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ABSTRACT As deep learning continues to evolve, we have observed huge breakthroughs in the fields
of medical imaging, video and frame generation, optical character recognition (OCR), and other domains.
In the field of data analysis and document processing, the recognition of handwritten numerals plays a
crucial role. This work has led to remarkable changes in OCR, historical handwritten document analysis,
and postal automation. In this study, we present a novel framework to overcome this challenge, going
beyond digit recognition in only one language. Unlike common methods that focus on a limited set of
languages, our method provides a comprehensive solution for recognition of handwritten digit images
in 12 different languages. These specific languages are chosen because most of them have fairly distant
representations in latent space.We utilize transfer learning, as it reduces the computational cost andmaintains
the quality of enhanced images and the models’ recognition accuracy. Another strength of our approach is
the innovative attention-based module called the MRA module. Our experiments confirm that by applying
this module, major progress is made in both image quality and the accuracy of handwritten digit recognition.
Notably, we reached high precisions, surpassing nearly 2% improvement in specific languages compared to
earlier techniques. In this work, we present a robust and cost-effective approach that handles multilingual
handwritten numeral recognition across a wide range of languages. The code and further implementation
details are available at https://github.com/CVLab-SHUT/HandWrittenDigitRecognition.

INDEX TERMS Deep learning, transfer learning, multilingual, handwritten numeral recognition.

I. INTRODUCTION
Handwritten numeral recognition plays a crucial role in the
fields of image processing and computer vision, making
significant contributions to diverse applications. This tech-
nology is widely used in a wide range of domains, including
bank check processing, postal code recognition, and the anal-
ysis of historical handwritten documents [1], [2], [3], [4], [5].
Accurate recognition of handwritten numerals is crucial in
delicate systems like medical records and biometric identifi-
cation, where mistakes can lead to serious consequences [6],
[7], [8], [9], [10]. Nevertheless, handwritten digit recognition
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poses several challenges due to the diversity in shapes, sizes,
and variations present in different handwriting styles. These
differences can be further influenced by factors such as the
writing instrument used and the speed at which the individual
writes. In addition, the presence of diverse numeric systems
across languages, as seen in applications such as postal codes,
introduces a greater level of complexity. By automating
the recognition process, it eliminates the need for manual
involvement, resulting in cost-effective and time-efficient
performance. This paper introduces innovative techniques
within an end-to-end framework to enhance the precision of
handwritten numeral recognition. It addresses the issues asso-
ciated with diverse writing styles and the multilingual nature
of the problem, along with variations in numerical systems,
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where dealing with 120 unique classes (12 languages each
one with 10-digit signs), poses a considerable challenge.

Researchers have conducted extensive studies in machine
learning with a focus on the recognition and classification of
handwritten numerals. Various machine learning algorithms,
including SVM (Supported Vector Machine) [11], [12], [13],
[14], KNN (K Nearest Neighbor) [15], RF (Random Forest)
[16], Fuzzy models, and FDDL [15], [17], [18], have been
employed in the past for recognizing handwritten numerals,
demonstrating favorable results in terms of recognition accu-
racy. For instance, Abhishek Sethy proposed a subsequential
method that combined LS-SVM and RF classifiers, achieving
an impressive overall accuracy of 99.01% on handwritten
Odia character dataset [16]. In recent years, the advent of
deep learning has led to a renewed focus on improving the
effectiveness of systems for recognizing handwritten scripts,
particularly through the use of RNNs (Recurrent Neural
Networks) and CNNs (Convolutional Neural Networks) [2],
[19], [20]. Notably, Abu Sufian introduced an end-to-end
approach utilizing a densely connected convolutional neu-
ral network (BDNet) and achieved a remarkable accuracy
of 99.78% on ISI Bengali handwritten numerals [21]. It is
worth noting that most of these methods are validated only
in a single language and lack the versatility to handle multi-
lingual handwritten numeral recognition. Numerous studies
have focused on identifying handwritten digits in single
languages like English or Chinese [22]. However, the field
of multi-lingual digit recognition has seen relatively fewer
research efforts [6], [13], [23]. This task presents unique
challenges, including variations in size, thickness, stroke
direction, order, and language-specific features such as spac-
ing, loops, and hooks. This diversity makes it challenging to
develop an integrated model for accurate identification across
all languages, therefore a robust and adaptable architecture
is required to generalize to new languages without extensive
retraining [23]. Additionally, creating a well-balanced dataset
is complicated due to varying data availability and quality
across languages [13]. One feasible approach is the adop-
tion of language-specific models trained on distinct datasets.
However, this methodology necessitates the development
of individual digit recognition models for each language,
thereby consuming more resources and introducing compli-
cations in model integration and processing procedures [23].
Our methodology tackles the challenge of accurate recog-

nition per language through a combination of techniques.
Firstly, we employ convolutional neural networks (CNNs)
to extract relevant features from digit images and improve
the performance of our models. To tackle the challenges of
multi-class classification, we leverage a language recognition
model. The model’s output flows through digit classifiers,
each associated with a predicted language, allowing us
to identify the numeral represented in the given image.
Secondly, we introduce the MRA (Multi-Resolution Atten-
tion) UNet model for the super-resolution task. This unique
approach involves training the model with digitally gener-
ated numeral images. These images are made of thousands

of fonts from various languages. We further utilized this
model to enhance the quality and resolution of handwritten
digits without the need for fine-tuning handwritten data. Fur-
thermore, we apply transfer learning to convey the weights
from the language recognition model to the digit recognition
models. By utilizing the pre-trained knowledge and features,
we optimize the performance of the digit recognition models
while significantly reducing training time and computational
resources. The integration of transfer learning and the MRA
UNet model shows effective promises in improving accuracy
and resolving the challenges of multi-lingual handwritten
digit recognition.

