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Handwriting is, eventually, a variation of the printed forms where the characters are little larger, smaller,
angled and deformed than the printed forms. The small changes in handwriting define the parameters of
the character to be recognized. Handwritten numeral recognition (HNR) poses significant challenges due
to the deformations and other variations. This study proposes a new notion of HNR on the hypothesis that
the handwritten numerals are distinct deformations of the printed forms, which leads to easier recogni-
tion task with higher accuracy when superimposing handwritten numeral images onto the corresponding
printed numeral images. In the proposed HNR, auto-encoder and convolutional auto-encoder have been
adapted for the superimposing task that transform HNIs into PNIs, while neural network and convolu-
tional neural network are employed for classification of PNIs. The superimposition method reduces the
computational overhead. Moreover, this method employs simple pre-processing without feature extrac-
tion whereas the traditional methods employ pre-processing, feature extraction, and recognition with
machine learning tools, which add to the computational overhead. The performance of HNRSP has been
evaluated for recognizing handwritten numerals of Bengali, Devanagari, and English on benchmark data-
sets and the proposed system achieves 99.68%, 99.73%, and 99.62% recognition accuracy for Bengali,
Devanagari, and English handwritten numerals, respectively.
� 2022 Published by Elsevier B.V. on behalf of King Saud University. This is anopenaccess article under the

CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction

Numerals are an integral part of a language and handwritten
numeral recognition (HNR) has become an attractive research area
due to its different uses in everyday life in both handwritten and
printed forms (Plamondon and Srihari, 2000). Compared to other
recognition tasks, such as character recognition, HNR poses distinct
challenges. In the case of character recognition, the system’s recog-
nition failures can be checked by utilizing grammatical rules. How-
ever, since any combination of numerals is valid, such a
mechanism is unattainable for numerical recognition. As a result,
HNR becomes a sensitive task for real-life uses as the model
requires to be absolutely accurate.

Individual languages have different numeral sets; and structure,
similarity, and other complications in a numeral set increase the
complexity of HNR. Due to differences in people’s writing patterns,
when a numeral set comprises similarly shaped digits (for exam-
ple, ‘‘৫” and ‘‘৬” of Bengali numerals), the similarities turn out to
be very close in handwritten numeral images, and the recognition
task becomes difficult even for humans. On the other hand, due to
differences in people’s writing patterns, the same numeral might
appear significantly different in terms of orientation, shape as well
as size leading to difficulty in achieving high accuracy for HNR.

HNR is traditionally a pattern recognition task based on the
handwritten numeral images. Its most basic steps are feature
extraction from the images and classification using these features
in their respective classes. Additionally, image preprocessing is a
common task in HNR. For feature extraction, pioneering techniques
such as principal component analysis (PCA), kernel PCA (Wen et al.,
2007), genetic algorithm (GA) (Das et al., 2012), local binary pat-
terns (LBP) (Hassan and Khan, 2015), convex hull (Das et al.,
2009), chain code and Fourier descriptor (Rajput and Mali, 2010),
wavelets (Romero et al., 2009; Seijas and Segura, 2012;
l of King
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Almuttardi et al., 2013), GIST descriptor (Do and Pham, 2015),
Gabor filter (Arya et al., 2015) are being investigated by several
researchers. In recent years, histogram of oriented gradients
(HOG) (Choudhury et al., 2018; Khan, 2017), uniform local binary
pattern (Prabhanjan and Ramegowda, 2016), orthogonal polyno-
mial technique (Abdulhussain et al., 2021), maximum relevance
minimum redundancy, conditional mutual information maximiza-
tion (Singh et al., 2015), shape decomposition (Dash et al., 2018),
point-light source-based shadow (PLSS) and histogram of oriented
pixel positions (HOPP) (Ghosh et al., 2021) are also employed for
feature extraction task. In classification step, support vector
machine (SVM) (Khan, 2017; Prabhanjan and Ramegowda, 2016;
Singh et al., 2016, 2017; Cheedella, 2020) is utilized in several stud-
ies to recognize numeral categories using the extracted features.
Other classification algorithms like k-nearest neighbor (KNN)
(Belongie et al., Apr. 2002; Babu et al., 2014), neural network
(NN) (Cheedella, 2020; Singh et al., 2015; Khan et al., 2004), recur-
rent NN (RNN) (Oval and Shirawale, 2015), decision-rule (Dash
et al., 2018), naïve Bayes, random tree (Shamim et al., 2018), deci-
sion tree (Cheedella, 2020; Bernard et al., 2007) are also used as
classifiers in HNR.

Recently, different deep learning-based methods, such as con-
volutional neural network (CNN) (Akhand et al., 2018); auto-
encoder (AE) (Ayinde and Zurada, 2018), long short-term memory
(LSTM) (Ahmed et al., 2019) are commonly being employed in pat-
tern recognition tasks including HNR as they have inbuilt feature
extraction techniques. Image-based pattern classification task
entered a new era with the advent of CNN as it can encompass
rotations, shifts invariants and scaling inherently (Akhand et al.,
2016; Rabby et al., 2019; Ahlawat et al., 2020). Akhand et al.
(2016) proposed a HNR scheme where CNN was trained with the
normalized input images which was used to recognize the numer-
als. Shopon et al. (2016) investigated CNN and auto-encoder with
CNN for HNR. Rabby et al. (2019) introduced a HNR method
employing a lightweight CNN. Ahlawat et al. (2020) developed a
CNN-based HNR method by varying the number of layers of CNN
where two different CNN architectures were used, consisting of
three layers (CNN_3L) and four layers (CNN_4L). Biswas and
Islam, 2021) investigated five different CNN architectures by vary-
ing the optimizers to recognize handwritten numerals on two
specific numeral datasets. Mellouli et al. (2019) investigated an
interpretable CNN for HNR where morphological procedures were
integrated into the convolutional layer using counter-harmonic
mean to produce feature maps. Ali et al. (2019) employed CNN
and a deep learning framework called Deeplearning4j (DL4J) for
HNR. Later, they proposed another model by integrating extreme
learning machine (ELM) algorithm with CNN and DL4J where
CNN was used as feature extractor and ELM unit was used for
the classification task which showed much better result than the
previous one (Ali et al., 2020). Shaukat et al. (2020) designed a
cloud-based HNR system using CNN and DL4J. Trivedi et al.
(2018) proposed a hybrid model where GA, as well as Limited-
memory Broyden-Fletcher-Goldfarb-Shanno (L-BFGS) algorithm,
were used to train CNN. Another hybrid approach of HNR was
developed by Ahlawat and Choudhary (2020) for handwritten
numerals using CNN and SVM, where CNN was utilized for feature
extraction and SVMwas used as a classifier. Jiang and Zhang (2020)
proposed two methods for HNR named Edge-SiamNet and Edge-
TripleNet consisting of Siamese network structure and convolu-
tional unit for HNR system, where canny edge extraction technique
was used to extract the edge of the images. Ayinde and Zurada
(2018) investigated a sparse auto-encoder (SAE) for HNR where
L1 and L2 regularizations were used to make the weights of SAE
non-negative constrained (L1/L2-NCSAE). Ahmed et al. (2019) pro-
posed a two-layer LSTM architecture for HNR.
2

