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ABSTRACT

Multilingual handwritten Optical Character Recognition (OCR) faces major challenges due to diverse
writing styles, script variations, and limited generalization across languages. Existing OCR systems often
fail to handle multilingual handwritten data efficiently, resulting in poor segmentation and recognition
accuracy. To overcome these challenges, this paper proposes a Transformer-based OCR architecture with
a Unified Residual Recurrent Neural Network (TrOCR-URRNN-MLD). The proposed framework
integrates Local Sample-Weighted Multiple Kernel Clustering (LSMKC) for effective text segmentation
and Adaptive Multi-scale Gaussian Co-occurrence Filtering (AMGCF) for noise suppression and clarity
enhancement. A Feature-Affine Residual Network (FA-ResNet) embedded in the Transformer extracts
robust spatial-semantic features, while the URRNN with Connectionist Temporal Classification (CTC)
efficiently models sequential dependencies. Furthermore, the Secretary Bird Optimization Algorithm
(SBOA) optimizes the model parameters for improved performance. Experiments on IAM and Kannada
Char74k datasets show that TrOCR-URRNN-MLD surpasses existing OCR models in accuracy, precision,
recall, and F1-score.

Keywords-handwritten Optical Character Recognition (OCR); transformer architecture; Unified Residual
Recurrent Neural Network (URRNN); multilingual document recognition; feature-affine residual network

(FA-ResNet); Secretary Bird Optimization Algorithm (SBOA)

I.  INTRODUCTION

OCR is a fundamental task in many applications, with
many different approaches that have been proposed. Currently,
the most common OCR models rely on LSTM-connectionist
temporal classification or sequence-to-sequence attention
methods, which take input from a sequence of slices and
produce a sequence of recognition outputs [1]. This method
enables the development of OCR systems without explicit
character segmentation, using character-transition data to
automatically learn inter-character correlations. Many modern
open systems, such as Tesseract, rely on this method and are
currently achieving satisfactory recognition in English text [2].
However, for other script languages, such as mixed Kannada
and English, accuracy falls behind, mainly because these
languages have more characters than the English language.

There are hundreds of character classes in mixed Kannada and
English, and even considering pairwise pairings, there are
many scenarios that could occur [3]. Hence, in contrast to
English, there is a need for explicit character segmentation and
individual character recognition for such scripts [4].

The spread of digital content has propelled the demand for
effective and precise OCR systems, especially for handwriting
in multilingual documents [5]. Handwritten OCR (HOCR) is
instrumental in transforming handwritten notes and forms into
machine-readable form, thereby accelerating the digitization of
historical collections, enhancing document management
systems, and promoting accessibility for various linguistic
communities [6]. High accuracy rates have proven difficult for
traditional OCR techniques to attain, particularly when
handling a variety of writing languages and styles [7].
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Emerging technologies have transformed this area, making
it possible to create reliable models that can extract intricate
patterns and features [5]. The goal is to increase the accuracy of
recognition in a variety of languages, including—but not
limited to—Kannada and English [8]. To improve training and
reduce overfitting, data augmentation is used along with
addressing the difficulties presented by different handwriting
styles and language scripts [9]. HCR-Net [7], a transfer
learning-based script-independent framework, achieved high
generalization across 40 multilingual datasets, including
Bangla, Hindi, Urdu, and Kannada. In [10], a weighted SVM
classifier was optimized with the Sine Cosine Algorithm (SCA)
for Marathi characters, addressing symbol complexity but
suffering from high character error rates. In [11], a DSRNN-
MaxEnt classifier was integrated with Nomograph-based
IMVO feature extraction for offline handwritten recognition,
improving segmentation through Gaussian filtering and
projection profiles. In [12], an end-to-end deep learning
framework was proposed for historical Ethiopic handwritten
text recognition, using a hybrid CTC-attention architecture and
achieving a high Fl-score but limited accuracy due to dataset
constraints. In [13], a systematic review of deep learning
methods for historical Arabic manuscripts highlighted
advances in feature extraction, sequence modeling, and
recognition performance across complex handwritten texts. In
[14], Capsule Networks (CapsNet) were employed for
recognizing handwritten Devanagari manuscripts, leveraging
spatial hierarchies but reporting reduced precision. In [15], an
optimized SVM-based framework was presented for Arabic
handwritten character recognition, improving classification
accuracy while addressing script complexity.

