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ABSTRACT 

   

In last three decades progress in Artificial intelligence and Machine learning has made 

tremendous development in the field of computer vision, Natural language processing (NLP), 

Automatic Speech Recognition (ASR) and many more. ASR also known as speech to text or 

Lip Reading, is a visual speech recognition technology, which interprets the speech by 

observing the lip, tongue, and teeth movements of the speaker without speech signals. Lip 

movements are, especially, used by partially deaf people to perceive the meaning of speech. 

Deaf people communicate with each other using sign language. However, it becomes difficult 

for deaf people to communicate with people who do not know sign language. Through 

technological innovations and Lip reading techniques, this deficit can be filled. Using Lip 

reading, in their childhood only, deaf children can be taught their mother tongue easily. Also, 

the lip expressions can be converted into sentences by a Lip reading system which can be 

displayed on a deaf person’s mobile screen which can be easily read. According to research, 

skills acquired in childhood help a child to learn other languages in a better way. Most of the 

Lip reading work is carried out for the English language and other foreign language. Our work 

is to design and develop an algorithm for Lip detection and extraction algorithm, create a 

dataset for Gujarati alphabets and alphabet recognition using CNN-LSTM model. We have 

created an algorithm named ViLiDEX algorithm to remove extra frames, a dataset named 

GVarna for 34 consonants of Gujarati language. We have used mobile net for class wise 

(Guttural, Palatal, Retroflex, Dental and Labial) recognition and alphabet classification. 
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1. INTRODUCTION 

 

1.1 What is Lip Reading?  

Lip reading means to interpret the speech by observing the lip, tongue and teeth movements of 

speaker without speech signals. Three basic strengths of humans are vision, speech, and hearing 

capability which are used for communication. If there is a deficiency in any of the capabilities, 

communication becomes difficult. As hearing is necessary for correct speech and language 

development, it becomes almost impossible when hearing capability is not fully functioning. 

Though speech, vision, and hearing skills develop at different ages, hearing skill is much more 

important for the proper development of speech and language skill. A child who is born deaf 

or becomes deaf before he begins to speak cannot communicate and become dumb, although 

they don’t have any speaking problems [1]. Deaf people use sign language to communicate. 

Sign language is an easy and simple way for deaf people to communicate with each other. 

Using sign language they can explain their feeling to normal people with some difficulty. Deaf 

people will face a problem when they have to understand any message from normal people. 

Normal people don’t know to communicate in sign language and fail to deliver the message. 

This could be serious when deaf people are in danger and don’t get help from others. In this 

situation, Lip reading can be useful to communicate with normal people [2]. In childhood, deaf 

people could be trained to learn their mother tongue using Lip Reading and additional 

resources. 

 

1.2 Automatic Speech Recognition 

Technology has helped whenever strengths of human being became weak. Evolution in 

Automatic speech recognition (ASR) from ADALINE to Alexa happened to strengthen the 

human being. In this evolution Visual speech recognition or Automatic Lip reading needs more 

focus. Speech signals carry more information than visual signals so it’s easier to get better 

results with speech signals in ASR. In visual speech recognition, lip movements characteristics 

are used to recognize the speech content of the speaker without a speech signal. Information 

collected by visual channel is two-dimensional and so contain more redundant data than one-

dimensional voice information. Speech signals easily interfere in a noisy environment while 

visual signals used for ALR will not be affected and could improve recognition rate in a noisy 
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environment [3][4]. Sign language and Lip reading methods combined can help to minimize 

the communication issues of deaf people [5][6].  

1.2.1 History of Automatic Lip Reading 

The first ASR system was designed and developed at Bell laboratories in 1952. The system 

“Digit Recognizer” was based on sound signals and could recognize ten digits spoken in 

English language [7]. Sumby and Pollack [9] gave the first theory of Automated Lip Reading 

and suggested that visual observations of speaker can improve oral speech clarity. As digital 

image processing techniques were not introduced, no lip reading model was designed yet. 

Lately after 20 years of digital image processing techniques were developed, in 1984 the first 

Audio-Visual Automatic Speech recognition (AV-ASR) system was designed by Petajan [10]. 