To summarize, we present five novel approaches that have
improved the performance of the whole framework. These
contributions can be outlined as follows:

1) Multilingual Categorization: We introduced an innova-
tive language recognitionmodel capable of distinguish-
ing between handwritten numerals from 12 distinct
languages.

2) Attention-wise Module: We have designed the MRA
module based on an attention-wise block, which is
incorporated into various models of this work, such
as UNet, language recognition, and digit recognition
models. This module plays a crucial role in enhancing
model performance by selectively attending to relevant
features and improving the overall representation learn-
ing process.

3) Digitally Generated Dataset: We have generated a
dataset of 100,000-digit images from 12 languages.
These images are carefully examined to resemble the
handwritten digit images closely. We have ensured that
the dataset maintains balance among different digits
and languages. Then, the generated dataset is used to
train the UNet-based model.

4) Image Enhancement:We have developed a UNet-based
model to improve the quality of input images. This
approach includes two novel aspects. The first is the
incorporation of the MRA module at the skip connec-
tion, and the second is the training of this model using
the digitally generated dataset. This model is then used
to predict handwritten digit images. It demonstrated
high accuracy without requiring additional fine-tuning.

5) Digits Recognition Using Transfer Learning: In our
digit recognition models, we have adopted the transfer
learning approach. This method uses the knowledge
obtained from the language classifier which simul-
taneously decreases both the training duration and
computational expense.

The following sections of this paper are organized as
follows. In Section II, we review the state-of-the-art works
related to our research. Section III provides details about our
proposed method, explaining its design and how it works.
In Section IV, we evaluate the performance of our models,
presenting experimental results that show the effectiveness
of our approach. Finally, in Section V, we conclude by
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summarizing the key findings and suggesting possible direc-
tions for future research.

II. RELATED WORK
This section presents a comprehensive overview of related
works in the field of handwritten numeral recognition. The
review encompasses various methodologies, including those
using handcrafted features, traditional classifiers, deep neural
networks, sparse representation, transfer learning, and combi-
nations of these. By reviewing the literature on these different
approaches, we aim to establish a strong foundation for the
proposed advancements in our research.

A. CLASSIC APPROACH
The support vector machine (SVM) is a well-known and
widely used classification technique in pattern recognition.
The study [11] proposed a Devanagari character classifica-
tion method that utilized support vector machines (SVM)
to recognize and classify documents written in Hindi, San-
skrit, and Marathi, both in printed and handwritten forms.
The method begins by preprocessing and segmenting the
image through projection profiles, removing shirorekha, and
extracting features. The SVM algorithm is then applied to
classify characters without the shirorekha into predetermined
categories. The study demonstrates the effectiveness of the
proposed SVM-based method, achieving high classification
accuracies of 99.54% for printed images and 98.35% for
handwritten images. These results outperform other Devana-
gari OCR-based techniques.

In [17], a technique was suggested for the recognition of
handwritten Hindi and English numerals, utilizing exponen-
tial membership functions as a fuzzy model. The fuzzy sets
are generated by calculating normalized distances using the
Box approach. The membership function undergoes modifi-
cation through the optimization of two structural parameters,
achieved by maximizing entropy while ensuring the mem-
bership function attains unity. The recognition rates are 95%
for Hindi numerals and 98.4% for English numerals. This
method has potential applications in character recognition
and can contribute to developing efficient recognition sys-
tems.

The research [12] proposes a hybrid MLP-SVM method
for recognizing unconstrained handwritten digits. The
method utilizes specialized Support Vector Machines
(SVMs) to improve the MLP’s performance in local areas
around the separating surfaces between each pair of digit
classes. The hybrid architecture achieves a recognition rate
of 98.01% for real mail zip code digits recognition tasks.
The method introduces a rejection mechanism based on the
distances provided by the local SVMs, which improves the
error-reject trade-off performance. The proposed method
can be applied to other scenarios where an MLP network
demonstrates strong performance.

B. DEEP LEARNING APPROACH
Deep learning is a transformative term, that has revolution-
ized the industries, outperformed the classical approaches,

and showed promising results. Deep learning techniques have
a wide range of applications in various fields, from image
and video generation, and transferability across multiple 3D
models to medical diagnostics and OCR [24], [25], [26], [27].
The BDNet model based on densely connected convolu-

tional neural networks is proposed for Bengali handwritten
numeral digit recognition, achieving a test accuracy of
99.78% and reducing error by 47.62% In comparison to
prior state-of-the-art models [21]. The training of the model
is conducted utilizing the ISI Bengali handwritten numeral
dataset with unconventional pre-processing and augmen-
tation techniques. A dataset of 1000 Bengali handwritten
numeral images is created to test the model, showing promis-
ing results.

To improve the recognition accuracy of handwritten Kan-
nada numerals, [28] introduces a method that takes a
document image containing numerals written in diverse styles
by various users as input. The method involves a series of
pre-processing steps, including noise removal and attribute
extraction techniques like Drift Length Count and DWT,
followed by a deep convolution neural network (DCNN) clas-
sifier for classification. This approach leads to an impressive
accuracy rate of 96%.

