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1.Introduction 
Character recognition (CR) plays a crucial role in 

various modern technologies, particularly in artificial 

intelligence, pattern recognition, and computer vision 

[1–5]. CR can be classified into two main categories: 

offline recognition, which deals with character 

identification from static images, and online 

recognition, which focuses on real-time recognition 

during writing [6–8]. Efficient CR systems require 

extensive datasets and advanced algorithms to 

achieve accurate results. Among various scripts, 

Devanagari stands out due to its complexity.  

  

 
*Author for correspondence 

It is used in languages like Hindi, Sanskrit, Nepali, 

and Marathi, featuring 11 vowels, 33 consonants, and 

additional modifiers, called Matras, that change the 

characters' forms. Additionally, the Shirorekha, or 

headline, which connects characters within a word, 

adds a further layer of intricacy to the recognition 

process [9–13]. 

 

Despite significant progress in handwritten character 

recognition (HCR), achieving both high accuracy and 

processing speed remains challenging. Variability in 

handwriting styles, image noise, and Devanagari's 

unique features, such as Matras and compound 

characters, complicate accurate recognition [14–16]. 

In many cases, current systems prioritize accuracy, 
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often at the expense of real-time performance. 

Furthermore, there is a need for improved 

optimization of preprocessing, feature extraction, and 

classification techniques for complex scripts like 

Devanagari. 

 

The main objective of this paper is to enhance the 

accuracy and efficiency of handwritten Devanagari 

CR. A novel methodology is proposed to address key 

challenges in preprocessing, feature extraction, and 

classification, aiming to balance high recognition 

accuracy with computational efficiency. 

 

The key contributions of this study are as follows: 

• A comprehensive feature extraction framework 

that integrates speeded-up robust features (SURF), 

Gabor filters, zone transformation, and the radon 

transform to capture diverse and discriminative 

character attributes. 

• Implementation of an arithmetic-trigonometric 

optimization algorithm (ATOA) for effective 

feature selection, reducing dimensionality while 

preserving essential characteristics relevant to 

classification. 

• Deployment of a Bayesian-optimized support 

vector machine (BO-SVM) classifier to enhance 

recognition accuracy by fine-tuning 

hyperparameters through Bayesian optimization. 

 

These contributions aim to create a robust and 

efficient HCR system, particularly for the Devanagari 

script. 

 

The remainder of the paper is structured as follows: 

Section 2 reviews relevant literature. The proposed 

methodology is detailed in section 3, followed by 

results and discussion in section 4 and section 5 

respectively. Section 6 concludes the paper with key 

findings and future directions. 

 

2.Literature review 
The domain of HCR encompasses a broad range of 

methodologies designed to improve recognition 

accuracy and robustness. These techniques 

incorporate feature extraction, classification, and 

deep learning methods to address the challenges 

posed by diverse scripts and complex handwriting 

styles. 

 

Neural network and feature-based methods 

Neural networks (NN) were employed in [17] for 

segmenting and recognizing Devanagari characters 

by integrating geometric features from skeletonized 

images with statistical properties such as pixel 

density. This approach improved character 

identification performance; however, it was hindered 

by the complexity of manual feature engineering, 

which required substantial computational resources 

and expert intervention, ultimately increasing the 

overall time and cost of development. 

 

In contrast, [18] utilized a convolutional neural 

network (CNN) for optical character recognition 

(OCR) of the Devanagari script. CNNs demonstrated 

strong capabilities in extracting spatial hierarchies 

within data, leading to high recognition accuracy. 

Nevertheless, the model struggled to generalize 

across varied handwriting styles, revealing 

limitations in training data diversity and adaptability. 

Furthermore, the reliance on texture-specific patterns 

restricted the model's effectiveness when applied to 

diverse scripts and handwriting variations, thereby 

reducing its applicability in real-world scenarios. 

 

Gabor filters, as demonstrated in [19], effectively 

detected textures and edges, achieving 85.73% 

accuracy for Gurmukhi script recognition. However, 

this approach also faced challenges in 

generalizability, as its dependency on specific texture 

patterns limited performance across different writing 

styles and scripts. To overcome such limitations, [20] 

introduced a method that combined Gabor filter 

banks with classifiers such as k-nearest neighbors 

(KNN), SVM, and probabilistic neural networks (P-

NN). This integration led to a notable 98.15% 

accuracy in script differentiation. Despite its 

impressive performance, the method introduced 

significant computational overhead, which posed 

scalability concerns when applied to large datasets or 

real-time applications. 

 

Scale-invariant feature transform (SIFT) and 

Incremental learning 

In [21], SIFT features were employed in conjunction 

with a SVM classifier to segment characters from 

historical manuscripts without the need for 

binarization. While the method proved effective, 

SIFT exhibited sensitivity to variations in 

illumination and noise, which compromised its 

robustness under suboptimal imaging conditions. 

Further advancements were explored in [22], where 

incremental learning was combined with SIFT 

features and the expectation-maximization algorithm 

for object recognition. This approach demonstrated 

adaptability to new data by continuously updating the 

learning model. However, despite its potential, the 

incremental learning framework showed a tendency 

to overfit during updates, thereby limiting its 
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practical application in dynamic environments where 

data distributions frequently change. 

Dimensionality reduction and classification 

Dimensionality reduction techniques were evaluated 

in [23], where principal component analysis (PCA) 

and linear discriminant analysis (LDA) were applied 

to high-dimensional datasets to enhance classification 

performance. PCA demonstrated effectiveness in 

preserving overall data variance; however, it posed 

the risk of discarding discriminative features that are 

crucial for accurate classification, particularly in the 

context of complex scripts such as Devanagari. In 

contrast, LDA emphasized class separability but may 

be less effective when class distributions are non-

linear. For Devanagari CR, SVM-based approaches 

reported in [24] achieved an accuracy of 90.75% for 

printed text and 92.15% for handwritten characters, 

as indicated in [25]. Nonetheless, these methods often 

require intensive preprocessing steps, such as Shiro 

Rekha removal, which can introduce additional 

computational overhead and increase system 

complexity, potentially affecting real-time 

applicability. 

 

Deep learning and transfer learning approaches 

Recent advancements in deep learning have 

substantially enhanced the accuracy of HCR. CNNs 

and long short-term memory (LSTM) networks, as 

explored in [26–28], have shown promising results in 

multilingual text detection. However, these models 

often struggle to generalize effectively across 

complex scripts due to the need for extensive and 

diverse training data. To address this, transfer 

learning with pre-trained architectures such as 

InceptionV3, DenseNet, and visual geometry group 

(VGG) networks was examined in [29], achieving 

recognition accuracies of approximately 92%. While 

these models offer reduced training time and 

improved feature extraction capabilities, their high 

computational requirements pose significant 

challenges for real-time deployment. For instance, 

DenseNet-121, used in [30], employed dense 

connectivity patterns to enhance feature reuse and 

gradient flow, yielding strong performance. 

