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 The classification of handwritten numerals is a vital and challenging task in 

developing automated systems, including postal address sorting and license 

plate recognition. The present study elucidates a new methodology for 

recognizing Kannada handwritten numerals using deep learning ResNet and 

VGG architecture with transfer learning. The challenge in Kannada 

handwritten recognition is complicated structural hierarchy and large 

vocabulary. The major problem in deep neural networks is vanishing 

gradient, which can lead to degradation in character recognition, and was 

addressed using our new methodology using ResNet architecture. We apply 

the proposed ResNet method in various real-world applications and compare 

it with convolutional neural networks (CNN) architecture, VGG. The 

experiment was implemented with the Google Colab software version on a 

self-created dataset, with handwritten Kannada numerals fed as the input to 

the recognition process. Our proposed method achieved a high accuracy of 

99.20% on training samples and a generalization accuracy of 97.5% on test 

samples, indicating our method's effectiveness in recognizing handwritten 

Kannada numerals. 
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1. INTRODUCTION  

In many business and workflow platforms paper forms from document digitization and management 

to law enforcement and security systems. Maintaining large amounts of physical documents is tedious to 

manage and store. Paperless management of data is an ideal solution that involves scanning the document 

into an image, but it calls for a lot of manual intervention, and the process takes a lot of time. The best 

solution is to convert text images into text data using optical character recognition (OCR) technology. OCR 

transforms scanned documents into machine-encoded text. It is required to reduce the labor cost, to enhance 

the efficiency, and to save the time. This process is a need of the day for all languages, especially for Indic 

scripts, as there are a lot of compound characters that need to be considered along with basic characters.  

In spite of tremendous advances that have been incorporated in recent years in recognizing numerals written 

by hand, they still need to be solved in accurate recognition. Many traditional techniques are used for OCR; 

feature detection techniques like gradient features (Sobel operator) and density features were used [1]. 

Machine learning techniques like histogram of oriented gradients (HoG) for extracting features, K-nearest 

neighbors (KNN), and support vector machine (SVM) algorithms are used to classify Devanagari and 
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Bengali characters [2]. A work on Kannada numeral identification is implemented using HOG descriptors for 

extracting features and SVM for categorization [3]. A novel approach for recognizing Sanskrit characters 

using the convents' deep learning approach as classifiers for Indic OCRs is implemented [4]. Different 

machine learning approaches have been incorporated for handwritten digit recognition, such as SVM and 

KNN. In the last few years, researchers have witnessed a deepening of deep learning research, the training 

time of deep learning networks has greatly reduced with graphics processing units (GPUs), and the efficiency 

[5] and accuracy have been greatly improved [6]. 

The official language used for administrative purposes in Karnataka state is Kannada, with nearly 

56.9 million speakers worldwide. The Kannada language is derived from the official Kannada script. The 

Kannada script consists of a total of forty-nine letters. Kannada script consists of vowels (swaras) and 

consonants. Letters representing vyanjanas and yoga vahaks are combined with non-intervening vowels to 

form digraphs (kagunitas). Several researchers have made significant contributions to automating OCR. 

However, handwritten character recognition still needs to be completed. It continues to be a pivotal 

challenge in the field of pattern recognition, attributed to the extensive vocabulary, complex structural 

hierarchy, and the diverse array of handwriting styles exhibited by individuals. Handwriting recognition, 

also known as handwriting OCR or cursive OCR, constitutes a subset of OCR technology focused on 

deciphering handwritten text, encompassing both manuscript and cursive forms. Manuscript-style text, 

characterized by separate block letters, is typically easier to recognize compared to cursive writing. 

However, cursive handwriting is difficult as it consists of joined characters. Since handwritten character 

recognition is very essential for multiple applications, our work will help to identify the handwritten 

character. Languages other than widely used languages, like area specific and vernacular languages, 

preserve our culture and heritage of various communities and maintain the legacy of history , and create a 

positive impact that strengthens global interconnectedness. 