The study [29] presents a historical handwritten digit
dataset calledDIDA, containing single andmulti-digit images
from Swedish handwritten documents. The paper intro-
duces DIGITNET, a deep learning framework consisting
of DIGITNET-dect and DIGITNET-rec for digit detection
and recognition, respectively. DIGITNET-dect outperforms
previous methods, Specifically, DIGITNET-rec sets a new
benchmark in detecting and recognizing historical Swedish
handwritten documents, achieving an impressive accuracy of
97.12%. It demonstrates the effectiveness and efficiency of
the proposed framework.

Study [30] presents an EfficientDet-D4 model for rec-
ognizing handwritten digits. EfficientDet-D4 is based on
EfficientNet-B4, which is a highly efficient convolutional
neural network that balances depth, width, and resolution
using compound scaling and advanced techniques, achieving
state-of-the-art accuracy on various computer vision tasks.
The deep learning-based model can accurately detect and
classify digits with an accuracy of 99.83% on the MNIST
dataset and is robust to post-processing attacks with an accu-
racy of 99.10% on the USPS dataset. The model is a reliable
solution for digit recognition and has the potential for use
in automated number plate recognition and optical character
recognition applications.

C. SPARSE LEARNING APPROACH
In paper [31], a novel technique for dictionary learning is
proposed, called labeled projective dictionary pair learning,
which uses a synthesis-analysis dictionary pair to simplify
the calculation of sparse representation. A robust pattern
recognitionmodel is achieved by incorporating HOG features
and class labels as a penalty term. The proposed method is
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evaluated on various databases, including Chinese, Arabic,
and English handwritten number datasets, and compared with
state-of-the-art methods. The results demonstrate the effec-
tiveness of the proposed technique (∼98%), which requires
only eight parameters to be fine-tuned and operates on reg-
ular computers without relying on cloud servers or GPUs,
functioning locally. However, dictionary learning may not be
as effective as deep learning approaches in handling complex
and high-dimensional data contributing to the classification
task.

The research study [22] introduced a novel approach to
improve dictionary pair learning classification accuracy by
adding an incoherence penalty term. This research offers a
new dataset for benchmarking pattern recognition algorithms
using the InDPL algorithm and cross-validationmethods. The
InDPL algorithm achieved superior results on a new Chinese
number database, especially with limited training samples.
The resulting accuracy with the InDPL algorithm, close to
97%, demonstrates better performance than the DPL and
KNN methods.

In [15], the authors proposed the FDDL method for image
classification. FDDL learns a structured dictionary with
discriminative coefficients and uses reconstruction resid-
ual and representation coefficients for classification. FDDL
outperformed numerous cutting-edge approaches based on
dictionary learning methods on various image recognition
tasks, with a reported recognition error rate of 2.89% on the
USPS English handwritten database.

D. TRANSFER LEARNING APPROACH
The research study [32] aimed to develop effective
deep-learning models for recognizing Arabic (Indian) digits
and texts using transfer-learning approaches. The investi-
gation utilized two well-known transfer models, namely
GoogleNet + LSTM and VGG-16 + LSTM, with modi-
fications that included the integration of LSTM layers to
enhance the models’ recognition capabilities. The LSTM
layers functioned as a recurrent neural network, persisting
the extracted features from the convolutional neural network
(CNN) part. The research outcomes demonstrated the effi-
cacy of using LSTM layers in the transfer learning models
to learn long-term dependencies which achieve impressive
accuracy levels, reaching up to 99%, accompanied by note-
worthy recall and precision values when classifying the ten
digits. The proposedmodels were shown to be comparable to,
or even more effective than, state-of-the-art techniques, with
accuracy ranging from approximately 98% up to 99.3%.

The study [6] proposes a new recognition algorithm for a
pattern recognition system using deep convolutional neural
networks (CNNs) to improve the recognition performance
of handwritten digits. The approach involves developing
several deep CNNs to maximize accuracy for each class,
and the models are chosen based on standard deviation
and median. To enlarge the MNIST dataset, standard aug-
mentation techniques were employed. The dataset was then
divided, with 75% allocated for training purposes and the

remaining 25% for testing. This division allowed for a more
accurate and comprehensive analysis to be conducted. Exper-
imental results demonstrate high accuracy in recognizing
digits, ranging from 97.82% to 99.72% within a few epochs.
The proposed method enhances the intra-class correlation.
Improving classification accuracy for each class, and demon-
strating superior recognition ability compared to the state of
the art in several cases.

The study [2] explores the categorization of handwritten
Gujarati numerals ranging from zero to nine using deep
transfer learning techniques. The investigation utilized ten
pre-existing CNN architectures, namely LeNet, VGG16,
InceptionV3, ResNet50, Xception, ResNet101, MobileNet,
MobileNetV2, DenseNet169, and EfficientNetV2S, to iden-
tify the most suitable model through the fine-tuning of weight
parameters. The implementation of the pre-trained models
was carried out Utilizing a self-curated dataset of handwritten
Gujarati digits, consisting of 8000 images of zero to nine
along with data augmentation techniques. Multiple experi-
ments were conducted using diverse performance evaluation
matrices. The results revealed that the EfficientNetV2S
model, considering all models, including three scenarios of
transfer learning, showed encouraging results, achieving a
training accuracy of 98.39%, testing accuracy of 97.92%, f1-
score of 97.69%, and AUC of 97.15%.

