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Detection of Indian Classical Asanyukta Mudras using Convolution Neural Network 
 
 

EXECUTIVE SUMMARY 
 
 
 
In this fast- changing world, the work system is constantly evolving and 
undergoing continuous improvement. In recent times, education has become a 
crucial aspect for individuals in every field. This project utilizes machine learning 
to provide highly profitable classical dance education. 
 
Classifying mudras on a large dataset is a multi-class classification problem. Here, 
a large dataset of 10 different mudras has been created. The dataset is further 
enlarged by implementing data augmentation. Some of the parameters in the layers 
of the CNN have been modified. It has helped improve the model's detection and 
recognition capabilities. The existing model is improved by changing the final 
dropout layer to 40% and introducing the Selu activation in the dense layer. 
 
After comparing the results, it was found that changing the optimizer from SGD to 
Adam reduced overfitting. It is observed that the existing architecture exhibited 
higher accuracy when evaluated on the dataset. In the experiment, a large dataset 
is being considered. The accuracy of the existing model, when compared to the 
proposed model, has decreased from 96.87% to 89.77% due to a change in the 
dataset. 
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1. INTRODUCTION 
 
 

In India, there are 8 different Indian classical dance forms as recognized by 
Sangeet Natak Academy. They are Bharatanatyam, Kathak, Kuchipudi, Odissi 
Kathakali, Shatriya, Manipuri, Mohiniyattam. 

 
Indian classical dance performances are communicated to audience through hand 
gestures facial expression and dances along with musical support. Most of the 
Indian classical dance forms were traditionally performed by dancers in courts and 
theatres of Hindu religions [1]. The hand gestures or hasta mudra are considered as 
a complete language by itself with necessary grammatical elements and language 
structures associated with it [2]. With the help of 24 and gestures available one can 
communicate any message to another completely using hands. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 1: Asanyukta Hasta Mudras of Indian Classical Dance [3] 
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Generally, it is very difficult for a common man to understand the meaning of 
Indian classical dance because of its complicated hand gesture, language 
structure and dance movements. Unless all the hand gestures, words, sentences 
are known, it is difficult for one to appreciate the meaning conveyed by the artist 
through the gesture language. 

 
Indian classical hasta mudra or gestures are based on an ancient text hasta 
lakshana Deepika [4]. There is total 24 hand gestures specified in this ancient 
text using single hand as well as using both hands mudras are formed. 
Combination of this hand gestures convey certain meaning to them [2]. 

 
 
 
 

1.1. PROBLEM STATEMENT 
 

Detection of Indian Classical Asanyukta Mudras using Convolution Neural 
Network 

 

1.2. OBJECTIVES 
 

The objectives of the proposed work are as follows: 
 

1. To create a new dataset consisting of 10 distinct classical mudras that are 
currently unidentified or unclassified in the public domain.  

2. To effectively detect and categorize the various types of mudras. 
 

3. To compare the proposed model with the existing model for classification 
analysis. 
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2. BACKGROUND CONCEPT 
 
 

Utilizing Convolutional Neural Networks (CNNs), mudra detection and 
recognition require an understanding of several theoretical concepts [5]. The 
computer vision challenge of detecting and recognizing mudras, which are 
symbolic hand gestures employed in a variety of cultural and religious ceremonies, 
can be difficult. The following are some of the key background ideas involved: 

 
1. To broaden the range of training data and enhance model generalization, 
augmentation techniques such as rotation, translation, and reflection can be applied 
[5]. 

 
2. Normalization: Normalization is a technique that is often applied as part of data 
preparation for machine learning. The goal of normalization is to standardize the 
values of numeric columns in the dataset, ensuring they are on a common scale. 
This process aims to preserve the relative differences in the ranges of values and 
prevent any loss of information. [12]. 

 
3. Data collection and annotation: In order to detect and recognize mudras, it is 
necessary to have a substantial dataset of images depicting various mudras. This 
dataset will be used to train the model. The dataset needs to be labeled with the 
appropriate ground truth annotations that show where each gesture mudra is 
located in the image. 

