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Article Info ABSTRACT
Article history: The bangla alphabet includes vowels, consonants, and compound symbols. The
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characters into one graph. They are difficult to differentiate because they have
a sophisticated geometric shape and an immense variety of scripts used by dif-
ferent places and individuals. This is one of the greatest challenges in creating
effective optical character recognition (OCR) systems for bangla. In this paper, a
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Bangla using the AIBangla dataset. It has about 171 classes of bangla compound char-
BonoNet acters. A DCNN system, BonoNet, was designed to classify compound charac-
Compound characters ters. BonoNet outperformed all other state-of-the-art architecture on the test set
Deep convolutional neural and improved over current state-of-the-art architecture methods. BonoNet will
network greatly improve the automation and analysis of the bangla language by accu-
Handwritten rately identifying these compound complex characters.
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1. INTRODUCTION

Bangla is the seventh most widely spoken language on earth, and it is spoken by nearly 300 million
people in South Asia’s Bengali region. It is the official and national language of Bangladesh and is spoken
by close to 98% of Bangladesh’s population. The script of the language has vowels, consonants, and complex
letters within distinctive and separate visual structures, leading to a distinctive and elaborate system of writing.
This complexity has proven to be difficult for optical character recognition (OCR) to handle, especially in the
case of character recognition of handwritten documents on physical media. OCR technology has been prized as
an invaluable resource for digitizing written materials for many years, but bangla’s compound characters pose
unique challenges according to their structural complexity and diversity.
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Various computational solutions exist to be implemented in handwritten character recognition. These
include machine learning techniques, artificial neural networks (ANN), multilayer perceptrons (MLP), support
vector machines (SVM), and growing emphasis on deep learning models such as convolutional neural networks
(CNNSs) [IL], [2]. The CNNs themselves have long been in demand for having greater precision and less reliance
on human-created feature extraction. Their ability to learn visual features automatically at a hierarchical level
makes them extremely resourceful in image recognition and classification tasks.

Bangla script layout consists of 50 simple characters, out of which 11 are vowels and 39 are con-
sonants [3l]. They together create more than 171 compound characters by the combination of simple ones.
Despite remarkable advancements in studies, the majority of the earlier research mostly had an aim to recog-
nize simple characters only. Compound characters, due to their unpredictability and strong variability, have
been less explored in existing OCR models [4]. There thus remains an enormous scope for systems capable of
handling such complexity with robust accuracy and generalizability. Figure [T]shows examples of the simple
and compound characters used in this work.

........................................
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Figure 1. Bangla basic and compound characters example

In the recent past, several deep learning-inspired models have been introduced for bangla character
recognition. Ahmed et al. [5] introduced a deep convolutional neural network (DCNN) with 76,000 training im-
ages for character classification, while Ashiquzzaman et al. 6] employed exponential linear unit (ELU)-based
methods to enhance performance on the CMATERDB 3.1.3.3 dataset. Azad et al. [7] introduced DConvAEN-
Net, an autoencoder-DCNN combination, on datasets such as Banglalekha-Isolate and Ekush. Uddin et al. 8]
used hybrid ConvLSTM to show good performance on identifying bangla handwritten digits. Begum et al. [9]
used longest run (LR)+chain code histogram (CH) features, whereas Chakraborty and Paul [10] did bidirec-
tional conversion from simple to compound and vice versa. Chowdhury et al. [11]] achieved improved accuracy
using CNN with data augmentation, whereas Hasan et al. [12], [13] experimented with VGG-16, ResNet-50,
and DenseNet—identifying DenseNet particularly effective for simple as well as compound characters on the
Albangla dataset.