E. MULTILINGUAL APPROACH
Recognizing and classifying multilingual handwritten digits
is challenging due to several factors. One of the primary
challenges is the variations in writing styles and digit shapes
across different languages. For example, the shapes of digits
in Arabic and Chinese languages are significantly different
from those in English and other Latin-based languages. This
results in a need for large and diverse datasets to train and
evaluate the models. Another challenge is the varying sizes
of digits, as writers tend to have different writing sizes and
styles. Furthermore, developing a model that can recognize
and classify digits from multiple languages is more challeng-
ing than developing a model for a single language, as the
model must handle the variations across multiple languages
while maintaining high accuracy. Overcoming these chal-
lenges requires the development of robust and adaptable
models that can handle diverse writing styles, shapes, sizes,
and image qualities, which is an ongoing area of research in
multilingual character recognition. [33].
The study [13] presents a novel approach to address the

challenges in multilingual numeral recognition systems. The
authors conducted extensive experiments on datasets contain-
ing numerical digits of 8 languages, including both Indic
and non-Indic scripts. The proposed method achieved an
impressive accuracy rate of 96.23% for all eight scripts
combined, demonstrating the effectiveness of convolutional
neural networks (CNN) in multilingual handwritten numeral
recognition. The system stands out for its distinctive approach
of employing a ten-class recognition system for multiple
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languages without the need for prior numeral identification.
Additionally, it is the first attempt to develop a fusion-free
approach for recognizing handwritten numerals in eight dif-
ferent languages, independent of the script used in each
language, challenging the notion of multilingualism in hand-
written character recognition.

The research work [19] developed a knowledgeable frame-
work for Handwritten Character Recognition (HCR) using
Neural Networks, which can accurately identify specific
type-format characters. The proposed methodology involves
the utilization of both a machine learning model and a char-
acter recognition MATLAB model to recognize and identify
handwritten digits accurately. A translator using MATLAB is
also designed to overcome language barriers. The proposed
technique can be employed to convert English, Marathi,
and Gujarati text into spoken English using a text-to-speech
conversion approach. The experiments were performed on
several datasets using MATLAB and ANACONDA software
systems, including Gujarati, Hindi, and English literature.
The accuracy of the digit recognition model was evaluated
using existing datasets like MNIST and custom-made CSV
files.

In [23] a CNN-based model that is not specific to any
particular language is proposed to address the challenge of
recognizing numerals in six different languages. The model
includes language recognition and digit recognition com-
ponents to handle multi-script images. Transfer learning is
used to enhance image quality and recognition performance.
Extensive experiments are conducted to verify the effective-
ness of the model for recognizing the recognition of digits
associated with various languages. Testing the model with
six different languages shows an average accuracy of up to
99.8%. The model’s resilience and the procedure employed
in its design make it a cost-efficient solution for recognizing
handwritten numeric symbols in various languages.

III. PROPOSED METHOD
As shown in Figure 1, the proposed method consists of five
parts:

Firstly, the input data goes through a preprocessing step.
Handwritten digit images in the original datasets are usually
in a smaller size, typically 28 × 28 pixels. However, merely
Up-sampling these images can lead to a decline in image
quality, negatively impacting the classifier’s performance.
To overcome this challenge, as our second step, we have
developed a robust and novel UNet-basedmodel namedMRA
UNet, which utilizes transfer learning techniques to enhance
the quality of the images. Thirdly, we integrate a language
recognition model to identify the language of each processed
image. Following this, as our final step, we use a digit recog-
nition model that specifically classifies digits associated with
the identified language. The digit recognition model utilizes
the transfer learning approach from the language recogni-
tion model and is fine-tuned for digit recognition. Detailed
implementation aspects of this system will be provided in
subsequent sections.

A. PREPROCESSING
In this research, our focus was on classifying 12 different
languages. However, high-quality handwritten images in the
size of 128 × 128 pixels were not readily available for
training the MRA-UNet model. To address this, a unique
approach was adopted, involving the collection of a diverse
set of more than 1000 fonts encompassing all the languages.
Data augmentation techniques were subsequently applied
to ensure a balanced dataset with diverse examples, espe-
cially for languages with limited font availability. For the
input of the super-resolution model, low-quality images were
needed. As shown in Figure 1, to generate these inputs,
we initially created high-quality images and then applied both
down-sampling and up-sampling operations. This process
allowed us to obtain low-resolution versions of each digit
image, which served as suitable inputs for training the super-
resolution model.

As previously mentioned, to overcome the limitations of
data availability in some languages, we employed data aug-
mentation techniques. Specifically, we utilized horizontal
shift and rotation functions to increase the number of images
by several folds. Data augmentation offers several benefits.
Firstly, it addresses the issue of limited data by expand-
ing the dataset, particularly in languages with insufficient
sample sizes. By generating additional augmented samples,
we enrich the model with.

A wider range of training examples. Secondly, data aug-
mentation acts as a regularization technique by introducing
variations into the training data. This prevents the model
frommemorizing specific instances and encourages it to learn
more robust and generalized features that can be applied to
unseen data. Additionally, data augmentation ensures a more
balanced representation, preventing the model from being
biased towards dominant classes and improving its perfor-
mance in accurately classifying all classes.

B. DATASET
In this paper, a novel 100,000 digitally generated dataset
of digit images is introduced. We obsessively selected fonts
from 12 distinct languages to construct this dataset using a
Python script. Table 1 shows sample images of 12 different
handwritten digits datasets.