Different researchers have employed data augmentation tech-
nique in training CNN as well as CNN-based pre-trained networks
for HNR. Akhand et al. (2018) proposed a method for HNR where
original training patterns as well as artificially generated patterns
based on clockwise and anti-clockwise rotation, were used to train
a CNN. In another approach, three different CNNs were trained
individually using the original training patterns, generated pat-
terns in clockwise and anti-clockwise rotations. A densely con-
nected CNN consisting of three dense as well as two transition
blocks was developed by Sufian et al. (2022) for HNR where data
augmentation was utilized. Shopon et al. (2017) developed a tech-
nique for HNR of two different languages where the blocky artifact
was used for image augmentation to increase the performance of
deep CNN which was utilized as classifier. Gupta and Bag (2021)
developed a CNN-based system where CNN and some pre-trained
networks such as Alexnet, VGG-16, Resnet-18, DenseNet-121,
model pre-trained with MNIST, etc. were used for recognition of
the numerals of different languages. Al-wajih et al. (2020) pro-
posed a HNR technique employing ResNet and Local Binary CNN
(LBCNN).

This research aims to develop a novel and efficient HNR system
based on the hypothesis of human learning for writing. As human
learns to write digits by imitating printed version, handwritten
digits are distinct formulations of printed version for distinct per-
sons. The writing learning hypothesis indicates that superimposi-
tion of handwritten numeral images (HNIs) is possible onto the
printed form and then the recognition from the printed form will
be efficient as a small set of printed images with fixed patterns is
to be utilized by the classifier. In the proposed method, superimpo-
sition of HNIs to corresponding printed numeral image (PNI) and
recognition from PNIs are the major tasks. Development of the
superimposition module is the main significance of this study;
and classification from PNI is an ordinary image classification task
and relatively easy. Mapping HNIs of various shapes, sizes, and ori-
entations to a definite set of printed form images as well as gener-
ate the best matched PNI with a defined fixed orientation and size
are the main tasks of the superposition module. Neural network-
based auto-encoder (AE) and convolutional auto-encoder (CAE)
are adapted for superimposition task with significant architectural
modification of traditional AE and CAE. A traditional AE encodes an
image to lower-dimensioned latent features and recreates the orig-
inal image and the dimension. The generation of latent features
through encoding HNIs is same as the standard AE here in this
work. However, during the decoding phase, PNIs (which are differ-
ent in context and usually lower in size with respect to input HNIs)
are reconstructed from the latent features. Standard image classi-
fiers ANN and CNN are used to recognize the PNIs as they are
well-studied for such tasks. The proposed system is evaluated for
recognizing handwritten numerals of Bengali, Devanagari, and
English considering benchmark datasets. Experimental outcomes
revealed the efficiency of the proposed system while being com-
pared to the prominent existing methods. A number of studies
has been reported on HNR employing different tools and tech-
niques, but the notion of applying the HNI as a deformation of
PNI and superimposing HNI onto PNI as a learning mechanism is
the first of its kind to the best of our knowledge. The major contri-
butions of this work are summarized in the following:

� This study proposes a new notion of HNR perceiving human
writing learning of numerals.

� AE and CAE are adapted to superimpose HNIs onto PNIs that
produce the best matching PNI for a given HNI. ANN and CNN
are used as classifiers that recognize the class label from the
PNI.
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� Combinations of CAE or AE (for superimposition) with CNN or
ANN (for classification) are investigated for the suited model
for a particular HNR task.

The organization of the remaining part of the paper is as fol-
lows. The methodology of the proposed HNR system is presented
in Section 2, along with other prerequisites for a better under-
standing. The outcomes of the proposed system are illustrated in
Section 3 with a detailed analysis. A performance comparison with
other relevant works is also included in this section. Finally,
Section 4 concludes with a brief summary of the study.
Fig. 1. Deformable handwritten numerals, example 8 (numeral four in Bengali): (a)
Scaling, extra pose; (b) Rotation, incompleteness; (c) Scaling, roughness; and (d)
Rotation, thinning.
2. Superimposition of handwritten numeral onto printed form
and recognition

Handwritten numerals (HNs) can be seen as deformations of the
printed numerals (PNs). Superimposition of HNIs onto PNIs and
then recognition from the PNIs are functional steps of the proposed
HNR method. Fig. 1 shows the different deformations in handwrit-
ten cases for numeral 8 (numeral four in Bengali). The handwritten
images are found deformed in orientation, scaling, incompleteness,
extra pose, roughness, thinning, etc. as people learn copying the
printed form and try to minimize the difference. Due to one or
more deformation (s) in individual HN images, the similarity
among the HN images for a particular numeral increases and hence
complexity increases to put all those images in the same original
category in traditional classification. On the other hand, deforma-
tions may make a HN to move over to the domain of another
numeral category; as an example, deformations in Bengali numer-
als ‘‘৫” and ‘‘৬” may override the domain of one another. Superim-
position of HNIs onto PNIs may help reducing such complexity in
the recognition task. After getting the PNI through successful
superimposition, the classification task is easy due to the unique
shape and size of individual printed numerals. At a glance, the task
of recognition will be easier as well as the accuracy will be
enhanced by superimposing HNIs of varying forms, sizes, and ori-
entations onto the equally sized PNIs.

Fig. 2 demonstrates the proposed HNR system through super-
imposition onto printed form (HNRSP). The proposed model con-
sists of two major functional modules: superimposition module
and classifier. The superimposing module takes HNIs with varying
deformations (e.g., shapes, orientations) and generates corre-
sponding PNIs of standard printed form and a predefined fixed size
(i.e., 28 � 28) of 10 PNIs. Finally, the task of classification is per-
formed to categorize the generated PNI to the corresponding
numeral class. The sizes of HNIs and PNIs are defined as
Hx � Hy
� �

and Px � Py
� �

, respectively with Px 6 Hx and
Py 6 Hy. The crucial task involving the proposed model is the
development of the superimposition module. On the other hand,
classification from PNI is an ordinary image classification task
and relatively straightforward. Thus, the proposed HNRSP model
consists of superimposition and classification modules those are
prepared independently.

Superimposing HNs onto PNs helps defining the error between
HNs and PNs; and minimizing the error between HNs and PNs over
iterations is the learning process. Both superimposition module
and classifier technique require computational tasks for prepara-
tion (i.e., train): Since the superimposition module has been
trained with a large number of images (i.e., 18,000 handwritten
numeral images), the major computation occurs for preparing it
and due to the usage of printed images of only 10 numerals, the
classifier training cost is very minimal (and may be ignored). More-
over, preparations of the superimposition module and classifier
method are independent of one another and training time does
not increase in case of two different steps. In the following subsec-
3

tions, the development and training of superimposition modules
and the classifiers are described.