 
4. Classification: After identifying regions with mudra gestures, CNN must classify 
each gesture into the appropriate category (for example, specific types of mudras). 

 
5. Overfitting: Overfitting is a situation in which a CNN performs well on training 
data but does not generalize to new, unseen data. Techniques such as 
regularization, dropout, and early stopping are used to mitigate overfitting and 
improve model generalization [7]. 
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Convolution Neural Network 
 

It is a specialized type of deep learning algorithm that takes input images and 
performs a mathematical operation called convolution on the images, as shown in 
Figure 2. A digital image consists of pixel values arranged in a matrix form. Matrix 
multiplication is performed on the images. In computer vision problems, 
Convolutional Neural Networks (CNNs) are a class of deep learning models that 
are commonly used. Convolutional filters are used to extract relevant features and 
learn hierarchical representations. In applications such as object detection, picture 
classification, and segmentation, CNNs have achieved great success.  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 2: CNN architecture 
[16] Basic architecture of CNN – 

 
a. Input image: 

 
The input RGB image consists of three-color planes - red, green, and blue, as 
shown in the figure. 3. It consists of the pixel value at every point. The image is 
represented by its height multiplied by its width multiplied by the number of 
channels. Height and width refer to the number of pixels along the vertical and 
horizontal dimensions of the image, respectively. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 3: Input image  
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b. Convolution layer - The core building block of a CNN is the convolutional 
layer, as the majority of calculations are performed in this layer. It requires an 
input image, a feature map, and a filter. The filter or kernel moves across the 
image matrix, as illustrated in Figure 4, and checks for the presence of the 
desired features. This process is called convolution. The feature detector is a 2D 
array of weights. Generally, a 3x3 matrix is used as a feature detector. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 4: Convolution operation [17] 

 

It can be observed from the picture that a filter has been applied to a specific 
section of an image. A dot product is calculated between the input pixel and the 
filter. The result is sent to the output array. Then the filter shifts by a stride. This 
process repeats until the kernel sweeps over the entire image [7]. The dot 
product yields the final result in matrix form. 

 

c. Pooling layer - The dimensions of the feature map are reduced by the pooling 
layers. It applies a filter to the entire image matrix. An aggregation function is 
applied to the output after the filter. There are two types of pooling.  
i) Max pooling  
ii) Average Pooling 

 
i. Max pooling – 

 
 

1 1 4 7 

Max 
 

9 5 5 2 
 

    

Pool 
 

7 6 8 2  

 
 

4 2 3 5  
 

      

 
 
 
 
 
 
 
 
 
 
 

 
9 7  
7 8  

 

Filter – (2 x 2) Stride – (2, 2) 
 

Figure 5: Max pooling operation 
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As the filter moves over the image, it selects the max pixel value. These 
selected values make the output array as given in Fig. 5 

 
ii. Average pooling – 

 

1 1 4 7 
Average Pool  

9 5 5 2 
 

 
 

7 6 8 2  
 

4 2 3 5  
 

       

 
 
 
 
 
 
 
 

4 4.5  
4.754.5  

 
 

 

Filter – (2 x 2) Stride – (2, 2) 
 
 

 

Figure 6: Average pooling operation 
 
 
 
 
As the filter moves over the image, average value is calculated and 
sends to the output array as shown in Fig. 6. 
 

d. ReLU layer – ReLU denotes rectified linear unit, and it is defined as 
an activation function given in Eq. [1]. It gives zero output for all 
negative value and keeps the positive value same as given in Figure 7. 

