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Abstract

Character recognition of historical handwritten stone inscription documents is a significant challenge for machine

learning algorithms due to the following inherent complexities of these texts: (1) Since these documents are aged and

heavily degraded, characters are superimposed with unwanted artifacts such as stains, deformations, and clutter. (2)

Characters are not very legible, as they contain spurious strokes due to the extension of ascenders and descenders of

adjacent overlapping characters. (3) Owing to the irregularity and variability of the script, multiple variants of the same

character are present, which can lead to ambiguity in interpretation. This paper presents a use case of historical

handwritten character recognition on a newly compiled EHHKSI (Estampages of Historical Handwritten Kannada Stone

Inscriptions) character dataset. The following experiments were conducted on this dataset: (a) transfer learning of various

convolutional neural networks (CNNs) and (b) data augmentation. The best recognition accuracy was achieved using the

Xception CNN model coupled with data augmentation.

Categories: AI applications, AI/ML-based decision support systems, Image Processing and Analysis

Keywords: historical handwritten documents, stone inscriptions, character recognition, classification, xception, deep learning, data

augmentation

Introduction

Kannada is one of the oldest languages in the world. It has added rich oral tradition to the world cultural heritage since

the 3rd century BCE. It is the official language of Karnataka, which is a native state of India. Karnataka has an enormous

amount of Kannada stone inscriptions covering a wide geographical and chronological range. These inscriptions bestow

information about the early and medieval history of the state. They are the most prime and genuine resources for the

study of social, political, literary, and cultural history of ancient Karnataka. The text on these inscriptions is inscribed in

Halegannada, which is the older version of the Kannada language. The modern community cannot recognize this text, as

the writing styles and scripts are very different from the contemporary ones. Only expert epigraphists can decode and

interpret this information and publish it in modern Kannada for the benefit of historians, linguists, and researchers.

Unfortunately, these precious heritage documents are endangered due to aging, harsh environmental conditions, and

risky handling. Ensuring that they do not become extinct will allow them to continue serving as references for further

research. Digitization of inscriptions increases their shelf life and provides easy access and inheritance of this antique
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treasure. Therefore, in modern times, archaeological agencies all over the world have undertaken substantial digitization

ventures to digitize their epigraphic corpus. They now preserve and maintain their digitized inscriptions in digital

libraries. However, these scanned and digitized documents cannot be edited, interpreted, or queried for their contents.

In order to address this problem, an efficient character recognition technology is required to convert the historical

characters into electronic text. The development of such a tool is a complex task due to variable fonts, scripts, dialects,

handwriting styles, and inherent degradation of the inscriptions. Moreover, due to the specificity of the Kannada script,

shape complexity of the characters, and the presence of characters with similar appearance, achieving efficient accuracy

in character recognition for historical Kannada is a herculean challenge. Therefore, a full-fledged character recognition

system for handling the compound characters of historical Kannada is not yet available. This article proposes a character

recognition model for the EHHKSI (Estampages of Historical Handwritten Kannada Stone Inscriptions) character dataset,

which is compiled by preprocessing the Estampage images as per our previous work [1]. This model transliterates the

character images to equivalent modern Kannada characters. Transfer learning of Convolutional Neural Networks (CNNs) is

performed for character classification. In order to equalize the quantity of samples in the dataset and improve

recognition accuracy, data augmentation is employed. The results of the experiments conducted have proved the

efficacy of the proposed model.

The key contributions of this work are as follows:

1) Historical handwritten character recognition of a newly compiled EHHKSI dataset is performed. EHHKSI is a multiclass

dataset, which is highly skewed in terms of number of samples classwise.

2) The proposed method produced promising results on heavily degraded historical documents due to stains, spurious

strokes, and deformation.

3)  The proposed model classifies the complete set of Kannada compound characters as opposed to the currently

available models for only selected Kannada characters.

Materials And Methods

Previous works on historical handwritten character recognition

Several research works on character recognition of historical handwritten documents have been published in the

literature. Initially, conventional classification methods like decision trees, support vector machines (SVM), K-nearest

neighbors (KNN), etc., were used to recognize historical characters. The main challenge with these classifiers is that

feature extraction, which is a prerequisite step, is a very tedious and time-consuming task. Subsequently, CNNs, which are

far more efficient and accurate classifiers, became popular. These classification models come with inbuilt feature

extraction pipelines, thus not requiring explicit feature extraction. Consequently, researchers in the field of historical

document processing have explored CNNs for historical character recognition. Previous works on recognition of

characters from historical handwritten documents are detailed further.

