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How to Stepping up Characters Recognition using
CNN Algorithm?
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Abstract

Character recognition is essential to the ancient understanding culture of human sociologies. It consists of
differences in textures, backdrops, font size, and coloring that causes challenges in distinguishing the characters
in the current images. Various papers proposed numerous to deal with handwritten character recognition.
However, several traditional remain drawbacks because methods still rely on operations based on visual
capabilities. Therefore, to deal with the issue, we propose a novel recognition model using a Convolutional Neural
Network to produce an effective result. To build the model, we collect datasets, do pre-processing, training with
several different parameters to get the highest accuracy results. Based on experiments, our proposed model can
produce a higher accuracy with a slight loss. Therefore, it can be a promising approach to addressing traditional
character recognition.
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Differences in geography and culture bring various language and writing styles to the
traditional character. Thus, it is challenging to recognize the conventional characters,
including in textures, backdrops, font size, and manual coloring. Characters recognition has
been a field of research interest for more than five decades [8]. Character recognition using
image analysis techniques is one of the most important concepts related to natural
language processing [9]. Because handwriting has been around for an extended period, it
has a lot of history. Previously, humans could only interact through vocal or nonverbal
means. Script has evolved and varies based on the region [1].

Understanding handwritten characters or typed papers is the basic knowledge of human
beings and is a critical part of cultural development. A conventional technique to deal with
character recognition is using OCR. This technique recognizes patterns and views images
by converting electronic text and pictures into digital characters to enable machines to read
them. Optical Character Recognition (OCR) conducts character recognition of printed text
images or handwritten picture documents [15]. Segmentation, feature extraction, and
feature classification are the three essential phases of character recognition. Various
approaches explored automatic police number identification, automatic postal address
verification from envelopes, and bank check processing. A modern methodology for
recognizing handwritten characters is needed to address the issues. However, using
previous works with manually designed or handcrafted features, it is difficult to deal with
character recognition based on their structural and morphological appearances [2].

Current methods to deal with character recognition are using learning representation by
obtaining overall features of character images and building a classification model. For
instance, a paper proposed K-Nearest Neighbors to establish character recognition in
many sample images [13].

1. Introduction
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Deep learning has recently shown promise in various pattern recognition fields,
including handwriting identification, speech and face recognition, and natural language
processing. Most advanced studies adopt CNN to create a breakthrough in feature
extraction techniques. Because this model has fewer layers than others, it takes
significantly less time to complete the task. Therefore, several papers discussed the deep
learning approach to character recognition. For example, a study explored the recognition
issue using the Devanagari character dataset [8].

A paper proposed a framework using the RNN as a discriminative model for recognizing
Chinese characters and a generative model for drawing (generating) Chinese characters.
The generated characters (in vector format) are human-readable. The discriminative RNN
model can recognize them with high accuracy. The result can produce a practical result of
RNN as both generative and discriminative models for drawing and identifying Chinese
characters [23]. Another study analyzed character recognition using part of the RNN
algorithm called LSTM to obtain the optimal score in sequence character data. LSTM
network captures long-term dependency in sequence data, storing information from trained
data and using it to classify test data. It can also be combined with CNN to create a
Convolutional LSTM neural network model, which can capture spatial and temporal
dependency to organize data more accurately [22].

Therefore, this paper proposes a technique to build a handwriting pattern recognition
model using CNN to perform character recognition. In handwriting character recognition,
we present several significant contributions to this research, particularly in the
categorization of handwritten recognition using learning methods as follows:

1. We introduce a new handwritten character recognition technique involving utilizing
the CNN algorithm to train dataset features and then exploiting them to develop
viable models. We took datasets from respondents and then grouped them
according to their respective classes to produce a dataset that could be used in
this study.

2. We build a character recognition model to recognize the traditional script pattern.
Instead of using conventional techniques in handwriting character recognition, we
construct a novel method to deal with character recognition issues using a learning
approach. To construct our recognition model, we set several hyper-parameters to
produce the optimal model.

3. To measure the model performance, we test the proposed model in the unseen
samples to obtain higher accuracy in handwritten character recognition. Afterward,
we conduct the evaluation metrics to validate the trained model performance in
character classification.

Organization: The following is a breakdown of the journal’s structure: Part Il delves
further into past findings. Part Il discusses the study’s issue description. Section IV
explains the experimental design, including a feature learning algorithm, a dataset, and
pre-processing, while Section V gives the study’s findings and extensive analysis. Finally,
section VI summarizes the research achievement.