Designing and developing an effective HOCR system for
multilingual documents, particularly in Kannada and English,
poses significant challenges due to the diversity in scripts,
handwriting styles, and document quality. Handwritten
characters exhibit a high degree of variability in shape, stroke,
and spacing, further complicated by the differences in linguistic
structures between the Kannada and English languages.
Existing OCR systems struggle with accurately recognizing
such complex handwritten texts, leading to errors in character
segmentation and recognition. These limitations motivate the
proposed Transformer-based OCR with Unified Residual
Recurrent Neural Network (TrOCR-URRNN-MLD), which
aims to deliver a robust script-independent solution optimized
for both Kannada and English handwritten text. The system
incorporates Local Sample-Weighted Multiple Kernel
Clustering (LSMKC) for segmentation, Adaptive Multi-scale
Gaussian Co-occurrence Filtering (AMGCF) for noise-free
preprocessing, and Feature-Affine Residual Network (FA-
ResNet) for enhanced feature extraction. A Unified Residual
RNN optimized using the Secretary Bird Optimization
Algorithm (SBOA) further refines character sequence
prediction through the CTC loss function.

The major contributions of this study are:

e A TrOCR-URRNN-MLD framework for multilingual
handwritten text recognition.

e Enhanced segmentation, preprocessing, and feature
extraction through LSMKC, AMGCF, and FA-ResNet
modules.

e Integration of URRNN+SBOA+CTC for robust and
optimized recognition across multiple languages.

II. PROPOSED METHOD

Handwritten images from the English IAM OCR, Kannada
Char74k, and multilingual datasets are processed through Local
Sample-Weighted Multiple Kernel Clustering (LSMKC) for
line, word, and character segmentation. The segmented images
undergo Adaptive Multi-scale Gaussian Co-occurrence
Filtering (AMGCEF) for noise removal, contrast enhancement,
and normalization. Feature-Affine Residual Network (FA-
ResNet) extracts detailed spatial and geometric features, which
are processed by the Unified Residual Recurrent Neural
Network (URRNN) to learn sequential dependencies. The
Secretary Bird Optimization Algorithm (SBOA) further refines
the URRNN parameters, ensuring robust and accurate
multilingual recognition. Figure 1 illustrates the overall
workflow.
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Fig. 1. Block diagram of the TrOCR-URRNN-MLD technique.

A. Data Acquisition

The input images are sourced from the English IAM OCR
dataset [16] and the Kannada Char74k handwritten words
dataset [17], combined into a Multilingual dataset. The English
IAM OCR Dataset is a benchmark corpus for handwritten
English text recognition, comprising ~100,000 images of lines,
words, and characters from 657 writers. Its diverse cursive
handwriting and detailed annotations make it ideal for
handwriting  recognition,  segmentation, and  writer
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identification. The Kannada Char74k Dataset is derived from
Chars74K, containing over 657 character classes (vowels,
consonants, compound characters) with 25-50 samples per
class, totaling ~100,000 images. Collected from multiple native
writers and stored in PNG format, it captures diverse
handwriting styles for Kannada OCR development.

Combining TAM OCR and Kannada Char74k, the
Multilingual Dataset contains ~200,000 images in English and
Kannada scripts from 657 writers. It supports multilingual
OCR, script-based segmentation, and writer-independent
recognition. The dataset is split into 45% training, 25% testing,
and 30% validation.

The TAM and Char74k datasets are publicly available and
used strictly for academic research. No personal identities or
private information are included; therefore, ethical approval is
not required.