Kannada language is most commonly used. Dravidian languages propagated mainly in Karnataka, 

along with Tamil Nadu, Andhra Pradesh, and Maharashtra States [7]. More than 50 million individuals 

contribute to the language vitality, and it is written using the Kannada script. The Kannada script consists of a 

total of forty-nine letters. Kannada script consists of vowels and consonants. Kannada character recognition 

is challenging because Kannada characters have a larger character set and similarities of characters. The 

width of characters varies—the presence of kagunitas and ottaksharas leads to the uneven spacing between 

characters and sentences. The conversion of handwritten Kannada numerals on documents into machine-

readable form is very significant in the electronic field. Many algorithms and techniques have already been 

developed for individual digit identification. Figure 1 shows sample images of handwritten ones. 

 

 

 
 

Figure 1. Sample images of Kannada handwritten digits 

 

 

OCR is an essential technology for recognizing and extracting text from image datasets, which has 

been used in various domains such as document digitization, identification, and data entry. Handwritten OCR 

is more challenging than machine-printed OCR due to the high degree of difference and variability in writing 

styles and individual variations. In this literature survey, we reviewed classical, deep learning, transfer 

learning, sparse learning and combined approaches for recognizing handwritten Kannada numerals using 

OCR. The earliest approaches to handwriting recognition were based on rule-based methods and pattern 

recognition techniques. Very commonly used pattern recognition techniques for handwriting recognition 

include nearest gradient features, density features, neighbor classification, decision trees, and SVMs [8]. 

These techniques are based on manually crafted features and are constrained in their capability to capture 

complex features in the data. HoG features can recognize handwritten vowels and consonants. 

Deep learning has transformed the field of handwriting recognition in recent years. Deep learning-

based approaches have automatic feature extraction, which is one of the salient features, and extract data 

from it and have shown formidable performance when compared to traditional pattern recognition 

techniques. Convolutional neural networks (CNNs) [9] are most extensively used in handwriting recognition 

tasks because they capture spatial patterns or features in the images. Transfer learning facilitates the learning 

from one environment and generalizing to other but related problem, serving as a valuable technique in 
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machine learning. Transfer learning has shown prominent results in handwriting recognition tasks, as it 

allows using pre-initialized models with large corpora to optimize outcomes on smaller datasets. In transfer 

learning, the pre-developed model is calibrated on the target dataset to adapt to the specific task. Some 

popular pre-learned models used for transfer learning in handwriting recognition tasks include ResNet [10] and 

VGG [11]. Sparse learning approaches have been majorly used in image recognition tasks, including 

handwritten digit recognition. These approaches aim to acquire sparse feature representation of the input data. 

One of the popular sparse learning algorithms is the sparse autoencoder (SAE) [12]. An SAE is an 

unsupervised learning algorithm that minimizes the difference between input data and reconstructed output. 

By reconstructing the input, the model learns a compact and sparse feature representation. Another popular 

approach for handwritten recognition of the character is the combined approach, which combines multiple 

feature extraction methods or models to boost the recognition performance. For example, Montazeri et al. [13] 

outlined a technique merging deep learning and dictionary learning techniques to analyze English 

handwritten digits. Through a multi-layered framework, they attained an accuracy rate exceeding 99%. Their 

innovative approach integrates singular value decomposition within a multi-layer CNN model. In this paper, 

one of the most popular and widely used models, ResNet, is playing a key factor in solving the problem of 

vanishing gradient/exploding gradient, which is most common in CNN-based architectures. The most 

challenging part is to handle Kannada numerals due to slants, strokes, curves, and loops. 

 

 

2. METHOD 

As shown in Figure 2, our novel architecture contains two phases: training and testing. The training 

part has its first step as pre-processing the data, which later builds the network architecture. The distinct steps 

in erecting the network architecture are: 

‒ Split data set (Kannada handwritten images) into training, validation, and testing datasets. 

‒ Select loss function and optimization algorithm (e.g., cross-entropy loss, adaptive moment estimation 

(Adam), and optimizer). 

‒ Train the model by adjusting hyperparameters as needed. 
 