2.1. Development of the superimposition module

Fig. 3 illustrates the superimposition process in the proposed
HNRSP for a sample HNI of Bengali 8 (numeral four in Bengali).
In the process, input HNI x superimposes onto 10 Bengali PNIs z
(i.e., 0, ১, ২, ৩, 8, ৫, ৬, ৭, ৮, and ৯) and generates corresponding
PNI (i.e., 8) for the input HNI which minimizes the error L x; zð Þ
between HNI and PNI. The challenge here is to implement the
superimposition task, and AE and CAE are intelligently adapted
for it in the proposed HNRSP. A brief description of AE and CAE
as well as a newly defined structures of AE and CAE used in the
proposed method are discussed in the following subsections.

2.1.1. Superimposition module with auto-encoder (AE)
AE is a three-layered variation of traditional NN that uses an

unsupervised learning algorithm and dictates the output to be
the same as the input with the aim of reducing the dimensions
or features (Akhand, 2021). From the architectural point of view,
the simplest AE is a simple feed-forward multi-layer perceptron
(MLP) with a single input and output layer with the same number
of neurons at both ends and one hidden layer with a smaller num-
ber of neurons. The architecture of AE can be divided into two
parts: encoder and decoder. At first, the AE tries to encode the orig-
inal input features x to a comparably lower-dimensional feature
space h applying deterministic mapping according to.

h ¼ s Wx þ bð Þ ð1Þ
where s :ð Þ is the activation function, W is the weight matrix
between the input and hidden layer, and b is the bias. Then the
decoder part of the AE tries to map the lower-dimensional features
to its reconstructed feature map z using.

z ¼ s0 W 0x þ b0� � ð2Þ

where s0 :ð Þ is the activation function, W 0 ¼ WT (tied weights) and
the same goes for bias b0. z is the prediction of x thus the reconstruc-
tion error needs to be minimized according to.



Fig. 2. The proposed HNR system through superimposition onto printed form (HNRSP) for a sample handwritten numeral image (HNI) of Bengali 8. Superimposition module
takes a HNI and generates its corresponding printed numeral image (PNI). Classifier recognizes the class label from the generated PNI, i.e., 4.

Fig. 3. Illustration of superimposition in the proposed HNRSP for a sample handwritten numeral image (HNI) of Bengali 8. Superimposing module takes an HNI, superimpose
it onto 10 printed numeral images (PNI) and generates corresponding PNI which is the best matched one.
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Min L x; zð Þ ¼ x� z2 ¼ x� s0 W 0 s Wx þ bð Þð Þ þ b0� �2 ð3Þ
In the proposed HNRSP, an AE has been managed to generate

PNI from HNI. Fig. 4 demonstrates the architecture of AE for this
mapping. To map Hx � Hy sized HNIs to Px � Py sized PNIs with
Px 6 Hx and Py 6 Hy, the designed AE has Hx � Hy number of neu-
rons in the input layer and Px � Py number of neurons in the output
layer. The linearized features of the Hx � Hy sized an original HNI
are fed as the input to the AE. To utilize the aforementioned
hypothesis, at the output layer of the AE, corresponding linearized
features of the PNI of size Px � Py are provided as the out label. It
directs the AE to generate PNIs for the provided HNIs.

Table 1 demonstrates the architecture of AE in the proposed
HNRSP for superimposition considering Hx � Hy ¼ 32 � 32 and
Px � Py ¼ 16 � 16. Here, the input layer consists of 1024
(=32 � 32) nodes. In the encoder part, five layers are used. The first
layer of the encoder consists of 512 nodes, then the following lay-
ers consist of 256, 128, 64 and 32 nodes, respectively. The last layer
of the encoder (Encoding Layer 5) is considered as the latent fea-
tures. The decoder part of the designed AE also consists of two lay-
4

ers consisting of 64 and 128 nodes, respectively. The last layer of
the decoder is connected to the output layer consisting of 256
(=16 � 16) nodes.

The numbers of layer differences in encoding and decoding and
different sizes in input and output layers are the architectural sig-
nificance in AE for superimposing with respect to traditional AE.
Although superimposition may be performed on images of the
same size (not computationally efficient), the output image (i.e.,
PNI) is different than the input image (i.e., HNI) which is the most
significant issue in the proposed HNRSP.
2.1.2. Superimposition module with convolutional auto-encoder (CAE)
CAE (Masci et al., 2011) uses two-dimensional inputs and

reconstructs them into the same two-dimensional structure
through encoder and decoder layers. The unique functionalities
of CAE are convolution and subsampling operations. In convolution
operation, a kernel (2D-filter) convolves over the input image,
called input feature map (IFM), and generates a convolved feature
map (CFM). This process thus preserves special locality and shares



Fig. 4. Illustration of Auto-Encoder architecture for handwritten numeral image (HNI) superimposition onto printed numeral image (PNI) in proposed HNRSP for a sample
HNI of Bengali 8. The PNI size is lower than or equal to input HNI i.e., Px 6 Hx and Py 6 Hy .

Table 1
Auto-Encoder (AE) architecture in HNRSP for the superimposition 32 � 32 sized
handwritten numeral image onto 16 � 16 sized printed numeral image.

Layer Number of Neurons

Input Layer 1024
Encoding Layer 1 512
Encoding Layer 2 256
Encoding Layer 3 128
Encoding Layer 4 64
Encoding Layer 5 (Latent Features) 32
Decoding Layer 1 64
Decoding Layer 2 128
Output Layer 256
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weights among every position. For input u, ith feature map’s latent
representation is

Hi ¼ f u � Wi þ bi
� �

ð4Þ

Here, the activation function is represented by f ðÞ, weight is
represented by W , * denotes two-dimensional convolution and b
represents the bias. The reconstruction is achieved using

v ¼ f
X
i
R

H

Hi �W 0iþ b

0
B@

1
CA ð5Þ

Here, for every input channel a single bias b is utilized, H
denotes the latent feature maps set, W 0 denotes flipped weight.
Eq. (6) defines error function.

e u;vð Þ ¼ 1
2n

Xn
j¼1

uj � v j
� �2 ð6Þ

In the proposed HNRSP, CAE has been managed to generate PNI
from HNI. Fig. 5 demonstrates the architecture of CAE employed in
the proposed HNRSP. To map Hx � Hy sized HNIs to Px � Py sized
PNIs with Px 6 Hx and Px 6 Hy, the designed CAE has Hx � Hy

sized HNIs in the input layer and Px � Py sized PNIs in the output
layer, which directs the CAE to generate PNIs for the provided
HNIs.

