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Abstract
Handwritten recognition has drawn profound attention since decades ago due to its numerous potential applications in 
real life. Research on unconstrained handwritten recognition in some languages has achieved attractive advancement, 
but it lags behind for Bengali even though it is the major language spoken by about 230 million people in the Indian 
subcontinent, and even the first and official language of Bangladesh. Recently, the use of convolutional neural network 
(CNN) has been reported with high accuracy in pattern recognition and computer vision problems. The main purpose of 
this study is to provide an architecture of a CNN to improve the accuracy of handwritten Bengali numerals recognition 
(HBNR) and compare its performance with the existing ones. We proposed a new CNN architecture, VGG-11M, which 
improves an existing one (VGG-11). The normalized and rescaled images of each numeral were augmented by different 
transformation operations to increase the training samples and to add diversity in the dataset. Then, the images were 
used to train the proposed VGG-11M model. The recognition accuracy of the developed system was tested on both 
training and test sets of three publicly available handwritten Bengali numerals database at different resolutions. Finally 
the performance of the model was compared with four other architectures (LeNet-5, ResNet-50, VGG-11, and VGG-16). 
The highest accuracy 99.80%, 99.66%, and 99.25% was obtained using the proposed architecture on the test set of ISI, 
CMATERDB, and NUMTADB dataset, respectively, at resolution 32 × 32 . The proposed VGG-11M outperformed the exist-
ing architectures of CNN on HBNR.
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1 Introduction

Handwritten recognition has gained much attention to 
the researchers because of its numerous potential appli-
cations in real life. Some major applications include auto-
matic bank cheque processing, form data entry, and postal 
sorting [1]. Bengal is a region of eastern South Asia, which 
comprises Bangladesh and the West Bengal of India. Ben-
gali is the 7th most widely spoken language in the World 
and the mother language of Bangladesh. It is used as the 
official language of Bangladesh and several Indian states 

including Assam, Jharkhand, Tripura, and West Bengal [2]. 
Research on handwritten numerals has made impressive 
progress in some languages such as Arabic, Chinese, and 
English [1, 3–5]. The automatic recognition of printed Ben-
gali numerals is also very high; however, the progress of 
handwritten Bengali numeral recognition (HBNR) is far 
behind these languages [6–10].

Recognizing Bengali handwritten numerals is chal-
lenging as for Arabic numerals, because of their varied 
sizes and critical shapes. But more importantly, there are 
Bengali numerals whose shapes are very similar and this 
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shape similarity makes the recognition more challenging. 
Therefore, efforts with new tools and methods for better 
HBNR are a timely demand.

Handwritten recognition of numerals is a classical prob-
lem of pattern recognition and machine learning, where 
proper choice of classification tool and datasets play an 
important role in this kind of problem. To get optimum 
accuracy of a classifier, it should be trained properly with 
sufficiently large dataset. There are very few handwrit-
ten Bengali numeral datasets available in the literature. 
Among them, the most commonly used datasets are 
CMATERdb3.1.1 [11] and ISI [12], consisting of 6000 and 
23392 handwritten samples, respectively. On the other 
hand, MNIST [13], the largest dataset of Hindu–Arabic 
numerals (i.e., the so-called English numerals set) con-
sists of 60,000 samples, and the best accuracy reported 
in the literature on this dataset is 99.79%. The number of 
samples of the Bengali datasets is small compared to the 
English dataset. In general, many samples have diversity 
which implies improved training of the classifier. The limi-
tation of small datasets of Bengali handwritten numerals 
was recently resolved by the publication of a large dataset 
called NUMTADB by Alam et al. [14] consisting of 85596 
samples. Training with larger dataset might not always 
means better training of a classifier. It depends on how 
much varieties in shape, size, resolution, writing styles, 
papers quality, etc have been added in the samples of the 
dataset. So, a comparison of the publicly available dataset 
is required to observe which of the dataset contains more 
versatility irrespective of dataset dimension.

The more important part of classification is the proper 
selection of classification methods. Every classification 
depends on the features extraction. In some classifica-
tion tools, features are manually extracted and then fed 
to the classifier. On the other hand, some classification 
methods do not depend on the manually extraction of 
features. Indeed, they extracted features automatically by 
themselves. Among methods in the first category, a few 
of them have reported accuracies larger than 95%. Bhat-
tacharya et al. [8] proposed handwritten Bengali numer-
als recognition using an artificial neural networks (ANNs). 
Some descriptive features like loops, junctions, etc. from 
the skeletal shape were extracted and fed to a multilayer 
perceptron (MLP) neural network to classify the numerals. 
They reported recognition accuracy of about 90% on the 
test dataset of 3440 samples in 2006. Pal et al. [9] proposed 
water reservoir overflow-based features, in addition to 
some topological and structural features of the numerals. 
The overall recognition accuracy, they reported on a test 
dataset of 12000 samples was about 92.8%. Later in 2007, 
Pal and his co-authors [15] further published another work 
on the recognition of handwritten Bengali numerals with 
five other major Indian scripts. In this study, they reported 

the maximum recognition accuracy of 98.99% on a test 
set of 14650 samples using the quadratic classifiers based 
on 16-direction gradient histogram features using Robert 
masks.