2. Literature Review

Deep learning is a growing research area in the current year [26][27][28][29][30].
Several researchers constructed various methods to deal with recognition issues. A study
proposed a system to recognize a person's face. Using a novel GOL texture characteristics
technology, a face identification system was built for the ORL and GT facial picture



databases. To evaluate the proposed system separate investigation was performed using
GLCM and LBP for similar databases. Each face recognition system's average specificity,
sensitivity, and retrieval time were used to evaluate its performance. After a comparison,
the suggested GOL approach had much greater accuracy than the independent GLCM and
LBP methods. The GLCM and LBP results were compared to the proposed method's
results, and the findings show that the suggested technique is a better way for a face
recognition system [3].

A paper compared the standard LSTM model with other deep models on the MNIST
dataset. LSTM has been shown to perform well on the MNIST dataset because of its ability
to capture long-term dependency in sequence data, store information from trained data,
and use it to classify test data. It can be combined with CNN to create a convolutional LSTM
to optimize capturing both spatial and temporal dependency to produce more accurate
results. Based on the experimental result, the methods can harvest a classification
accuracy of 98.46% [22].

A paper presented a CNN method to address Amharic character image recognition. The
experiments trained 80,000 Amharic character images with different degradation levels.
This study evaluated the performance of the recognition model and achieved state-of-art
performance with an average recognition accuracy of 92.71% [4]. Another study presented
a character recognition system using CNN for documents written in the Kannada language.
They trained 74K to build to achieve an accuracy of 98% for the document containing non-
overlapping lines of characters [10].

Another study proposed handwritten Chinese character recognition. Based on the
experimental results, the method can produce an accuracy rate of 90.91% with 5000 times
training and reduce the MSE score to 0.0079. Moreover, the proposed model can perform
well in real-time tests [5]. Another paper proposed the recognition of handwritten Latin
characters with diacritics using CNN. The study assesses the effectiveness of CNN-based
architectures where a network is trained in recognizing handwritten characters based on
Latin script. The proposed architecture produced an accuracy of 96% for the extended
character set [9].

Many papers have researched character-level recognition but less on word-level
recognition. To recognize the character image, a paper constructed a distinctive learning
model for Gujarati Handwriting Character Recognition. The study focuses on developing
an artificial intelligence-based offline HCR system for the Gujarati language. The study
gathered extensive data collection of up to 10,000 images from 250 people. It constructed
a supervised classifier approach based on CNN and MLP to recognize handwritten Gujarati
characters. Based on the experiment result, the accuracy generated using CNN is 97.21%,
and the accuracy rate using MLP is 64.48% [7].

To build a character recognition system, one of the most critical steps is a feature
extraction and a classification algorithm for character recognition. Before introducing deep
learning, many papers explore various feature extraction and classification methods to deal
with the issues. However, manual feature extraction is costly and time-consumed. Thus, it
requires an automatic feature extraction to deal with the problem. Deep learning can
conduct feature extraction and classification automatically without requiring different
algorithms. The DNN architecture comprises a large number of non-linear hidden layers
with a large number of connections and parameters to carry out the training model [2].

Therefore, we propose a model for character recognition using a deep learning
architecture with a character image dataset. To conduct our study, we gather various image
characters as our dataset. We construct the learning model to recognize Lampung
language characters.



3. Proposed Method

This study uses CNN to construct a character recognition model using image features,
including diameter, size, and weight. We propose a model for training feature vector x in
the equation, and there is a bias b. Data is passed to functions with parameters to complete
the recognition process. This function will calculate the weight of each feature in the vector
by multiplying it by the parameter. Equation 1 can be rewritten as equation 2, where xi is
the vector x. This function has a range [-«, =].

X =x-w+b (D
f(X) =X Wi+ X1Wy + - + XnyWy +b (2)

This regression function will produce a constant value used for class recognition.

Various research communities have proposed CNN architectures to address computer
vision issues [21][24]. In this experiment, we studied character recognition of the Lampung
script using CNN. We take a dataset from 100 respondents, and then the dataset will be
trained and tested to get the best accuracy. The dataset is in 2D images taken using a
smartphone camera.