Traditional Classifiers

An linear discriminant analysis classifier was trained on geometric features and contextual information for recognition of

characters in handwritten historical Korean documents in a study by Kim et al. [2]. The recognition accuracy of this model

was 92.98%. For 8th-century Tamil consonant recognition, Rajakumar and Subbiah Bharathi [3] employed a self-adaptive

SVM trained with frequency-domain and time-domain features. The reported accuracy was 95%. For character

recognition of Greek historical documents, a hierarchical classification scheme based on sub-character image mass

features was employed by Vamvakas et al. [4], and an accuracy of 94% was achieved. For Telugu palm leaf characters,

correlation coefficient features and decision tree classifiers were deployed by Sastry et al. [5], and an accuracy of 93% was

achieved. KNN and random forest classifiers trained on Locally Linear Embedding and Generalized Discriminant Analysis

manifold learning features were presented by Cheriet et al. [6] for historical Arabic documents.
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Character recognition of historical archive documents based on a semi-supervised labeling technique was implemented

by Richarz et al. [7]. It achieved 86.2% accuracy. SVM classification in iVector space, which attained a 92.04% recognition

rate on Arabic documents, was proposed by Zha et al. [8]. Histogram of oriented shape context features and artificial

neural network classifiers were tried by Amrutha Raj et al. [9] for classification of Grantha script from very old palm leaf

manuscripts, and 96.5% accuracy was achieved. A neural network trained on Hough features was experimented with, and

an accuracy of 94% was achieved on Tamil scripts by Suganya and Murugavalli [10]. A KNN classifier, which learned the

distance and histogram profiles, was tested on palm scripts written in Telugu by Vijayalaxmi et al. [11], and an accuracy of

83.2% was achieved. Chinese calligraphy classification was performed by Pengcheng et al. [12], with 95% accuracy. They

used Global Image Structure Tensor and Scale-Invariant Feature Transform  feature descriptors to train a modified

quadratic discriminant function classifier. For character recognition of 9th- and 12th-century epigraphs, Manigandan et

al. [13] trained an SVM classifier with Scale-Invariant Feature Transform features. Histogram of oriented gradient features

and a KNN classifier yielded a recognition rate of 93.1% for Telugu palm leaf characters [14].

Convolutional Neural Networks

For historical Tangut character recognition, Zhang and Han [15] developed a deep learning model, which yielded 94%

accuracy. A deep CNN with the RMSprop training algorithm was employed by Roy et al. [16] for recognizing compound

characters of the Bangla language at an accuracy of 90.33%. A CNN for Chinese historical character recognition with an

accuracy of 95.44% was proposed by Yang et al. [17]. A CNN coupled with a data augmentation technique was used by

Avadesh and Goyal [18] for character recognition from Sanskrit documents, achieving 93.32% accuracy. An ACseq2seq

model was developed by Ly et al. [19] for a Japanese historical document dataset. It performed feature extraction using

CNN and feature sequence decoding/encoding using bidirectional long short-term memory and long short-term

memory methods. A variational auto-encoder was employed by Cao and Kamata [20] for augmentation of a historical

Japanese document dataset to improve the recognition rate. The K-means clustering algorithm was employed by Ma et

al. [21] to cluster 142 classes of Tibetan characters, which were trained and tested on a LeNet CNN for historical Tibetan

character recognition.

The training algorithms reported in the literature for training CNN models can be broadly classified into two categories:

gradient-based algorithms and evolutionary computing algorithms, as stated in a study by Gunen et al. [22]. A

comparative analysis of the performance of gradient-based training algorithms (i.e., scaled conjugate gradient, gradient

descent, and resilient backpropagation algorithms) for a hyperspectral image classification problem is given by Gunen et

al. [23]. In a study by Alzubaidi et al. [24], a report on the utilization of alternative gradient-based algorithms for

classification of various datasets is given. The weighted differential evolution algorithm was suggested by Civicioglu and

Besdok [25] to be more suitable for unimodal, multimodal, hybrid, separable, inseparable, and multi/single-objective real-

valued bounded and unbounded problems. According to Civicioglu and Besdok [26], compared to gradient-based

optimization methods, it is relatively easier to adapt evolutionary computing algorithm-based methods to the solution of

non-derivative, discontinuous, hybrid, or complex problems.