In 2009, Bhattacharya et al. [12] proposed an improved 
version of their previous work [8]. This time, they proposed 
a multistage recognition of the numerals at three resolu-
tion levels: 16 × 16 , 32 × 32 , and 64 × 64 . There were three 
distinct MLPs for three resolution levels organized in a cas-
caded fashion in the first stage, and a single MLP in the 
second stage. The classification started with MPL at the 
coarser resolution level. The numeral rejected by the MPL 
at the coarser resolution was attempted to recognize by 
the MPL at the higher level of resolution. If the decision 
about the possible class of a numeral could not be reached 
even by the MPL at the final level of resolution, likelihood 
estimates, obtained from the classifiers in the first stage, 
were fed into the MPL at the second stage. Finally, the 
numeral was either recognized or rejected by this MLP 
according to a selected precision index. They reported rec-
ognition accuracies of 98.20% and 99.14%, respectively, for 
test and training sets. To the best of our knowledge, the 
highest accuracy 98.69% on the ISI dataset was reported 
by Liu et al. [16] using 8-direction gradient features and a 
MLP with one hidden layer of 100 nodes.

Although this traditional shallow neural network is 
computationally less expensive, the main challenge with 
this manual feature extraction technique is the extraction 
and selection of best representative features of a class. 
Recently, convolutional neural networks (CNNs) have been 
found more efficient than the existing non-deep learning-
based machine learning methods for image classification 
[17]. They automatically provide some degree of transla-
tion invariance and do not depend on any feature extrac-
tion methods. By this time, CNNs have been recognized as 
the best classification method for handwritten (English or 
Hindu–Arabic) digits as claimed in the survey done by [18]. 
However, a few researchers [7, 10, 19, 20] have explored 
the power of CNNs for handwritten Bengali numerals rec-
ognition. One major requirement of using CNNs is that it 
requires huge number of samples for training; however, 
none of the existing works explored the power of CNNs 
on the recently published large NUMTADB dataset. A brief 
description of related works found in the literature is now 
presented.

CNNs were employed first by [21] for handwritten 
Bengali character recognition, in 2015. The experimental 
results showed that the CNNs outperformed the stand-
ard shallow learning methods with predefined features. 
The authors of [10] used autoencoders and deep CNNs for 
recognition of handwritten Bengali numerals. The deep 
network was trained with 19313 samples of the ISI train-
ing dataset and tested with images of the CMATERdb3.1.1 
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dataset, and they leading to an accuracy of 99.50%. 
Akhand et al. employed CNNs for handwritten Bengali iso-
lated numerals recognition on a dataset of 17,000 numeral 
images. They used 13,000 samples for training the CNNs 
and the remaining 4000 to test the performance of the 
model. They reported recognition accuracies of about 
99.40% and 97.93%, respectively, on the train and test sets. 
Later, Akhand and the coauthors of [20] have proposed 
a different CNNs-based method for HBNR. Three datasets 
were used for the experiments. Each CNN was trained with 
a different training set prepared from the samples of hand-
written images, and the final decision was made by com-
bining the decisions of the CNNs. One CNN was trained 
with the ordinary images of the handwritten numerals. 
A simple rotation-based approach was used to gener-
ate training sets for other CNNs. A set of 18000 numeral 
images, out of the 19392 of the ISI dataset, was considered 
for training one CNN. The performance of the developed 
system was tested on the separated test set, of 4000 sam-
ples, of the ISI database. Their method with multiple CNNs 
reported accuracies of 98.80% and 99.51% on the test and 
training sets, respectively, and it is the best performance 
ever found in the literature on HBNR. It is definitely a great 
achievement that seems closer to human perception, on 
this test set of 4000 samples only.