Table 2 demonstrates the architecture of CAE in the proposed
HNRSP for superimposition with three encoding layers and two
decoding layers for Hx � Hy ¼ 32 � 32 and Px � Py ¼ 16 � 16.
5 � 5 sized kernels and 2 � 2 sized subsampling are used in both
encoding and decoding in different layers. In the first layer, 5 � 5
sized kernels are applied over the input HNI and produce
32 � 32 sized convolved feature maps (CFMs). Then a max-
5

pooling layer of 2 � 2 region is applied to the CMFs and produces
16 � 16 subsampled feature maps (SFMs) those are half in both
dimensions. Through second and third convolution-subsampling
operations, 4 � 4 sized SFMs are the latent feature space. CFMs size
is the same as input HNI in first convolution operation as well as
same as SFMs in the second and third convolution operations as
absolute convolution is applied. The decoder part of the CAE starts
with an absolute convolution operation and then applies the
upsampling operation over this latent feature space with 2 � 2
region and reconstructed the feature space to 8 � 8 size. The sec-
ond upsampling layer reconstructs the feature space to 16 � 16
dimension. Finally, PNI is generated after applying a single kernel
in the last upsampling layer. The number of layer differences in
encoding and decoding and different sizes in input HNI and output
PNI images are the architecturally significant features in CAE for
superimposing with respect to traditional CAE. Although superim-
position may be performed on images of the same size (not compu-
tationally efficient), the output image (i.e., PNI) is different than the
input image (i.e., HNI) which is the most significant issue in the
proposed HNRSP.
2.2. Development of the classifier

The purpose of a classifier is to assign each of its allowable
inputs to one of the finite number of categories by computing a
set of decision functions. In the proposed HNRSP, ANN and CNN
are used as classifiers for recognition. A brief description of ANN
and CNN and their structures are presented in the following
subsections.
2.2.1. Classification with artificial neural network (ANN)
ANN is a computational method inspired by the information

processing mechanism of biological nervous system and is well-
studied for classification tasks (Akhand, 2021). ANN is well studied
for HNR, and the existing methods consider pixels of HNIs as the
input of the ANN and classify them into numeral categories after
processing through several layers. Fig. 6 demonstrates the ANN
structure considered in HNRSP. The input layer consists of m input
nodes, where m is a linear representation of Px � Py

� �
sized PNIs.

The output layer consists of 10 nodes to classify an input into one
of 10 numerals. The number of nodes in the hidden layers depends
on the size of the printed image. Suppose the printed image size is
32 � 32, ANN architecture 1024-512-256-10 is considered. Here,
the input layer consists of 1024 (=32 � 32) units, the hidden layers
consist of 512 and 256 units, respectively and output layer consists
of 10 units. For 16� 16 sized PNI, ANN architecture 256-128-64-10



Fig. 5. Illustration of Convolutional Auto-Encoder (CAE) architecture for HNI superposition onto PNI in proposed HNRSP for a sample HNI of Bengali 8. The PNI size is lower
than or equal to input HNI i.e., Px 6 Hx .

Table 2
Convolutional Auto-Encoder (CAE) architecture considered in HNRSP for the super-
position of 32 � 32 sized handwritten numeral image onto 16 � 16 sized printed
numeral image.

Layer Operation Filter Size Feature Map Size

Input Layer – – 32 � 32
Encoding Layer 1 Convolution 5 � 5 32 � 32

Subsampling 2 � 2 16 � 16
Encoding Layer 2 Convolution 5 � 5 16 � 16

Subsampling 2 � 2 8 � 8
Encoding Layer 3

(Latent Features)
Convolution 5 � 5 8 � 8
Subsampling 2 � 2 4 � 4

Decoding Layer 1 Convolution 5 � 5 4 � 4
Upsampling 2 � 2 8 � 8

Decoding Layer 2 Convolution 5 � 5 8 � 8
Upsampling 2 � 2 16 � 16

Output Layer Convolution 5 � 5 16 � 16

Fig. 6. Artificial neural network as classifier for printed numeral in the proposed
HNRSP.

M. I. R. Shuvo, M. A. H. Akhand and N. Siddique Journal of King Saud University – Computer and Information Sciences xxx (xxxx) xxx
is considered. To train the neural network, back propagation algo-
rithm is utilized (Amardeep, 2017). Finally, for the Bengali 8 (nu-
meral four in Bengali), shown as a sample case in Fig. 6, output
node with 4 will be activated to classify it.

The significant difference of the ANN used in the proposed
HNRSP is that the reconstructed PNIs (from HNIs through superim-
position) are used as the input to the ANN. Another important issue
in the proposed HNRSP is that an ANN is trained with only 10 PNIs,
which is computationally much more efficient than training an
ANN with a large number of HNIs.
6

2.2.2. Classification with convolutional neural network (CNN)
CNN (Akhand, 2021; Jia et al., 2012) is a multi-layered NN vari-

ant that excels at working with 2D input. Convolution and subsam-
pling operations in CNN are significant features for handling 2D
data such as images. For the classification task, the basic CNN
structure contains one or more pairs of convolution–subsampling
layer (s), one or more dense layer (s) and an output layer. The out-
put layer consists of 10 nodes to classify an input into one of 10
numerals. The input image is directly fed into the input layer of
the CNN, important features are extracted through convolution–
subsampling operations and the values of the final SFMs are classi-
fied through the dense layer (s).

Fig. 7 shows the general CNN structure considered in HNRSP. It
has a convolutional layer as well as an ensuing subsampling layer.
5 � 5 sized kernels are used in the convolutional layer, whereas the
pooling area for the subsampling layer is 2 � 2. Here, Max-pooling
is used for subsampling. The subsampling layer is then followed by
a dense layer obtained by flattening the final SFM units. For PNI
categorization into 10 classes, these units are linked to the output
layer’s 10 neurons. Each output layer neuron refers to a specific
numeral. The value of one particular neuron in the output layer
becomes 1 for each input, while the value of the other nine neurons
remains 0. In the proposed HNRSP, PNIs sized considered from
8 � 8 to 32 � 32 and CNN architecture will be dependent on PNIs
size. The CNN architecture for 16 � 16 sized PNI (i.e., Px = Py= 16)
consisting of an input layer (I), a convolution layer C1ð Þ followed
by a subsampling layer S1ð Þ and an output layer Oð Þ will be.

I16�16 ! 6K15�5C112�12 � S2�26S16�6f g ! Wo216�10f g ! O10

where kernels are denoted by K1,Wo is weights used to connect the
dense layer nodes to the output layer nodes. On the other hand, the
architecture of CNN will have additional convolutional-
subsampling for larger PNI. For 32 � 32 sized PNI, CNN architecture
including an input layer (I), two convolution layers C1 & C2ð Þ, two
subsampling layers S1 & S2ð Þ and an output layer Oð Þ will be.

I32�32 ! 6K15�5C128�28 � S2�26S114�14f g
! 12K25�5C210�10 � S2�212S25�5f g ! Wo300�10f g ! O10

CNN with different structures is well studied for HNR; but the
notion in the current study is different from the existing studies.
The existing ones considered HNIs as the input of the CNN and
classify them into numeral cagories (Calderón et al., 2003;
Akhand et al., 2016; Akhand et al., 2018; Shopon et al., 2016).
The significant difference of the CNN used in the proposed HNRSP
is that reconstructed PNIs (from HNIs through superimposition)
are used as the input to the CNN. Another important issue in the



Fig. 7. Convolutional neural network as classifier for printed numeral in the proposed HNRSP.
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proposed HNRSP is that a CNN is trained with only 10 PNIs which is
computationally much more efficient than training a CNN with a
large number of HNIs.
2.3. Significance of the proposed system