B. Segmentation Using Local Sample-Weighted Multiple
Kernel Clustering (LSMKC)

Segmentation of lines, words, and characters is performed
using LSMKC [18], an advanced technique for text image
segmentation. LSMKC uses multiple kernel functions and local
weighting to capture diverse structural patterns and adapt to
intensity variations, enabling robust segmentation with minimal
manual intervention while effectively handling complex
handwriting structures. The image enhancement process for
clearer segmentation is formalized in

9q

Xe=T—— M
1 2‘3/:165

where y, denotes the clarity of the image and d, indicates the
variations in it. Neighborhood kernel construction enhances
clustering by emphasizing local relationships among image
pixels rather than global similarity. Kernel values are computed
based on a sample's distance to its neighbors, preserving fine-
grained variations in the image, as formalized in

Hy = max(ﬁa,: +8a15") )

where H, denotes the neighborhood kernel construction, H,
signifies the neighborhood kernel construction, and 1V is the
multiple kernel size from an image. For line segmentation,
morphological operators enhance line structures, and K-Means
clustering aggregates connected components into lines,
effectively handling skewed handwriting and non-uniform
spacing (3).

fab

25410 T $) 3)
where vy, signifies the segment lines from an image, fg
indicates the kernel value between images, f denotes the total
area for dividing the images, A, represents multi-view
clustering indications, and & represents the capturing of
nonlinear structures from the kernel. In LSMKC, word and
character segmentation separate connected components into
individual units, improving recognition accuracy (4).

vy = max(—

b=2
1 1 P 4
V=t ey & fa 4)

where 9 indicates the segmented word and character, p
represents the localized kernel, § denotes the normalized
image, and 7, signifies the localized kernels preserved. By
using LSMKC, the image is automatically divided into regions
containing text, separating words and characters from the
image background. The segmented images are given to the
preprocessing phase. Figure 2 illustrates segmented images
from the Multilingual Dataset.
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Fig. 2.

Segmented images from the Multilingual dataset.

C. Preprocessing Using the Adaptive Two-Stage Unscented
Kalman Filter (ATUKF)

Preprocessing employs the ATUKF [19] to remove noise,
enhance contrast, normalize, binarize, pad, smooth, and resize
segmented images. The ATUKF adaptively refines the filtering
process, mitigating outliers and inconsistencies while
preserving structural integrity. Each image is represented by an
initial state vector corresponding to pixel values, capturing all
necessary variables to define its condition before processing.
This ensures improved clarity and quality of input images for
subsequent feature extraction, as formalized in

v, = k(ah; nh) + TSh + uhh > (5)

where v, denotes the initial state value from the input images,
k signifies the intensity values, a, indicates the average value
of the image, n;,represents the state vector and covariance
matrix, T is the time taken for analysis, s, indicates the image
transformation function, and wu, designates the random
variations in pixel values. Contrast enhancement in ATUKEF is
guided by intensity variations in the input image, refining pixel
values to achieve a balanced distribution while preserving
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visual quality. The filter dynamically adjusts its state
estimation to reduce noise and restore ideal pixel values by
leveraging spatial and intensity correlations. The refined pixel
values are expressed by

App 1 i+l s aT
Gl+1|1 - k_lzj=l—k+2 & (6)

where G, +P1|l indicates the pixel values from the image, X
signifies the accumulated pixel-related error contributions, j
represents the j* dimension of the trends, k indicates the
uncertain noise in the stroke, & identifies the observed and
estimated pixel intensity values at index j, and T denotes the
transpose of the error vector in the noisy image. To preserve
consistency across images, initializing the value of an image
entails setting pixel intensity values to a standard range. This
process enhances visual quality, removes noise, contrasts and
normalizes the effects of lighting variations, and ensures
uniform brightness and contrast. Then, the pixel values of the
image are normalized as