Although a number of works have been done in the 
literature using both regular and deep machine learn-
ing architectures [12, 15, 20, 21], they suffer from one or 
more of the following vital limitations: (1) low recognition 
accuracy to adopt in practical, (2) private dataset with 
small number of samples, and (3) not sufficiently good 
performance. The performance of a recognition system 
may vary for different test sets. To test how much it gen-
eralizes to completely unknown samples, we observed 
its performance on a large set of data. There are differ-
ent architectures of CNN from very simple to complex, 
and the accuracy of a recognition system can depend on 
which architecture of CNN is used for what kind of prob-
lem. The applications of CNNs with same architecture on 
different problems may provide different performances, 
and a simple modification in the architecture of a CNN 
can change its performance. CNNs are becoming more 
popular in the computer vision and pattern recognition 
fields, and several attempts have been made to improve 
the original architecture [22] with the aim of achieving 
better accuracy. For instance, the best model [23] submit-
ted to the ImageNet Large-Scale Visual Recognition Chal-
lenge (ILSVRC-2013) for image recognition proposed the 
use of smaller receptive window size with smaller stride 
at the first convolutional layer. Another improvement [24] 
was done by densely training the network over the whole 
image. Other line of improvements in the architectural 
design of CNN were done by Simonyan and Zisserman 

[25], who increased the depth of the architecture by 
increasing the number of convolutional layers and fixing 
other parameters. The changes in the architectural design 
improve the performance of the recognition model. VGG 
is an innovative object recognition model and has been 
placed first and second in the open ImageNet competi-
tions held in 2013 and 2014, respectively. There are several 
architectures of VGG model: from very simple VGG-8 to 
very complex VGG-19 including VGG-11. Inspired by the 
works of [22, 24, 25], we have proposed a model (VGG-
11M) by modifying VGG-11 (as a model with moderately 
low complexity) with the aim of improving the accuracy of 
the existing recognition systems for handwritten Bengali 
numerals recognition.

The proper selection of CNN architectures with a suf-
ficient amount of diversity in the training set with enough 
training samples can improve the accuracy of the HBNR 
system to the level of human perception. So, the objec-
tives of this study are (1) to study and compare the per-
formance of some prominent models of CNN (e.g., VGG) 
and its architectural modification for recognition of hand-
written Bengali numerals, (2) to compare the performance 
of the newly proposed model with the already published 
works represent the highest accuracy in the literature, 
(3) to test the generality of the system so that it stands 
robust with completely unknown samples of numerals, (4) 
to observe how much the training is affected by the image 
resolution, and finally (5) to compare the existing datasets 
with respect to the sufficient training of an artificial neural 
network.

2  Dataset

In this study, three datasets of handwritten Bengali 
numerals have been considered: the handwritten ISI 
Bengali numeral database [26], the CMATERdb3.1.1 
(CMATERDB) [11] dataset and the NUMTADB dataset [14]. 
The ISI train and test dataset consists of 23, 392 and 4000 
samples, respectively, for training and testing. The train-
ing and test sets are completely different. The CMATERDB 
dataset consists of 6000 handwritten Bengali numerals. 
Each numeral has 600 images of resolution 32 × 32 pixels. 
The size of the dataset is small with quite high variation 
[7]. Since there are no separate training and test sets, the 
dataset was divided randomly into training (5000) and 
test set (1000, 100 samples of each class of numeral). 
The very recently introduced NUMTADB [14] dataset con-
sists of 85596 samples of handwritten Bengali numerals, 
which is actually an assembly of six different datasets. A 
separate test set is not available, so we randomly pre-
pared a training and test sets by randomly dividing the 
dataset with a ratio of 80%:20% (train:test). Moreover, 
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10% samples from the training set, selected randomly 
of each dataset, were used to construct the validation 
set for the corresponding dataset. Some samples of the 
handwritten Bengali numerals are shown in Fig. 1.

3  Methods

Deep learning-based methods often provide better 
performance as compared to shallow learning based 
methods (e.g., classical dense artificial neural network) 
[27]. So, we have considered in this study deep learning-
based methods for handwritten Bengali numerals recog-
nition. Each numeral from the training set was preproc-
essed and rescaled first, then fed to a deep convolutional 
neural network for training. After training, we evaluated 
both the individual and cross-validation performances 
of the proposed VGG-11M model on the three datasets 
at three resolutions: 16 × 16 , 32 × 32 , and 64 × 64 . There 
are many different CNN models from simple to complex. 
The recognition performance can depend on the selec-
tion of the proper model. Here, we have considered five 
models: (1) LeNet-5, (2) ResNet-50, (3) VGG-16, (4) VGG-
11, and (5) the proposed VGG-11M architectures. The 
basic structure of a CNN consists of two main modules 
which are responsible for features extraction and clas-
sification. The features extraction module is actually a 
collection of a number of layers, where operations are 
performed at each layer. Finally, the set of extracted 
features are passed to a fully connected neural network 
(FC). Some more details about deep learning are pre-
sented in section 3.1.