The proposed HNRSP has significant differences over the exist-
ing HNR methods in different aspects from the conception to
implementation. The main contribution in HNRSP is the develop-
ment of a HNR method with a new notion, perceiving the hypoth-
esis that handwritten numerals are variations of printed numerals
as humans learn to write numerals by practicing on printed forms.
The hypothesis has been intelligently adopted in developing the
novel HNR. The innovative idea of superimposition of HNIs onto
printed forms using a newly defined architecture of AE and CAE
is the main attraction of this study. The recognition task is divided
into two major functional steps: superimposition of HNIs onto cor-
responding PNIs and then recognition from the PNI. The variation
in individual’s writing pattern or distortion of images due to the
angle of numerals’ images that come from the writers’ writing pat-
terns is overcome through superimposition. As the low dimen-
sional PNIs are reconstructed, the computational overhead is
reduced and at the same time, the recognition accuracy has also
been increased. Moreover, this technique does not involve any fea-
ture extraction method and uses a simple pre-processing of the
images. On the contrary, different methods for extracting features
along with different pre-processing techniques and recognition
with different machine learning tools are used in the traditional
methods, which simply increase the computational overhead.
3. Experimental studies

A number of experiments have been carried out on the pro-
posed HNRSP for Bengali, Devanagari, and English languages using
benchmark datasets. The recognition accuracy of the proposed
HNRSP with respect to iterations, rotation angles as well as the
confusion matrix are investigated. Finally, the classification perfor-
mance of the proposed system is compared with other prominent
methods to validate the performance of the proposed method.
7

3.1. Benchmark dataset and preprocessing

To verify the proposed system’s performance, benchmark HNIs
datasets created by Computer Vision and Pattern Recognition
(CVPR) Unit of Indian Statistical Institute (ISI) (Bhattacharya and
Chaudhuri, 2009) are used for Bengali and Devanagari. The CVPR,
ISI dataset contains a relatively large number of training and test
samples for Bengali and Devanagari numerals. The samples consist
of the scanned images of postal mail pin codes of various people. It
contains 19,392 and 18,793 training samples of Bengali and
Devanagari for 10 numerals, respectively, as well as 4000 and
3763 testing samples. In this work, preprocessing is done on
18,000 (=1800 � 10) training set images and utilized in training
in both Bengali and Devanagari. There are some prominent works
available for Bengali and Devanagari handwritten numeral recog-
nition using this dataset (Ghosh et al., 2021; Akhand et al., 2018;
Gupta and Bag, 2021; Bhattacharya and Chaudhuri, 2009).

In Bengali and Devanagari datasets, image samples come in a
variety of sizes, resolutions, and forms. Some preprocessing steps
are performed to convert the image data into a common format
that can be used by the recognition systems. Firstly, binary images
are generated by applying automatic thresholding to the input
images. Then, the background and foreground are interchange
which will result in less computational overhead for the auto-
encoders and classifiers. The images are then resized to 32 � 32
pixels. Here, the double type matrix is considered for resized pixels
to conserve the perfect quality of the images.

The well-known MNIST (LeCun et al., 1998) dataset is used for
English numerals. Dataset consists of 60,000 training data and
10,000 test data. All images have the same size of 28 � 28 and pixel
values lie between 0 and 255. Extra preprocessing like resizing and
augmentation are not needed for this dataset.
3.2. Experimental setup

In this study, the original HNIs are converted into lower or
same-sized PNIs. The 32 � 32 sized pre-processed HNIs from CVPR,
ISI are superimposed onto different sized (8 � 8 to 32 � 32) PNIs
and 28 � 28 sized HNIs fromMNIST dataset are superimposed onto
different sized (8 � 8 to 28 � 28) PNIs. Training data augmentation
is also considered to train superimposition modules (i.e., AE and
CAE) when artificially generated patterns are included in training
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along with original training patterns. Two patterns are generated
from an original training pattern by rotating it at a defined angle
in both clockwise and anticlockwise directions only for CVPR, ISI
dataset. For simplicity, only 10� and 20� are considered as rotation
angles, and such a degree of rotation is found effective in the exist-
ing study (Akhand et al., 2018). The learning rate utilized in this
study is 1.0. Batch wise training is considered for AE or CAE with
Batch Size (BS) ranging from 25 to 150 as the training set is quite
large. On the other hand, ANN and CNN have only trained 50 iter-
ations with 10 PNIs. To ensure that the proposed system can
respond appropriately to unknown data, the defined test sets of
benchmark datasets were not used in any training stages.

Python along with Keras and Tensorflow libraries was used to
implement the proposed method. The experiments were run on a
desktop with having Windows 10 environment with the following
settings: CPU: Intel Core i7-10700 K @ 4.50 GHz, RAM: 8 GB, GPU:
Nvidia GeForce GTX 1070 8 GB, Python 3.7 Anaconda Environment.

3.3. Experimental results and analysis

This section evaluates the proposed HNRSP’s performance on
the CVPR, ISI dataset as well as MNIST dataset. At first, different
combinations of superimposition modules (i.e., AE or CAE) with
classifier methods (i.e., ANN or CNN) are tested in the proposed
system without data augmentation. Fig. 8 shows the test set recog-
nition accuracy of the proposed method for Bengali handwritten
numerals through superimposition onto 28 � 28 sized printed
numeral image using BS values of 25 and 50. It is observed from
the figure that CAE is much better than AE for superimposition,
as CAE + ANN or CAE + CNN performed much better than
AE + ANN or AE + CNN. CAE + CNN achieved the best recognition
accuracy 99.05% at iteration 120 for BS = 50. On the other hand,
the best recognition accuracy with AE is 95.90% for AE + CNN at
iteration 120 for BS = 50. The recognition accuracy mainly depends
on the proper construction of the printed numeral images, and CAE
seems better than AE for the task. On the other hand, classification
from printed images is an easy task, and both ANN and CNN are
shown to be competitive for the task. It can be seen from the figure
that accuracy of recognition enhances to a definite extent of itera-
tion, and after that improvement is not recognizable, even
degrades slightly in several cases.

Fig. 9 demonstrates the effect of the training data augmentation
on the performance of the proposed system for Bengali handwrit-
ten numerals for the rotation angle values of ± 10� and ± 20�. Only
CAE is considered as the superimposition module as it is found bet-
ter than AE; and 28 � 28 sized printed numeral images are con-
structed. Performance without data augmentation (i.e.,
Fig. 8. Performance of HNRSP for Bengali handwritten numerals through superposition o
ANN or CNN for Batch Size (BS) 25 and 50.
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CAE + ANN and CAE + CNN) is also presented for better understand-
ing of the augmentation effect. It is notable that CAE is trained with
pre-processed 18,000 training samples in case of CAE + ANN or
CAE + ANN (i.e., no data augmentation); whereas, training of CAE
is performed with 54,000 (=18000 + 18000*2) samples with data
augmentation for rotation ±10� or ±20�. From the figure, it is
observed that performance with augmentation for any rotation
angle of ±10� or ±20� is better than without augmentation. As an
example, for rotational angle ±20�, CAE + CNN (±20�) achieved
recognition accuracy of 99.65% for BS value 25. The achieved value
is better than the achieved value without data augmentation
which is 99.13%. Rotation based generated patterns seemed to
enhance the ability of superimposition and hence improve final
recognition accuracy. Performance with augmentation for any
rotation angle of ±10� or ±20� is also better than without augmen-
tation for Devanagari handwritten numerals as shown in Fig. 10.