Goldschen [11] have used statistical model to design a visual-only sentences-level lip reading 

method using Hidden Markov Model.  

Rise in Artificial Intelligence made 21st century a stepping stone for technology. Innovation in 

machine learning and deep learning methods gave a new direction to the lip reading work. 

Ngiam [15] has proposed an AV-ASR approach based on deep auto-encoder and restricted 

Boltzmann machines in 2011. In 2014 Noda has used Convolution Neural Network for feature 

extraction from images and showed that CNN is significantly better than image processing 

based methods [16]. In 2016 Wand have used Long Short-Term Method for lip reading on 

GRID dataset [17]. First end-to-end sentence-level lip reading model named LipNet was 

presented by Assael [18]. LipNet is based on Spatio-temporal Convolution Neural Network 

and Recurrent Neural Network. Chung et al. [19] has proposed a WLAS Network based on 

CNN and LSTM on LRS Dataset.  

In last decade, Lip Reading work carried out for Indian languages also. Nandini[143] have 

implemented Lip reading for Kannada language and Patil [144] have given LSTM based Lip 

reading  approach for Devanagari Script. 

Google dictionary feature “learn to pronounce” added in December 2018 is a lip movement of 

words in different accents (see Figure 1). It helps hearing of hard people to pronounce the word. 
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Figure 1. "Learn to pronounce" feature of Google Dictionary (courtesy: google.com) 

 

1.2.2 Automatic Lip Reading Methods  

Automatic Lip Reading Methods involves series of actions. These actions are  

1. Lip Detection and Extraction: In this step lip region is extracted from raw video. Speech 

content are recognized through visual information of lips, the quality of extracted lip 

region (ROI) is very important. Traditional methods of lip detection are colour 

information-based method, face structure-based method and model based method. 

Deep learning methods of lip detection method use pre-trained models to extract lip 

ROI. 

2. Feature extraction: the next step after Lip detection and extraction is feature extraction 

for subsequent classification. Traditional methods for feature extraction are pixel-

based, shape-based and mixed feature extraction methods. Deep Neural network 

structures like Feedforward Neural Network [17], [56], [57] Autoencoder [58], 

Boltzoman Machine [59], Convolution Neural Network (CNN) are used for feature 

extraction.   

3. Feature transformation and classification: Classification methods like Template 

Matching method, Artificial Neural Network and Hidden Markov Model were used. 

Now a days RNN, LSTM [60], GRU [61], 2D CNN, 3D CNN, 2D+ 3D CNN, Bi-LSTM 

and many more deep learning based models are used for classification. 

 

1.3 Motivation 

The biggest motivation behind this work is to make Lip reading and understanding 

easier for deaf people for Gujarati Language and be helpful to them through technology. 

Lip reading relies on the kind of language of the dataset, and Gujarati is our mother 

tongue, we chose Gujarati Language to implement Lip Reading. 
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1.4 Problem statement, objectives and applications 

1.4.1 Problem statement: Design and Development of Lip Extraction Algorithm and Dataset 

Creation for Gujarati Alphabets Recognition via Lip Movement using Deep Learning 

1.4.2 Objectives:  

Objective of this research is to design a frame removal algorithm, design a dataset and alphabet 

recognition using pre-trained deep learning model. Further research in this direction can be 

helpful to hearing of hard people to learn mother tongue in early ages. Hearing of hard people 

are trained with sign language, but it cannot be helpful for communication with normal people. 

Using lip reading they can learn pronunciation, and so, can communicate with others. This 

research can be helpful to the people of rural area of Gujarat. 

1.4.3 Research Contribution 

a. Dataset for Gujarati Language is not available for Automatic speech recognition, so we 

have created dataset from scratch, named GVarna. This will be helpful for further 

research in lip reading for Gujarati language. 

b. Different speakers have different span for alphabet utterance, so we have designed a 

ViLiDEx algorithm to remove extra frames and store key frames.  

c. After creating dataset, we have used Mobile Net-a pre-trained model for alphabet 

classification and recognition based on 5 classes (Guttural, Palatal, Retroflex, Dental, 

and Labial). 