Nonetheless, its increased model complexity and 

computational overhead limit scalability. Similarly, 

the InceptionV3 architecture, as demonstrated in 

[31], effectively handled diverse features but 

encountered difficulties related to training complexity 

and resource-intensive deployment. Overall, despite 

their high accuracy, the reliance on large datasets and 

computationally demanding models reduces the 

practicality of deep learning-based approaches for 

time-sensitive or resource-constrained applications. 

Feature extraction and hybrid methods 

Histogram of oriented gradients (HOG) features, 

when combined with artificial neural networks 

(ANNs), achieved 84% accuracy for Devanagari text 

recognition as reported in [32]. While this approach 

demonstrated effectiveness, its performance was 

adversely affected by small or imbalanced datasets, 

which often led to biased predictions and reduced 

model reliability. Further improvements were 

observed in [33], where HOG features were 

integrated with multi-layer perceptron (MLP) and 

SVM classifiers, resulting in an improved accuracy 

of 87%. However, the dependence on manual feature 

extraction processes limited the model's adaptability 

to more complex or diverse datasets. In addition, 

wavelet-based techniques, as presented in [34], 

achieved a higher accuracy of 93% for Devanagari 

numeral recognition by leveraging hierarchical 

feature representations. Despite this success, the 

interpretability of wavelet-derived features posed a 

significant challenge, complicating both model 

transparency and decision-making. Similarly, the use 

of invariant moments in [35] yielded 82% accuracy 

for characters and 97% for numerals but exhibited 

high sensitivity to noise and variations in handwriting 

styles, which constrained its robustness in practical 

applications. 

 

Advanced architectures and comparative analyses 

The study presented in [36] introduced a deep 

convolutional neural network (DCNN) with layer-

wise learning for CR, achieving an accuracy of 95%. 

While the model demonstrated strong performance, 

its heavy dependence on large, labeled datasets for 

training constrained its generalization capabilities and 

posed significant challenges for deployment in 

resource-limited environments. In a related effort, 

[37] proposed a multilingual CNN-based approach 

that attained individual language accuracies of 

95.54% for English, 93.60% for Hindi, and 91.58% 

for Bengali, resulting in a combined accuracy of 

92.47%. However, the necessity to train separate 

models for each language undermined the scalability 

of the approach, particularly in applications involving 

diverse writing styles or multilingual content. 

Additionally, the integration of the integral histogram 

of oriented displacement (IHOD) as a shape 

descriptor in [38] enhanced classification accuracy to 

97.45% by combining local and global text features 

with a MLP classifier. Despite its high discriminative 

capability, the method’s reliance on a limited portion 

of global structural information restricted its 

effectiveness in handling complex handwriting 
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patterns and noisy data, thereby limiting its 

robustness in real-world scenarios. 

 

The reviewed literature illustrates a diverse array of 

methods and advancements in HCR, reflecting both 

significant achievements and notable challenges. 

Techniques such as CNNs and transfer learning have 

substantially improved recognition accuracy and 

efficiency across various scripts. However, many 

methods are constrained by high computational 

demands, susceptibility to overfitting, and limitations 

in generalizing across different handwriting styles. 

NN-based approaches, including CNNs and deep 

learning models like VGG and DenseNet, have 

demonstrated impressive results but often at the cost 

of increased computational requirements. Transfer 

learning with pre-trained models, such as AlexNet 

and Inception, has proven effective but still faces 

challenges related to computational expense and 

model generalization. Feature extraction techniques, 

including Gabor filters, HOG, and SIFT, have shown 

their strengths in specific contexts but also their 

limitations in handling diverse handwriting styles and 

large-scale documents. Methods that combine feature 

extraction with advanced classifiers, such as SVMs 

and MLPs, have achieved high accuracies but often 

involve complex preprocessing and substantial 

computational overhead. 

 

The proposed research paper aims to address these 

challenges by integrating advanced techniques into a 

unified methodology. It starts with precise row and 

column segmentation to improve character isolation, 

essential for varied writing styles. The hybrid feature 

extraction method combines SURF for local features, 

Gabor filters for texture, zone transformation for 

region-specific attributes, and radon transform for 

orientation encoding. The ATOA is employed to 

enhance feature selection, while the BO-SVM 

classifier is used to refine the recognition process. 

This integrated approach seeks to balance accuracy 

with computational efficiency, addressing current 

limitations and setting a new benchmark in HCR. 

 

3.Proposed methodology 
The proposed approach for HCR involves a multi-

step process to enhance accuracy. Figure 1 shows the 

block diagram for the proposed approach. Initially, 

the input images undergo row and column 

segmentation to isolate individual characters. 

Subsequently, a hybrid feature extraction strategy is 

employed, combining techniques such as SURF for 

local feature detection, Gabor filters for texture and 

edge information, zone transformation for region-

specific attributes, and radon transform for 

orientation details. To streamline the recognition 

process, feature selection using ATOA optimization 

identifies the most relevant features. The final step 

involves training a BO-SVM classifier with 

optimized hyperparameters for accurate character 

classification. 

 

 
Figure 1 Proposed character recognition with hybrid features 

 

3.1Pre-processing 

The application of pre-processing techniques to word 

or character images serves the purpose of enhancing 

recognition accuracy by normalizing the images and 

reducing noise in the signal. Binarization, which 

converts images to black and white, simplifies the 

image and highlights crucial features. Normalization, 

on the other hand, standardizes image appearances, 
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reducing variations between characters and words, 

thereby enhancing recognition reliability. While pre-

processing is not obligatory, its utilization has 

demonstrated its potential to enhance recognition 

outcomes. Additionally, some pre-processing steps 

aid in feature extraction [5]. 

 

Another crucial phase of pre-processing is 

segmentation, which extracts relevant information for 

recognition. In the context of this research, 

segmentation is achieved through the strategic 

separation of rows and columns within the image [39, 

40]. This process isolates individual characters or 

words, enabling subsequent analysis and 

classification. Segmentation prepares the image data 

for recognition tasks, improving accuracy and 

efficiency. 

 

3.2Rows and column-wise segmentation 

The provided information is structured as a 

symmetrical matrix denoted by 𝑌 = (𝑌𝑖𝑗)
1≤𝑖,𝑗≤𝑛

, with 

a size of 𝑛 × 𝑛. In this arrangement, each cell 𝑌𝑖𝑗  

signifies the similarity existing between images 𝑖 and 

𝑗. It is postulated that there exist 𝐾∗ divisions in rows 

(and consequently in columns) labeled as 1 ≤ 𝑡1
∗ <

⋯ < 𝑡𝑘
∗ ≤ 𝑛 − 1, signifying the boundaries 

encompassing the aspired (𝐾∗ + 1)2 segments. For 

any given pair (𝑘, 𝑙) belonging to the set {1, … , 𝐾∗ +
1}2, we denote the block 𝑅𝑘𝑙

∗  formulated by [41] in 

Equation 1: 

𝑅𝑘𝑙
∗ = 

{(𝑖, 𝑗) ∈ {1, … , 𝑛}2|
𝑡𝑘−1

∗ + 1 ≤ 𝑖 ≤ 𝑡𝑘
∗  

and 𝑡𝑙−1
∗ + 1 ≤ 𝑗 ≤ 𝑡𝑙

∗} (1) 

 

With the convention that 𝑡0
∗ = 0 and 𝑡𝐾∗+1

∗ = 𝑛. 