 

 
 

Figure 2. The proposed architecture 
 

 

2.1.  Pre-processing 

Here, the dataset was cleaned and normalized (e.g., resizing images, converting to grayscale), and 

augmentation techniques (e.g., rotation, flipping) were applied to enhance model robustness. Rescaling is 

used to reduce the target values. The original images are represented using RGB coefficients ranging from  

0 to 255; such values would be too high for processing, so we use scaling to convert pixel intensities to (0, 1) 

by multiplying with 1/255 [14]. This technique is called normalization. Some of the pre-processing 

techniques used here are shear range, zoom range, and horizontal flip. 
 

2.2.  Residual network 

Deep neural networks (DNN) are predominantly used to extract features and classify images based 

on the learning of multiple levels of representations of the data or features. However, DNN has some issues 
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that make it difficult to work satisfactorily in all scenarios. One of the drawbacks in training DNN is 

vanishing gradients. ResNet is one of the methods used to solve the problem. It uses the skip connection 

concept to overcome the problem. The vanishing gradient problem arises when gradients are backpropagated 

to earlier layers and become extremely small, impeding effective learning. When complexity increases in 

DNN, training accuracy increases, but validation accuracy decreases because there is no learning over the 

system due to the vanishing gradient problem. To address the challenge of vanishing or exploding gradients, 

this architecture introduced residual blocks, which employ skip connections. These connections link the 

layer’s activations propagated to subsequent layers by bypassing certain intermediate layers, thereby forming 

a residual block. ResNets are constructed by stacking these residual blocks. The concept of skip connection is 

to add the input of block to the output of the convolution block. The ResNet is comprised of residual blocks. 

Figure 3 illustrates the structure of these residual blocks, showcasing certain layers connected via skip 

connections. Consider a neural network that has x as the input and Y(x) as the output of the block. The output 

Y(x) is defined in (1). 
 

𝑌(𝑥) =  𝐹(𝑥) +  𝑥 (1) 
 

F(x) is the residual function that learns the residual mapping between the input x and the output 

Y(x). F(x) is represented by convolutional layers coupled with normalization and activation functions, such 

as batch normalization and rectified linear unit (ReLU). The main logic behind residual networks is to make 

F(x)=0, because the target is to make Y(x)=x. The idea here is to add the actual input x to your loss function 

F(x) and try to make the loss function zero. In many CNN architectures, x is the input, Y(x) is the output, and 

Y=F(x). Here, the algorithm learns or is trained from the value of Y. But in ResNet, the algorithm learns or is 

trained from the value of F(x). This observation leads us to recognize that the layers within the residual block 

aim to learn this residual function, which in turn yields an (2). 
 

𝐹(𝑥) =  𝑌(𝑥) −  x (2) 
 

With the incorporation of skip connections, the original function transforms into F(x)+x as 

illustrated in Figure 3. These skip connections facilitate the transmission of larger gradients to earlier layers, 

enabling them to learn at a comparable pace to the final layers. Consequently, this empowers the training of 

DNN, effectively addressing the issue of vanishing gradients [15]. ResNet comprises two block types: the 

"identity block" (standard ResNet) and the "convolution block" (modified ResNet). An "identity block" 

features a skipped connection running parallel to the main sequential connection path, maintaining identical 

dimensions at the splitting and merging nodes. Conversely, a convolution block within the skip paths closely 

resembles the identity block but integrates a convolution layer. 

ResNet50 constitutes a modified variant of the ResNet architecture that has 50 layers in total.  

It consists of 5 stages, each containing several residual blocks. The overall structure of ResNet50, shown in 

Figure 4, can be summarized in Table 1. 
 

 

 
 

Figure 3. Skip connection of ResNet 
 

 

 
 

Figure 4. ResNet50 architecture 
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Table 1. Architecture details of ResNet50 
Layer type Details 

Input layer 
Convolution layers 

Max pooling layers 

Residual blocks 
Fully connected layers 

 

Global average pooling 
Fully connected layer 

Output layer 

Input image resized and normalized to a fixed size. 
7×7 convolution, stride =2 → reduces spatial resolution. 

Pool size 2×2, stride =2→ reduces spatial resolution 

Four stages of residual blocks, each with different numbers of blocks. Each block = 
multiple convolutional layers + batch normalization + ReLU activation + skip connection 

Reduces each feature map to a single value → outputs a compact vector. 