1.4.4 Applications: 

There are many applications of automatic lip reading. India is a country with many local 

languages. Many applications with English language can be implemented with local languages. 

1. This work will helpful for further research in Gujarati Language.  

2. Automatic Lip reading will help to hearing of hard people to learn the language from 

childhood.  

3. It will help hearing of hard people to learn pronunciation of different languages. 

4. In rural area, cellphone authentication with lip movement can be implemented with 

local languages.  
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2. LITERATURE STUDY 

 

2.1 Literature study of Automatic Lip reading 

Automatic lip reading is based on language, dataset size, image quality, image size and number 

of speakers involved in dataset. Here we have discussed about lip reading in different languages 

and technology used for implementation. Initially the dataset was limited, but gradually the 

dataset size become more complex, as number of speakers, diversity in posture, illumination 

conditions, background environment changes. Table 1 summarizes lip reading implemented 

for different languages. Table 2 summarizes lip reading datasets for alphabet and digits. Table 

3 summarizes different models used for dataset for alphabet and digits. 

 

Table 1 Lip Reading in different languages 

Sr. 

No 

Title and year Language Model Accuracy 

1 A PCA based visual DCT feature extraction 

method for lip-reading (2006) 

Chinese PCA based Traditional 

Method  

67% 

2 A Lip Reading Application on MS Kinect 

Camera 

(2013) 

Turkish KNN+HMM 72.44% to 

78.22% 

3 Lipnet: end-to-end sentence-level lipreading 

(2016) 

English SpatioTemporal CNN +Bi-

Gated Recurrent Unit+ 

Connectionist Temporal 

Classification 

95.2 % (s) 

86.4% (w) 

4 Designing and Implementing a System for 

Automatic Recognition of Persian letters by 

Lip reading Using Image Processing Methods  

(2019) 

Persian Back propagation ANN and  

Radial basis function 

- 

5 Automatic lip-reading of hearing impaired 

people(2019) 

Japanese HAAR+AAM - 

6 Marathi digit recognition using lip geometric 

shape features and dynamic time 

warping(2017) 

Marathi Traditional Model 63% 

7 Deep weighted feature descriptors for lip 

reading of Kannada language (2019) 

Kannada Deep learning model 84.82% 

8 LSTM model for visual speech recognition 

through facial expressions (2023) 

Malayalam CNN+LSTM - 
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Table 2 Lip reading datasets 

Name Language Task Speakers Best Accuracy 

Tulips (1995) [102] English Digits 96 89.53%  

M2VTS (1999) [103] French Digits 2920 76.60%  

AVLetters (2002) [97] English Alphabet 780 69.60%  

CUAVE (2002) [105] English Digits 7000 83.00%  

BANCA (2003) [132] Multiple Digits 29,952 - 

AV@CAR (2004) [101] Spanish Digits, Alphabet 800,600 23.00%  

AVICAR (2004) [98] English Digits, Alphabet 59,000 37.87%  

VALID (2005) [133] English Digits 1590 63.21%  

AVLetter2 (2008) [100] English Alphabet 910 91.80%  

IBMSR (2008) [134] English Digits 1661 68.58%  

CENSREC-1-AV (2010) [109] Japanese Digits 3234 39.30%  

NDUTAVSC (2010) [108] German Digits 6907 84.24%  

AGH AV (2012) [110] Polish Digits - - 

AusTalk (2014) [131] English Digits 24,000 69.18%  

OuluVS2 (2015) [106] English Digits 1590 96.90%  

AV Digits (2018) [107] English Digits 795 68.00%  

 

Table 3 Models used for Alphabet and Digit datasets 

Name Year Model Accuracy 

Front end Back end 

AVLetters 

(Alphabet) 

2002 LBP-TOP SVM 62.80% 

2013 RFMA 69.60% 

2016 DBNFs + DCT LSTM 58.10% 

2016 RMRBM 64.63% 

CAUVE 

(digit) 

2009 AAM HMM 83% 

2011 Autoencoder + RBMs 68.70% 

2017 DBNF GMM-HMM 63.40% 

2017 Autoencoder+LSTM Bi-LSTM 78.60% 

 