 

3.3Feature extraction 

Feature extraction plays a critical role in CR, 

particularly in the context of intricate scripts like 

Devanagari characters. To effectively capture the 

diverse aspects of character structure and variations, 

a pioneering hybrid feature extraction approach is 

introduced. This approach amalgamates several 

distinct methods, each serving a unique purpose. 

SURF is leveraged for pinpointing local features, 

Gabor Filters are employed to extract texture and 

edge information, zone transformation is harnessed to 

encapsulate region-specific attributes, and the radon 

transform is utilized to accurately capture orientation 

details. By combining these techniques, the hybrid 

approach offers a holistic representation of character 

features, significantly enhancing the recognition 

process for complex scripts like Devanagari. 

3.3.1Feature description using SURF 

SURF is a feature extraction algorithm used to detect 

and describe keypoints in an image. It's particularly 

robust to changes in scale, rotation, and illumination. 

Keypoint Localization and Refinement 

• Initial Keypoint Detection: Keypoints are initially 

detected using the Hessian matrix, which is 

computed at different scales to identify prominent 

features. The Hessian matrix is given by Equation 

2: 

𝐻(𝜎) = [
𝐷𝑥𝑥(𝜎) 𝐷𝑥𝑦(𝜎)

𝐷𝑥𝑦(𝜎) 𝐷𝑦𝑦(𝜎)
]  (2) 

 

The determinant of the Hessian matrix helps in 

identifying keypoints are provided in Equation 3: 

𝐷𝑒𝑡(𝐻(𝜎)) = 𝐷𝑥𝑥(𝜎) ⋅ 𝐷𝑦𝑦(𝜎) − (0.9 ⋅ 𝐷𝑥𝑦(𝜎))
2

 

     (3) 

 

• Localization Refinement: To improve the accuracy 

of keypoint localization, a sub-pixel refinement is 

applied. This involves fitting a quadratic function 

to the local region around the keypoint to achieve 

more precise localization. The refined keypoint 

location (𝑥′, 𝑦′) is computed as per Equation 4: 

[
𝑥′

𝑦′] = [
𝑥
𝑦] −

1

2
⋅ 𝐻−1 ⋅ ∇𝐷   (4) 

Where ∇𝐷 represents the gradient of the determinant 

response and 𝐻−1 is the inverse of the Hessian 

matrix. 

• Scale Selection: To accurately determine the scale 

of the keypoint, the scale-space extrema are 

examined. Keypoints are detected at multiple 

scales by analyzing the Laplacian of gaussian 

(LoG) responses as per Equation 5: 

 

𝐿𝑜𝐺(𝑥, 𝑦, 𝜎) =
𝜕2𝐺(𝜎)

𝜕𝑥2 ∗ 𝐼(𝑥, 𝑦)  (5) 

 

Keypoints are selected where the response is a local 

maximum in both the scale and spatial domain. 

 

Orientation Assignment for Rotation Invariance 

• Orientation Assignment: To ensure rotation 

invariance, each keypoint is assigned a dominant 

orientation based on the local gradient directions. 

The orientation is computed by Equation 6: 

𝑂𝑟𝑖𝑒𝑛𝑡𝑎𝑡𝑖𝑜𝑛(𝑥, 𝑦, 𝜎) =

arg max
𝜃

(∑ ∑ Magnitude(𝑥𝑖 , 𝑦𝑗 , 𝜃)𝑗𝑖 ) (6) 

 

Where Magnitude(𝑥𝑖 , 𝑦𝑗 , 𝜃) is the gradient 

magnitude in direction 𝜃, and the summation is over 

all the pixels in the keypoint neighborhood. 
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• Orientation Histogram: A histogram of gradient 

orientations is computed in a region around each 

keypoint. The peak in this histogram determines 

the orientation assigned to the keypoint. 

 

Descriptor Construction 

• Subregion Formation: Around each keypoint, the 

region is divided into a 4 × 4 grid, resulting in 16 

subregions. Each subregion captures local texture 

information around the keypoint. 

• Haar Wavelet Responses: For each subregion, 

Haar wavelet responses are calculated in both 𝑥 

and 𝑦 directions. The Haar wavelet responses 𝐷𝑥 

and 𝐷𝑦  are computed as shown in Equations 7 and 

8: 

𝐷𝑥 = 𝐼𝑖 (𝑥 +
𝑤

2
, 𝑦) − 𝐼𝑖 (𝑥 −

𝑤

2
, 𝑦)  (7) 

𝐷𝑦 = 𝐼𝑖 (𝑥, 𝑦 +
𝑤

2
) − 𝐼𝑖 (𝑥, 𝑦 −

𝑤

2
)  (8) 

 

Where w is the size of the subregion. 

• Descriptor Generation: The feature descriptor is 

formed by concatenating the Haar wavelet 

responses from all subregions. This results in a 

high-dimensional vector is presented in Equation 

9: 

𝐷𝑒𝑠𝑐𝑟𝑖𝑝𝑡𝑜𝑟 = [𝐷𝑥1, 𝐷𝑦1, 𝐷𝑥2, 𝐷𝑦2, … , 𝐷𝑥16, 𝐷𝑦16] 

     (9) 

Where 𝐷𝑥𝑖  and 𝐷𝑦𝑖  are the Haar wavelet responses 

for each subregion 𝑖. 
• Normalization: The descriptor is normalized to 

reduce sensitivity to changes in illumination. 

Equation 10 involves L2 normalization: 

𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 𝐷𝑒𝑠𝑐𝑟𝑖𝑝𝑡𝑜𝑟 =
Descriptor

‖Descriptor‖2
 (10) 

 

Bag of Words Model 

• Descriptor Clustering: The descriptors obtained 

from all images are clustered using the K-means 

algorithm to create a set of visual words. The 

clustering is performed as follows in below 

Equation 11: 

𝑉{𝑣1, 𝑣2, … , 𝑣𝑘}    (11) 

 

Where 𝑘 is the number of clusters (visual words) and 

𝑉 represents the set of visual words obtained from the 

clustering. 

• Histogram Representation: Each descriptor is 

assigned to the nearest visual word cluster. This 

assignment results in a histogram of visual words 

for each image is shown in Equation 12: 

 

𝐻𝑖𝑠𝑡𝑜𝑔𝑟𝑎𝑚 = [ℎ1, ℎ2, … , ℎ𝑘]  (12) 

Where ℎ𝑖 denotes the frequency of the 𝑖𝑡ℎ visual 

word in the image. 