Other approaches followed handcrafted features and combination strategies. Kibria et al. [14]
employed SVM and MLP classifiers with local receptive field (LRF), histogram of oriented gradients (HOG),
and diagonal features, and Khan et al. [15] followed high performance on the BanglaLekha-Exclusive dataset
using SE-ResNeXt. Mukherjee ef al. [16] experimented with various learning methods on 10,000 bangla web
images. Saha ef al. [17], [[18] introduced BBCNet-15 for improved basic character recognition and compared
local binary pattern (LBP)-based descriptors under various classes. Sarika et al. [[19] demonstrated VGG-16
performance for Telugu script, and Rabi ez al. [20] demonstrated excellent results for KDANet on Banglal.ekha.
Pramanik and Bag [21] used chain-code features for compound character recognition using ICDAR and CMA-
TERdb databases. Koiso et al. [22] extended OCR research to Japanese script. Separately, Jishan et al. [1]] in-
tegrated NLP with hybrid neural networks for text image recognition, utilizing grammar analysis and language
modeling techniques, along with other researchers, used NLP to recognize different channels from images and
texts [23[]-[25]].

Despite such a heterogeneous body of work, most works still emphasize unique character recognition.
Handwritten compound characters are still difficult to classify since they are visually variable and contextually
variable. To address this issue, in this work, a shallow DCNN architecture named BonoNet is introduced that
is specifically targeted towards the accurate recognition of bangla compound characters. BonoNet outperforms
the state-of-the-art models ResNet and DenseNet on the AIBangla dataset. Unlike other methods, BonoNet
automates feature extraction and tackles the high intra-class similarity and inter-class variability common in
compound bangla characters.
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2. METHOD

In this section, the approach of selecting bangla compound characters which will be utilized is
explained. A skilled DCNN, *BonoNet’, has been designed to identify bangla compound characters efficiently.

The suggested approach is illustrated in Figure[2]
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Figure 2. Proposed methodology for compound character recognition

2.1. Data collection

The methodology that was suggested was adapted from the AlBangla dataset created by
Hasan er al. [12]]. The dataset consists of handwritten bangla characters through submissions of more than
2,000 individuals from various institutes in Bangladesh. It is a new benchmark in the field with a holistic use
case and performance benchmark. AlIBangla dataset has a large bangla character set, including 249,911 im-
ages for compound characters and 80,403 images for simple characters in 50 classes. As their dataset does not
contain any number data, AIBangla gathered 330,314 images for 221 classes. They also have a dataset of 171
compound characters in bangla, which we will use. The AIBangla dataset samples are represented in Figure 3]

Figure 3. Few examples of the dataset

2.2. Data preprocessing

Data processing is beneficial for improving accuracy and reducing the complexity of an image. Python
OpenCV was utilized to implement the preprocessing steps. Figure ] shows the preprocessing steps that were
adopted here. For achieving that, it was initiated by transforming RGB images into gray-scale to lower their
dimensionality and mitigate the load on the model. The dataset needs to be transformed to gray-scale so as to
cancel tone variability and noise. OpenCV library in Python is utilized for achieving that, which succeeds in
transforming images into gray-scale and removing noise by making use of Gaussian blur. Image thresholding
also reduces analysis by transforming images into binary black and white. Particularly utilized multi-otsu
thresholding, which classifies pixels into classes as per their intensity of gray level. With the use of OpenCV
under Python, multi-otsu thresholding is used over the dataset, enhancing its preparatory procedure. To find
precise handwritten compound characters, the unnecessary parts of the image are eliminated. Utilizing contour
detection from Python’s OpenCV, to detect the edges of Bangla compound characters. After detection, the
image is cropped to the size of the character. Image resizing is another critical step, which accelerates neural
network training by minimizing the pixels. In our instance, images are resized to 28 x28, leading to better
model results as presented in Figure 5. The results before pre-processing are shown in Figure [5(a) and after
pre-processing are shown in Figure [5[b).
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Figure 4. Data preprocessing steps of train and test data
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Figure 5. The dataset of (a) before preprocessing and (b) after preprocessing

Training, test, and validation sets have been divided. To be specific, 80% of the data were devoted
to training purposes, and 10% to test purposes, with the remaining 10% for validation purposes. Complex
characters are the center of attention, which are further classified into 171 categories. A total of 199,803
samples are present for utilization in training the model. A total of 25,123 samples are also present for testing
the model’s performance. Additionally, 24,908 samples are present for validating the performance of the model
while training it. The model can be exhaustively trained, tested, and validated with this provision.

