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Abstract: Devanagari is the most widely used script of Indian languages of Proto-Indo-European origin. However, relatively less 
research has been conducted on Devanagari, leaving room for significant exploration and advancement. Generative Adversarial 
Networks (GANs) are unsupervised Machine Learning models which are used for smart augmentation of a dataset. In this 
paper, we create a collection of high-quality images of devanagari numeric digits from scratch using a novel method of 
collecting the input data through electronic medium only. This leaves little room for error and unwanted noise compared to 
conventional methods. The images are of size 128x128 pixels, totalling to 12000 images. Then we train two types of GANs - 
DCGAN and CGAN - on the images and compare the result of them. In general, the DCGAN models were found to perform 
much better and produce more realistic images than CGAN. Our work is useful in several applications including Optical 
Character Recognition and Accessibility Tools. 
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I. INTRODUCTION 
The recent trend of Machine Learning models has suddenly increased the importance of data. Machine Learning models high-
quality require data in large quantities for training. Image data is a very important part of this. Text-based image data is required for 
a variety of tasks like Optical Character Recognition (OCR) technology. For detecting handwritten texts, a model with better 
performance is needed as compared to applications where only printed material is to be detected. Scripts like Latin already have 
high-quality datasets of characters and digits available - the most famous of them being the MNIST dataset.  
On the other hand, very little research is done on scripts such as Devanagari. Devanagari script is used in several languages 
including Hindi, Marathi and Sanskrit. Yet there is a scarcity of good quality datasets for this script. The Devanagari script has a lot 
of variations which change from place-to-place, and thus the script is inherently complex in nature. It is important to study and 
research about this for the preservation of the script. Manually creating large datasets for Devanagari is very cumbersome due to the 
slow process and the complexity involved. Thus, techniques such as image augmentation can be used for increasing the size and 
variety of the datasets. While augmenting using techniques such as rotation and shear can be useful, they are helpful only up to a 
certain degree as no new information is added. But techniques such as GANs (Generative Adversarial Networks) and VAEs 
(Variational Autoencoders) can be used as they generate the images from scratch after ‘learning’ about the datasets. Good quality 
GANs are always beneficial in increasing the size and variety of datasets by a significant amount.  In this paper, we initially want to 
create a high-resolution dataset for all the Devanagari numeric digits. We also want to assess the extent to which different types of 
GANs can be used to generate images of Devanagari numeric digits, and compare it with the pre-existing methods too. 
The overview of this paper is as follows. The Sections 1 and 2 include the introduction and the related work respectively. They 
discuss the limitations of the existing systems. Section 3 discusses the methodology for generating Devanagari digits using two 
different types of GANs. Section 4 talks about the results given by our proposed. Section 5 discusses the possible ways to improve 
upon and further the research, followed by the conclusion of the paper in Section 6. 

 
II. LITERATURE REVIEW 

In their paper, Sinha K and Gupta R [1] created a DCGAN Architecture for all the devanagari characters. They used images of 
32x32 size as input. But their results are not great and visually appealing as their generated output is not up to the mark of their 
original dataset.  
G Jha and H Cecotti [2] in their paper created Generative Adversarial Networks for 4 different scripts - Bangla, Devanagari, Latin 
and Oriya. Their approach was based in such a way to study if the performance classifier models like CNNs can be increased by 
increasing the size of the input data for the model by including GAN-generated images. They devised seven different types of tests 
to compare CNN performance on original input data versus GAN-based input data. They found out that adding a few GAN-
generated images (up to the size of the original dataset itself) can increase the classifier performance, but increasing that even more 
decreases the performance and accuracy of these models.  
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Warkhandkar et al. [3] created a GAN for all devanagari characters, on images of size 32x32. Their generated images are not 
smooth and the lines have gaps in them, and the performance can definitely be improved. S Kaur and K Verma [4] also created a 
GAN for devanagari characters but the result has scope for betterment. 
D Vishwakarma et al. [6] compared the performance of GANs which generate single characters at a time (DCGAN) to CGAN. They 
used the MNIST dataset for this, and concluded that DCGANs are better at producing artificial images as compared to CGANs. 
In M Bisht and R Gupta’s paper [7], they mentioned their approach for creating a single Conditional GAN (CGAN) for creating 
Devanagari characters and digits. The numeric digits generated by the CGAN are of quite remarkable quality as CGAN is usually of 
inferior quality as compared to GANs which generate a single character (like DCGANs). 
Several papers have created GANs for various scripts other than Latin, like Bangla [8], Nepali [9] [10], Kannada [11], Tamil [12], 
Gurumukhi [13] and Arabic [14].  
In [15], Lajish and Sunil study various strokes of characters of Devanagari language, and created the primitive and feature set for 
devanagari character set too.  
A notable dataset of Devanagari characters was introduced by Acharya et al. in [16]. This dataset consists of a total of 92 thousand 
images of 46 classes (characters). All the images here are of size 32x32 pixels. The whole dataset was created by scanning 
handwritten characters. This is the standard dataset which is used as the data source by several papers. 
From this Literature Review, we concluded that several attempts have been made to generate digits and characters of Devanagari 
digits, though there is large scope for improvement. In nearly all of the cases, the created GANs do not generate images of a quality 
comparable to the original dataset. CGANs often lack in quality compared to DCGANs but CGANs are much easier as only one 
model can be used to generate images of all classes. Along with this, all of the papers either create a dataset or use one which was 
based on asking volunteers to write the characters or digits on paper sheets, scanning them and then creating a dataset out of it. 
While this approach has its merits, it is often prone to errors and irregularities, and is a manual labour for converting the handwritten 
sheets to actual digital images. 