 
Y = max(0, x) -----------------------------Equation 1  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Figure 7: ReLU Operation 
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e. Fully connected layer: In a fully connected layer, each neuron in one layer is 
connected to every neuron in the next layer. When the flattened matrix passes 
through a fully connected layer, it classifies the images [10]. 
 
f. Loss layer - It specifies the proximity between the predicted output and the 
actual value. The loss function measures the difference between the predicted 
outputs and the ground -truth labels during training [11]. For object detection, 
common loss functions include the Intersection over Union (IoU) loss and the 
Smooth L1 loss. 
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Parameters – 
 
 
The network's learnable biases and weights are utilized to forecast outcomes 
based on input data. Through methods such as backpropagation and stochastic 
gradient descent, these parameters are learned during the training process. In a 
CNN, the following are the most important categories of parameters: 
 
1. Convolutional Kernels/Filters: These are compact, learnable arrays that 
perform the convolution operation by iterating over the input image. Every filter 
gains the ability to recognize specific patterns or characteristics in the input data. 
In the early layers, for instance, filters can recognize basic features such as 
edges, corners, and textures. In the deeper layers, they can learn to recognize 
more complex features or patterns [12]. 
 
2. The stride, which determines the step size at which the convolution filters 
move on the input, is controlled by the hyperparameter "step size". The spatial 
resolution of the output feature maps is reduced with a larger stride, which may 
accelerate computation but also result in the loss of fine-grained data [13]. 
 
3. Padding is used when performing convolution to preserve the spatial 
dimensions of the input and output feature maps. In order to allow filters to 
cover the corners and edges of the image, extra pixels are added around the 
entire input image [18]. Particularly in deeper layers, padding is helpful in 
preventing information leakage. 
 
4. Kernels: During the convolution operation, these are small learnable matrices 
that are applied to the input data. Every filter is designed to recognize and 
analyze specific patterns or characteristics in the input, such as edges, textures, 
or other distinctive features. The depth of each level is determined by the number 
of filters present [14]. 
 
5. A bias term corresponds to each convolution filter. In order to enable the CNN 
to modify the output activation function, bias terms are included in the output of 
the convolution operation [15]. The model performs better overall because the 
inclusion of bias terms helps improve the fit of the data. 
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3. LITERATURE SURVEY 
 
A three-stage method [19] has been proposed, which involves preprocessing 
mudras by obtaining image contours, extracting features using eigenvalues, Hu 
moments, and intersections, and finally classifying the mudras using an artificial 
neural network. The accuracy of conflicting, non-conflicting, and whole mudras 
is 97.1%, 99.5%, and 96.03%. 
 
Kishore et al. [20] proposed an architecture for a deep neural network for the 
classification of Indian classical dance movements. The dataset is obtained from 
online sources (such as YouTube or live performances) as well as offline sources 
(such as recordings), resulting in an overall recognition rate of 93.3% for CNN. 
 
An approach was presented for classifying Kuchipudi dance mudras into 
categories [21]. The approach used the Histogram of Oriented Gradients (HOG) 
features as a feature extraction algorithm, and Support Vector Machine (SVM) 
was used as the classifier. The Graphical User Interface (GUI) has been 
developed for calculating mudra recognition frequency. The SVM classifier has 
been acquired 90% MRF. 
 
A superpixel-based Linear Iterative Clustering (SLIC) algorithm and the Marker 
Controlled Watershed algorithm were suggested for segmentation [22]. It was 
found that SLIC outperforms Watershed algorithms. On average, the watershed 
algorithm correctly segments 52.55% of the total images, while the SLIC 
algorithm performs well in segmenting 74.25% of the images. 
 
A new segmentation model was proposed [24] using Local Binary Pattern (LBP) 
and Wavelet Transform for segmentation. The AdaBoost multi-class classifier 
identified the Indian Classical Dance Action using five different features, 
including Zernike moments. Hu moments, shape signature, Haar features, and 
LBP features. The overall accuracy obtained is 86.67%. 
 
The asamyukta hastaks of the Sattriya dance form [25] were classified using a 
two-level classification method. Based on their structural similarity, the 1015 
images from the collected dataset are classified into twenty-nine classes. The 
Medical Axis transformation (MAT) is then applied to identify the groups. The 
accuracy obtained using SVM with PBF kernel is 97.24%. 
 
A framework was proposed [26] for classifying the Indian Classical Dance forms 
from 626 videos, both online and offline. The videos showcase six different dance 
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forms. The framework achieved an accuracy of 75.83% by feeding 211 videos 
into a deep convolutional neural network (DCNN). 
 