Convolution and subsampling technigues in CNN are primarily used to extract features
from raw input data. Convolution operations are multiplications of tiny kernel matrices, and
defined portions of a two-dimensional input matrix are used to achieve this goal. The kernel
will be shifted, and numerous multiplications will be performed from left to right and from
top to bottom across defined portions of the input matrix to generate a single dimension
more minor than the feature map of the input matrix. The equation for a convolution
operation is described in Formula 3 as stated below as follows:

N
Q=71 (Z Lii+ K;j+ Bj) (3)
i=1

Q; is an element of a single output matrix from a convolution operation. The output

matrix is produced from an activation function f. After computing the total of all
multiplications of the kernel matrixK; ; and the input matrix /;;, the bias value B_j is added
to the resultant matrix elements. Finally, it becomes the function's input. The activation
function f utilized in this investigation is a rectified linear unit (ReLU), which is defined in
the Formula below:
x (x =0)
f(x)_{O(x<0)

Each feature map will be subjected to a subsampling or pooling process after convolution
procedures for dimension reduction. This study employed the max-pooling function for
subsampling to retrieve notable features. A two-dimensional m x n kernel will choose the
most significant value of (m x n) nearby components and construct a single element for a
new feature map matrix to minimize the dimension of a single feature map. The kernel will
be moved from left to right and top to bottom to create a new feature map, similar to the
convolution process. A dropout regularization procedure is also used in the training phase
of the CNN model to reduce overfitting and enhance performance. Some neurons in CNN
layers will be deactivated randomly with Bernoulli distribution using the dropout technique.



Following then, all of the neurons in all layers of the CNN model will be stimulated again
during the testing phase.

In the CNN process, feature maps will be flattened after many convolution and
subsampling processes to be categorized using MLP or a fully-connected neural network.
A fully-connected neural network, often known as an MLP, comprises numerous layers.
Each layer consists of several neurons that will execute a matrix multiplication between an
input matrix x; and internal weights w;; as defined in Formula 4 as follows:

n 4
i=1

Where b; represents the bias value, n represents the number of neurons in a single layer,

and f represents an activation function.

Feature maps will be handled in the output layer after processing several layers. A
SoftMax function gives probabilities of classes p(x) to which the CNN input may belong as
the output layer of a fully-connected neural network or an MLP. A SoftMax function is
defined in Formula 5.

e* (5)
p(x) = ZK—

X
k=1€

One neural network model that employs a supervised learning method is CNN. This
implies that in the training phase, the model utilizes a cost function to compute the distance
between the model's output, the predicted class, and the actual class, the input, to update
the internal weight matrix. As a cost function, the CNN employs the cross-entropy error
function, which is defined in Formula 6 as follows:

E = —;(ti log(x) + (1 — t;) log(1 — x7)) ©)

In formula (6), t; is the target class and x; is the output of the CNN model.

The characters recognition dataset was divided into 80% for training and 20% for testing.
Xavier weight initialization was utilized in each training cycle to initialize internal weight
matrices in the CNN. During the testing phase, the performance of each fold in the CNN
will assess using a confusion matrix and the classification accuracy value. CNN can
correctly map the input dataset to the output dataset by changing the trainable parameters
and the number of hidden layers.

4. Experimental Setup

a. Main Idea

The primary purpose of this paper is to create a character recognition model using CNN.
We conduct handwriting recognition experiments using the learning methods to produce
higher results in image recognition. Given an input image take (RGB color), we conduct the
pre-processing data steps as converting the image to grayscale and binary images, finding
the contour of tokens in the image, and finding each character's contour in each token,
cutting each character and saving it. Several works demonstrated that the CNN model is
helpful in image recognition and performs excellent recognition accuracy on other types of
handwriting recognition [13][17].



B. Dataset

In this experiment, we collect a 2D dataset from a sample of 100 respondents'
handwriting. Then, we build the proposed learning model using the training and test
datasets to evaluate the performance model. First, we collect a sample of 2000 datasets
divided into 20 classes. This study divides the experiment dataset into two parts, 1600 for
training data and 400 for testing. Fig. 1 shows the primary letter of the character.

/(’/‘/V"L/w’
u//ad/”m

/\”"/""M/“/f‘//"
/W,V“A/l/h/

WA GHA

F|g 1. Script Characters

Table 1 shows details of the training and testing.