2.2 Difficulties and Challenges of Automatic Lip reading  

Automatic Lip reading is a challenging task because its input is a video or image sequences 

and most of the image contents are similar or unchanged. The primary distinction is the change 

in lip movement, but for alphabets, this change is very minute. Main challenges of lip reading 

task are described as follows: 

External Factors: Different factors like illumination, skin colour, beards, and wrinkles on the 

skin affect the process of feature extraction. To overcome this problem traditional lip reading 
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methods use shape-based methods. In Shape-based methods extracted features only include the 

shape of the lips [44],[45] and other external factors like illumination, skin colour, and beard 

will be discarded. In deep learning-based methods, various methods are used to extract spatial 

and temporal features of lip movement.  

Visual Ambiguity: In alphabet pronunciations, different phonemes have same mouth shape. 

Such visemes are difficult to distinguish without context. Speakers’ ascent will add more 

complexity to the feature extraction task. Phoneme-to-viseme mappings [38], [153], [68] and 

adjacent character/words phenomena [19], [141], [87] will solve the problem of visible 

ambiguity at some extent.   

Speakers' Pose: when data are collected from TV shows or online sites, position of speakers’ 

head may vary. Different postures of speakers with different angles make feature extraction 

task difficult. The multi-view datasets like LRW [113], LRW-1000[86], LRS2-BBC [126], 

OuluVS2[106] are very helpful to solve this problem. 

Speaker dependent: Performance of lip reading task is very much dependent on number of 

speakers. People from different region have different styles, ascent, pronunciation and habit of 

speaking. This may also affect the performance of lip reading task. If large scale of dataset is 

available with a greater number of speakers, influence of speakers’ dependency can be reduced.  

Database parameters: Databases with limited number of speakers, corpus and samples also 

affects the performance of lip reading task. Databases collected from TV shows, the 

background, illumination, environment and other parameters are similar as well language 

content is also limited. A large-scale of datasets with a greater number of speakers from 

different regions and different postural background give more fruitful results for lip reading 

task. 
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3. RESEARCH CONTRIBUTION 

 

3.1 Dataset creation 

We are implementing Lip Reading using machine learning for Gujarati language. There are 

total 36 consonants and 12 vowels in Gujarati Alphabet (see Figure 2). 36 consonants are 

classified in 5 sub classes named Guttural, Palatal, Retroflex, Dental and Labial (see Figure 3).  

 

Figure 2. Gujarati Alphabet (courtesy: omniglot.com) 

 

Figure 3. Devanagari alphabet classification (Courtesy: https://bhashabodha.blogspot.com/) 

For consonant classification purpose we have considered 34 consonants only. No dataset for 

Gujarati language is available for Automatic speech recognition, so we have created this dataset 
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from scratch, named GVarna. GVarna is a 2D image data with depth. Which included 34 

consonants of Gujarati language. We have recorded videos using Nikon D 5300 camera with 

1920 X 1080 full HD resolutions and 30 frames/second. Our family members, friends, relatives 

and students who know Gujarati language were speaking 34 consonants in one continuous 

video. Recording is performed at one place to avoid the difference of illumination, light and 

noise. As speakers have different speed and accent one character span is 1 or 2 seconds. We 

have recorded such 3 shots of 24 speakers for 34 consonants. Total 72 video files are recorded 

and each consonant separated using “Movies and TV” application on Windows 10 operating 

system.  

3.2 ViLiDEx algorithm for Lip detection and Extraction 

We have designed lip detection and extraction algorithm based on Facial landmark pre-trained 

model of Dlib. Facial landmark using Dlib gives total of 68 landmarks of face, among them 

landmarks from 49-68 which are for lip area are cut down and given as an input for next level 

(see Figure 4). Existing algorithm keeps first even/odd number of frames from total number of 

frames and discard remaining frames. Key frames are distributed throughout the video. 

Alphabet utterance of different speaker may vary in time. For long utterance, total number of 

frames are more than short utterance, and if first odd/even frames will be kept, key frames may 

be discarded. To overcome this problem, we proposed an algorithm ViLiDEx.  