The training data for handwritten digits utilized in this
study includes twelve datasets. The MNIST-MIX is chosen
due to the extensive experiments conducted on this dataset,
making it an excellent benchmark for this study. It consists of
Persian, Bengali-Lekha, Tibetan, Urdu, ISI Bangla, ARDIS
(Swedish), languages, and lastly Kannada, a challenging
dataset with low accuracy in inference time [33]. Chinese
handwritten numbers dataset is another contender which
brings additional complexity to the investigation as it has
a distant representation in latent space compared to others.
It includes samples from 100 individuals with varying hand-
writing styles, collected by the Newcastle University research
team in the UK from Chinese nationals. Additionally, a
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TABLE 1. Digit four in languages of digitally generated dataset.

FIGURE 1. The main block diagram of the proposed model. Recognition of Persian digit ‘3’ image is demonstrated as an
example.

comprehensive set of English handwritten digits from USPS
was compiled [22]. We collected datasets containing Gur-
mukhi and Gujarati images from GitHub repositories as
well [34], [35]. Furthermore, English (USPS [20]) and Ara-
bic datasets (MADBase [36]) are considered to assess the
proposed method. By training our models on digit images
from 12 languages, we improve the generalization ability of
models on other language numerals. Table 2 presents repre-
sentative examples from the datasets employed in this study.
On the other hand, Table 3 provides a brief summary of the

dataset characteristics, comprising the number of samples and
their sizes.

One of the major challenges we ran into, was to collect
a suitable and adequate range of fonts for each language.
We took great care to collect and validate each font, ensuring
they correctly produced the intended digit with the right size
and positioning within the image frame. We found that some
fonts created completely black or unrelated images, or irrel-
evant images which we then removed from our collection.
For languages like Gujarati, Gurmukhi, and Kannada, there
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TABLE 2. Sample images of 12 different handwritten digits datasets.

were fewer fonts available, resulting in less varied and fewer
overall images compared to other datasets. We managed to
balance this out by using image augmentation techniques.

C. SUPER RESOLUTION
In our research, the need to improve the quality of
high-resolution handwritten digit images posed a significant
challenge. To overcome this challenge, we looked for a
robust and high-capacity model with strong learning capa-
bilities. In light of this objective, we chose a model based on
the well-established UNet architecture. The proposed model
comprises three main components, as depicted in Figure 2.

The encoder section of our model consists of multiple
blocks, each composed of two 3 × 3 convolution layers. The
filter sizes for these layers are set to 64, 128, 256, and 512,
respectively, for the first, second, third, and fourth blocks.
At the end of each block, a 2 × 2 max-pooling operation is
applied. The outputs from each encoder block are divided into
two branches. One branch proceeds to the next encoder block,
while the other branch enters the specially designed MRA
module within the skip connection part of the UNet.

The bottleneck section consists of four 3 × 3 convolution
layers arranged sequentially. The outputs from the bottleneck
section are then fed into the decoder section. The decoder
section, which is the third part of our model, comprises four
blocks. Each block includes a transposed convolution layer.
The first input layer is obtained from the bottleneck section,
followed by concatenation with the corresponding feature
maps from the skip connection part at the same level in the
encoder. Subsequently, two convolution layers are applied.
The filter size of each convolution section is reversed com-
pared to the encoder blocks, with filter sizes of 512, 256,
128, and 64, respectively. Similarly, the output from each
decoder section enters the higher-level decoder section, and
this process continues.

The choice of hyperparameters has been carefully made to
enhance the model’s effectiveness. The optimizer used in this
model is Adam (Adaptive Moment Estimation). Adam is a

TABLE 3. Summary of handwritten digits datasets for training.

popular choice due to its computational efficiency and has
little memory requirement. The learning rate is set to 0.001.
This small learning rate ensures that the model does not skip
over any potential solutions to the optimization problem. The
last layer uses a sigmoid function, typically used in binary
classification models to predict class probabilities. This is
suitable as our output images consist of pixel values of either
0 or 1. The model uses categorical cross-entropy as the loss
function, ideal for multi-class classification where each pixel
is a category.

We have introduced a novel module architecture called the
MRA module, which is integrated into the skip connection
part of the UNet. This module operates on the convolu-
tional feature maps that are passed from each decoder block.
As illustrated in Figure 3 The module first applies different
sizes of convolution filters (1 × 1, 3 × 3, and 5 × 5) to
the input layer. Each convolution operation extracts differ-
ent spatial features from the input image. The outputs of
these convolutions are then added together, which means the
module combines the features extracted by different sizes
of filters. The combined features then go through another
3 × 3 convolution operation, and the output of this oper-
ation is used to calculate the channel-wise attention. The
channel-wise attention mechanism allows the model to focus
on more informative channels and suppress less useful ones.
It does this by applying a Global Average Pooling operation,
followed by two 1× 1 convolutions and a sigmoid activation
function. The output of this process is a set of attention scores,
one for each channel. These attention scores are then used to
weight the output of the 3 × 3 convolution operation. This
means that the channels that themodel findsmore informative
will have a greater influence on the final output of themodule.

The MRA module is designed to extract and combine a
wide range of spatial features from the input image, while
also allowing the model to focus on the most informative
channels. This can help themodel to capture complex patterns
in the image data and improve its performance on tasks such
as image classification or object detection.
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FIGURE 2. Diagram of the proposed UNet model using (MRA) module.