3.1  Deep learning background

Deep learning is a subset of machine learning. Usually, 
when we use the term deep learning, we are referring to 
deep artificial neural networks. The term deep refers to 
the number of layers in an artificial neural network. A shal-
low neural network has one (or very few) so-called hid-
den layer, while simplifying, a deep network has more than 
one hidden layers. In traditional shallow machine learn-
ing, a set of relevant features are first extracted manually 
from the input object and then applied to the input of the 
classifier. Deep neural networks are actually a set of algo-
rithms that automatically extract many features by them-
selves from the input object and performs classification 
(or recognition). Convolutional neural networks (CNNs) 
are the most commonly used deep neural networks for 
classification.

CNNs automatically extract features of an object using 
10 to 100s hidden layers. The complexity of learned fea-
tures increases with increasing hidden layer, e.g., the first 
hidden layer could learn a shape, and the more complex 
shape of an object is learned at the last hidden layer. This 
automatic features extraction might lead to high accuracy 
for computer vision and object recognition tasks using 
deep learning models. A brief description of the archi-
tecture of some deep learning models such as LeNet-5, 
ResNet-50, and VGG is given here.

3.1.1  LeNet‑5

LeNet-5 is a classic CNN model which was proposed by 
the Yann LeCun, Leon Bottou, Yosuha Bengio, and Patrick 
Haffner in 1998 for optical character recognition [28]. The 
LeNet-5 is structured on seven layers. In its architecture, 
there are two sets of pooling and convolutional layers fol-
lowed by a flattening convolutional layer and two fully 
connected layers. Finally, there is a softmax classifier at 
the end of its architecture.

3.1.2  Residual network‑50

The residual network (ResNet) model was introduced by 
Microsoft [29] and won the ILSVRC (ImageNet Large Scale 
Visual Recognition Challenge) award in 2014 [30]. The key 
concept of ResNet was to increase the number of layers 
of LeNet and introducing a residual unit (a collection of a 
number of consecutive layers) with an identity layer. In this 
model, the input of each residual unit (RU) is merged with 
the output of the unit and acts as an input to the next RU. 
Thus, in ResNet unlike LeNet and VGG, the input of every 
RU, in addition to its output, is passed to the input of the 
next RU. ResNet-50 is a 50 layer convolutional neural net-
work and can classify images into 1000 object categories, 

Fig. 1  Few samples of Bengali numerals. The left most column 
shows the symbols of Arabic numerals. The Bengali numeral cor-
responding to each Arabic numeral is shown, respectively, in both 
word and symbolic forms in the second and third columns. A set of 
10 randomly selected samples of each handwritten Bengali numer-
als has been shown on the right most column



Vol.:(0123456789)

SN Applied Sciences (2019) 1:1660 | https://doi.org/10.1007/s42452-019-1682-y Research Article

such as mouse, keyboard, pencil, and animals of different 
classes.

3.1.3  VGG

Simonyan and Zisserman [25] in 2014 introduced a model 
of CNN to investigate the effect of convolutional depth 
on its accuracy in large-scale image recognition problem 
and named it VGG according to the name of their research 
group: Visual Geometry Group. Two special architectures 
of VGG, VGG-11 [31] and VGG-16 [32] were used for image 
segmentation and handwritten Bengali characters recog-
nition, respectively. The architecture of VGG-11 consists 
of 8 convolutional layers and 3 fully connected layers fol-
lowed by a single Softmax layer, and the architecture of 
VGG-16 consists of 13 convolutional layers and 3 fully con-
nected layers followed by a single Softmax layer.

4  Proposed method

The major steps of the proposed method for handwritten 
Bengali numerals recognition have been summarized by 
the block diagram in Fig. 2.

4.1  Preprocessing

The images of raw numerals are of 256 levels grayscale at 
different resolutions. They were normalized in the range 
[0, 1]. Handwritten numerals have no specific resolution 
and patterns are typically transformed to the same dimen-
sion (or resolution). In this study, we have considered three 
fixed resolutions: 16 × 16 , 32 × 32 , and 64 × 64 . After pre-
processing, each numeral is fed to the CNN model.

4.2  VGG‑11M model

We have proposed a modified version of the VGG-11 [25, 
31] convolutional neural network model. In this study, this 
modified version of VGG-11 model has been denoted by 
VGG-11M. In VGG-11M, we have performed optimization 
of some functions of VGG-11 to minimize over-fitting prob-
lems, and hence to improve the classification accuracy. The 
structure of the proposed CNN model for Bengali hand-
written numerals recognition is described in Fig. 3. A brief 
description of every layer of the model is given here.