Historical Kannada Character Recognition

Among the very few published works on Kannada historical documents, Mohana and Rajithkumar [27] performed

detection of era and character recognition from old Kannada stone inscriptions belonging to the Ganga and Hoysala

dynasties. They used a template matching scheme made up of absolute difference coefficients for comparison. Gabor

and zonal features were extracted by Soumya and Hemantha Kumar [28] to train an artificial neural network classifier for

recognition of Kannada epigraphs, and a recognition accuracy of 80.2% was reported. Mean, Standard deviation and Sum

of Absolute difference Algorithm was proposed by Rajithkumar et al. [29] for character recognition of Kannada stone

inscription images. Character recognition of Halegannada stone inscriptions was performed by Chandrakala and

Thippeswamy [30] using transfer learning and AlexNet CNN, with an accuracy of 70%. Gray-level co-occurrence matrix

features were utilized by Bannigidada and Gudada [31] for classification of historical Kannada handwritten documents.

SVM, KNN, and linear discriminant analysis classifiers were used for recognition, and the best accuracy reported was

96.7%. A decision tree classifier trained on local binary pattern features was tested by Thippeswamy and Chandrakala [32]
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for recognition of the EHHKSI character dataset at 81% accuracy. Apart from these works, computerized methods were

devised by Nrupatunga and Arunkumar [33] to identify and recognize ancient Kannada inscription characters. An NGFICA

enhancement method was developed by Sreedevi et al. [34] to enhance degraded inscription images. A methodology for

era identification of ancient Kannada inscription images was developed by Puneeth et al. [35]. An optical recognition

system was presented by Bhat and Balachandra Achar [36] for identification of different time periods of Kannada stone

inscription characters. Artificial neural networks were used by Mohana et al. [37] for era identification and recognition of

ancient Kannada stone-inscribed characters.

Methods

Figure 1 depicts the proposed classification model. The EHHKSI character dataset consists of unequal and inadequate

samples in many character classes. In order to extend the samples in the character classes, image augmentation is

performed. Three affine mathematical transformations, namely rotation, translation, and scaling, are applied to augment

the dataset. After augmentation, the EHHKSI dataset is split into two sets, namely the training set and validation set in a

90:10 ratio, respectively. Transfer learning of Xception CNN is performed to customize it for classification of EHHKSI

characters. Then, the transfer-learned network is trained on the training set, which thus learns all the significant features

of the character images in the dataset and develops feature knowledge. The validation set is given to the model and the

recognition accuracy is calculated. The trained network learns the significant features of the validation set character

images and, based on its previous feature knowledge about the various classes of characters, classifies the validation set

into appropriate character classes.

FIGURE 1: Proposed classification model

CNN, Convolutional Neural Network; EHHKSI, Estampages of Historical Handwritten Kannada Stone Inscriptions

Image Augmentation
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Training on a large dataset avoids the overfitting problem and gives the CNN a better chance of achieving higher

validation accuracy. Augmentation of image datasets has proved to be effective in increasing the performance of deep

learning models, as it can extend the size of the dataset by simulating many variations of existing images. In the

proposed OCR model, image augmentation is carried out by applying three affine transformations on the EHHKSI dataset,

namely rotation, translation, and scaling. Mathematically, affine transformations are performed as:

Matrix A3×3 is multiplied by the vector of the original image coordinates to produce a new transformed image vector,

while still preserving the characteristics of the original image [38]. For each image in the EHHKSI character dataset,

rotation in the X and Y directions by ±20°, translation in the X and Y directions by ±5, and scaling by a factor of

0.0005  were performed to increase the number of samples in each character image class. Figure 2 shows sample

augmentation results on one of the original character images from the EHHKSI dataset.