Several instances of Aceh Traditional Dance gestures were recorded by the Xbox 
Kinect sensor [27]. The complete recognition system used the Simulink 
programming package provided by MATLAB. The system classifies the input 
testing gestures into one of six different classes of predefined gestures or a single 
class of an undefined gesture. The classifier system has achieved an accuracy of 
94.87% for a single gesture. 
 
Tongpaeng et al. [28] have developed a tool that identifies errors, analyzes 
instructions, and provides feedback to dancers in order to enhance their dancing 
skills. The system compares the pose of a Thai dance expert with the real-time 
dancer's pose in order to calculate the accuracy. 
 
An efficient classifier called the Rectified Linear Unit (ReLU)-based Extreme 
Learning Machine (ELM) was designed to recognize 800 data points of dance 
movements belonging to 200 different types of dances. [29] The proposed 
method performs better in classification than KNN and SVM. 
 
A framework was designed to classify and predict the labels of hand gestures 
[30]. The framework will extract the hand region from 1300 images using the 
subtraction method. It will then segment the palm and the fingers in order to 
recognize the fingers and predict the labels using a rule-based classifier. 
 
Iyer et al. [31] proposed a dataset containing 659 images of Kathakali hand 
gestures in 2019. A dataset of 24 classes of mudras are created for classifying 
Kathakali hand gestures. 
 
An attempt was made to classify the dance images using HOG features and SVM  
[32]. Bharatnatyam mudras have been classified by CNN and tested using two 
models: Transfer Learning and Double Transfer Learning. The dataset consisted 
of 2D images of hand mudras belonging to different classes. The accuracy of the 
tests conducted on this dataset was 94.56% and 98.25% respectively. [33] 
 
Jensen -Bregman LogDet Divergence is implemented on the ICD dataset [34]. It 
works on a local spatio-temporal feature model. The same has been tested in 
human activity datasets, namely KTH [35] and UCF50 [36]. 
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A multimodal feature-sharing mechanism was developed using a deep learning 
approach for sign language recognition with RGB and RGB-D inputs [-36]. A 
novel approach was suggested for extracting and detecting hand gestures using 
RGB-D images. This model was tested with 8 gestures captured from 15 subjects 
[37]. 
 
A hand gesture recognition system, based on shape fitting technique using an 
artificial neural network (ANN), has been developed [38]. In this system, a color 
segmentation technique was applied to the YCbCr color space after filtering in 
order to detect a hand. Then, the shape of the hand was analyzed using hand 
morphology. The shape of the hands and finger orientation features were 
extracted and passed to an artificial neural network (ANN). They achieved 
94.05% accuracy using this method. 
 
Md. Zahirul Islam et al. [39] suggested training on 8,000 images and testing on 
1,600 images, which were divided into 10 classes. The model with augmented 
data achieved an accuracy of 97.12%, which is nearly 4% higher than the model 
without augmentation (92.87%). 
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4. Proposed Methodology 
 
 
In the proposed work, a system is designed to detect and recognize the images of 
10 Indian Classical Hand Mudras using a Convolutional Neural Network. The 
10 Indian classical mudras are Alapadma, Ardhachandra, Kapithwa, 
Katakamukham, Mrigyasirsha, Musthi, Sikhara, Pataka, Suchi, and Trishula. 
The images of these mudras are fed to the pre-processing unit, which includes 
resizing, thresholding, rotation, and scaling. These processed images are 
inputted into the deep convolutional neural network model. A convolutional 
neural network model is used to identify the various mudras. 
 
 
 
Following are the steps for the proposed method-  
1. Data collection  
2. Preprocessing  
3. Post processing  
4. Result Analysis 
 
 
 
1. Data collection – Data is collected from various dance institutes, academies, 
and classical dance artists (refer to ANNEXURE I). There are 10 different 
mudras that represent 10 different classes. These ten classes are under 
consideration for the experiment. Images are captured using a mobile handset 
camera. There are 10 mudras that are considered, including Alapadma, 
Ardhachandra, Kapithwa, Katakamukha, Mrigyasirsha, Musthi, Pataka, Sikhara, 
Suchi, and Trishula. 200 images were collected for each mudra class. For each 
class, more than 70% of the images were captured from different classical 
dancers and students. 2000 images were collected in total after selecting a few 
images from each class. This was done due to bad lighting conditions, lack of 
clarity in mudras, and a disturbed background. Table 1 displays the 10 distinct 
classes and the corresponding number of collected samples. 
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Table 1: List of Asanyukta Mudras and number of Samples. 
 