 
III. METHODOLOGY 

A. Overview 
The methodology in this study has several stages, namely- 
1) Data Acquisition 
2) Data Preprocessing 
3) Synthetic image generation using Generative Adversarial Networks (GANs) 
4) Performance Monitoring 
 
B. Data Acquisition 
We propose a novel method of collecting handwritten text data, through an Android application. Conventionally, handwritten data 
collection is a physical process. Contributors handwrite text physically on paper, and then they are scanned to use it for training. 
These images need to further go through various preprocessing steps like normalization.etc. All this leads to lower resolution 
images. Many handwritten datasets are created in this way, and are thus prone to errors.  
In contrast, in digital methods, the data is acquired through a digital framework itself. This does not lead to loss of data as no 
analog-to-digital conversion occurs once the data is recorded. In our case, users directly write the numeric digit on a canvas of 
128x128 pixels through the application. Due to this, we get high resolution images which are less prone to noise. Therefore less 
preprocessing is required and quality of data is maintained. The application randomly varies the thickness of the brush in the 
drawing, which helps create and maintain variety in the images. Lastly, the physical method is confined to a smaller distribution of 
contributors and hence is possibly biased, but in the digital method anyone with the access of the application can contribute. This 
novel method helped create a high-quality and high-resolution initial image dataset. 
 
C. Data Preprocessing 
Once the images were collected, they were cleaned and prepared for training. Data augmentation methods like rotating and scaling 
the images to add more variety. We include translation of images because convolutional layers in the neural network handle small 
movements in the images. 
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D. Synthetic image generation using GANs 
Generative Adversarial Networks (GAN) based models were used for generating synthetic images. 
1)   Deep Convolutional Generative Adversarial Networks (DCGAN) 
A DC GAN consists of two neural networks, Generator and Discriminator. Generator takes random noise as input and outputs a 
synthetic image. Discriminator inputs both original and synthetic images and tries to discriminate which one is fake. During 
training, the generator improves its results trying to fool the discriminator, while the discriminator tries to get better at finding fake 
images. 
 
The DC GAN’s loss function is stated in Fig. 1 
 

 
Fig. 1 DCGAN Generator loss function 

 
where -  
D = Discriminator output 
G = Generator output 
x = input image for Discriminator 
z = input noise for Generator 
E = Expected value 
This is a minimax loss function. The Generator tries to minimize the loss, while the Discriminator tries to maximize it. The 
Generator can affect only the log(1-D(G(z))) term, so, for the Generator, the loss is equal to minimizing the log(1-D(G(z))) term. 
This loss function may get stuck at a local minima, so a modified version of loss called the Wasserstein Loss can be used. In this 
case, the Discriminator tries to maximize the D(x) - D(G(z)) term, while the Generator tries to maximize the D(G(z)) term.  
 
2)   CGAN(Conditional Generative Adversarial Network) 
CGAN is a type of Generative Adversarial Network, where we can put a condition on the GAN to generate a specific type of output 
only. 
Due to this condition, the new loss function is as stated in Fig. 2. 

 
Fig. 2 CGAN Generator loss function 

where -  
D = Discriminator output 
G = Generator output 
x = input image for Discriminator 
y = condition 
z = input noise for Generator 
E = Expected value 
 
E. Model Architectures 
Both DC GAN and CGAN have their respective architectures for generator and discriminator models. DC GAN is trained to 
generate a specific digit, while CGAN can be trained for all digits at once. Therefore, in general architectures of generators and 
discriminators of CGAN tend to be more complex.  
 