FIGURE 2: Results of augmentation on a sample EHHKSI character image

EHHKSI, Estampages of Historical Handwritten Kannada Stone Inscriptions

Transfer Learning of Xception

The pretrained Xception CNN model is fine-tuned for training on the EHHKSI dataset. The Extreme Inception (Xception)

architecture improves the Inception architecture by using a linear stack of depthwise separable convolution layers with

residual connections. The Xception model is divided into three parts: Entry flow, Middle flow, and Exit flow, according to

Chollet [39]. The blocks of Entry flow take images of size 299 × 299 × 3 pixels and produce a feature map of 19 × 19 × 728

pixels. This feature map is further processed in the Middle flow and given to the Exit flow, which produces 2048-

dimensional feature vectors that can be used for classification of the input dataset. Figure 3 shows the architecture of a

single block of the Xception CNN model. Xception reduces computational complexity by increasing the width of each

block and exchanging a single 3 × 3 convolution followed by a 1 × 1 convolution, while also decoupling channel and
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spatial correspondence. Computations are made simpler by separately convolving each channel across spatial axes.

Subsequently, these axes are used as pointwise convolutions (1 × 1) for cross-channel correspondence and regularization

of channel depth, as per  Lo et al. [40]. Consequently, Xception can achieve higher learning efficiency and better

performance without reducing the number of parameters, as per Alzubaidi et al. [24].

FIGURE 3: Xception block architecture

Adaptive Moment (Adam) Estimation Algorithm

Adam estimation algorithm is employed to train the Xception CNN model on the EHHKSI dataset. The Adam learning

optimization algorithm is memory efficient and requires less computational power, as per Zhang  [41]. It calculates an

adaptive learning rate (LR) for each parameter in the model using a Hessian matrix, which employs second-order

derivatives, as stated in [24], thus achieving efficient learning. It is a gradient-based algorithm that uses squared gradients

to scale the LR and a moving average of gradients to improve the accuracy and training speed of the model. The Adam

algorithm is based on the following mathematical equation, where   is the weight for the connection from the i-th

input to the j-th neuron in the t-th layer, η stands for LR, E stands for prediction error, and  is the step size:

The training progress plot for the Xception model on EHHKSI dataset given in Figure 4 demonstrates the learning process

using Adam algorithm, and Figure 5 shows the corresponding validation accuracy plot.

How to cite this article:

HT C, Gowda Y N, G T (May 26, 2026) Historical Handwritten Kannada Character Recognition Using Deep Convolutional
Neural Network and Data Augmentation. Cureus J Comput Sci 3 : es44389-026-00084-0. DOI
https://doi.org/10.7759/s44389-026-00084-0 Page 6 of 17

Historical Handwritten Kannada Character Recognition Using Deep Convolutional Neural Network and Data Augmentation

javascript:void(0)
javascript:void(0)
https://assets.cureusjournals.com/artifacts/upload/figure/file/50377/lightbox_5f6af4d04d3011f1a91c2f67322fb641-Figure3600.png
https://assets.cureusjournals.com/artifacts/upload/figure/file/50377/lightbox_5f6af4d04d3011f1a91c2f67322fb641-Figure3600.png
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)


FIGURE 4: Training progress plot of Xception model
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FIGURE 5: Validation accuracy plot of Xception model

Validation accuracy of the Xception CNN model is computed as the percentage of the ratio of number of labels, which are

predicted correctly against the total number of labels using the below mathematical formula:

Results And Discussion

EHHKSI dataset

The EHHKSI data utilized for this study were obtained from the Archaeological Survey of India. This is a non-profit

organization that conserves priceless historical stone inscriptions belonging to ancient times in the form of estampages.

For the purpose of this study, the authors camera-captured the estampages belonging to the 11th-century Kalyani

Chalukyan dynasty and prepared the EHHKSI dataset [30]. There are 14 estampage images with a resolution of 2,330 ×

3,658 pixels in this dataset. These inscribed documents are written in Halegannada, an ancient counterpart of Kannada, a

principal language spoken in Karnataka, a state in South India. One of the estampage images is given in Figure 6.
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FIGURE 6: Sample EHHKSI document image

The EHHKSI images are heavily degraded. Figure 7 shows various types of degradations present in the original EHHKSI

document image. As demonstrated in the figure, they are contaminated by occlusions, stains, and holes. The separation

between the background and foreground text is highly unclear. Because the text is inscribed on stones, the boundaries

between the text lines are muddled. Also, there are curvilinear baselines and broken and overlapping characters in these

documents.