Dense layer for classification into categories 
SoftMax activation, assigns probabilities across categories. 

 

 

2.3.  VGG16 architecture 

VGG represents a deep convolutional feature learning network architecture used for image 

classification, proposed by the visual geometry group at the University of Oxford in 2014. The VGG network 

is notable for its simplicity and the use of small convolutional filters (3×3) throughout the architecture, as 

shown in Figure 5. The original VGG architecture includes 16 or 19 layers and is named VGG16 or VGG19, 

respectively. VGG16 comprises 16 layers, including 13 convolutional layers and three fully connected layers 

[16]. The general architecture of the VGG16 can be summarized in Table 2. 

 

 

 
 

Figure 5. VGG16 model 

 

 

Table 2. Architecture details of VGG16 
Layer type Details 

Input layer 

Convolution layers 

 
Max pooling layers 

Fully connected layers 

 
Output layer 

Input image resized to fixed size, normalized 

13 conv layers, filter size 3×3, stride = 1, each followed by ReLU activation and 

Batch normalization. Depth of feature maps increases with layers 
Pool size 2×2, stride = 2, reduces spatial resolution of feature maps. 

Flattened feature maps → 3 dense layers, each with 4096 neurons, ReLU 

activation, and Batch Normalization 
SoftMax activation, outputs class probabilities 

 

 

2.4.  Optimizers 

With the objective of obtaining optimal solution and to reduce the losses in front and back passes, 

optimizers [17] guide the model to update model-parameters of neural networks by moving model weights 

using the gradients that minimize the loss, modulate bias-variance tradeoff, and control step size in each 

iteration to obtain optimal learning rates. Optimizers are the backbone for any type of recognition. Without 

proper optimization, the model may take too long to learn patterns or fail to converge. 

 

2.4.1. Gradient descent 

To minimize prediction error or cost functions in the model, a fundamental optimization technique 

called gradient descent [18] is used. First, it starts with an initial guess of the parameters and stage by stage it 

optimizes the parameters in towards the steepest decrease of the cost function. This happens with the help of 

learning rate until the minimum is reached. It is described in (3). 

 

𝑊𝑁𝑒𝑤 = 𝑊𝑂𝑙𝑑 − 𝐾
𝜕𝐿

𝜕𝑂𝑙𝑑
 (3) 

 

2.4.2. Adaptive gradient descent 

This optimizer dynamically changes the learning rate ‘η’ at every time step ‘t’ based on gradient 

information. This helps in fast convergence and improves stability. The principle of adaptive gradient descent 
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(Adagrad) is that it works on cumulative sum of squared gradients. This optimization is very much suitable 

for sparse data [19]. and this is shown from (4) to (6). 

 

 𝑊𝑡 = 𝑊𝑡−1 − 𝜂𝑡
| 𝜕𝐿

𝜕𝑊𝑡−1
 (4) 

 

𝜂𝑡
|

=
𝜂

√𝛼𝑡+𝜀
 (5) 

 

𝛼𝑡 = ∑ (
𝜕𝐿

𝜕𝑊𝑖
)2𝑡

𝑖=1    (6) 

 
2.4.3. Root mean square propagation 

Root mean square propagation (RMSprop) [20] is a practical and robust optimization algorithm that 

tries to improve Adagrad. It takes the ‘exponential decaying moving average’ for each parameter. Moving 

average concept prevents erratic movements, uses simple hyper parameters and promotes stability. The 

functionality is described from (7) to (10). 

 

𝑆𝑑𝑤 = 𝛽𝑆𝑑𝑤 + (1 − 𝛽)𝑑𝑤2 (7) 

 

 𝑆𝑑𝑏 = 𝛽𝑆𝑑𝑏 + (1 − 𝛽)𝑑𝑏2 (8) 

 

𝑊𝑁 = 𝑊0 − 𝐾 [
𝑑𝑤

√𝑆𝑑𝑤+𝜉
] (9) 

 

 𝑊𝑁 = 𝑊0 − 𝐾 [
𝑑𝑏

√𝑆𝑑𝑏+𝜉
] (10) 

 

2.4.4. Adaptive moment estimation 

It works with exponential decaying averages and past squared gradients. The adaptive learning rate, 

integration of the momentum, and reliability across architectures has made Adam a default optimizer [21]. 