 

• Feature Vector Construction: The histograms of 

visual words for each image are used to form the 

final feature vectors. This approach reduces the 

dimensionality of the feature space and represents 

each image by a histogram of visual words. The 

histograms are normalized to ensure consistency 

across images with varying sizes and descriptor 

counts shown in Equation 13: 

𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 𝐻𝑖𝑠𝑡𝑜𝑔𝑟𝑎𝑚 =
𝐻𝑖𝑠𝑡𝑜𝑔𝑟𝑎𝑚𝑖

sum(𝐻𝑖𝑠𝑡𝑜𝑔𝑟𝑎𝑚𝑖)
   (13) 

  

It ensures that histograms are scaled between 0 and 1, 

making them invariant to differences in image size 

and descriptor density, and thus improving the 

robustness of the feature representation against 

illumination changes and other variations. 
3.3.2Feature extraction using gabor filters 

Gabor filters are designed to capture local frequency 

and orientation information in an image. The Gabor 

filter stands as a composite sinusoidal plane 

oscillation modified by a Gaussian envelope. The 

universal formula for a two-dimensional (2D) Gabor 

filter within the spatial realm is represented by the 

Equation 14: 

𝐺(𝑥, 𝑦; 𝜆, 𝜃, 𝜓, 𝜎, 𝛾) =
1

2𝜋𝜎2
𝑒

−
𝑥′2+𝛾2𝑦′2

2𝜎2 𝑒
𝑖(2𝜋

𝑥′

𝜆
+𝜓)

 

     (14) 

 

Where: 

• 𝑥, 𝑦 are the spatial coordinates. 

• 𝑥′ = 𝑥 cos(𝜃) 𝑦 sin(𝜃), 𝑦′ = −𝑥 sin(𝜃) +
𝑦 cos(𝜃) are rotated coordinates. 

• 𝜆 is the wavelength of the sinusoidal factor. 

• 𝜃 is the orientation of the normal to the parallel 

stripes of the Gabor function. 

• 𝜓 is the phase offset. 

• 𝜎 is the standard deviation of the Gaussian 

envelope. 

• 𝛾 is the spatial aspect ratio. 

 

The following are the parameter selection criterion 

for the Gabor filter: 

• Wavelength λ: The wavelength λ of the sinusoidal 

factor in Gabor filters determines the frequency of 

the sinusoidal wave. It affects how well the filter 

captures texture and edge information. Typical 

values are chosen based on the expected texture 

size in the character images. For handwritten 

characters, wavelengths between 2 to 10 pixels are 

often effective. 
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• Orientation θ: The orientation θ specifies the 

direction of the sinusoidal wave relative to the 

image axes. Multiple orientations (e.g., 0°, 45°, 

90°, 135°) are generally used to capture features at 

different angles. The choice of orientations ensures 

comprehensive coverage of directional features in 

the text. 

• Phase Offset 𝜓: The phase offset ψ is often set to 0 

or π/2 to control the phase shift of the sinusoidal 

wave. Common practice is to use multiple phase 

offsets to capture different textural characteristics. 

• Standard Deviation σ (Gaussian Envelope): The 

standard deviation 𝜎 of the Gaussian envelope 

determines the filter's bandwidth. It is usually set 

proportional to the wavelength 𝜆. For instance, if 𝜆 

is set to 4 pixels, a common choice for σ might be 
𝜆

2
. 

• Spatial Aspect Ratio 𝛾: The aspect ratio 𝛾 controls 

the shape of the Gaussian envelope. A typical 

value is 𝛾 = 1 for isotropic filters, but values less 

than 1 or greater than 1 can be used to capture 

elongated features. 

• Basis for Selection: These parameters are often 

selected based on the nature of the handwritten 

characters and empirical performance on 

validation datasets. A parameter optimization 

approach, such as grid search or cross-validation, 

is commonly used to find optimal values. 

 

Convolution with Gabor filters 

The application of Gabor filters involves the 

convolution with the image to produce responses 

characteristic of Gabor filters. The process of 

convolution in the spatial domain corresponds to the 

operation of multiplication within the frequency 

domain as presented in Equation 15. 

𝐺𝑎𝑏𝑜𝑟 𝑅𝑒𝑠𝑝𝑜𝑛𝑠𝑒 (𝑥, 𝑦; 𝜆, 𝜃, 𝜓, 𝜎, 𝛾) =
𝐼𝑚𝑎𝑔𝑒(𝑥, 𝑦) ∗ 𝐺(𝑥, 𝑦; 𝜆, 𝜃, 𝜓, 𝜎, 𝛾)  (15) 

 

In the case of each individual image, the Gabor filter 

reactions are harnessed to produce an assemblage of 

feature vectors. The constitution of these feature 

vectors can be achieved by capturing the magnitude 

of the Gabor filter responses at every pixel location 

or by calculating statistics within predefined 

segments. Determine the magnitude of Gabor filter 

responses as per Equation 16: 

𝑀𝑎𝑔𝑛𝑖𝑡𝑢𝑑𝑒(𝑥, 𝑦) = |𝐺𝑎𝑏𝑜𝑟𝑅𝑒𝑠𝑝𝑜𝑛𝑠𝑒(𝑥, 𝑦)| (16)  

 

Divide the image into blocks and calculate statistics, 

such as mean and variance, for the magnitudes in 

each block. 

 

3.3.3Zoning 

Zoning involves dividing the character image into 

smaller non-overlapping zones and analyzing the 

distribution of pixel intensities or other features 

within each zone. This helps capture local variations 

in the character's shape and texture. For simplicity, 

let's assume we divide the character image into a grid 

of 𝑀 × 𝑁 zones. 

 

Let the character image be represented by the matrix 

𝐼(𝑥, 𝑦), where (𝑥, 𝑦) represents the pixel coordinates. 

Each zone's pixel intensity distribution can be 

represented by a histogram, which can then be used 

as a feature vector. The histogram for zone (𝑖, 𝑗) can 

be calculated using the following Equation 17: 

𝐻𝑖𝑗(𝑘) = ∑ ∑ 𝛿(𝐼(𝑥, 𝑦) − 𝑘)
𝑦𝑒𝑛𝑑
𝑦=𝑦𝑠𝑡𝑎𝑟𝑡

𝑥𝑒𝑛𝑑
𝑥=𝑥𝑠𝑡𝑎𝑟𝑡

  (17) 

 

Where: 

• 𝐻𝑖𝑗(𝑘) is the histogram bin count for intensity 

value 𝑘 in zone (𝑖, 𝑗). 

• 𝛿(𝑥) is the Dirac delta function, which equals 1 if 

𝑥 = 0 and 0 otherwise. 

• (𝑥𝑠𝑡𝑎𝑟𝑡 , 𝑦𝑠𝑡𝑎𝑟𝑡) and (𝑥𝑒𝑛𝑑 , 𝑦𝑒𝑛𝑑) define the pixel 

range of the zone (𝑖, 𝑗). 

• The resulting histograms for all zones will form 

the feature vector for the Zoning step. 
3.3.4Radon transform 

The radon transform is a mathematical operation that 

captures the distribution of intensities along different 

angles in the image. It is particularly useful for 

capturing the orientation and slant of characters. The 

radon transform of an image 𝐼(𝑥, 𝑦) at angle 𝜃 and 

distance 𝜌 is given by Equation 18: 

𝑅(𝜃, 𝜌) = ∫ ∫ 𝐼(𝑥, 𝑦)𝛿(𝑥 cos(𝜃) + 𝑦 sin(𝜃) −
∞

−∞

∞

−∞

𝜌)𝑑𝑥𝑑𝑦     (18) 

 

Where: 

• 𝑅(𝜃, 𝜌) is the radon transform at angle 𝜃 and 

distance 𝜌. 