4.2.1  Convolution layer

Convolution layer by definition serves as the primary com-
ponent of a CNN. It is the first layer of CNN that is respon-
sible for extracting features from the input data using a 
convolution filter or kernel. Kernels (or filters) actually 
extract the learnable parameters (the weights) from the 
input image of size M × N through forward and backward 
propagation. This operation is accomplished by sliding the 
filter of size 3 × 3 over the input image matrix at stride 1. At 
every move, we perform element-wise matrix multiplica-
tion and sum the results. This sum results in a feature map. 

Fig. 2  Overall procedures processed in handwritten Bengali 
numeral recognition

Fig. 3  Architecture of the VGG-11M model for handwritten Bengali 
numerals recognition system. In the diagram, the terms Conv, BN, 
GAP, FC stand for convolutional layer, batch normalization, Recti-
fied Linear Unit activation function, global average pooling layer, 
and fully connected layers, respectively
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We choose a kernel size for the convolution layers of 3 × 3, 
as proposed by other similar studies [22, 29, 33].

The performance of CNN depends on the number of 
kernels used in the convolutional layers. There is no uni-
versally accepted rule for selecting the number of kernels 
in a convolution layer. In the literature [22], the author has 
used a different number of kernels in different convolu-
tion layers starting at 64 to 512. In this study, we tried the 
number of kernels starting at 64 to 512 with step size 32, 
and we selected on the validation set the combination of 
kernels which maximize the accuracy.

Stride defines the number of pixels shifts over the input 
matrix, and we selected stride of length one to move the 
filters one pixel at a time. Batch normalization layer [28] is 
followed by every convolution layer, which enables greatly 
accelerating the learning process.

4.2.2  Zero‑padding layer

The term zero padding refers to the process of adding 
extra rows or columns of zeros at four sides of the actual 
image. Zero padding (P) refers to adding P rows or columns 
of zeros at each side. This is an optional layer of the con-
volutional neural network. When the input image resolu-
tion is too small ( ≤ 16 × 16 ), the border information (pixels) 
gets more importance than the internal pixels. Thus, the 
convolution operation seems biased to the border pixels. 
Another problem with the images of small resolution is 
that when more convolution layers are added to increase 
the depth of the CNN, the image dimension reduces to 
zero due to convolution (pooling) layer, so further opera-
tion cannot be performed. For example, when a filter of 
size f × f  is applied to an image of size n × n , with zero 
padding (p) and stride (s), then after convolution, the input 
dimension reduces to m ×m , where m is given by

So, when the value of n + 2 ×p becomes ≤ f  , the dimension 
of resultant images becomes 0, and hence cannot further 
proceed. To tackle this problems with small resolution 
images, we added zero-padding layers in our proposed 
model.

4.3  Activation function

Activation functions play a key role in every CNN archi-
tecture. Whether a neuron will be activated or not is 
determined by the activation function that verifies if the 
information received by a neuron is “relevant.” The relevant 
information is then passed to the next level for further 
operation. There are two types of activation functions: 

(1)
n + 2 × f − f

s
+ 1.

linear and nonlinear. The nonlinear functions are mostly 
used in the artificial neural networks. The most commonly 
used activation functions used in CNN models are rectified 
linear units (ReLU), leakage rectified linear units (LReLU), 
and exponential linear units (ELU) [34]. In our proposed 
model, we used ReLU activation function, which is non-
linear in nature. The output of this activation function is a 
continuous variable. It returns 0, if the input is a negative 
number, otherwise the output is equal to the input. Math-
ematically, The ReLU function can be expressed as:

where x denotes the input to a neuron. Another impor-
tant reason of selecting ReLU is that it tends to be several 
times faster [35] than their equivalents ( sigmoid , tanh , etc.) 
in training CNN. ReLU assigns all negative inputs to zero, 
which means ignoring a large number of nodes that will 
never be considered in the future training.

4.3.1  Regularization

Regularization, also called normalization, is a supplemen-
tary technique that tries to more generalize a model, i.e., 
produce better results on the previously unseen data 
[36]. Typical normalization methods are L1 (expressed 
as the sum of the absolute values of the weights) and L2 
(expressed as the sum of the square of the weights). Gen-
erally, in deep learning, dropout and batch normalization 
are applied, as the network gets deeper a small change 
in parameter in a previous layer can have a large effect 
on the input distribution of the next layers. This phe-
nomenon is called internal covariate shift, which can be 
reduced by applying batch normalization. The operation, 
batch normalization, is applied after the convolution layer 
and before the activation function. In the proposed mode, 
input batches were standard normalized by subtracting 
the mean of the batches and divided by the standard devi-
ation. The normalized batch was then scaled and shifted.