Adam is the combination of RMSProp and momentum shown from (11) to (18). The different 

hyperparameters are K, ξ, β1, and β2. 

 

𝑆𝑑𝑏 = 0, 𝑆𝑑𝑤 = 0 𝑉𝑑𝑏 = 0   𝑉𝑑𝑤 = 0  (11) 

 

𝑆𝑑𝑤 = 𝛽1𝑆𝑑𝑤 + (1 − 𝛽1)𝑑𝑤2 (12) 

 

𝑆𝑑𝑏 = 𝛽1𝑆𝑑𝑏 + (1 − 𝛽1)𝑑𝑏2 (13) 

 

𝑉𝑑𝑤 = 𝛽2𝑉𝑑𝑤 + (1 − 𝛽2)𝑑𝑤 (14) 

 

𝑉𝑑𝑏 = 𝛽2𝑉𝑑𝑏 + (1 − 𝛽2)𝑑𝑤 (15) 

 

𝑆𝑑𝑤
|

=
𝑆𝑑𝑤

1−𝛽1
𝑡 
 𝑆𝑑𝑏

|
=

𝑆𝑑𝑏

1−𝛽1
𝑡 (16) 

 

𝑉𝑑𝑏
|

=
𝑉𝑑𝑏

1−𝛽2
𝑡            𝑉𝑑𝑤

|
=

𝑉𝑑𝑤

1−𝛽2
𝑡 (17) 

 

𝑊𝑁 = 𝑊0 − 𝐾 [
𝑉𝑑𝑤

|

√𝑆𝑑𝑤
|

+𝜉

]       𝑊𝑁 = 𝑊0 − 𝐾 [
𝑉𝑑𝑏

|

√𝑆𝑑𝑏
|

+𝜉

] (18) 

 

 

3. RESULTS AND DISCUSSION 

3.1.  Accuracy and loss comparison 

The experiment is implemented using Google Colab software version; the proposed ResNet method 

receives input as the Kannada handwritten numerals (0 to 9) document image by taking images of different 

users in various styles. In the self-dataset, a total of 2500 images are taken: 200 images of each numeral for 

training, 25 for validation, and 25 for testing in the ratio 80:10:10. Handwritten character images from the 
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dataset were converted to 28×28 images. The experimental result obtained after all the epochs for the given 

input is pictured below. At first, the pre-processing procedures are completed; after that, the feature 

extraction technique is applied to the pre-processed image. After observing the trend of training accuracy, 

testing, and loss values, the number of epochs is configured to values for both validation and training samples 

to optimize the tradeoff between accuracy and epoch. In this experiment, the ResNet50 model is successful in 

obtaining an accuracy of 98.20% during the training phase, an accuracy on the validation set is 97.5%, and 

unseen test data is of 97.2%, as shown in Figures 6 and 7, and the VGG16 model is successful in obtaining 

evaluation accuracy over the training samples is of 98.10%, a recognition rate on validation samples is of 

97.33%, and a generalization accuracy on the test dataset is of 97%, as shown in Figures 8 and 9.  

By employing this methodology, we successfully achieved the best accuracy and a low loss rate. But due to 

the similarity between some characters, accuracy is a little less. Table 3 shows the architecture and 

performance comparison between ResNet50 and VGG16. 