• 𝛿(𝑥) is the Dirac delta function. 

• 𝜃 is the angle of projection. 

• 𝜌 is the perpendicular distance from the origin. 

• The Radon Transform provides a projection profile 

for each angle 𝜃, capturing the variation of pixel 

intensities along that angle. 

 

Selection of derivatives for radon transform: 

• Angle 𝜃: The angle 𝜃 specifies the projection 

angles for the radon Transform. A set of angles 

(e.g., every 1 or 5 degrees from 0° to 180°) is used 

to capture the orientation of features in different 

directions. 
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• Distance 𝜌: The distance 𝜌 represents the 

perpendicular distance from the origin in the radon 

space. It is typically chosen based on the size of 

the input images. The distance range is generally 

set to cover the width of the character images, 

ensuring that projections are fully captured. 

• Basis for Selection: The angles are chosen to 

ensure complete coverage of potential character 

orientations. The distance 𝜌 is selected based on 

the dimensions of the image to ensure that the 

transform covers all possible projections. 
3.3.5Concatenation of SURF, Gabor features, zoning 

feature vectors and radon transform 

In our proposed methodology for CR, we integrate 

Gabor filter responses with SURF features as part of 

a comprehensive feature extraction process that also 

includes zoning feature vectors and radon transform. 

This integration aims to enhance the representation of 

texture, edges, and other structural attributes of 

characters. Here's a detailed explanation of how 

Gabor filter responses are combined with SURF 

features: 

SURF for Local Feature Detection: 

• Keypoint Detection: SURF detects and describes 

keypoints based on the Hessian matrix, which 

identifies prominent features in the image across 

various scales and orientations. 

• Descriptor Computation: SURF descriptors are 

computed using Haar wavelet responses in a grid 

around each keypoint. These descriptors capture 

local texture patterns and gradients, providing a 

robust representation of keypoints. 

Gabor Filters for Texture and Edge Information: 

• Filter Responses: Gabor filters are applied to the 

entire image to extract texture and edge 

information. These filters capture patterns and 

details across different orientations and scales. 

• Magnitude Calculation: The magnitude of the 

Gabor filter responses at each pixel location is 

calculated to obtain detailed texture and edge 

features. 

Integration of Gabor and SURF Features: 

• Feature Extraction from SURF: For each keypoint 

detected by SURF, we compute the SURF 

descriptors that represent local texture and edge 

information around the keypoint. 

• Feature Extraction from Gabor Filters: The entire 

image is processed with Gabor filters to capture 

texture patterns and edge details at a global level. 

This results in a set of features that describe 

texture and edge information across the image. 

• Feature Concatenation: To integrate these features, 

we concatenate the SURF descriptors with the 

Gabor filter responses. The concatenated feature 

vector 𝐹𝑆𝑈𝑅𝐹–𝐺𝑎𝑏𝑜𝑟   can be represented as per 

Equation 19: 

𝐹𝑆𝑈𝑅𝐹–𝐺𝑎𝑏𝑜𝑟 =
[𝐷𝑆𝑈𝑅𝐹1, 𝐷𝑆𝑈𝑅𝐹2, … , 𝐷𝑆𝑈𝑅𝐹𝑛 , 𝐺1, 𝐺2, … , 𝐺𝑚] (19) 

Where 𝐷𝑆𝑈𝑅𝐹𝑖  represents the SURF descriptors for 

each keypoint, and 𝐺𝑗 represents the Gabor filter 

magnitudes. 

Combining with Other Features: 

• Zoning Feature Vectors: In addition to the 

concatenated SURF and Gabor features, zoning 

feature vectors are included, which capture local 

intensity distributions within specific regions of 

the image. 

• Radon transform: The radon transform projections, 

which capture orientation information, are also 

concatenated to the feature vector. 

Unified Feature Vector Construction: 

• The final combined feature vector 𝐹 is constructed 

by concatenating SURF features, Gabor filter 

responses, zoning features, and radon transform 

projections are provided in Equation 20: 

𝐹 = [𝐷𝑆𝑈𝑅𝐹1, 𝐷𝑆𝑈𝑅𝐹2 , … , 𝐷𝑆𝑈𝑅𝐹𝑛 , 𝐺1, 𝐺2, … , 𝐺𝑚 , 𝐻1

, 𝐻2, . . . , 𝐻𝑘 , 𝑅(𝜃1, 𝜌1), 𝑅(𝜃2, 𝜌2), . . . , 𝑅(𝜃𝑁, 𝜌𝑁)] 
     (20)   

Where 𝐻𝑖  are the zoning histograms and (𝜃𝑗, 𝜌𝑗) are 

the radon transform projections. 

Benefits of Integration: 

• Enhanced Texture and Edge Detection: The 

combination of SURF's local feature descriptors 

with the global texture and edge information from 

Gabor filters results in a more comprehensive 

feature representation. 

• Improved Recognition Performance: Integrating 

these features with zoning and radon transform 

further enriches the feature vector, capturing a 

wide range of character attributes and improving 

recognition accuracy. 

 

By integrating Gabor filter responses with SURF 

features, and combining them with zoning and radon 

transform features, our approach ensures a robust and 

detailed representation of characters, leading to 

improved accuracy in HCR. 

 

3.4Feature selection using ATOA optimization 

The ATOA [42] is a metaheuristic algorithm that is 

used to select features for handwritten Devnagari CR. 

The algorithm works by iteratively updating a 

population of solutions. Each solution is represented 

by a vector of binary values, where each value 

indicates whether or not the corresponding feature is 

selected. In each iteration, the algorithm does the 

following: 
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1. Creates a new solution by perturbing one of the 

existing solutions. 

2. Evaluates the fitness of the new solution using the 

ATOA objective function. 

3. Selects the new solution if it has a better fitness 

than the existing solution. 

4. Repeats steps 2-3 until a stopping criterion is met. 

 

The ATOA objective function is designed to select a 

set of features that maximizes the recognition 

accuracy. The objective function is defined in 

Equation 21 as follows [42]: 

𝑓(𝑋) = ∑ 𝑦𝑖 log(𝑝(𝑦𝑖|𝑋))𝑁
𝑖=1   (21) 

 

Where: 

• 𝑋 is the set of selected features. 

• 𝑁 is the number of classes. 

• 𝑦𝑖  is the ground truth label for the 𝑖𝑡ℎ character. 

• 𝑝(𝑦𝑖|𝑋) is the probability of the 𝑖𝑡ℎ character 

being correctly classified given the set of selected 

features 𝑋. 

 

The ATOA algorithm has been shown to be effective 

in selecting features for handwritten Devnagari CR. 

Here are the mathematical equations for the ATOA 

algorithm. 

Initialization: The population of solutions is 

initialized randomly. Each solution is a vector of 

binary values, where each value indicates whether or 

not the corresponding feature is selected as shown in 

Equation 22. 

𝑋𝑖(0) ∼ {0,1}𝑛, 𝑖 = 1,2, … , 𝑁   (22)  

Where: 

• 𝑁 is the population size. 