2.3. Proposed method: BonoNet architecture

This DCNN produces 28x28 images with 7 convolutional layers, 3 fully connected layers, and 5
dropout layers. The first and second layers: kernel of size 3x3 and 32 filters. In the model, a batch-
normalization layer with pool size of 22 and without strides value is used after each convolution layer. Rectified
linear unit (ReLU) is an activation function for all convolutional layers, and max pooling is skipped by the first
layer. For reducing overfitting, a dropout layer is applied after the second layer, and then a max pooling layer.
All third and fourth convolutional layers consist of 64 filters with an activation function. ReLU activation func-
tion and a maxpooling layer were applied after the fourth layer. Batch normalization is applied everywhere
except the output layer. A dropout layer after the max pool layer is complete. 5", 6™, and 7™ have 128, 128,
and 256 filters. BatchNormalization followed by max pooling and dropout in each layer. Then we have the
flatten layer to classify, followed by three fully connected layers of 512, 512, and 171 neurons. Batchnormal-
ization layer on the last layer, dropout in the lower two. Uses softmax activation in the final layer. Figure [6]is
the proposed DCNN model.

2.4. Model breakdown

The BonoNet architecture is organized into three main components. It consists of a feature extractor
and a classifier. It also includes training parameters that optimize the overall performance of the model.
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2.4.1. Feature extractor

Feature extraction lies at the foundation of the BonoNet architecture, dealing with input image data ef-
ficiently. Raw inputs are converted into structured features through the application of several layers. Processing
initiates with an input layer, with the convoy layers for recognizing the features.

— Input layer: the model begins with an input layer that takes in the image data.

— Convolutional layers (Conv2D): multiple convolutional layers extract features from the image. Each
layer applies filters to detect patterns like edges, textures, and shapes at different levels of abstraction.

— ReLU activation: ReLU is used to introduce non-linearity, helping the model capture complex patterns.
— Batch normalization: this layer normalizes the output of the previous layer.

— Max pooling: max pooling downsamples the feature maps, reducing dimensionality and computational
cost while preserving important information.

— Dropout: dropout randomly deactivates a portion of neurons during training, preventing overfitting.

2.4.2. Classifier

Dense layers are fully connected layers that use the extracted features to determine the class of the
image. The architecture includes an initial dense layer with 512 units, followed by a layer with 1,024 units.
Finally, there is an output layer with a number of units equal to the number of classes.

2.4.3. Model training parameter

The proposed model was trained using a set of designated parameters optimized to ensure effective
convergence and generalization. Table [T| shows the parameters has been used in the proposed methodology.
These parameters were carefully selected to enhance the model’s training performance.
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Figure 6. BonoNet architecture

Table 1. Training parameters used for BonoNet

Parameter Value

Learning rate 0.0001
Decay factor 0.2

Early stopping patience 2
Loss function Categorical cross-entropy
Total epochs 100

Epochs before stopping 36

Evaluation dataset Fresh validation set

2.5. Benefits for image processing

The structure of a CNN is exactly what is needed to solve image processing problems because it
is possible to train it to learn hierarchical representations of visual features. The convolutional layers are
able to detect local features, and the pooling layers offer dimensionality reduction and translation invariance.
The dense layers then concatenate these features ultimately to enable accurate prediction. The use of batch
normalization and dropout methods improves training efficiency and generalization and thus makes the model
invariant to image data variation.
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3.  RESULTS AND DISCUSSION
3.1. Setup and environment

The research made use of the mentioned resources and specifications. The experiment was conducted
by using a CPU model Intel(R) Core (TM) i5-8265U running at 1.60 GHz and 1.80 GHz with 8§ GB of RAM.
The device is equipped with 8 GB of RAM, Intel(R) UHD Graphics 620 and NVIDIA GeForce MX110 GPU,
Toshiba MQO4ABF100 HDD, and Windows 11 Home operating system. The program was executed using
Jupyter Notebook 6. 4.12 as well as the Anaconda platform version 2.3.

3.2. Experiment results

The ‘BonoNet’ model was tested with 10% of images from the datasets. From the 171 classes of im-
age classification, this model acquired around 90.01% training accuracy and 89.99% validation accuracy. This
model also obtained 90.01% precision in the train and 90.01% in the validation set. Overall, it provided 90.01%
accuracy in recognizing bangla compound characters. Table 2] shows the result achieved in classification.