1)   DCGAN 
Generator of DCGAN has an input noise of 100 pixels, and outputs a 128x128 image. It consists of convolutional layers followed by 
dense layers. It is a sequential model. 
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Fig. 3  DCGAN Generator Architecture 

 
The discriminator in GAN takes the generated  output of the generator and outputs 0 or 1, that is true or false. 



International Journal for Research in Applied Science & Engineering Technology (IJRASET) 
                                                                                           ISSN: 2321-9653; IC Value: 45.98; SJ Impact Factor: 7.538 

                                                                                                                Volume 13 Issue V May 2025- Available at www.ijraset.com 
     

 3030 ©IJRASET: All Rights are Reserved | SJ Impact Factor 7.538 | ISRA Journal Impact Factor 7.894 | 
 

2)   CGAN 
Purpose of the Generator model in CGAN is similar to that of DCGAN. It takes a noise vector of size 42 pixels as input, and we get 
a 128x 128x1 greyscale image. The generator is made up of multiple convolutional layers, followed by batch normalization. It is a 
non sequential model. 

 
Fig. 5  CGAN Generator Architecture 

 
The discriminator model takes the output of the generator model and its label for which it was generated, and outputs 0 or 1 that is 
false or true. It is a sequential model having convolutional layers, and some dropout layers for regularization.  
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Fig. 6  CGAN Discriminator Architecture 
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IV. RESULTS 
The data was collected as 128x128 sized images, of total 10 classes (one class pertaining to one numeric digit). A total of 96 
volunteers helped us with collecting a total of 12000 images (1200 images of each class). The data was augmented to a size of 6000 
images per class, which totals to 60000 images. 
The data was collected using a simple Android Application on which the volunteers were asked to draw a series of digits. Figure 7  
shows the screenshot of the app. 

 

 
Fig. 7  Screenshot of the application used for taking input data 

 
A. GAN Output 
 

 
Fig. 8 Generated image of the digit zero in Marathi by GAN generator 
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Fig. 9 Generated Images of all Marathi digits by CGAN generator after 65 epochs. 

 

 
Fig. 10 Generated Images of all Marathi digits by CGAN generator after 10 epochs. 

 
For all the digits, we trained a separate GAN model and a combined GAN model (CGAN) for all the digits combined. The output of 
Generator of 0 digits of the GAN separate models after 100 epochs/training steps is shown in Figure 8. Figure 9 shows the output of 
CGAN for each of the numeric digits after 65 epochs/training steps. Clearly, the CGAN model generated the majority of the digits 
correctly with excellent boldness and shape. On the other hand, the other digits were generated with very low quality; some of them 
being indistinguishable from the background. A comparative analysis of the images of 10 different Devanagari numeric digits 
generated by CGAN in the 10th and the 65th epoch (refer to Figure 9 and Figure 10) reveals the quick improvement of quality that 
CGAN models present. 
We observed that the GANs trained for generating a single numeric digit almost always generated better images than the images 
generated by CGAN - except for the case of the digit ‘६’ (6) - where the CGAN consistently produced better images than the GAN 
which was trained specifically to generate images of ६. The quality of the generated digit ६ can be observed in the Figure 9. The 
complicated nature of the digit is the cause for obtaining relatively low quality results using GAN. Meanwhile, since CGAN 
processes every digit at the same time, it is able to extract comparative information with respect to other Devanagari numeric digits, 
causing it to produce relatively better results.  
The training time was also much faster for DCGANs as compared to the CGAN. All the individual DCGANs for 10 different digits 
took an average training time of 2 hours, while the CGAN took almost 12 hours. This is due to the large size of the input data, more 
training required as well as the non-sequential nature of the generator of CGAN. But overall, we observe that the training time of 
CGAN is much smaller as compared to the total training time of all the DCGANs on all the digits combined, which is about 20 
hours.  
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V. FUTURE WORK 
The future scope for this research includes various directions. One of the primary scope is to improve the CGAN model so that it 
performs as well as or even better than the DCGAN models. That would improve a lot of things - firstly, a single model which 
would be reliably generating all the digits, and secondly, the training time as only one model needs to be trained instead of several 
small ones.  
Another possible direction is the creation of a large dataset of devanagari characters generated by the GAN models of size 128x128. 
This would be highly beneficial as with the help of GAN models, datasets of extremely large size can be easily created, while still 
maintaining the image quality. 
 

VI. CONCLUSION 
This paper focuses on the synthetic generation of Devanagari numeric digits using Generative Adversarial Networks (GANs). We 
tested two types of GANs - DCGAN and CGAN. We found out that the DCGAN models individually perform better than the single 
CGAN model. Collecting and using a dataset of large images (128x128) proved very beneficial. In general the output generated by 
the DCGANs was very identical to the original dataset. 
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