• 𝑛 is the number of features. 

 

Perturbation: A new solution is created by perturbing 

one of the existing solutions. The perturbation is done 

by randomly flipping one of the binary values in the 

solution as per Equation 23. 

𝑋𝑡 = 𝑋𝑖⨁𝑢    (23) 

 

Where: 

𝑋𝑡 is the new solution. 

𝑋𝑖 is the existing solution. 

𝑢 is a random vector of binary values. 

Fitness Evaluation: The fitness of the new solution is 

evaluated using the ATOA objective function. The 

objective function is calculated using the ground truth 

labels and the probabilities of the characters being 

correctly classified in Equation 24. 

𝑓(𝑋𝑡) = ∑ 𝑦𝑖 log(𝑝(𝑦𝑖|𝑋𝑡))𝑁
𝑖=1   (24) 

 

Where: 

• 𝑦𝑖  is the ground truth label for the 𝑖𝑡ℎ character. 

• 𝑝(𝑦𝑖|𝑋𝑡) is the probability of the 𝑖𝑡ℎ character 

being correctly classified given the set of selected 

features 𝑋𝑡. 

 

Selection: The new solution is selected if it has a 

better fitness than the existing solution. The solution 

with the best fitness is selected as the final solution as 

per Equation 25. 

𝑓(𝑋𝑡) > 𝑓(𝑋𝑖)    (25) 

 

Stopping Criterion: The algorithm terminates if a 

stopping criterion is met, such as a maximum number 

of iterations or a minimum fitness value. 

 

Additional Notes: 

• The population size, 𝑁, is a user-defined 

hyperparameter. 

• The probability distribution for generating the 

random vector 𝑢 is a user-defined hyperparameter. 

• The stopping criterion is also a user-defined 

hyperparameter. 

 

3.5Classifier 

BO-SVM offers significant advantages in the realm 

of CR. This approach combines the power of SVM, a 

robust classification algorithm, with Bayesian 

optimization, a sophisticated search technique. In the 

context of CR, where accuracy is paramount, BO-

SVM offers a tailored solution for identifying optimal 

hyperparameters. Bayesian optimization efficiently 

explores the SVM's hyperparameter space to identify 

configurations that improve CR performance. This 

involves iteratively selecting hyperparameters based 

on probabilistic predictions, evaluating accuracy, and 

refining the model. This dynamic process ensures 

that the SVM is fine-tuned to extract the most 

relevant features and make accurate character 

classifications. Complex scripts like Devanagari 

require a comprehensive approach, and BO-SVM 

enhances recognition accuracy by balancing 

parameters such as kernel type and regularization. As 

a result, BO-SVM could revolutionize CR tasks, 

especially for intricate scripts, contributing to more 

accurate and efficient recognition systems. 

 

Classifier training and testing using concatenated 

features 

Classifier Training: The concatenated feature vectors 

are used to train a classifier for CR as presented in 

Equation 26. 

𝐶𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑟 = 𝑇𝑟𝑎𝑖𝑛 𝐶𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑟  
(𝐶𝑜𝑚𝑏𝑖𝑛𝑒𝑑 𝐹𝑒𝑎𝑡𝑢𝑟𝑒 𝑉𝑒𝑐𝑡𝑜𝑟, 𝐿𝑎𝑏𝑒𝑙𝑠 (26) 
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Classifier Testing: The trained classifier is used to 

recognize characters in new images based on their 

concatenated feature vectors, shown in Equation 27. 

𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝐿𝑎𝑏𝑒𝑙𝑠 = 𝐶𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑟(𝑃𝑎𝑡𝑡𝑒𝑟𝑛𝑠)    (27)  

 

By combining the strengths of selected features 

approach aims to capture a comprehensive range of 

information from the images, including both local 

structure and textural features. This approach can 

lead to improved CR accuracy. 

The steps of the approach are shown below. 

Preprocessing: 

   - Input: Image 

   - Output: Segmented characters 

   - Steps: 

     a. Convert to grayscale 

     b. Binarize and denoise 

     c. Perform row and column segmentation 

Feature Extraction: 

   - Input: Segmented characters 

   - Output: Feature vector 

   - Steps: 

     a. Extract local features using SURF 

     b. Extract texture using Gabor filters 

     c. Extract region-based features using Zoning 

     d. Extract orientation using radon transform 

     e. Concatenate all features into a single vector 

Feature Selection (ATOA): 

   - Input: Feature vectors 

   - Output: Optimized features 

   - Steps: 

     a. Initialize population of binary solutions 

(selected features) 

     b. Evaluate and update solutions based on fitness 

(SVM accuracy) 

     c. Repeat until stopping criteria are met 

Classification (BO-SVM): 

   - Input: Optimized features 

   - Output: Predicted labels 

   - Steps: 

     a. Train SVM with Bayesian Optimization to tune 

hyperparameters 

     b. Test on dataset and evaluate performance 

(accuracy, precision) 

Final Output: 

   - Input: Predicted labels 

   - Output: Recognized characters 

   - Steps: 

     a. Map predicted labels to characters 

     b. Output recognized characters 

 

 

 

 

4.Results 
4.1Evaluation parameters 

Table 1 shows the evaluation parameters used in this 

research, based on which the accuracy, precision, 

sensitivity, and F1-score are calculated. 

 

Table 1 Evaluation parameters 
TP (True 

Positive) 

“Indicated the number of characters that were 

classified as correctly classified” 

TN (True 

Negative) 

“Indicated the number of characters that were 

classified as not classified correctly” 

FP (False 

Positive) 

“Indicated the number of characters that were 

classified as incorrectly classified” 

FN (False 

Negative) 

“Indicated the number of characters that were 

classified as not Classified incorrectly” 

 

These parameters (Table 1) are essential for 

evaluating the performance of classification models 

and are used to derive key metrics as follows 

(Equations 28-31): 

Accuracy = (TP + TN) / (TP + TN + FP + FN) (28) 

Precision = TP / (TP + FP)       (29) 

Sensitivity (Recall) = TP / (TP + FN)                 (30) 

F1-Score = 2 × (Precision × Recall) / (Precision + 

Recall)           (31) 

 

4.2Dataset 
4.2.1Handwritten Marathi Devanagari characters 

dataset 

The Handwritten Marathi Devanagari Characters 

dataset, available on Kaggle, comprises 58 distinct 

handwritten Devanagari characters, including 12 

vowels, 36 consonants, and 10 numerals. The dataset 

was curated by Shalaka Deore and collected from 

individuals across various age groups to ensure 

diversity in handwriting styles. Each character is 

represented by 100 samples, resulting in a total of 

5,800 grayscale images. All images are uniformly 

sized at a resolution of 28×28 pixels [43]. 
4.2.2Devanagari handwritten character dataset (DHCD) 

UCI dataset 

The DHCD showcasing handwritten Devanagari 

characters, accessible through University of 

California, Irvine (UCI), is comprised of 92000 

monochromatic images of Devanagari characters that 

were scribed by 46 distinct individuals. This 

collection encompasses the entire gamut of 36 

consonants, 14 vowels, and 10 numerals featured 

within the Devanagari script. Each image bears 

dimensions of 32×32 pixels.  
4.2.3CPAR database 

Character pattern recognition (CPAR) stands as a widely 

employed repository for research pertaining to the 

recognition of Devanagari characters. Within its confines 

reside 35,000 isolated handwritten numerals and an 
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additional 83,300 characters. This trove has been 

accumulated from individuals hailing from varied age 

groups, religious backgrounds, and educational levels. This 

eclectic assemblage renders the database an accurate 

reflection of the multifarious handwriting styles 

encountered in the real world. 