In a fully connected layer, neurons become codepend-
ent among each other. This dependency curbs the individ-
ual power of each neuron, and hence leads to over-fitting 
of training data. The over-fitting can be avoided by reduc-
ing the interdependency between layers, called dropout. 
This is obtained by dropping out individual neurons of 
the network with probability 1 − p . There is no standard 
rule about which value should be chosen for p. Differ-
ent researchers [37–39] have selected different values 
of p for this purpose, e.g., in [38], they have used p = 0.5 . 
In our study, we used dropout three times in our model 
with p = (0.2, 0.25, 0.4) . We placed it after each activation 
function. These values were selected based on providing 
maximum accuracy on a validation set.

(2)ReLU(x) = max(0, x),
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4.3.2  Pooling layer

A pooling layer is a non-trainable layer of CNN which is 
inserted in between successive convolutional layers of 
a CNN. The purpose of using pooling layer is to reduce 
the number of parameters, and hence to limit the com-
putational cost in the network. This layer spatially resizes 
the input by working independently on every slice of the 
input. The most commonly used form of a pooling layer is 
filters of size 2 × 2 and stride 2. In every step, it downsam-
ples every input depth slice by 2, along with both height 
and width. There are several types of pooling operations: 
max-pooling, average pooling, min-pooling, etc. In our 
proposed model, we have used max-pooling which was 
computed over every 2 × 2 small regions in some depth 
slice. The output dimension of the max-pooling opera-
tion can be calculated using the following mathematical 
expression:

where nin , f and s denote the dimension of the input image, 
the filter size, and the stride size, respectively.

4.3.3  Global average pooling (GAP) layer

Global average pooling (GAP) layers dramatically reduce 
the total number of parameters in the model. They carry 
out a more extreme dimensionality reduction, where a 
tensor with dimensions of size height × width × depth is 
reduced to 1 × 1 × depth , i.e., the GAP layer maps each fea-
ture matrix of dimension height × Width to a single num-
ber by simply taking the average of all its values.

4.3.4  Fully connected layer

The convolution and pooling layers discussed so far con-
tain information regarding local features in the input 
image such as edges, blobs and shapes. These feature 
matrices are squashed into a vector which is handed 
over to a fully connected (FC) layer. In FC layers, neurons 
in one layer are connected to every neurons in another 
layer. Its classification performance depends on the fea-
tures extracted from the previous layers, which contains 
an activation function (e.g., Softmax, Sigmoid, ReLU) like 
a traditional shallow neural network. The performance of 
the classifier can be varied due to the various activation 
functions used in this layer. In this study, we used a Soft-
max activation function, which has been applied in most 
of the research works for image recognition.

(3)nout = floor

{

nin − f

s

}

+ 1,

4.3.5  Output layer

The output of a Softmax activation function is basically the 
normalized exponential probability of class observations. It 
is simply the exponential of each input divided by the sum of 
the exponential. In our study, it results in a vector of length 
10, where each scalar is the probability to belong to one of 
the 10 category of numerals. Note that the sum of the out-
put is 1. The probability of each class in the Softmax layer 
can be expressed as:

for j = 1, 2, 3,… k , where k is the number of classes and Xj 
(for each value of j) are the inputs from the previous fully 
connected layer applied to each node of the Softmax layer.

4.3.6  Cost and optimizer function

The cost function of a neural network quantifies the error 
of the network’s performance. There are different functions 
of estimating the performance error of a neural network; 
a cross-entropy function is typically used in deep learning 
neural network. The purpose of optimization algorithm is 
to minimize (or maximize) the error function. It is simply a 
mathematical function that depends on the model’s inter-
nal learnable parameters which are used in computing the 
target values (Y) from the set of predictors (X) used in the 
model. There are different cost optimization algorithms such 
as Adagrad [40], Adadelta [41], and Adam [42]. In this work, 
we have used a gradient descent-based optimizer to mini-
mize the cost function:

where m is the size of training data, y is an expected value, 
and a is the actual value from the output layer. In our tests, 
the final performance difference between the above func-
tions was not large. The optimal point is reached earlier if 
Adam was used as optimizer function. Therefore, we used 
Adam optimizer [42] with learning rate 0.001. The num-
ber of training epochs was a hyperparameter, and we train 
our model for up to 200 epochs (batch size: 128, steps per 
epoch: 64). We included early stopping, to define that we 
wanted to monitor the validation (test) loss at each epoch. 
After the test loss has not improved for thirty epochs, 
training was interrupted. The learning rate was updated 
to 75% of its value if our model validation accuracy did 
not improve for six consecutive epochs. The weights of 
the network were randomly initialized with small numbers 
from a normal distribution, and we used a weight decay 
of 1 × 10−6.