Table 3 presents the performance of HNRSP for superimposition
onto various sizes of printed images for different BS values. Only
CAE with data augmentation (with ±10� or ±20�) is considered as
the superimposition module since it performs well as described
already. The task of superimposition onto printed image is the
main significance of the proposed method and the presented
results identify the effects of different superimposition sizes,
which are 8 � 8, 12 � 12, 16 � 16, 20 � 20, 24 � 24, 28 � 28
and 32 � 32. Considering ANN or CNN as a classifier from printed
image, the table showed outcomes of four different versions of the
proposed HNRSP which are CAE + ANN (±10�), CAE + CNN (±10�),
CAE + ANN (±20�) and CAE + CNN (±20�). Presented results are
the best test set accuracies for individual setting of CAE training
up to 1000 iterations, while ANN and CNN were trained only 50
iterations. The best accuracy for a particular printed image size
(PIS) among different BS values is marked in italic type and the best
accuracy for a BS value among different PIS values is underlined.
Moreover, the best outcome for particular version is in boldfaced.

The results of Table 3 clearly revealed the effect of PIS value on
the performance of HNRSP. It is observed from the table that the
variation in performance for different BS values for a particular
PIS value is not remarkable. The proposed system showed bad per-
formance for the smallest PIS (i.e., 8 � 8) for any version of the
method. The performance of CAE + ANN (for both ±10� and ±20�)
for PIS value 8 � 8 is very bad compared to other cases, even
CAE + CNN with the same PIS value. As an example, the achieved
accuracy of CAE + ANN (±20�) for BS value 50 is 91.30%, and for
the same BS value, the achieved accuracy of CAE + CNN (±20�) is
99.15%. The lower performance for the smallest value of PIS is log-
ical because, in that case, reconstruction overlap might be high for
different numeral cases. It is remarkable from the table that PIS
nto 28 � 28 sized printed numeral image using AE or CAE with classification using



Fig. 9. Performance of HNRSP for Bengali handwritten numerals through superposition onto 28 � 28 sized printed numeral image using CAE with classification using ANN or
CNN considering training data augmentation rotating ±10� or ±20� for Batch Size (BS) 25 and 50.

Fig. 10. Performance of HNRSP for Devanagari handwritten numerals through superposition onto 28 � 28 sized printed numeral image using CAE with classification using
ANN or CNN considering training data augmentation rotating ±10� or ±20� for Batch Size (BS) 25 and 50.

Table 3
Performance evaluation (i.e., Test set accuracy) of HNRSP for Bengali handwritten numerals through superimposition using CAE for various sizes of printed images and batch sizes
(BS).

Rot. Angle for Train. Data Aug. Printed Image Size Accuracy of CAE + ANN for different BS values Accuracy of CAE + CNN for different BS values

25 50 100 150 25 50 100 150

±10� 8 � 8 92.80 90.77 91.65 90.28 99.50 99.18 99.25 99.30
12 � 12 99.30 99.15 99.22 99.20 99.35 99.12 99.17 99.22
16 � 16 99.45 99.55 99.45 99.45 99.30 99.50 99.45 99.50
20 � 20 99.45 99.43 99.50 99.38 99.43 99.43 99.50 99.38
24 � 24 99.38 99.33 99.30 99.50 99.40 99.48 99.28 99.43

28 � 28 99.63 99.40 99.55 99.45 99.68 99.38 99.52 99.40

32 � 32 99.50 99.38 99.52 99.45 99.45 99.38 99.55 99.45

±20� 8 � 8 91.68 91.30 92.23 92.90 99.48 99.15 99.13 99.13
12 � 12 99.23 99.15 99.10 99.23 99.25 99.15 99.08 99.15
16 � 16 99.40 99.43 99.43 99.43 99.35 99.35 99.38 99.40

20 � 20 99.48 99.40 99.30 99.40 99.48 99.35 99.28 99.40
24 � 24 99.43 99.30 99.48 99.28 99.43 99.33 99.43 99.23
28 � 28 99.60 99.33 99.38 99.65 99.65 99.33 99.40 99.60
32 � 32 99.60 99.38 99.50 99.48 99.60 99.33 99.45 99.45
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value 28 � 28 is best suited for the proposed system and all four
versions of showed the best test set accuracies for the PIS value
although in different BS values. The best test set accuracies with
ANN are 99.63% and 99.65% for CAE + ANN (±10�) and
9

CAE + ANN (±20�), respectively. In general, for Bengali handwritten
numerals, the overall performance of the system with CNN is bet-
ter than ANN; and the best recognition accuracy of the system for
Bengali handwritten numerals is 99.68% for CAE + CNN (±10�). At



Table 4
Confusion matrix of CVPR, ISI Bengali numeral dataset ‘s test samples.

Bengali
Numeral

Number of samples classified as

0 ১ ২ ৩ 8 ৫ ৬ ৭ ৮ ৯

0 400 0 0 0 0 0 0 0 0 0
১ 0 399 0 0 1 0 0 0 0 0
২ 0 0 400 0 0 0 0 0 0 0
৩ 0 0 0 400 0 0 0 0 0 0
8 0 0 0 0 400 0 0 0 0 0
৫ 0 0 0 0 0 398 1 1 0 0
৬ 0 0 0 0 0 1 399 0 0 0
৭ 0 0 0 0 0 0 0 400 0 0
৮ 0 0 0 0 0 0 0 0 400 0
৯ 0 9 0 0 0 0 0 0 0 391

Table 5
Misclassified handwritten numeral images with corresponding reconstructed printed images by HNRSP of CVPR, ISI
Bengali numerals.
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the best outcome position, only 13 test samples out of 4000 test
images were misclassified by the proposed HNRSP. However, the
proposed HNRSP attained 100% training set accuracy, which
implies that none of the 18,000 training images were incorrectly
classified.
10
Table 4 represents the confusion matrix of HNRSP for ISI, Ben-
gali handwritten numeral dataset’s test samples for best case sce-
narios. The entries in the table show that the proposed system
correctly recognized all of the test samples of ‘‘000, ‘‘২”, ‘‘৩”, ‘‘8”,
‘‘৭”, and ‘‘৮”. The system misclassified only one sample for ‘‘১” as
‘‘8” and ‘‘৬” as ‘‘৫”, as well as misclassified two samples for ‘‘৫” as



Table 6
A comparative description of HNRSP with some Well-known efforts for recognition of Bengali handwritten numerals.