4.2.4Dongre and Mankar database 

The Dongre and Mankar database boasts a 

compilation of tagged image file format (TIFF) 

format images comprising 5137 numerals and 20305 

characters, all captured through the contributions of 

750 different writers. 

 

4.3Results 

Figure 2 shows the comparative analysis of accuracy 

between SVM and BO-SVM when trained and tested 

on various datasets reveals a clear advantage for BO-

SVM. Across different datasets, the accuracy 

achieved by BO-SVM consistently surpasses that of 

traditional SVM. This outcome establishes BO-SVM 

as the obvious choice due to its consistently higher 

accuracy rates. This performance improvement 

highlights the effectiveness of Bayesian optimization 

in refining the SVM's hyperparameters for better 

classification outcomes, making BO-SVM a 

compelling and preferred approach for CR tasks.  

 

Table 2 provides a thorough comparative analysis of 

the classification performance of BO-SVM across 

multiple datasets used for CR. The metrics evaluated 

include accuracy, error rate, sensitivity, specificity, 

precision, false positive rate, F1-score, Matthews 

Correlation (MCC), and Kappa statistic. On the 

Marathi dataset, BO-SVM achieved a high accuracy 

of 95.83%, with sensitivity and specificity values of 

95.83% and 98.61%, respectively. In the DHCD UCI 

dataset, BO-SVM attained an even higher accuracy 

of 98.53% and a specificity of 99.51%. For the 

CPAR database and the Dongre and Mankar 

database, the BO-SVM demonstrated accuracies of 

96.67% and 97.22%, respectively, while maintaining 

strong performance across precision, F1-score, MCC, 

and Kappa statistics. These results highlight the 

effectiveness of BO-SVM in delivering robust and 

reliable CR performance across a variety of datasets, 

demonstrating its consistent ability to achieve high 

accuracy and reliable performance metrics. 

 

 
Figure 2 Comparative analysis of accuracy with ATOA optimized hybrid features on various dataset trained and 

tested with SVM and BO-SVM 

 

Table 2 Comparative analysis of classification result with various dataset on BO-SVM with ATOA optimized hybrid 

features 
Parameters Handwritten marathi devanagari 

characters dataset 

DHCD UCI 

Dataset 

CPAR 

Database 

Dongre And Mankar 

Database 

Accuracy 0.9583 0.9853 0.9667 0.9722 

Error 0.0417 0.0147 0.0333 0.0278 

Sensitivity 0.9583 0.9853 0.9667 0.9722 

Specificity 0.9861 0.9951 0.9889 0.9907 

Precision 0.9623 0.9861 0.9682 0.975 

False Positive Rate 0.0139 0.0049 0.0111 0.0093 

F1-Score 0.9586 0.9853 0.9669 0.9721 

Matthews Correlation 

Coefficient 

0.9462 0.9808 0.9562 0.9642 

Kappa 0.8889 0.9608 0.9111 0.9259 
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Table 3 provides a detailed comparative analysis of 

classification performance using the BO-SVM with 

various feature sets for CR. The features evaluated 

include SURF-BOW with Gabor Filters, GABOR 

features, zoning-based features, radon transform-

based features, and hybrid features. This analysis 

covers multiple performance metrics such as 

accuracy, error rate, sensitivity, specificity, precision, 

false positive rate, F1-score, MCC, and Kappa 

statistic. 

 

Among the features evaluated, hybrid features 

achieve the highest accuracy of 98.53%, clearly 

surpassing other feature sets. SURF features also 

perform exceptionally well, with an accuracy of 

97.5%. The consistently high specificity across all 

feature sets demonstrates their strong ability to 

correctly identify negative instances, while the F1-

scores for hybrid features and SURF indicate a well-

balanced precision-recall performance. The Matthews 

Correlation Coefficient and Kappa statistics further 

highlight the robustness of the hybrid features and the 

superior performance of SURF. These results 

collectively demonstrate the effectiveness of hybrid 

and SURF features in delivering high accuracy and 

robust classification outcomes through the BO-SVM 

approach, reinforcing their potential for CR tasks. 

 

Table 3 Comparative analysis of classification result with various features on BO-SVM 
Parameters Surf Bow Gabor Zoning Radon 

transfporm 

Hybrid features 

Accuracy 9.75E-01 0.9643 0.9417 0.9559 0.9853 

Error 2.50E-02 0.0357 0.0583 0.0441 0.0147 

Sensitivity 1.00E+00 0.9643 0.9417 0.9559 0.9853 

Specificity 9.50E-01 0.9881 0.9806 0.9853 0.9951 

Precision 9.52E-01 0.9643 0.9464 0.9625 0.9861 

False Positive Rate 5.00E-02 0.0119 0.0194 0.0147 0.0049 

F1-Score 9.76E-01 0.9643 0.9421 0.957 0.9853 

Matthews Correlation Coefficient 9.51E-01 0.9524 0.9243 0.9442 0.9808 

Kappa 9.50E-01 0.9048 0.8444 0.8824 0.9608 

 

Table 4 provides a comparative analysis of various 

advanced methods for HCR, highlighting the 

performance of state-of-the-art approaches. Previous 

research has employed a range of techniques and 

datasets. For instance, Narang et al. [16] utilized a 

combination of MLP, NN, CNN, decision trees, and 

random forests on Devanagari ancient text, achieving 

an accuracy of 88%. Gaikwad et al. [44] achieved 

93.6% accuracy using discrete cosine transform 

(DCT) and geometric features with LDA on 

Devanagari characters. Sahare et al. [45] excelled 

with the CPAR dataset by employing feature 

component distribution function (FCDDF), feature 

component curvature function (FCCF), and 

normalized curvature features (NCF) combined with 

a statistical neural KNN classifier, attaining an 

impressive accuracy of 98.26%. Reddy and Babu 

[23] reached a 95.57% accuracy on the UCI dataset 

using CNN for feature extraction and a deep feed-

forward NN for classification. In contrast, our 

proposed method integrates a novel hybrid feature 

extraction approach that combines SURF, Gabor 

filters, zoning, and radon transform, along with an 

ATOA-optimized feature selection algorithm. When 

applied to the UCI, Dongre and Mankar, CPAR, and 

Marathi datasets, this method demonstrates superior 

performance with accuracies of 98.53%, 97.22%, 

96.67%, and 95.83%, respectively. This consistent 

outperformance across multiple benchmarks 

underscores the effectiveness and robustness of the 

proposed BO-SVM approach in enhancing CR 

accuracy. 