(4)�(X )j =
eXj

∑k

k=1
eXk

,

(5)c =
1

m

∑

[y ln a + (1 − y) ln(1 − a)]
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5  Results

We studied four different architectures (LeNet-5, ResNet-50, 
VGG-11, and VGG-16) and our proposed VGG-11M model 
for handwritten Bengali numerals recognition at three dif-
ferent resolutions: 16 × 16 , 32 × 32 , and 64 × 64 . In addition 
to batch normalization and zero-padding layers, the num-
ber of filters in the convolutional layers and neurons in the 
fully connected layers have been reduced in the proposed 
VGG-11M than in VGG-11. This changes in VGG-11 model 
result in the drastic reduction of total number of parameters 
from 28, 148, 235 (for VGG-11) to 7, 717, 258 (for VGG-11M). 
However, the VGG-11M model among all five architectures 
of CNN was found more efficient, and it provides the maxi-
mum accuracy (99.80%) for the ISI dataset at resolution of 
32 × 32 , which is the best performance on Bengali hand-
written numeral recognition system till date. Moreover, it 
also provides maximum accuracy for the other two datasets 
(CMATERDB and NUMTADB). The performance of the VGG-
11M model for the ISI dataset is shown in Fig. 4.

The training and validation accuracies are 100% and 
99.90%, respectively. The more detail results about the 
selection of CNN architectures, the dataset, and resolu-
tions are described in Tables 1, 2, and 3. The accuracy 
of the recognition system was not affected so much for 
resolutions of size 32 × 32 or more. The accuracy of the 
proposed model was always larger than 99%, irrespective 
of the dataset and resolutions ( ≤ 32 × 32 ).   

The best accuracy 99.80% was achieved for ISI (sepa-
rate train and test sets) dataset, and the worst accuracy 
(99.25%) was obtained for NUMTADB (separate train and 
test sets) dataset, at resolution 32 × 32 . The authors of 
[22] reported that ResNet performed better than VGG-11, 
which is also proved in our study. However, the proposed 
VGG-11M provided better accuracy than all models includ-
ing ResNet (please see Tables 1, 2, 3).

The cross-validation (i.e., when training is done using 
ISI training set and evaluated with the CMATERDB dataset, 
and when training is done using the CMATERDB dataset and 
evaluated with the ISI test dataset) accuracies of the pro-
posed VGG-11M model at resolution 32 × 32 were 99.72% 
and 94.75%, respectively. The effect of data augmenta-
tion to increase the number of samples and variability (or 
diversity) in the train set was also investigated in our study. 
The adoption of data augmentation on the ISI training set 
increased the recognition accuracy from 99.53 to 99.80%. 
Thus, it slightly improves the result obtained without aug-
mentation. The accuracy (99.55%) of the proposed method 
exceeds the best accuracy (99.35%) reported in the literature 

Fig. 4  The performance curve (training and validation accuracies) 
of the VGG-11M architecture on the ISI dataset for each iteration

Table 1  Results on the ISI dataset for different models at three dif-
ferent resolutions

Dataset Model Resolution Accuracy (%)

ISI LeNet-5 16 × 16 96.9
32 × 32 98.5
64 × 64 98.6

ResNet-50 16 × 16 99.65
32 × 32 99.13
64 × 64 99.63

VGG-11 16 × 16 97.38
32 × 32 98.25
64 × 64 99.40

VGG-16 32 × 32 99.02
64 × 64 99.15

VGG-11M 16 × 16 98.98
32 × 32 99.80
64 × 64 99.43

Table 2  Results on the CMATERDB dataset for different resolutions 
and models

Dataset Model Resolution Accuracy (%)

CMATERDB LeNet-5 16 × 16 98.05
32 × 32 99.16
64 × 64 98.72

ResNet-50 16 × 16 98.78
32 × 32 99.22
64 × 64 98.72

VGG-11 16 × 16 98.28
32 × 32 98.56
64 × 64 99.00

VGG-16 32 × 32 99.16
64 × 64 98.80

VGG-11M 16 × 16 98.94
32 × 32 99.66
64 × 64 99.06
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at resolution 29 × 29 on ISI dataset [43]. Finally, the confu-
sion matrix of the VGG-11M model on the test set (each class 
of numeral contains 400 samples) of the ISI database at reso-
lution 32 × 32 is shown in Fig. 5.

It is observed from Fig. 5 that the model predicted numer-
als two, five, six, seven, and eight with 100% accuracy. The 
lowest accuracy (99.25%) was achieved for numerals one 
and nine, whose patterns are very similar (some numerals 
of these classes are very challenging to recognize even for 
humans).