 

Figure 4.  Face  landmark points 

3.2.1 Working of ViLiDEx algorithm 

This algorithm takes a video as an input, count total frames, for each frame detects lip area and 

extract and save the new frame. If the total number of frames is more than the limit (20/25), 

extra frames will be removed. Frame removal is based on frame numbers. Frame numbers 

divided by following numbers (2, 3, 5, 7, 11, 17…up to Total number of frames) will be 

removed.  
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This algorithm calculates total frames of input video of alphabet. If total frames are multiple 

of 20 (20*1, 40(20*2), 60(20*3), 80(20*4) … and so on), then frame number divisible by 

multiplicand (1, 2, 3, 4…) will be kept and others will be discarded as extra frames. If total 

frames are not multiple of 20 then Frame difference will be calculated. Prime numbers and 

total numbers divisible by these prime numbers up to total frames are listed. Prime numbers 

whose count is equal to frame difference will be searched and frame numbers divisible by these 

prime numbers will be discarded (See Table 1). For the remaining 20 frames, using Face 

landmark points 49-68, lip area will be extracted and stored.  Time complexity of this algorithm 

is O(m*n*p), where m*n is the resolution of image in the frame and p is total number of frames. 

Steps of ViLiDEx algorithm are as follows. 

 

3.2.2 ViLiDEx algorithm:  

1. Read input video. 

2. Count Total number of Frames. 

3. Calculate Frame difference = Total Frames- 20 

4. If frame difference = 0 

Density = ‘E’ 

Divisor =1 

Else if Frame difference % 20 = 0 

Density = ‘M’ 

Divisor = int (Total Frames / 20) 

Else 

Density=’S’ 

List Prime numbers from 3 to Total Frames 

Count total numbers ( 1 to Total Frames) divisible by each prime number listed above  

Search for the counts whose total is equal to frame difference 

Corresponding numbers in list of primes are List of Divisors for Extra frames 

5. Set the path to store dataset 

6. For each frame in input video 

If Density = ‘E’ 

 Crop lip area from each frame and store 

Else if Density = ‘M’ 

 Crop the frames whose number divisible by Divisor and store 

 Discard other frames 

Else 

 Crop the frames whose number divisible by List of Divisors and store 

 Discard other frames  

7. Close input video 

 

 
Table 4. Working of ViLiDEx algorithm 

Total 

Frames 

Frame 

Difference 

Divisor /List 

of Primes 

Density Prime Nos Needed Count total numbers divisible 

by each prime 

20 0 1 ‘E’ for Equal - - 

40 20 40/2=2 ‘M’ for Multiple of 20 - - 

30 10 [3] ‘L’ for in List of 

Primes 

[3, 5, 7, 11, 13, 17, 19, 

23, 29] 

[10, 6, 4, 2, 2, 1, 1, 1, 1] 
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39 19 [3, 7, 17] ‘S’ for search in List of 

Primes 

[3, 5, 7, 11, 13, 17, 19, 

23, 29, 31, 37] 

[13, 7, 5, 3, 3, 2, 2, 1, 1, 1, 1] 

13 + 5 + 2 -1(remove frame no 

21 common for 3 and 7) = 19 

38 18 [3, 7, 11] ‘S’ for search in List 

of Primes 

[3, 5, 7, 11, 13, 17, 19, 

23, 29, 31, 37] 

[12, 7, 5, 3, 3, 2, 2, 1, 1, 1, 1] 

12+5-1+3-1 

 

 

 

3.3 Alphabet Recognition/Classification 

For alphabet classification we are using CNN-LSTM model. CNN identifies lip shape and then 

each of the output of CNN become transform to sequence. LSTM learns pattern the sequence 

that contain the change of lip shape. We are using well trained CNN model MobileNet.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Here we have used 8800 images for training and 4400 images for testing. We have used two 

learning rates (0.0001 and 0.0002) and different epochs (5,10,20,30,40,50,100). We have 

applied cross validation with 3 set of overlapping datasets. Steps for training and testing using 

Mobile Net are given below. 