Work Reference and Year Method Dataset; Training and Test Samples Recognition Accuracy

Akhand et al., 2016 CNN CVPR, ISI (Bhattacharya and Chaudhuri, 2009); 18,000 and 4000 98.45%
Ahmed et al., 2016 SAE CVPR, ISI (Bhattacharya and Chaudhuri, 2009); 18,000 and 4000 96.30%
Shopon et al., 2016 AE with CNN CVPR, ISI (Bhattacharya and Chaudhuri, 2009); 19,313 and 3986 98.29 %
Akhand et al., 2018 CNN with data augmentation CVPR, ISI (Bhattacharya and Chaudhuri, 2009); 18,000 and 4000 98.98%
Ahmed et al., 2019 Deep LSTM CVPR, ISI (Bhattacharya and Chaudhuri, 2009); 18,000 and 4000 98.25%
Guha et al., 2019 MLP Samples from CVPR, ISI (Bhattacharya and Chaudhuri, 2009); 6000 and 500 98.45%
Rabby et al., 2019 Lightweight CNN CVPR, ISI (Bhattacharya and Chaudhuri, 2009); 19,392 and 4000 99.58%
Jiang and Zhang, 2020 Edge-TripleNet CMATERdb (Basu et al., 2011);4800 and 1200 98.58%
Gupta and Bag, Mar. 2021 CNN (2 Layer) CVPR, ISI (Bhattacharya and Chaudhuri, 2009);16374 and 2340 96.70%
Proposed HNRSP CAE with CNN CVPR, ISI (Bhattacharya and Chaudhuri, 2009); 18,000 and 4000 99.68%
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‘‘৬” and ‘‘৭”. Therefore, the classification accuracy of numerals ‘‘১”,
‘‘৫”, and ‘‘৬” are 99.75%, 99.5% and 99.75%, respectively. The worst
case occurs for numeral ‘‘৯”. In both handwritten and printed
forms, the numerals ‘‘১” and ‘‘৯” have structural similarities. As a
result, the proposed method has misclassified numeral ‘‘৯” as ‘‘১”
for 9 times out of 400 test samples.

Table 5 demonstrates themisclassified HNIs with corresponding
reconstructed printed images by the proposed system for Bengali
numerals. Because of the significant variance in writing patterns,
it is clear from the table that these images are tough to correctly
recognize, even for individuals. As all 13 misclassified images were
judged to be ambiguous, the system’s misclassification is accept-
able. First image prediction as ‘‘800 seems accurate considering
wrong placement in category ‘‘১”. Similarly, second image classifi-
cation as ‘‘৬” rather than ‘‘৫” is logical as the image is more closed
to ‘‘৬” due to incompleteness and rotation. A similar reason is also
considerable for the fourth image being categorized as ‘‘৫” though
it is in category ‘‘৬” in the dataset. The third image is too ambiguous
to be placed in any numeral category even by human; therefore, its
printed form reconstruction is not clear and it is finally misclassi-
fied. Misclassification of the rest nine images of category ‘‘৯” as
‘‘১” are also acceptable due to structural similarity between the
two numerals even in printed form which is enhanced with defor-
mations in handwritten cases. Considering the above explanations
for all 13 misclassifications (out of 4000 test images), the proposed
system based on the novel idea of HNIs superimposition onto
printed form is found to be the best suited method for HNR.

Table 6 represents the comparison of the proposed method with
other well-known efforts on Bengali HNR. Additionally, the classi-
fication methods and datasets deployed by the other existing
methods are also reported in the table. The existing methods are
briefly discussed in introduction while reviewing related studies.
One significant up hand of the proposed system is that it doesn’t
need any additional feature extraction process like other systems,
where most systems require at least one, and in most of the cases
more than one feature selection method prior to recognition.
Table 7
Confusion matrix of CVPR, ISI Devanagari numeral dataset‘s test samples.

Devanagari
Numeral

Total Samples Number of samples classified as

० १ २ ३

० 369 368 1 0 0
१ 378 0 374 0 0
२ 378 0 0 378 0
३ 377 0 0 0 37
४ 376 1 0 0 0
५ 378 0 0 1 0
६ 374 0 0 0 0
७ 378 0 0 0 0
८ 377 0 0 0 0
९ 378 0 0 0 0
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Moreover, the proposed system achieves 99.68% recognition accu-
racy for CVPR, ISI dataset (Bhattacharya and Chaudhuri, 2009)
which comprises a sufficient number of training and test image
samples. However, the methods of (Akhand et al., 2016; Ahmed
et al., 2016; Akhand et al., 2018; Shopon et al., 2016; Rabby
et al., 2019) employing CVPR, ISI dataset (Bhattacharya and
Chaudhuri, 2009) have recognition accuracies of 98.45%, 96.30%,
98.98%, 98.29% and 99.58%, respectively. Table 6 clearly shows that
the proposed HNRSP surpassed all other well-known efforts and
demonstrates its own superiority.

Here, the same procedure which has been applied to the recog-
nition of Bengali handwritten numerals is also utilized for Devana-
gari and English cases, except that data augmentation is not
considered for English. The confusion matrix of HNRSP for ISI,
Devanagari handwritten numeral dataset’s test samples is shown
in Table 7. The table shows that the proposed method recognizes
all of the test samples of ‘‘२”, ‘‘३”, ‘‘७”, ‘‘८”, and ‘‘९” correctly. The
system successfully classified the numerals ‘‘०”, ‘‘४”, ‘‘५”, and ‘‘६”
with 99.73%, 99.73%, 99.21%, and 99.73% accuracy, respectively.
That is, just one sample was misclassified by this proposed method
for ‘‘०”, ‘‘४” and ‘‘६”. The system showed worse performance for
‘‘५” and ‘‘१” misclassifying three and four samples, respectively.

Table 8 demonstrates the misclassified HNIs with correspond-
ing reconstructed PNIs by the proposed system for Devanagari
numerals. Among 3763 test samples, the proposed system success-
fully classified 3753 samples. Considering the first misclassified
HNI which is not clear as well as out of shape. That is why the sys-
tem misclassified it as ‘‘१” rather than ‘‘०”. Likewise, the second
image is classified as ‘‘५” rather than ‘‘१” is reasonable as the image
looks like ‘‘५” due to incompleteness. This case is also considerable
for the rest of the misclassified images.

Table 9 illustrates the comparison of HNRSP with other well-
known efforts on Devanagari HNR. Datasets and recognition meth-
ods (which has been briefly discussed in introduction section) used
by the other prominent methods are also shown in the table. It can
be observed from the table that the proposed system achieves
४ ५ ६ ७ ८ ९

0 0 0 0 0 0
0 2 0 2 0 0
0 0 0 0 0 0

7 0 0 0 0 0 0
375 0 0 0 0 0
2 375 0 0 0 0
0 0 373 0 0 1
0 0 0 378 0 0
0 0 0 0 377 0
0 0 0 0 0 378



Table 8
Misclassified handwritten numeral images with corresponding reconstructed printed
images by HNRSP of CVPR, ISI Devanagari numerals.
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99.73% recognition accuracy for Devanagari handwritten numerals.
This recognition accuracy is achieved for CAE + ANN (±10�), PIS
value 32 � 32, and BS value 50. Table 9 clearly demonstrates that
the proposed HNRSP has outdone all other well-known efforts and
exhibits its own dominance over Devanagari numerals.
Table 9
A comparative description of HNRSP with some Well-known efforts for recognition of Dev

Work Reference and Year Method Data

Arya et al., 2015 SVM and KNN CVP
Singh et al., Sep. 2015 Ensemble of NNs CVP
Singh et al., 2016 MLP CMA
Akhand, 2021 MLP CMA
Akhand et al., 2016 CNN with data augmentation CVP
Trivedi et al., 2018 CNN with GA CVP
Ghosh et al., Jul. 2021 HOPP + PLSS (Ghosh et al., Jul. 2021) CMA

Dev
Jiang and Zhang, 2020 Edge-TripleNet CMA
Gupta and Bag, 2021) Transfer Learning (MNIST Pre-trained) CVP
Abdulhussain et al., 2021 Hybrid orthogonal polynomials

(Abdulhussain et al., 2021) + SVM
CMA

Proposed HNRSP CAE with ANN CVP

Table 10
Confusion matrix of MNIST English numeral dataset’s test samples.