Dy = (GPE) - YV)UF? 7

where D;,, indicates the normalized pixel value, Y represents
the visual quality of the image, and Uz’ ! indicates the gray level
in an image. In ATUKEF, the resizing process transforms input
images to uniform dimensions while preserving aspect ratios
through binarization, padding, and smoothing. The filter
dynamically adjusts pixel values to maintain structural
integrity. The processed images are reconstructed to ensure
consistency for subsequent analysis, as formalized in

fi&1 = Wik(GPh — Wi ROWL = U (m W/, )™
®)

where f;%, denotes the resized images, W;;} represents the
scaling matrix, R® is the rearranging image, m, signifies the
analytical value of the image, and U, indicates the diagonal
value of the image. Noise removal enhances image quality by
eliminating unwanted distortions such as random variations in
brightness and color. By minimizing these pixel values, noise is
effectively removed from the entire input image:

h+1lh
b _ b b
Zypan = Zy T [ 9

where Z,f’ +1), Tepresents the removal of noise, and b denotes the

minimized pixel values. Finally, the images are resized, and the
noise is removed by utilizing the ATUKF method. Then the
preprocessed images are given to the feature extraction phase.

D. Feature Extraction Utilizing Transformer-Based OCR with
Feature Affine Residual Network

Feature extraction leverages transformer-based OCR
integrated with FA-ResNet [20] to capture both statistical and
geometric features from image data. FA-ResNet enhances
texture representation by adaptively modulating feature maps
with affine transformations and robust residual connections,
ensuring stable training and multi-scale feature learning. Input
images are first resized and normalized to a standard resolution
for consistency across datasets, and then processed through an
initial convolutional layer to extract foundational patterns,

which serve as building blocks for higher-level texture
characteristics, as formalized in

) = YO ¥k ({gn) —v) (10)

where 1 represents the variance of the sample, E denotes the
dimensionality of the parameter, L signifies the selected
neighbors, O represents the number of points, j and k
represent the convolutional layers, §j, represents the linear
parameter of the classified image, v represents the variables,
and j represents the input value of the image. FA-ResNet
reduces the dimensionality of features by integrating attention
mechanisms within residual blocks. It selectively emphasizes
important spatial and channel-wise features, enabling compact
and discriminative representations in an image as

Wap} =v @ 4y (11)

1
2EXLX0

where w,, signifies the dimensionality of the feature, v
indicates the variation of the image, é,;, represents the
normalized features, o, indicates the enhanced features, k
signifies max pooling, and p is the local and global texture
pattern.

In FA-ResNet, an aggregation function is used to combine
feature maps from various layers of the network to form a
unified and informative image representation. This function
includes operations such as concatenation and element-wise
addition, enabling the model to integrate multi-scale and multi-
level features to extract statistical and geometric features from
the image. By aggregating these features, the network captures
both local and global texture patterns as

H; = B (v(g)) (12)

where B represents the extracted features, y represents the
sequence of mapping operations, and g represents the linear
parameters of the image. Finally, the statistical and geometric
features are extracted from the image using FA-ResNet. After
completing feature extraction, the extracted features are given
to OCR.

E. OCR Utilizing the Unified Residual Recurrent Neural
Network (URRNN) with CTC Loss Function

The URRNN with CTC loss [21] models temporal
dependencies in handwritten text sequences without requiring
explicit character segmentation. It combines residual CNNs for
capturing detailed stroke patterns in English and Kannada
scripts with sequential learning, enabling effective recognition
of variable-length and irregular handwriting. The CTC loss
aligns predicted sequences with ground truth, providing
flexibility for diverse handwriting styles. Input grayscale
images are resized to a constant height while preserving aspect
ratio, ensuring uniform input for downstream processing. This
integrated architecture supports accurate multilingual OCR by

maintaining  spatial  consistency and robust feature
representation as
rS = {que,s' fqm,s} (13)
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where 7; denotes the input layer, f,,, indicates the residual
connection, and f,4 s represents the time distributed layer. The
convolutional layers extract hierarchical spatial features from
handwritten images, while residual connections preserve
information across layers and mitigate gradient vanishing,
enabling deeper network training. Each residual block
comprises convolution, batch normalization, and ReLU
activation, with skip connections to ensure stable and efficient
feature learning across diverse handwriting styles, as

ts =9(@BR; + VP g,y + g©) (14)

where t; denotes the convolutional layer, ¥ signifies the
hierarchical spatial features, @® indicates the trainable weight
matrix, R; represents the ReLU activation function, g
designates the global average pooling operation, and V(® is the
gated recurrent unit layer. The recurrent layers, often
implemented as bidirectional, capture the sequential nature of
handwritten text by processing extracted spatial features as
temporal sequences. They model contextual dependencies from
both past and future positions, improving recognition of
complex cursive handwriting and compound characters as