 

 

  
 

Figure 6. Training and validation epoch wise accuracy 

graph for ResNet50 on the Kannada numbers dataset 

 

Figure 7. Training and validation loss visualization 

graph for ResNet50 on the Kannada numbers dataset 

 

 

  

 

Figure 8. Training and validation epoch wise accuracy 

graph for VGG16 on the Kannada numbers dataset 

 

Figure 9. Training and validation loss visualization 

graph for VGG16 on the Kannada numbers dataset 

 

 

Table 3. Architecture and performance comparison between ResNet50 and VGG16 
Optimizers ResNet50 VGG16 

Total parameters 2,56,96,138 1,52,50,250 

Trainable parameters 
Non-trainable parameter 

21,08,426 
2,35,87,712 

5,35,562 
1,47,14,688 

Epochs 

Training samples 
Training accuracy 

Validation accuracy 

Testing accuracy 
Optimizer 

15 

2000 
98.20% 

97.5% 

97.2% 
Adam 

15 

2000 
98.10% 

97.33% 

97% 
Adam 
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3.2.  Optimizer analysis 

Out of different deep learning parameters, optimizers play a crucial role when configuring a neural 

network [22]. The table provides results of accuracy comparison for 15 epochs. The best optimizer here is the 

Adam optimizer [23]. Table 2 shows an accuracy comparison of ResNet50 and VGG16. Figure 10 shows the 

comparison of accuracy with different optimizers. Table 4 shows batch size analysis for different optimizers. 
 

 

Table 4. Accuracy comparison of ResNet50 and VGG16 
Optimizers ResNet50 VGG16 

SGD 94.52 82.70 

Adagrad 90.75 66.45 
RMS prop 

Adam 

94.80 

98.20 

82.75 

98.10 

 

 

 
 

Figure 10. Comparison of optimizers for ResNet50 and VGG16 for Kannada numerals 
 

 

3.3.  Batch size analysis 

Batch size is an important hyperparameter that affects the performance of the network. It is defined as 

the total number of samples passed through the network in both forward and backward passes [24]. Table 5 

shows the comparison of accuracy and batch size for both ResNet50 and VGG16 transfer learning methods. 

Figure 11 shows the comparison of batch size analysis for ResNet50 and VGG16 for Kannada numerals. 
 
 

Table 5. Batch size comparison of ResNet50 and VGG16 
Optimizer Accuracy (%) 

ResNet50 
Batch size=32 

Accuracy (%) 

ResNet50 
Batch size=64 

Accuracy (%) 

VGG16 
Batch size =32 

Accuracy (%) 

VGG16 
Batch size =64 

SGD 94.52 90.58 82.70 77.14 

Adagrad 90.75 85.41 66.45 59.04 

RMS prop 

Adam 

94.80 

98.20 

89.69 

97.67 

82.75 

98.10 

79.36 

89.78 

 
 

 
 

Figure 11. Comparison of batch size analysis for ResNet50 and VGG16 for Kannada numerals 
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3.4.  Benchmarking the obtained results with earlier research 

The proposed methodology has shown the best results compared with earlier research works.  

The best training accuracy is 98.20%, as shown in Table 6. The use of the Google Colab laboratory and the 

optimization techniques of the hyperparameters provide deeper insights in learning a reliable character 

recognition framework with robust, superior accuracy and efficient processing speed. 

 

 

Table 6. Performance comparison from literature review 
Authors Feature extraction architecture Classifier Accuracy (%) 

Hu [25] ResNet50 ResNet50 97.38 
Chandrakala and Thippeswamy [26] ResNet50 ResNet50 15 

Dutta et al. [27] ResNet50 SVM 90 

Proposed ResNet50 ResNet50 98.20 

 

 

4. CONCLUSION 

This manuscript proposes a new methodology for recognizing Kannada handwritten numerals using 

deep learning ResNet architecture with transfer learning. The proposed ResNet and VGG methodologies 

were evaluated using performance parameters on a self-created dataset, and the obtained results underwent 

comparison with state-of-the-art literature. The proposed ResNet method addressed the issue of the vanishing 

gradient problem, which can lead to degradation in character recognition. The experiment was implemented 

using the Google Colab software version, with handwritten Kannada numeral images fed as the input to the 

recognition process. The proposed ResNet method shows the results of high evaluation accuracy over the 

training samples of 98.2% and generalization accuracy on the test dataset of 97.2% which indicates the 

accomplishment and efficiency of recognizing handwritten Kannada numerals, which can be potentially 

applied in various real-life applications, such as digit recognition, OCR, and document digitization. Overall, 

the proposed ResNet method provides a promising solution for automated systems requiring accurate 

handwritten Kannada numeral recognition. 
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