Dataset Sample
Data Training (80%) 1600
Data Testing (20%) 400
Total 2000

C. Data Pre-Processing

This study divides the pre-processing operation into five stages. The first step in the
proposed approach following the acquisition of the input document, the suggested
technique converts the colored picture to greyscale and conducts denoising processes.
After denoising, the contrast in the image will increase due to normalization. After data
normalization, the provided handwritten and segmentation input document will show the
boundary of each line. After line segmentation, words in each line will be extracted using
vertical segmentation. The limits of each character in a word are then marked to extract the
individual essence. [10].

D. Recognition Method

We gather the datasets in 2D images with length and width to conduct this study. Then
the data is resized and cropped to a size of 28x28 pixels. Then we change the features into
an array and store them into a vector to be used as input from fully connected. In data pre-
processing, Dense was simplified to 128 nodes. These results are used in the hidden layer
that sums the values between the input and output nodes using ReLU activation. Then,
following the pre-processing stage, we compute the acquired features to train the prediction
model. We divide the dataset into training and testing sections during the feature extraction
process. Thus, we use training datasets to develop or train models, whereas performance



or accuracy models use test datasets [13].

The next process of CNN is the pooling layer process that utilizes MaxPooling2D to the
maximum value in each output feature. In this study, we set the pool size of 2x2 in the
hidden layer of the neural network. The layers are randomly arranged to reject 20% of the
neurons to avoid overfitting. The fifth layer is the flattened layer, which converts the 2D
matrix data into a vector called Flatten. It enables a conventional, fully connected layer to
handle the output fully. Finally, the output layer has 20 neurons for each of the 20 classes.
We also calculate a SoftMax activation function to generate probability-like predictions for
each category.

5. Result & Analysis

A. Recognition Test

This experiment obtains a trade-off between accuracy and performance time by
adjusting various hyperparameters to acquire the best network performance. We set epoch
=100 and batch size = 64 with optimizer Adam throughout the training and testing phase.
Based on the classification test, our proposed model can produce an accuracy = 97.50%.
Table 2 shows training loss and training accuracy with Adam optimizer with
hyperparameter setting.

Table 2. Training loss and training accuracy
Hyperparameter Optimizer Training Loss Training Accuracy

Epoch =100 Adam 0.1250 0.9750
Batch size = 32
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Fig 3. Training and Validation Loss

Fig. 2 shows the training and validation accuracy, with a blue line as training and
purple as validation. The results of the training accuracy show a significant increase in the
accuracy graph. The training accuracy can produce a higher score by tuning several
hyperparameters. Fig. 3 shows the training and validation loss, where the training loss
shows a decreased value and makes a decreasing error rate.



B. Evaluation Metric

We calculate the evaluation metrics of a character recognition model to measure the
prediction quality of our model. in this phase, we calculate the precision score as the ratio
of correctly positive predictions to the overall positive predicted results, and recall is the
ratio of correct positive predictions compared to all correctly positive data. Obtaining the
Fl-score requires calculating the average value of precision and recall that describes a
harmonic average of precision and recall. Table 3 describes accuracy, precision, recall,
and F1 score values.

Table 3. The result of the classification report

Classification Precision Recall F1-
Report Score
0 0.955 0.995 0.975
1 0.995 0.955 0.975
Accuracy - - 0.975
macro avg 0.975 0.975 0.975
weighted avg 0.975 0.975 0.975

6. Conclusion

Traditional character recognition techniques rely on visual abilities or traditional image
processing methods. However, it remains weak in introducing many characters. Thus, to
deal with the issues, we construct a character recognition model using CNN to introduce
Lampung characters quickly and efficiently. In this experiment, we collect multiple datasets,
perform pre-processing, train our model by setting parameters to get high accuracy values,
then test the model using unseen samples.

The proposed model can make a trade-off between accuracy and performance time by
adjusting various hyperparameters. We set some hyperparameters to improve neural
network performance by setting epoch = 100, batch size = 32, and split validation = 0.02.
Based on the classification test, our approach can obtain an accuracy rate of 97.5% with a
loss accuracy value of 0.125%. Therefore, the proposed model can be a promising solution
for character recognition problems.

As future work, the next research can adopt other algorithms to improve this model,
such as using GAN or GCN architecture. Dynamic learning architecture such as GAN can
produce higher accuracy values because GAN can generate images from specific image
datasets, create high-quality data, and manipulate data properly.
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