), with 1818 classes including the NR
class. The Rehinese is built to have double the number of channels as the Rengish in
order to recognize Chinese, which has numerous classes and complex patterns.

Figure 7 illustrates the performance of a proposed method in predicting bound-
aries and OCR results. The upper block displays arbitrary sequences, while the
lower block shows real-world mixed cases. Each row presents scanned images,
segmenter predictions, OCR outcomes (correct in blue, incorrect in red), and the
actual labels for comparison because there are fewer classes and more fundamen-
tal components in Korean characters. Specifically, every Korean character may be
divided into three fundamental components: the head, middle, right, and the bot-

tom.

K203 knEHOIBS zZQUhfL o4 8 25|
AR RozkT knEPOIBX  zQlihfloHR™= K525 |

RIS ok knfEZ40IB 2! zQUfHhio 251
QAL S knfEZ0IB 2 zQ1fhiL ok B B251

SFAY A+ numberO| SZEARBEER)E 28mgS
SFAIYI A= numberO| 1 SZEA(BEFR)E 28mos

SFA ol A= number ©] 31 A R R = 24mgE
SEA ol A = number©] 3 S FA R = 2-8mgS

Figure 7. Cases of the suggested method’s boundary predictions and OCR outcomes on arbi-
trary sequences (check upper block) as well as real-world mixed cases (check lower block).
The inputs (scanned word pictures) are shown in the first row, followed by the segmenter
prediction results in the second row, the OCR results (correct predictions are shown in blue
and incorrect predictions in red), and the ground truth labels in the last row.

The final numbers of classes for these components are 20, 22, and 29, respec-
tively, which is significantly less than the size of the entire character set. For these
characters, we employ an additional NR class. Therefore, by recognising the labels,
we are able to anticipate the characters’ labels.

Of all three components simultaneously, without character separation. Be aware
that some characters do not require jongseong, and that there are 29 classes total,

including:
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1. 27 classes of ‘jongseong

2. 1 case without use of jongseong’

3. 1 representing NR.

We employ a three-headed model to identify three items. In other words, a
shared block (convolution layers) is used by the Korean recogniser to extract fea-
tures, and three separate, completely linked blocks then estimate the 3 elements’
labels, respectively. For convolution layers, we employ three times as many chan-

nels as LeNet-5, and every fully connected layer is the same size as LeNet.

5. Results of the Experiments

We carry out in-depth tests to assess the suggested approach. In our studies, we
linearly scale word/character pictures to a height of thirty-two pixels. Since 44 is
the maximum character width in the sets, a padding of 0 columns is done to create
44 x 32 pictures for switcher/recognizers.

The segmenter is trained via reinforcement learning, which requires a trained
switcher and recognisers; thus, we train the switcher and recognisers first. Adam
optimiser is used to train the switcher and character recognisers over 100 epochs,
using a learning rate of 0.0001 and a decay rate of 0.9 every ten epochs. We pre-
trained the segmenter S(-) using pseudo-labels for 10 epochs with a 0.0001 rate of
learning, which is lowered by 10 times every three epochs, as described in Sec. III-
D with the conventional character segmentation-based OCR summarised in Table
3.

Table 3. Multilingual document accuracy (%). Test-set words with Chinese characters are represented by Chi, English by Eng, and

Korean by Kor. Mixed scripts are indicated by the plus symbol “+.

» «

Boundary supervised” indicates that character boundary an-

notations are necessary for training. Conversely, “word supervised” indicates that word labels are necessary for the training process.

Mehod (et swesed O NG w0k Gl Sl Sl Tikon
Tesseract [30] Yes No 66 18.12 39.64 30.6 25.64 19.37 5.43
Projection Profile Yes No 78.23 24.98 18.95 47.78 76.31 47.59 48.23

Mixed Yes No 81.86 93.86 63.93 47.59 48.23 64.85 96.78

Two-Step Yes No 64.85 96.78 57.69 52.78 72.28 86.21 50.58
Proposed method No Yes 86.21 50.58 77.65 96.2 37.84 66.91 66.46

When it comes to English character recognition, Esteract performs really well.
OCR systems based on word-level processing (such as Tesseract utilising the LSTM-
CTC model) perform better than character segmentation-based techniques since
English has numerous similar characters (such as “1” and “I”’) that should be de-
tected depending on the context. Tesseract, on the other hand, lacks character-
level granularity and performs far worse for mixed-script words than the projec-
tion profile-based approach [31]. Furthermore, Tesseract does not work well in
character-rich languages such as Chinese and Korean.

Evaluation is also done on the performance of other character OCR techniques,
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which are segment-based, such as neural networks (NN) based techniques as well
as a projection profile-based technique [32]. Two neural network-based techniques
were trained. Given the dataset, and for a fair comparison, the same switcher and
recognizer are used. Keeping in mind that the Mixed and the Two-Step approaches
need the character borders’ ground truth labels, but the reinforcement learning
framework eliminates the necessity for these ground truth character boundaries
[33]. As demonstrated, they often perform worse than this approach. This result
might therefore show the benefits of the global-object function, which directly re-
flects the quality of the final outcomes, converging to tiny loss values on the arti-
ficially created word pictures.