Furthermore, these credentials are handwritten. The handwritings vary among writers. Quite often, multiple variants of

the same character can also be seen, due to the irregularity and evolution of the script. Not all characters are written as a

single connected letter. Some characters contain spatially separated parts. This might cause ambiguity in their

interpretation. Halegannada script has 13 vowels  and 34 consonants. Using these base characters, a sum of 1,681

different compound characters can be formed [42]. These compound characters are of complex and nonuniform

structure, and moreover quite a few of them are very similar to each other. Since all these challenges need to be tackled,

it is a dreary task to build a character recognition system for this EHHKSI dataset.
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FIGURE 7: Challenges posed for the classification of EHHKSI dataset

EHHKSI, Estampages of Historical Handwritten Kannada Stone Inscriptions

Experimental setup

The EHHKSI dataset contains 1,260 character images that belong to 118 varieties of character classes. Handcrafting the

most distinguishing features from such a large character set is a complex task, given that the dataset consists of many

characters that are very similar to each other in terms of shape and size. Moreover, the performance of traditional

classifiers is directly dependent on the efficiency of the feature extraction stage. Therefore, CNNs, which contain an

inbuilt automatic feature extraction pipeline, are more suitable for the EHHKSI dataset. CNNs can learn all possible

features of the given data, thus are capable of providing higher recognition accuracy. In their previous work, the authors

developed a CNN classification model for recognition of EHHKSI characters [30]. However, the model suffered from an

overfitting problem as the dataset is highly skewed, with a variable number of samples across various character classes. It

was observed that the model could have performed better if there were an adequate number of training samples in each

class of the EHHKSI dataset. In this work, the skewness problem of the EHHKSI character dataset is tackled by extending

the number of samples of character images in each character class using an image augmentation technique, and higher

recognition accuracy is achieved by employing an Xception CNN model.

Results analysis

An example transliteration result obtained on the validation set of the EHHKSI dataset for a few character images of the

training set is shown in Figure 8a and b.
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FIGURE 8: (a) Few characters in the training set. (b) Transliteration of the validation set

The precision-recall curve (Figure 9) of the Xception classification model shows an area under the curve of 0.81, indicating

that the model could achieve both high precision and high recall on the EHHKSI dataset. The multiclass receiver

operating characteristic curve (Figure 10) of the Xception classification model shows a higher area under the curve, with

values in the range of 0.8 to 1.0 for all classes of the EHHKSI dataset, indicating that the model is superior and robust

despite the skewness in the number of samples across the classes of the dataset.
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FIGURE 9: Precision-recall (PR) curve

AUC, Area Under the Curve
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FIGURE 10: ROC curve

AUC, Area Under the Curve; ROC, Receiver Operating Characteristic

The comparative analysis of the classification accuracies achieved on the EHHKSI dataset using various classification

methods is given in Table 1.
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Classification Method Accuracy

Resnet 50 15%

Resnet 101 17%

Googlenet 22%

Alexnet CNN  45%

Decision Tree  81%

Alexnet with Augmentation 84%

Xception CNN with Augmentation 98%

TABLE 1: Comparative analysis of classification accuracies

CNN, Convolutional Neural Network

Figure 11 shows the comparison of classification accuracies graphically.

FIGURE 11: Accuracy comparison plot

CNN, Convolutional Neural Network
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Conclusions

In this work, we examine a use case of historical handwritten Kannada character recognition on a newly compiled EHHKSI

dataset. This dataset poses inherent challenges such as broken characters, stains, clutter, and muddled text lines.

Moreover, the character set is quite large, with many characters very similar to each other. This multiclass dataset is highly

skewed, as the number of training samples available is not equal. In order to perform character recognition on this

challenging dataset, we introduce a transfer-learned Xception CNN model coupled with data augmentation. Various

augmentation techniques have been employed to balance the skewness of the data samples, which remarkably

increased the recognition accuracy of the Xception classification model to 98%.
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