FIGURE 3. Multi-Resolution Attention (MRA) module.

TABLE 4. Similar image in different languages.

For training this model, we utilized the transfer learning
technique. To create a balanced dataset, we collected 10,000
low-quality and high-quality digit images for each language,
resulting in a total of 100,000 images across all languages.
(Considering the languages BanglaLekha, ISI Bangla, and
Farsi, Urdu, they are perceived as alike). This thoughtfully
assembled dataset was then used to train our robust model.

Following the training process, the obtained model was
utilized for the prediction and generation of handwritten
digit images without requiring any additional retraining. The

results accomplished from this approach showed excellent
outcomes.

D. LANGUAGE RECOGNITION
Given the multilingual nature of our datasets, which encom-
pass 12 languages with 10 numerical characters each (exclud-
ing the Chinese dataset with 15 classes), we face the challenge
of recognizing a total of 125 distinct number classes. Han-
dling such a large number of classes with a single model
poses challenges. Additionally, treating all similar num-
bers across languages as the same class can slow down
the model’s ability to learn effectively, as there may be
substantial variations in how the same numbers are rep-
resented across different languages. Moreover, adding a
new language would require retraining the entire model or
fine-tuning.

To address these challenges, we propose an approach that
involves using a language detection model to determine the
language of the input image. Based on the detected language,
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FIGURE 4. Architecture of Language recognition and Digit recognition model using Transfer Learning based on (MRA)
module.

a corresponding classifier model is selected to recognize the
specific type of number. By separating the language detection
process from the digit recognition model, we achieve a more
streamlined approach for incorporating new languages into
our system. This separation allows us to develop new number
recognition models for additional languages and integrate
them smoothly into the existing system, without disrupting
the language detection and other digit detection components.
This flexibility ensures scalability as the number of supported
languages continues to grow.

To address the task of language detection for our system,
we looked for a model capable of robustly extracting and
learning essential features. In Figure 4 we introduce our novel
‘‘language classifier based on MRA’’ model, which consists
of three blocks. Each block is composed of two convolu-
tional layers including a 3 × 3 filter, a max-pooling layer,
and an MRA module. Notably, the convolutional layers in
these blocks are thoughtfully configured with 64, 128, and
256 filters, respectively.

Following the three feature extraction blocks, we incor-
porate three fully connected layers, including 512, 256, and
128 units. The final layer of the model consists of 12 neurons,
aligning with the number of classes (languages), and uses the
Softmax activation function to generate probability distribu-
tions over the language classes. Remarkably, the model is
trained using a balanced dataset containing 10,000 samples
for each language, producing outstanding recognition accu-
racy.

We have chosen the Softmax activation function for the
final layer. The loss function we have used is categorical
cross-entropy, and we have selected the Adam optimizer
with a learning rate of 0.001. One of the significant advan-
tages of this proposed language recognition model lies in
its simplicity and efficient structure, which contributes to a

small number of parameters, rendering it computationally
lightweight. Furthermore, due to its architecture, this model
can also be effortlessly integrated into the digit recognition
step, thereby providing a unified framework for the entire
handwritten digit recognition system.

We encountered an additional challenge due to the resem-
blance in the shapes of various numbers in different lan-
guages. To better illustrate this point, Table 4 provides
a comprehensive overview. It’s crucial for our language
classifier to accurately recognize the correct class in such
situations.

E. DIGIT RECOGNITION
In the digit recognition stage, we utilize the language-specific
classifier models to achieve accurate number recognition,
resulting in 12 distinct models, each corresponding to a par-
ticular language. To automate this process and simplify the
recognition pipeline, we have developed a complex module
that seamlessly integrates the language detection model with
the corresponding number recognition model. This integra-
tion enables us to efficiently direct the input image to the
appropriate number recognitionmodel based on the identified
language, thereby enhancing the overall efficiency of the
system’s output.

The structure of the digit recognition model closely
resembles that of the language detection model, utilizing
transfer learning techniques and fine-tuning to optimize per-
formance. Within the last fully connected layer, we utilize
10 neurons to facilitate the classification of the ten classes,
representing the numbers from 0 to 9. It is important to
note that the final model structure is specialized for each
language.

The incorporation of transfer learning in the digit recog-
nition process offers several significant advantages during
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TABLE 5. Comparing number of parameters using transfer learning.

TABLE 6. Experimental results on 12 different datasets.

model training. As illustrated in Figure 4 this approach
significantly reduces the required training time and computa-
tional resources compared to training a model from scratch.
We improve the accuracy and performance of the digit recog-
nition model, leading to enhanced generalization and overall
system efficiency.

IV. EXPERIMENTAL RESULTS
In this section, we present the experimental results and anal-
yses of our proposed approach for multilingual handwritten
digit recognition. To evaluate the performance of our model,
we compare it with existing methodologies. Additionally,
we investigate the effects of transfer learning on the model’s
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performance and conduct an ablation study to assess the
impact of individual components within the proposed model.
Notably, the implementation and training of our models were
conducted on Google Colab Pro, providing a reliable and
scalable computational environment for our experiments.