Emotions Number of Image Sample 
  

Alapadma 200 
  

Ardhachandra 200 
  

Kapithwa 200 
  

Katakamukha 200 
  

Mrigyasirsha 200 
  

Musthi 200 
  

Pataka 200 
  

Sikhara 200 
  

Suchi 200 
  

Trishula 200 
  

 
 
2. Preprocessing – In this step, the images are resized and rotated as 
mentioned below- 
 

• All the images are resized by (64 x 64)  
• All the images are rotated by 10 degrees  
• The RGB images are converted to Grayscale 

 
 
All the images from the dataset undergo data cleaning, which includes removing 
background images, adjusting for lighting conditions, correcting colors, and 
resizing, among other factors. The dataset consists of a total of 2,000 images. In 
CNN, a larger dataset would yield better results. Furthermore, data augmentation is 
used to increase the number of images in each class. Standardization is performed 
to ensure that the pixel values are kept within the range of 0 to 1. 
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Architecture of CNN– 
 
The CNN considered in this research for recognizing hand gestures consists of two 
convolutional layers, two max pooling layers, two fully connected layers, and an 
output layer. There are three dropout layers in the network to prevent overfitting. 
 
The first convolutional layer has 64 different filters with a kernel size of 3x3. 
Rectified Linear Unit (ReLU) is used as the activation function in this layer. ReLU 
was applied to introduce non-linearity, and it has been proven that ReLU performs 
better than other activation functions such as tanh or sigmoid. As the input layer, it 
is needed to specify the input size. The stride is set to its default value. The input 
shape is 64x64x1, which means that a grayscale image of size 64x64 should be 
provided to this network. This layer produces the feature maps and passes them to 
the next layer. Then the CNN has a max pooling layer with a pool size of 2x2, 
which takes the maximum value from a window of size 2x2. The spatial size of the 
representation is reduced as the pooling layer takes only the maximum value and 
discards the rest. This layer helps the network better understand the images by 
selecting only the most important features. 
 
The next layer is another convolutional layer with 64 different filters. The kernel 
size is 3x3 and the stride is set to the default value. Again, ReLU was used as the 
activation function in this layer. Another max pooling layer follows this layer which 
has a pooling size 2x2. In this layer, the first dropout was added, which randomly 
discards 20% of the total neurons to prevent the model from overfitting. The output 
from this layer is passed to the flatten layer. 
 
The output from the previous layers is received by the flattening layer, where it is 
transformed from a two-dimensional matrix into a vector. This layer enables the 
fully connected layers to process the data that has been obtained so far. The next 
layer is the first fully connected layer, which consists of 256 nodes. The activation 
function used for this layer is ReLU. A dropout layer was added at the end of this 
layer, excluding 20% of the neurons, in order to prevent overfitting. The second 
fully connected layer also consists of 256 nodes, which receive the vector generated 
by the first fully connected layer. This layer utilizes the ReLU activation function. 
Another dropout layer was also used here to exclude 20% of the neurons in order to 
prevent overfitting. The output layer consists of 10 nodes, each representing a 
distinct class of hand gestures. This layer utilizes the SoftMax function as an 
activation function, which generates a probability value for each class. 
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The model is compiled with the Adam optimizer function using a learning rate of 
0.001. To evaluate the loss, the categorical cross-entropy function was used because 
the model is compiled for multiple classes. Finally, the loss and accuracy metrics 
were specified to track the evaluation process. 
 
This configuration was chosen after experimenting with different combinations 
of nodes and layers. 
  