The evaluation criteria for the model depend on its performance with the validation dataset, which
contains 24,908 samples. The model’s precision, recall, and F1 score are all 0.90, indicating its 90% accuracy
in correctly identifying the class in its predictions (precision), in the actual instances present (recall), and in
overall performance considering both precision and recall (F1 score). This shows that the model is reliable and
effective in accurately predicting the correct classes for the validation data. Figure [/| shows the training and
validation accuracy of the ‘BonoNet’ model for identifying the Bangla compound characters.

Table 2. Detailed metrics of BonoNet model

Class Precision  Recall Fl-score  Support
class 0 0.89 0.89 0.89 1169
class 1 0.90 0.90 0.90 1170
class 170 0.89 0.89 0.89 1169
micro avg 0.89 0.90 0.90 199803
macro avg 0.90 0.89 0.89 199803
weighted avg 0.90 0.90 0.90 199803
Model accuracy Model loss
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Figure 7. BonoNet model training and validation accuracy and loss
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The charts display how well the model performed during 35 epochs. The model’s accuracy increases
as it trains, as shown in the left plot. Both training and validation accuracy initially begin at a low level and
quickly improve, reaching a plateau of about 90%, indicating improved predictive abilities of the model. The
model’s loss, which is a measure of error, is displayed on the plot to the right. The beginning and final states
for both training and validation loss start quite high and proceed to drop off significantly until both levels sta-
bilize at a low level. This shows that the model is learning effectively, with errors decreasing as it undergoes
training. In general, the data indicates that the model is performing uniformly well on both the training and val-
idation sets, achieving high accuracy with minimal errors. The ‘BonoNet’ model successfully classified com-
pound characters with intricate structures, leading to lower errors compared to simple and numeral characters.
Table[3] displays the comparison between the accuracy and class categorization of the ‘BonoNet’ model and
the current model.

Table 3. Comparison with existing and proposed models

Name Number of classes/images ~ Accuracy (%)
Chakraborty and Paul [10] 300,000 89.20
Hasan et al. [12] 171 81.83
Kibria et al. [14] 171 85.91
Pramanik and Bag [21]] 171 88.74
Saha et al. [17] 171 73.3
Proposed Model (BonoNet) 171 90.01

Here, Table [3] illustrates the precision of various models in identifying bangla compound charac-
ters. In their study, Chakraborty and Paul [10] obtained an 89.20% accuracy using a vast dataset containing
300,000 images. Hasan et al. [12], Kibria et al. [14], Pramanik and Bag [21]], and Saha er al. [17] utilized
datasets comprising 171 classes and attained accuracies of 81.83%, 85.91%, 88.74%, and 73.3% in the same
order. Similarly, the BonoNet model, which was proposed, utilized a dataset consisting of 171 categories and
managed to reach an accuracy rate of 90.01%, the highest among all models. This indicates that the BonoNet
model is more accurate than the other models for this particular task. The ‘BonoNet” model surpasses various
models to achieve improved results in recognizing compound characters.

4. CONCLUSION

Recently, CNN has gained much notice due to its advanced ability to categorize images effectively.
The model is consistently relevant. The 'BonoNet” model, developed with CNN, outperformed the prior model
in accurately recognizing bangla compound characters. We utilized the model to improve the results. The
model 'BonoNet’ can achieve optimal recognition accuracy for accurate identification of bangla compound
characters. Conclusions were compared to the graphs generated to verify the model. Graphs were produced
for accuracy and loss functions at each cycle. The proposed models achieved a 90.01% level of accuracy. To
enhance the model’s accuracy for potential growth in the future. Using more advanced and operational devices
in addition to our trained device can enhance the accuracy of the proposed model. The training potential of
the dataset will grow as time is saved. Increasing the size of the datasets for training and validation could
potentially improve the odds. Alternatively, the model can be trained using larger image input sizes in order
to potentially improve results. Only individual bangla compound characters can be used with the suggested
method. In the future, we aim to combine simple and complex bangla characters to define a complete bangla
word within a sentence.
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