Predicted boundaries are displayed as white lines in Figure 8, which displays
some character segmentation findings. Our approach can identify the appropriate
boundaries of characters considering a variety of scenarios and script kinds, in
contrast to existing character segmentation-based techniques.

Additionally, the number of individual modules is analyzed on the failure in-
stances to elucidate the segmenter’s role. Focusing on segmentation techniques in
the studies using a fixed switcher and recognisers, we assess performance across
several languages using Chi + Eng + Kor word pictures.

The segmenter is a crucial part of the performance, as indicated by Table 4,
which also shows that errors in blocks of segmentation are dominant. Our ap-
proach performs better than existing approaches by enhancing segmentation per-

formance.

B2 [fdAJEK]
BFZ 0 [fdAJEKI
BiZ M [fJAIEKH
BZ1) [FJAEKT f 5 O 3
EiZ M [dAIEkI & SUE S

Figure 8. Comparing different approaches to character segmentation. First row: Enter ex-

amples of word images. The results of our technique are shown in the last row, followed by
the projected boundaries in the second row, the results in the third row, and the results in
the fourth.

Table 4. The number of failures for Chi + Eng + Kor inputs is 1161 characters. We can see
that a) given correct character segmentation, other blocks (L, Reng, Rspe, Rchi, Rkor) work
well, and b) the segmenter (S) plays a key role in the performance.

Method S L RENG RSPE RCHI RKOR Total
Projection Profile 606 3 0 0 1 0 610
Mixed 449 19 1 0 2 1 472
Two-step 125 19 1 0 1 1 147
Proposed Method 74 23 1 1 2 3 104
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5.1. Ablation Study

Further trials are carried out to determine the effects of training regimens. In or-
der to assess the performance, we first train the suggested segmenter just to repli-
cate projection profile outcomes, that is, without using reinforcement learning. It
performs similarly to the projection-profile approach, as shown in Table 5.

After that, the performance was evaluated using the REINFORCE method. We
experiment using n equating to 0.1 and 0.4 in this instance, along with the n-
scheduling technique that was covered in Sec. III-D. Table 6 indicates that the
segmenter’s accuracy is significantly increased via reinforcement learning. Addi-
tionally, the overall performance is improved by the 7-scheduling method, indi-
cating that it aids in the segmenter’s convergence. Figure 9 illustrates border pre-

diction examples both with and without reinforcement learning.

Table 5. Ablation analysis of our suggested approach. (percent). We use the same terminology to indicate test set terms as Table 3.

« _»

“REINFORCE” indicates whether reinforcement learning was used to train the model, and “7” indicates the value of 7 during the

training phase.

ENG + KOR + KOR + KOR +

REINFORCE n CHI ENG KOR CHI CHI ENG ENG + CHI Average
Projection Profile - 76.89 17.43 47.9 57.36 50.95 37.87 46.31 47.46
Proposed Method 0.1 88.93 93.47 66.85 76.95 42.88 94.76 63.54 76.21
Proposed Method 0.3 94.32 97.19 63.54 85.43 86.32 56.3 39.87 86.64
Proposed Method scheduling  94.76 86.32 85.67 94.2 96.49 80.29 89.34 89.92

Table 6. Architecture of Switcher-Segmenter (SS).

Layer

Conv (32,5%x 5,1 x2)
Conv (64,5 % 5,2 x 1)
Conv (64,3 x7,2x1)
Conv (128,5x 5,2 x 1)
Conv (128,3 x3,2x 1)
Bi-LSTM (32)
Bi-LSTM (32)

FC(1)

Sigmoid

Conv (16,1 x3,1x1)
Conv (32,1 x3,1x1)
Conv (64,1 x3,1x1)

Conv (128,1x3,1x 1)
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Figure 9. Reinforcement learning effects: results without reinforcement are displayed in the top row, while results with reinforce-
ment learning (containing the n-scheduling scheme) are displayed in the bottom row. fX; 6) values are shown by blue graphs. It
should be noted that only localized maximum locations of graphs bigger than a threshold of 0.5 are chosen as final character borders

since non-max suppression is used to generate character boundaries (g(.X; 6)).

5.2. Further Experiments

Further experiments were also carried out with other designs and normalisation
techniques in an effort to enhance the effectiveness and performance of the sug-
gested approach.

1) Integration of the Switcher and Segmenter

In order to simultaneously forecast borders and language classes, we attempted
to merge the switcher and the segmenter shown in Figure 1 while utilising many
independent recognisers. An illustration of our Switcher-Segmenter (SS) designs
is shown in Table 6, which is just the combination of the segmenter with the
switcher seen in Table 2:

Our SS network is built to produce language predictions at the network’s end
and boundary predictions within the network’s Centre. Increments on the chan-
nels in the convolution layers are made, as well as the units in the LSTM layers of
the segmenter component, in order to learn the features for both language predic-
tion and border prediction. Additionally, we lower the number of channels for
complexity reduction and the height of the kennel of the convolution layers within
the switcher component to 1 in order to use consecutive inputs from LSTM layers.