A. COMPARATIVE PERFORMANCE
In this subsection, we performed a thorough compari-
son of the performance between our proposed model and
other relevant methods. As shown in Table 6 The datasets
of various languages, including English, Chinese, Arabic,
Persian, Urdu, Gujarati, Gurmukhi, Tibetan, BanglaLekha,
ARDIS, Kannada, and ISI Bangla, were trained using dif-
ferent approaches. Among the tested methods, Gupta CNN-
Based [13] achieved a commendable accuracy of 96.70% in
recognizing ISI Bangla digits. In comparison, Fateh CNN-
Based [23] displayed competitive accuracy in recognizing
Chinese and Arabic digits, with respective accuracies of
99.26% and 99.18%. InceptionV3, a widely recognized
method, demonstrated strong performance across all lan-
guages, attaining an impressive accuracy of 99.00% in rec-
ognizing ARDIS digits. This is while our proposed mothod
achieved the accuracy of 98.70%.

As indicated by the results in Table 5, among the various
popular model architectures, Lenet-5 is considered to be the
most suitable Neural Network architecture. However, through
a comparative analysis of the obtained results, it is evi-
dent that the proposed method has consistently outperformed
the Lenet-5, VGG16, ResNet50, and MNIST-MIX meth-
ods across various languages. While certain limitations may
arise when comparing specific languages to alternative meth-
ods, such as the Chinese dataset where Fateh CNN-Based
achieved a higher accuracy of 99.26 % on the testing data,
the inclusion of MRA UNet addressed this limitation and
increased the accuracy from 98.38 to 99.30%, surpass-
ing Fateh CNN-Based. Furthermore, the proposed method
enhanced by UNet exhibited substantial improvements, sur-
passing other methods in recognizing Gujarati, Arabic,
Persian, and English digits, with exceptional accuracy rates
of 99.23%, 99.10%, 98.70%, and 99.75%, respectively.

In our study, we compared the performance of the proposed
model with other relevant techniques, particularly dictio-
nary learning methods. We evaluated six dictionary learning
methods (SRC, DPL, DLSI, InDPL, LC-KSVD1, and LC-
KSVD2). we conducted language measurements for English,
Persian, Arabic, Chinese, and Urdu. The results showed that
among the various dictionary learning methods, DPL stood
out as the most effective. Additionally, our proposed method
demonstrated superior performance compared to the other
dictionary learning methods.

In a particular study that utilizes the MNIST MIX dataset,
14 languages are examined. The languages under consider-
ation are listed in a table. When the numbers presented are
compared with the results from our model, which does not
use super resolution, it is found that our model’s accuracy
surpasses that of all other reported languages. For instance,

TABLE 7. Effects of MRA and Unet super-resolution.

we take the Kannada dataset. Based on [23], [33], and [37]
papers, accuracies of 88.01, 85.70, and 86.69 have been
reported. Nonetheless, our approach demonstrates its supe-
riority by attaining an accuracy of 88.50% under basic usage,
and this accuracy increases to 90.28% when the super reso-
lution method is applied.

B. TRANSFER LEARNING EFFECTS
The language recognition model has achieved an aver-
age accuracy of 99.27%. The trained weights from this
model have been applied to digit recognition models, lead-
ing to a reduction in the number of parameters, as shown
in Table 5.
As previously stated, we developed the MRA UNet model

and utilized transfer learning to enhance the resolution of
handwritten digit images. We trained our model on a dataset
consisting of 100,000 handpicked digital images gener-
ated. This dataset includes both high-quality and low-quality
images, with a standardized resolution of 128 × 128 pixels.
Remarkably, our model exhibited exceptional performance
in enhancing images from all 12 languages, even though it
has not been specifically fine-tuned for the handwritten data.
Table 6 shows the improved results obtained from nearly all
datasets.

In the context of training digit recognition models, the
considerable number of language-specific models results in
a high computational cost. To reduce this cost, we employed
the transfer learning approach, leveraging the knowledge
acquired from the language recognition model for each digit
recognition task. As shown in Figure 4, by freezing the con-
volutional and MRA modules’ trainable layers, including the
first fully connected layer, and subsequently fine-tuning the
fully-connected layers, we adapted the model to the specific
digit recognition dataset.

In Table 5, we compare two distinct approaches: Approach
1 involves training each digit recognition model from scratch,
while Approach 2 incorporates transfer learning to effi-
ciently reduce the number of parameters. Notably, the results
showcased in Table 5 demonstrate that Approach 2 effec-
tively reduces the number of parameters from 139 million
to 2.2 million, underscoring the efficiency of deep learning
models in handling complex patterns and variations within
handwritten digits.

C. ABLATION STUDY
Ablation study in AI refers to a systematic experimentation
process where specific components or modules of a model
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TABLE 8. Confusion matrix for chinese dataset based on proposed method.

TABLE 9. Confusion matrix for arabic dataset based on paper [23].

TABLE 10. Confusion matrix for arabic dataset based on proposed method.

or algorithm are individually removed or modified to under-
stand their impact on the overall performance. The goal is to
isolate and evaluate the contribution of each component to the
system’s effectiveness.

In this subsection, we conducted an ablation study on our
proposed method using a dataset of Chinese handwritten
characters as the baseline. Initially, we employed a simple
approach without incorporating the MRA module and UNet

enhancement. Then, we introduced and experimented with
different parts of our method by adding these components to
understand the specific contributions and effects of the MRA
module and UNet enhancement on the performance of our
system.

Table 7 reveals that the basic model, which doesn’t include
MRA andUNet, still managed to reach a respectable accuracy
of 95.06%. This highlights the significance of these elements.