 

Table 4 Comparative analysis of classification result with various state of arts 
Authors Database Features Extracted Classifier Accuracy 

(%) 

Narang et al., 

[16] 

Devanagari 

ancient text 

Intersection and open endpoint, Centroid, 

Horizontal peak extent, Vertical peak extent 

Simple majority voting on 

MLP, NN,CNN, decision tree, 
random forest 

88% 

Gaikwad et 

al., [44] 

Devnagari DCT, Geometric features LDA 93.6% 

Sahare et al., 
[45] 

CPAR FCDDF+FCCF+NCF Statistical Neural KNN 98.26% 

Reddy and 

Babu [23] 

UCI Features extracted by CNN Deep feed-forward neural 

network with 2 hidden layers 

95.57 % 
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Authors Database Features Extracted Classifier Accuracy 

(%) 

Proposed 
method 

UCI SURF BOVG + Gabor + Zoning, +Radon 
+ATOA optimized feature selection algorithm 

. 

BO-SVM 98.53% 

Proposed 

method 

Dongre and Mankar 

dataset 

SURF BOVG + Gabor + Zoning, + Radon + 

ATOA optimized feature selection algorithm . 

BO-SVM 97.22% 

Proposed 

method 

CPAR dataset SURF BOVG + Gabor + Zoning, + Radon + 

ATOA optimized feature selection algorithm . 

BO-SVM 96.67% 

Proposed 

method 

Handwritten Marathi 

Devanagari Characters 
Dataset 

SURF BOVG + Gabor + Zoning, +Radon + 

ATOA optimized feature selection algorithm . 

BO-SVM 95.83% 

 

5.Discussion 
The results presented in this study highlight the 

significant advantages of the BO-SVM approach for 

CR tasks. As illustrated in Figure 2 and detailed in 

Tables 2 and 3, BO-SVM consistently outperforms 

conventional SVM models across various datasets 

and feature sets. These findings confirm the 

effectiveness of Bayesian optimization in fine-tuning 

SVM hyperparameters, resulting in enhanced 

classification accuracy and overall model 

performance. Specifically, the BO-SVM achieved 

accuracies ranging from 95.83% to 98.53%, 

surpassing those of traditional SVM techniques. 

Beyond improved accuracy, the model also 

demonstrated strong performance across sensitivity, 

specificity, precision, and F1-score metrics. The 

integration of a hybrid feature extraction strategy—

combining SURF, Gabor filters, zoning, and Radon 

transform—contributed notably to these outcomes, 

with the highest recorded accuracy reaching 98.53%. 

 

The robustness of the BO-SVM model and the 

effectiveness of hybrid feature extraction techniques 

highlight its strong potential for CR tasks. The ability 

to integrate advanced feature extraction methods with 

Bayesian optimization has proven to substantially 

enhance classification outcomes. This makes the BO-

SVM approach particularly valuable in practical 

applications that demand high accuracy, such as 

automated document processing and digital text 

recognition systems, where precise character 

classification is critical. 

 

A comparative analysis with state-of-the-art methods 

reveals that the proposed approach surpasses existing 

CR technologies. While previous methods, such as 

those by Narang et al. [16], Gaikwad et al. [44], 

Sahare et al. [45], and Reddy et al. [23], achieved 

notable results, they were outperformed by the BO-

SVM model. The combination of hybrid features and 

Bayesian optimization consistently provided superior 

accuracy across various datasets. This comparative 

advantage demonstrates the potential of the BO-SVM 

approach to significantly advance the field of CR, 

suggesting that this methodology can provide a 

robust solution for handling complex CR tasks in 

diverse applications. 

 

5.1Limitations 

While the BO-SVM approach demonstrates strong 

performance, several limitations are evident. The 

datasets used in this study may not fully capture the 

range of handwriting variations encountered in real-

world settings, including differences influenced by 

demographic and cultural factors. This could affect 

the model's ability to generalize effectively. 

Additionally, the computational complexity of the 

BO-SVM method has not been addressed, which may 

pose challenges for implementation in resource-

constrained environments. The model’s 

generalization capability to unseen data has not been 

thoroughly assessed, limiting insights into its 

practical deployment in diverse scenarios. Moreover, 

the performance of the model under noisy conditions 

or when characters are occluded has not been 

extensively examined, which may impact its 

robustness in real-world applications. 

 

A complete list of abbreviations is listed in Appendix 

I. 

 

6.Conclusion and future work 
This paper presents an innovative methodology that 

advances the field of HCR by achieving substantial 

improvements in accuracy. The strength of the 

proposed approach lies in its systematically 

coordinated sequence of stages, each contributing to 

enhanced recognition performance. The process 

begins with effective character segmentation using 

row and column isolation, providing a reliable 

structural foundation. This is followed by the 

introduction of a hybrid feature extraction technique 

that combines SURF, Gabor filters, zone 

transformation, and radon transform to capture 

comprehensive character descriptors. Feature 

selection is further refined through the ATOA 
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optimization algorithm, which emphasizes the most 

discriminative features to improve classification 

outcomes. The proposed framework demonstrates 

superior performance over existing benchmarks, 

attaining a maximum recognition accuracy of 

98.53%. The methodology concludes with the 

training of a BO-SVM classifier, which utilizes 

optimized hyperparameters to achieve high-precision 

character classification. This integrated pipeline 

ensures both robustness and operational efficiency in 

HCR applications.  

 

Future research will explore deep learning-based 

feature extraction and classification techniques using 

CNNs to further enhance recognition accuracy. 

Additionally, transfer learning approaches will be 

examined to improve generalization across diverse 

and heterogeneous datasets. Optimization of the 

system for real-time handwritten CR in resource-

constrained environments will also be a key focus to 

ensure both efficiency and practical applicability.  
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Appendix I 
S. No. Abbreviation Description 

1 ANN Artificial Neural Network 

2 ATOA Arithmetic-Trigonometric 

Optimization Algorithm 

3 BO Bayesian Optimized 

4 BO-SVM Bayesian-optimized Support Vector 
Machine 

5 CNN Convolutional Neural Network 

6 CPAR Character Pattern Recognition 

7 CR Character Recognition 

8 DCNN Deep Convolutional Neural Network 

9 DCT Discrete Cosine Transform 

10 DHCD Devanagari Handwritten Character 

Dataset 

11 FCCF Feature Component Curvature 
Function 

12 FCDDF Feature Component Distribution 

Function 

13 HCR Handwritten Character Recognition 

14 HOG Histogram of Oriented Gradients 

15 IHOD Integral Histogram of Oriented 

Displacement 

16 KNN K-Nearest Neighbors 

17 LDA Linear Discriminant Analysis 

18 LoG Laplacian of Gaussian 

19 LSTM Long Short-Term Memory 

20 MLP Multi-Layer Perceptron 

21 NCF Normalized Curvature Features 

22 NN Neural Networks 

23 OCR Optical Character Recognition 

24 PCA Principal Component Analysis 

25 PNN Probabilistic Neural Networks 

26 SIFT Scale-Invariant Feature Transform 

27 SURF Speeded-Up Robust Features 

28 SVM Support Vector Machine 

29 TIFF Tagged Image File Format 

30 VGG Visual Geometry Group 
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