In order to train this two-headed network, one must conduct sequence-based
learning as a supplement to the reinforcement learning. The output of the right-
hand-side head of our SS network is a sequence whose length is equal to the width
of an input image, and the ground truth label is a sequence whose length is equal
to the word’s character count.

To tackle this issue, we employ a CTC loss that makes sequence-to-sequence
learning possible [34]. Similarly, given a H x W input, the SS network produces W
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inference results during the inference phase, using just one language class per seg-
mented character image. To solve this issue, we first use the outputs of the left-
hand-side head in Table 6 to extract character boundaries. Then, utilise the mean
label on the relating interval as the language label for that sub-image. Table 7 dis-
plays the outcomes of this SS model. Despite our attempts at training for various
configurations, the SS model performs poorly in comparison to the suggested ap-
proach. We think that the failure of incentive assessments is the cause of this. Re-
wards must accurately represent the attributes of actions in order for a model to
be trained utilising the reinforcement learning framework. However, promising
actions derived from the policy distribution frequently receive poor results be-
cause of inaccurate language classes, and the overall model predicts both language

classes and border labels.

Table 7. Displays the Switcher-Segmenter model’s results.

Method

Proposed method

Switcher_Segmenter

CHI

93.77

60.83

ENG + KOR + KOR+ ENG + CHI

ENG KOR CHI CHI ENG +KOR Mean
76.1 96.7 86.32 96.84 86.64 89.76 89.79
36.76 83.55 28.59 3451 32.49 22.92 4133

Table 8. Architectures of unified recognizer (Runi).

Layer

Conv (42,5x 5,1 x 1)
AvgPool (2 x 2,2 x 2)
Conv (112,5x 5,1 x 1)
BatchNorm

AvgPool (2 x 2,2 x 2)
Conv (840,8 x 5,1 x 1)
BatchNorm

FC (84)

FC (20)

Softmax

2) Integration of the Recognisers

Additionally, we have attempted to create a uniform recogniser that uses a fixed
segmenter as well as switcher architecture and shares convolution layers. The net-
work uses 6 heads for the prediction of character classes, as Table 8 illustrates.
This universal recogniser is taught to provide the NR class for foreign characters
since it creates classes for characters for all languages. We utilise the same fully
connected layer topologies in Table 1 and put the channel number in shared con-
volution layers to the channel’s total amount in recognisers for a fair comparison.

During the test phase, we select the outputs of this unified recogniser based on the
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switcher’s result. As seen in Table 9, this combined recogniser works marginally
worse despite the extended inference time. As a result, it can be said that single
recognisers show more eagerness to utilize the structural features of each lan-
guage.

3) Techniques of Normalisation

The recognisers were trained using additional normalisation techniques, in-
cluding layer normalisation and SELU, and convolution layers were used in order
to enhance performance [35]. Nonetheless, the outcomes are comparable to the
batch normalisation, as seen in Table 10. We think that standard batch normali-
sation performs well and that CNN training for recognition of single characters

does not impose a difficult challenge.

Table 9. Display the outcomes of the unified recogniser models.

Model

Proposed Method

Recognizer (Unified)

CHI

93.77

92.48

ENG + KOR + KOR + ENG + CHI

E K MEA
NG OR CHI CHI ENG + KOR N

76.87 96.93 86.24 96.9 86.39 89.46 89.79

74.85 94.82 84 95.28 86.25 88.54 88.53

Table 10. Switcher and recogniser results using additional normalisation techniques. The model with layer normalisation is referred

to as “LayerNorm”. Models having SELU activations are referred to as “SELU”.

Model

Proposed Method
Recognizer: LayerNorm
Recognizer: SELU
Switcher: LayerNorm

Switcher: SELU

CHI

93.26
93.27
93.8
92.17

94.9

ENG + KOR + KOR + ENG + KOR

ENG KOR CHI CHI ENG + CHI MEAN
76.99 98.12 85.77 96.9 86.64 89.23 89.89
72.66 95.56 84.07 95.26 86.64 89.99 89.23
72.62 95.67 83.04 95.28 86.77 88.69 87.32
77.63 89.51 87.55 92.65 84.09 89.73 88.23
77.92 88.92 86.29 90.35 84.68 86.71 86.58

6. Conclusion

In this paper, we have suggested a multilingual OCR system that combines reinforce-
ment learning for the segmenter with three neural blocks: a segmenter, switcher, and
numerous recognisers for various languages. In contrast to traditional approaches for
multi-language OCR systems, we used the reinforcement learning method to opti-
mise the edit recognition distance of results, or the overall performance of OCR
systems. According to experimental data, our approach works better than tradi-
tional approaches. In order to reproduce the results of this experiment, the ac-
companying code for this paper contains a script titled environment.yml as well
as a list of requirements, titled requirements.txt. The former is responsible for set-
ting up the environment required to run the setup, and the latter is a list of all the
libraries used in the setup. The file setup.py in the train and test directories con-

tains a script that automates the whole process of either training or testing according
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to the respective directory, and then documents the results.
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