9s = (1 - ts)gs—l + i * gs (15)

where t; denotes the recurrent layers, * indicates the element-
wise multiplication, and g is the bidirectional temporal
capture. The fully connected layer acts as a linear classifier,
converting feature vectors at each time step into a probability
distribution over English and Kannada characters. It enables
the model to predict sequences consistent with the temporal
structure of handwritten text as

a=1
S
loss = =% q,log(§4.) (16)

where q, indicates the fully connected layer and §, denotes the
total number of character classes. The CTC loss layer enables
training without requiring pre-segmented character alignment,
handling variable-length output sequences. It computes the
probability of correct label sequences by summing over all
valid alignments between predictions and ground truth, making
it particularly effective for OCR of English and Kannada
scripts as

Brew == Bowa + s(

gloss.

gpB

where 8 denotes the prediction of optical character recognition,
gloss indicates the CTC loss layer, and ¢ is the character
boundaries. The URRNN with CTC loss function is employed
for the OCR stage. The URNN was selected due to its
pertinence, convenience, and Al-dependent optimization
approach.

) amn

F. Optimization Using the Secretary Bird Optimization
Algorithm (SBOA)

SBOA [22] is a novel meta-heuristic technique employed to
optimize model parameters, enhancing accuracy and reducing
overfitting. SBOA balances exploration and exploitation to
efficiently search the parameter space, preventing the model
from getting trapped in local minima. It improves convergence
speed, maintains solution diversity, and adapts robustly to high-

dimensional optimization problems, outperforming
conventional methods prone to premature stagnation. In the
proposed OCR framework, SBOA fine-tunes URRNN
parameters, optimizing weights to achieve higher accuracy
while reducing computational time. The algorithm follows a
series of principal stages, which guide its iterative search for
globally optimal solutions, ensuring robust and reliable
recognition performance for multilingual handwritten text.

1) Step I: Initialization

SBOA is a population-based metaheuristic approach, in
which each secretary bird is a member of the algorithm's
population. Here, the positions of every secretary bird in the
search space determine the values of the decision variables
used to compute the MASNN weight parameters.

h11 h12 h13 hlh
p=|tz P e (18)
hndl hdz hd3 hdh

where & represents the secretary bird group and A, represents
the group members.

2) Step 2: Random Generation

Input parameters are made at random. Dependent on
particular hyperparameter conditions, 7; and g, parameters are
created at random through the SBOA method.

3) Step 3: Fitness Function

A random solution is generated using initial evaluations.
Parameter optimization values are evaluated for optimizing the
weight parameters of the URRNN as

FitnessFunction = optimizing[r; and gs] (19)

4) Step 4: Hunting Strategy of Secretary Birds

In SBOA, a secretary bird is a predator that stalks by
rapidly scanning open plains and quietly sneaking up on its
prey, mainly snakes and small mammals. It makes rapid, high-
accuracy stomps with its strong legs to paralyze or kill the
target from a safe distance. The ground-level hunting process
involves speed and adaptive movement as

_wiev, ifnZp ! < 7,
wg = {
w,, else

(20)

where w, represents a new state of the secretary bird, w, ewat
signifies random candidate solutions within the initial stage
iteration, w7®" denotes the new state of a secretary bird in the

initial stage, and Z,, signifies a randomly generated array.

levy(P) = k * == 21

lv|T

where levy(P) represent the fight distribution function, k
signifies a fixed constant value, u * € denotes the standard

1
normal distribution, and |v|= signifies the update of the
secretary bird's position.
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5) Step 5: Escape Strategy of Secretary Bird for Optimization

Dynamic evasion strategies are used against adversaries.
This method guarantees resistance to attempts to trick the
prediction system, strengthening the model through adaptive
approaches, effectively preserving prediction robustness.

new jf 7newazg < 7.

wy = {"a (22)
w,, else
where dew,qz denotes random candidate solutions in the

second stage iteration, w2¢” denotes a new state of a secretary
bird in the initial stage, and g, signifies bidirectional temporal
capture. The random selection is given by

H = round (1 + gqand(1,1)) (23)
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Flowchart of SBOA for optimizing URRNN parameters.