English
Numeral

Total Samples Number of samples classified as

0 1 2 3

0 980 979 0 0 0
1 1135 0 1135 0 0
2 1032 1 0 1028 0
3 1010 0 0 0 100
4 982 0 0 0 0
5 892 1 0 0 5
6 958 4 2 0 0
7 1028 0 2 1 0
8 974 2 0 0 1
9 1009 0 0 0 0
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Table 10 demonstrates the confusion matrix of HNRSP for
MNIST English handwritten numeral dataset’s test samples. It can
be seen from the table that the proposed method classifies ‘‘1” with
an accuracy of 100%. It misclassified one sample for ‘‘0”, two sam-
ples for ‘‘3”, three samples for ‘‘4” and four samples for ‘‘2”, ‘‘7” as
well as ‘‘8”. The system shows slightly poor performance for ‘‘6” by
misclassifying six samples with an accuracy of 99.37%. The worst-
case scenario occurs for ‘‘5” and ‘‘9” where the systemmisclassifies
seven samples of each.

The misclassified HNIs with corresponding reconstructed PNIs
by the proposed HNRSP for English numerals are shown in Table 11.
The proposed system misclassified 38 test samples from a total of
10,000 test samples, where 16 samples are shown in the table. It
can be seen from Table XI that all misclassified HNIs are too
ambiguous for successful recognition, even for humans. Consider-
ing the first image on the table, the handwritten numeral is incom-
plete. That’s why the system misclassified ‘‘000 as ‘‘7”. The second
and third images do not look like ‘‘2”, they are very similar to ‘‘7”
and ‘‘0” respectively. It is also the case for ‘‘6”, ‘‘7”, and ‘‘8”.
Numeral ‘‘4” and ‘‘9” have structural similarities in handwritten
versions. For this reason, ‘‘4” is misclassified as ‘‘9” as well as ‘‘9”
is misclassified as ‘‘4” in most of the cases. This same case applies
to the numeral ‘‘3” and ‘‘5” also. Considering the last image of the
table, this is ambiguous as well as incomplete, so that the system
cannot generate the printed form clearly. Therefore, all the mis-
classifications by the proposed system are acceptable.

Table 12 shows the comparison of HNRSP with other well-
known efforts on English HNR those are briefly outlined in the
introduction section. It can be seen from the table that the pro-
posed system achieves 99.62% recognition accuracy for English
handwritten numerals. This recognition accuracy is achieved for
CAE + ANN, PIS value of 28 � 28, and BS value of 50. Although some
anagari handwritten numerals.

set; Training and Test Samples Recognition
Accuracy

R, ISI (Bhattacharya and Chaudhuri, 2009); 19,798 and 3763 98.06 %
R, ISI (Bhattacharya and Chaudhuri, 2009); 16,794 and 3762 99.37 %
TERdb 3.2.1 (Basu et al., 2011); 2000 and 1000 98.92 %
TERdb 3.2.1 (Basu et al., 2011); 2000 and 1000 97.50 %
R, ISI (Bhattacharya and Chaudhuri, 2009); 18,000 and 3763 98.96 %
R, ISI (Bhattacharya and Chaudhuri, 2009); 18,784 and 3762 96.41%
TERdb 3.2.1 (Basu et al., 2011); 2000 and 1000
anagari-II; 3000 and 1500

98.01%
98.24%

TERdb (Basu et al., 2011); 2400 and 600 97.33%
R, ISI (Bhattacharya and Chaudhuri, 2009); 15,789 and 2256 99.04%
TERdb 3.2.1 (Basu et al., 2011); 10,000 and 10,000 99.28%

R, ISI (Bhattacharya and Chaudhuri, 2009); 18,000 and 3763 99.73%

4 5 6 7 8 9

0 0 0 1 0 0
1 0 0 0 0 0
0 0 0 3 0 0

8 0 2 0 0 0 0
979 0 0 0 0 3
0 885 1 0 0 0
0 0 952 0 0 0
0 0 0 1024 0 1
0 0 0 0 970 1
4 0 0 2 1 1002



Table 11
Misclassified handwritten numeral images with corresponding reconstructed printed
images by HNRSP of MNIST English numerals.

Table 12
A comparative description of HNRSP with some Well-known efforts for recognition of
MNIST for English handwritten numerals. Recognition accuracy on 10,000 Test
samples while Training performed on 60,000 Samples.

Work Reference and Year Method Recognition
Accuracy

Shopon et al., 2017 DCNN 99.56%
Dash et al., May 2018 Decision rule 99.11%
Ayinde and Zurada, 2018 L1/L2-NCSAE 97.40%
Ahlawat and Choudhary, 2020 CNN + SVM 99.28%
Mellouli et al., 2019 Deep Morph-CNN 99.66%
Ali et al., 2019 CNN + DL4J 99.21%
Ali et al., 2019 NN 99.80%
Al-wajih et al., 2020 LBCNN 99.51%
Ali et al., 2020 CNN-ELM-DL4J 99.80%
Ahlawat et al., Jun. 2020 CNN_3L 99.87%
Shaukat et al., 2020 Cloud-based CNN + DL4J 99.41%
Biswas and Islam, 2021 CNN 99.53%
Proposed HNRSP CAE with CNN 99.62%

M. I. R. Shuvo, M. A. H. Akhand and N. Siddique Journal of King Saud University – Computer and Information Sciences xxx (xxxx) xxx
prominent methods give better results than the proposed method,
but the proposed HNRSP also outperforms some recent works on
MNIST dataset. It did not consider data augmentation for MINIST
to minimize computational cost, and the achieved competitive per-
formance for the well-studied MNIST case indicates the efficiency
of the proposed superimposition method.
13
4. Conclusions

The complexities of classifying handwritten numerals arise
from diverse writing patterns of individuals with rotation, scaling,
strokes and incompleteness in the images. This research developed
an HNR system in which the AE and CAE are trained with PNIs that
make the subsequent classifier’s task (ANN or CNN) easier. The
superimposition module (AEs and CAEs) encodes HNIs of variant
shapes and orientations into PNI of standard printed form and a
predefined fixed size. The training with data augmentation (i.e.,
rotation based generated patterns inclusion) eliminates different
distortion-based variations of patterns from the images in most
of the cases. Although the main goal of the proposed system was
to generate the corresponding best matched PNI for the input
HNI, the system failed in few cases due to unusually higher distor-
tion and ambiguity of the input HNI. This eventually hinders get-
ting absolute test set recognition accuracy. However, the
proposed system outperforms other existing methods of HNR
while verified on a renowned benchmark dataset of Bengali and
Devanagari handwritten numerals.
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