41392 VOLUME 12, 2024



A. Fateh et al.: Advancing Multilingual Handwritten Numeral Recognition

FIGURE 5. The confusion matrix for performance measurement.

When we added just the MRA module, the accuracy jumped
to 98.38%, showing the impact it can have on its own. In the
same vein, when we used UNet with its super-resolution
features, the accuracy climbed even higher to 98.89%. Com-
paratively, the combination of the MRA module and UNet
proved to be the most effective, demonstrating the highest
and most remarkable accuracy of 99.30%, surpassing all
other variations tested. This suggests that the integration of
these components enhances themodel’s performance, leading
to outstanding accuracy in recognizing Chinese handwritten
digit images. we further evaluated the performance of the
combination approach by drawing the confusion matrix and
calculating precision and recall metrics, Table 8.

The provided confusion matrix demonstrates the clas-
sification results for digit images in the Chinese dataset.
Although the training model for the Chinese dataset consists
of 15 classes, the confusion matrix displays numbers ranging
from 0 to 9 to resemble to other language datasets.

Upon analysis, it is evident that a significant number of
digits are correctly classified, as indicated by the high values
along or near the diagonal. However, there are instances
where confusion arises among similar numbers. It is worth
noting that there are eight instances where the number 9 is
incorrectly identified as 7, and there are also cases where the
numbers 8 and 3 are mistakenly associated with 1 and 2. This
indicates that the classifier sometimes assigns incorrect labels
to instances of the digits 9, 8, and 3, mistaking them for 7,
1, and 2. The observation highlights the possibility of visual
similarities among these digits within the Chinese dataset.

The comparison of confusion matrices for Arabic datasets
is presented in Table 9 and Table 10. Table 9 displays the
results from the [23], while Table 10 shows the outcomes
of our proposed method. Our method introduces slightly
improved results when compared to the two studies. We uti-
lized the macro-average of the following metrics to conduct
a comparison between these two confusion matrices.

For a better grasp of evaluation metrics, we have proposed
some definitions in the subsequent section.

Figure 5 presents a confusion matrix, a tool utilized for
assessing the performance of classification. For the sake of
simplicity, we have depicted a binary class confusion matrix.
This matrix introduces four key terms:

TABLE 11. Macro average for arabic dataset.

TABLE 12. The accuracy of the final model by different optimizers on
chinese language.

❖ TP (True Positive): Represents the instances where the
model correctly predicted the positive class.

❖ FP (False Positive): Refers to the instances where the
model incorrectly predicted the positive class.

❖ FN (False Negative): Denotes the instances where the
model incorrectly predicted the negative class.

❖ TN (True Negative): Signifies the instances where the
model correctly predicted the negative class.

These terms are utilized in precision, recall, and F1-score
metrics calculations.

Percision also known as the positive predictive value, is the
proportion of relevant instances out of the total retrieved
instances.

Percision =
True Positives (TP)

True Positives (TP) + False Positives (FP)
(1)

Recall =
True Positives (TP)

True Positives (TP) + False Negetives (FP)
(2)

Recall is the proportion of relevant instances that have been
correctly identified. It quantifies the percentage of true posi-
tives that were accurately recognized.

The F1 score is a metric that evaluates a model’s accuracy
on a dataset. It’s specifically used for binary classification
systems that label examples as either ‘positive’ or ‘negative’.
The F1 score is the harmonic mean of precision and recall,
effectively merging these two metrics into one single value.

F1 = 2 x
Percision × Recall (TP)

Percision+ Recall
(3)

Macro-average is a method that first computes the metric
independently for each class and then takes the average.
Hence, it treats all classes equally and evaluates the over-
all performance of the classifier against the most frequent
class labels. Table 11 presents the calculated macro-average,
comparing the the results of Fateh CNN-Based [23] and the
proposed method on Arabic dataset.
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In the second subsection, the application of various opti-
mizers in our Chinese digit classifiers is discussed.

As shown in Table 12, the Adam optimizer has attained the
highest accuracy. These accuracy values pertain to our pro-
posedmethodwithout the Super-Resolution (SR) component.

V. CONCLUSION
This research paper introduces a novelmulti-lingual approach
for recognizing handwritten digit images of 12 different lan-
guages. The proposed system consists of three key models: a
UNet-based, a language recognition model, and a digit recog-
nition model, all based on a CNN architecture. A specially
designed module called MRA was introduced and signifi-
cantly improved image quality and recognition accuracy. The
system first enhances the quality of input images and then
determines the language of the image. The identified image
is then processed by the corresponding language model to
ultimately determine the final number. Additionally, transfer
learning is utilized to ensure consistent performance across
different datasets, resulting in reduction in computational
costs and parameters. Extensive experiments were conducted
to optimize parameters, leading to superior accuracy com-
pared to other techniques, including CNN-based approaches.
The proposed framework has demonstrated exceptional pre-
cision during the prediction phase, achieving nearly a 2%
improvement in certain languages compared to previous
techniques. For future work, we aspire to develop a model
that demonstrates proficiency across a broader spectrum of
languages and numeric systems. Our aim is to utilize trans-
fer learning more extensively, suggesting the extraction and
application of insights gained from handwritten digit datasets
to various fields, including the analysis of medical images.
Maintaining the decrease in computational complexity and
the quantity of parameters is another goal for our future
outlook. An additional proposal is to broaden the application
of this framework by integrating it with digit detection and
localization methods. The present constraint of this system is
its time-intensive nature, and it’s engineered to support only
12 languages.
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