Fig. 3.

6) Step 6: Termination

The weight parameter values 7; gs of the URRNN are
optimized using SBOA, repeating from step 3 until it obtains
its halting criteria. Then, TrOCR-URRNN-MLD effectively

assesses the accuracy of recognizing the optical character,
reducing Word Error Rate (WER).

III. RESULTS AND DISCUSSION

The proposed TrOCR-URRNN-MLD model was
implemented in Python using Keras and TensorFlow on a
Windows 10 laptop with NVIDIA Tesla P100 GPU (16 GB
RAM), achieving a runtime of 760.3 s. The model was
evaluated on the English IAM OCR, Kannada Char74k, and the
combined multilingual dataset. Performance was compared
with existing methods, including DL-SI-CRN, SVM-MCR, and
HCR-DSRNN-MaxEnt, using standard OCR metrics such as
Accuracy, Precision, Recall, F1-score, WER, Character Error
Rate (CER), and Text Similarity (TS). The model was trained
using a batch size of 32 for 150 epochs. The learning rate was
set to 0.0001, and the training employed the Adam optimizer.
A dropout rate of 0.3 was applied to prevent overfitting. The
input image size used for the model was 64x256 pixels. Table I
shows a comprehensive analysis of performance metrics of
various OCR techniques, highlighting the superior performance
of the TrOCR-URRNN-MLD method across all evaluation
metrics.

TABLE L PERFORMANCE ANALYSIS OF VARIOUS OCR
TECHNIQUES
Ref. Accuracy |Precision| Recall | F1-score | WER | CER TS
’ (%) (%) (%) (%) (%) | (%)
[7] 93.45 94.90 | 9245 | 90.45 | 31.67 [30.90| 89.43
[10] 91.84 90.70 | 94.90 | 94.70 | 43.61 [25.91| 91.07
[11] 94.60 93.76 | 9337 | 92.64 | 22.43 [43.93]| 82.39

[12] 91.66 85.50 | 89.42 | 88.25 | 28.81 |38.92] 95.10

[14] 94.98 90.74 | 90.31 | 93.28 | 37.43 [41.93]| 85.87

Proposed 97.68 97.83 | 97.85 | 97.73 16.60 | 8.04 | 97.7

The proposed model achieved 97.68% accuracy, 97.83%
precision, 97.85% recall, and 97.73% F1-score, with a WER of
16.60% and a CER of 8.04%, outperforming existing
approaches that report accuracies below 95% and higher error
rates. A text similarity score of 97.7% confirms high semantic
fidelity and reliable recognition across English and Kannada
scripts. Figure 4 illustrates predicted images using URRNN.
The proposed model effectively captures complex handwriting
patterns while maintaining computational efficiency. Although
deep model training on high-resolution images is
computationally intensive, the proposed approach demonstrates
lower processing time than comparable approaches, making it
suitable for real-time multilingual OCR applications.

IV. CONCLUSION

The proposed TrOCR-URRNN-MLD model effectively
performs multilingual handwritten OCR using the English IAM
OCR, Kannada Char74k, and combined Multilingual datasets.
By integrating FA-ResNet for feature extraction, URRNN for
sequential modeling, and SBOA for parameter optimization,
the system achieves accurate recognition across English and
Kannada scripts while reducing computation time and
accelerating convergence. Compared to existing methods, such
as DL-SI-CRN, SVM-MC, and HCR-DSRNN-MaxEnt,
TrOCR-URRNN-MLD attains 6-11% lower WER and CER
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and 6-8% higher text similarity, demonstrating superior  performance.
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Fig. 4. Predicted Images using URRNN

Future work will explore hybrid optimization techniques will explore extensions to more language families and
and real-time OCR deployment using edge computing and IoT- lightweight deployment.
enabled devices to further enhance accessibility and efficiency.
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