6  Discussion

In this study, we have proposed a model of convolutional 
neural network for Bengali handwritten numerals rec-
ognition. This model of CNN has been used extensively 

in some image recognition problems since it was intro-
duced in 2014 by [25]. The authors of [32] have then 
explored its performance for Bengali handwritten char-
acter recognition. In our model, we have incorporated 
some extra layers, like batch normalization, zero pad-
ding, dropout and a favorable selection of the number of 
convolution layers, max-pooling layer, and the number 
of filters that boosted the classification performance 
by a significant margin. The application of more con-
volutional operations on low-dimension images (e.g., 
16 × 16 or less) may become Critical. For this reason, the 
image was kept sufficiently large and zero padding was 
used. Dropout prevents model overfitting by forcing the 
model to learn more robust features that are useful in 
aggregation with many different random subsets of the 
other neurons.

Our results show that the recognition accuracy is 
affected by the resolution (if it is less than 32 × 32 ) of 
the resampled image. This is because the quality of the 
resampled image is degraded with reducing the resolu-
tion. However, the image resolution, when reaches to 
a certain level ( 32 × 32 or more), does not significantly 
affect the classifier performance. The classifier showed 
the best performance (99.80%) when it was trained by 
the ISI handwritten numeral dataset.

The cross-validation results reveal the generalizability 
of the classifier. It is clear from the result that the clas-
sifier becomes more robust when it is trained by the ISI 
dataset. The individual accuracy (i.e., when train with 
training set and test with the test set of the same data-
base) is always better than that obtained with cross-
validation (i.e., when train and test set comes from the 
different datasets). This can be due to the fact that the 
train and test sets are different, and they may still share 
some similarity (image format, quality, etc.). When our 
model is trained on the ISI and tested on CMATERDB, 
the accuracy rate achieved is 99.72%, which is better 
than the previously published results on this dataset. 
On the other hand, a moderately good result (94.75%) 
was obtained when the CMATERDB dataset was used for 
training and tested with the ISI test dataset. This might 
be due to the fact that the ISI dataset is larger than the 
CMATERDB dataset, so the more diversity of samples 
made the training more perfect. Interestingly, although 
the dimension of NUMTADB is about three times more 
than the ISI dataset and about twelve times more than 
the CMATERDB dataset, the performance achieved 
(98.3%) is lower than when trained with ISI. This result 
meant that more diversity or variability exists in the ISI 
dataset than into the NUMTADB dataset, even though 
its larger dimension.

The accuracy of a classifier can be affected by both the 
image resolution and the sample used to test the classifier. 

Table 3  Results on the NUMTADB dataset for different resolutions 
and models

Dataset Model Resolution Accuracy (%)

NUMTADB LeNet-5 16 × 16 93.03
32 × 32 98.04
64 × 64 97.24

ResNet-50 16 × 16 94.25
32 × 32 98.3
64 × 64 98.85

VGG-11 16 × 16 91.45
32 × 32 98.00
64 × 64 99.06

VGG-16 32 × 32 98.87
64 × 64 99.18

VGG-11M 16 × 16 95.3
32 × 32 99.25
64 × 64 99.40

Fig. 5  The confusion matrix represents the classification perfor-
mance on test set of the ISI database. Columns correspond to true 
label, and rows correspond to the predicated label
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The comparison of the proposed method and the method 
[43] (best accuracy 99.35%) on the same test set showed 
that our method is about 0.45% more accurate greater 
than the previous best method. The development of the 
VGG-11M model opens the doors for the future research 
on Bengali handwritten character recognition and related 
problems. The recognition error rate, even though very 
close to 0%, is mainly due to the misclassification between 
numerals nine and one, which are somewhat difficult to 
recognize even for a human. This is a possible area for 
improvement by developing a robust CNNs model.

7  Conclusion

A handwritten Bengali numeral recognition system with 
the highest accuracy has been proposed. In this paper, we 
studied four architectures of convolutional neural network 
on three publicly available datasets. One of the datasets 
is very large in dimension, and no work can still be found 
on it in the literature. The validity of the new dataset has 
been compared with the other two datasets commonly 
used for this purpose. How much the resolution affects 
the classification performance was also studied. The com-
parison of the proposed VGG-11M model with the image 
augmentation by blocky artifact and deep convolutional 
neural network [43] model (i.e., the method with the high-
est accuracy) was in favor of the new method. The ISI data-
set proved more robust even with small sets of a sample. 
Thus, the dataset dimension does not matter always if the 
training set contains a sufficient amount of diversity or 
variability.
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