 
 

Input Layer 
50x50x1 

 
 
 
 
 
 

Dropout 
(0.25) 

 
 
 
 
 
 

Flatten 
 
 
 
 
 
 

Dropout 
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Max-Pooling 
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Max-Pooling 
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Max-Pooling 
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Max-Pooling  
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Dropout 
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Figure 8: Flowchart of CNN architecture 
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5. Experimentation and Result:  
 

A new dataset has been created because the previously used dataset is not 
available on the internet, and there were no other comparable datasets to work 
with. The new dataset used is much larger and beneficial for improving accuracy. 
The proposed and existing models are both trained using a new dataset. 

 
In both cases, augmented datasets improve model training and, as a result, produce 
better outcomes. 

 
In the existing model, the accuracy was 98.95% when trained with the existing 
dataset. On training the same model with the accumulated dataset, the accuracy 
drops to 63.44%. The existing model is improved by changing the final dropout 
layer to 40% and introducing ReLU activation in the dense layer. 

 
When the existing= model is trained using the accumulated dataset, it achieves an 
accuracy of 89.67%. The accuracy of the model, when trained with the 
accumulated dataset, is lower compared to the existing model and dataset.  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 9: Graph representing loss and Figure 10: Graph representing loss 
and accuracy after augmentation. 

 

accuracy before augmentation.  
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In the Figure 8 and 9, the loss and the accuracy curves are plotted before 
augmentation and after augmentation. 
 
It can be concluded that before augmentation, the accuracy starts at 0.2. 
However, after augmentation, the accuracy starts at 0.4, indicating a slight 
improvement in accuracy. There is no change in the loss curve. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Figure 11: Validation loss and validation Figure 12: Validation loss and  
accuracy before augmentation validation accuracy after augmentation 

 
 
 
 
In Figures 10 and 11, the validation loss and validation accuracy of the results are 
plotted before and after augmentation. From the graph, it can be concluded that 
before augmentation, the validation accuracy starts at 0.2. After augmentation, the 
accuracy starts at 0.5, indicating a slight improvement in accuracy. The validation 
loss has been reduced to such an extent that it is now negligible within the range. 
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6. Conclusion & Future Scope 
 

 

Teaching an inexperienced person is always a challenging task for any teacher. In 
this work, we introduce an effective communication aid called the Mudra 
Recognition System. The system utilizes advanced technologies, such as image 
processing, to ensure maximum accuracy. It is more convenient compared to the 
existing systems. Database creation and testing make the system more user-
friendly for educational purposes. The database can be expanded to include a 
broader range of hand gestures, which will improve the system's performance and 
provide more possibilities. After comparing the results, it was found that changing 
the optimizer from SGD to Adam reduced overfitting. It has been observed that 
the previous architecture had better performance based on the dataset used. In the 
experiment, a larger dataset was collected, and the architecture of the CNN layers 
was modified. Thus, the accuracy, which was previously 96.878%, has been 
reduced to 89.66%. On the other hand, the proposed model produces results more 
quickly and achieves a higher level of classification accuracy. 
 
Here, only the asanyukta mudras of Indian Classical Dance (10 classes = 10 
unique mudras) are considered. However, this could be further extended to a total 
of 24 asanyukta and 13 sanyukta mudras, as stated in the Natyashastra. 
 
This research explores the opportunities and challenges in hand gesture 
recognition. It also analyzes the effect of data augmentation on deep learning. 
CNN is considered a data-driven methodology, and data augmentation has a 
significant impact on deep learning. Although the system can successfully 
recognize gestures, there is still room for further extension. Although the system 
can successfully recognize gestures, there is still room for further improvement 
and expansion. For example, by applying a knowledge-driven methodology such 
as Belief Rule Base (BRB), which is widely used when uncertainty arises. Hence, 
gesture recognition can be achieved more accurately. More gestures can be added 
to the list of recognized gestures. It was assumed that the background should be 
less complex. Therefore, recognizing gestures in complex backgrounds can be 
another extension. Recognition of gestures made with both hands is not possible 
with this system. Therefore, another area for future work could be the recognition 
of gestures made with both hands. 
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Appendix-II: Python code for implementation -  
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