Training of GVarna dataset using Mobile Net: 

1. Set Parameters like timestamp, labels, learning rate, batch size, epochs etc. 

2. Create empty dataset and load training dataset 

3. Build a model  

Im

ag

e 

dat

Figure 5. CNN LSTM Model for classification 
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4. Compile the model 

5. Train the model 

6. Save the model 

Testing of GVarna dataset using Mobile Net: 

1. Load the saved model 

2. Load testing dataset 

3. Test dataset 

4. Print result 

  



15 

 

4. RESULTS AND OBSERVATIONS 

 

4.1 Results 

GVarna dataset is trained using CNN-LSTM based MobileNet model. Total 8800 images are 

trained and 4400 images are tested (66:33 ratio). We have used two learning rates 0.0001 and 

0.0002 for 5, 10, 20, 30, 40, 50, 60, and 100 epochs (table 5 and table 6).  

Table 5 Precision, Recall and F1 score for learning rate 0.0001 and different epochs 

  Learning Rate 0.0001 

Epochs 5 10 20 30 40 50 60 100 

Precision 

Guttural 0.21 0.21 0.19 0.17 0.15 0.22 0.19 0.16 

Palatal 0.00 0.00 0.29 0.40 0.33 0.23 0.20 0.24 

Retroflex 0.00 0.00 0.23 0.21 0.20 0.25 0.26 0.29 

Dental 0.20 0.27 0.15 0.12 0.23 0.19 0.16 0.08 

Labial 0.00 0.00 0.38 0.33 0.33 0.40 0.36 0.31 

Overall 0.20 0.21 0.24 0.24 0.23 0.23 0.23 0.21 

Recall 

Guttural 0.93 0.95 0.09 0.18 0.14 0.25 0.18 0.20 

Palatal 0.00 0.00 0.52 0.18 0.30 0.41 0.41 0.32 

Retroflex 0.00 0.00 0.34 0.41 0.25 0.32 0.11 0.18 

Dental 0.09 0.09 0.16 0.05 0.34 0.14 0.11 0.07 

Labial 0.00 0.00 0.07 0.36 0.14 0.05 0.32 0.30 

Overall 0.20 0.21 0.24 0.24 0.23 0.23 0.23 0.21 

F1 score 

Guttural 0.34 0.34 0.12 0.17 0.14 0.24 0.18 0.18 

Palatal 0.00 0.00 0.38 0.25 0.31 0.29 0.27 0.27 

Retroflex 0.00 0.00 0.28 0.28 0.22 0.28 0.16 0.22 

Dental 0.13 0.14 0.15 0.07 0.27 0.16 0.13 0.08 

Labial 0.00 0.00 0.12 0.34 0.19 0.08 0.34 0.30 

Overall 0.09 0.09 0.21 0.22 0.23 0.21 0.22 0.21 

 

Table 6 Precision, Recall and F1 score for learning rate 0.0002 and different epochs 

  Learning Rate 0.0002 

Epochs 5 10 20 30 40 50 60 100 

Precision 

Guttural 0.20 0.21 0.14 0.20 0.19 0.16 0.19 0.19 

Palatal 0.00 0.00 0.27 0.22 0.29 0.23 0.19 0.22 

Retroflex 0.25 0.57 0.00 0.29 0.25 0.23 0.29 0.31 

Dental 0.00 0.25 0.17 0.20 0.12 0.10 0.13 0.12 

Labial 0.00 0.00 0.31 0.34 0.32 0.34 0.30 0.33 

Overall 0.09 0.21 0.18 0.25 0.23 0.21 0.22 0.23 

Recall 

Guttural 1.00 0.64 0.16 0.25 0.36 0.16 0.20 0.16 

Palatal 0.00 0.00 0.48 0.25 0.45 0.64 0.16 0.48 

Retroflex 0.02 0.09 0.00 0.27 0.05 0.07 0.27 0.25 
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Dental 0.00 0.45 0.25 0.18 0.07 0.02 0.11 0.11 

Labial 0.00 0.00 0.18 0.27 0.23 0.25 0.39 0.07 

Overall 0.20 0.24 0.21 0.25 0.23 0.23 0.23 0.21 

F1 score 

Guttural 0.34 0.32 0.15 0.22 0.25 0.16 0.20 0.18 

Palatal 0.00 0.00 0.34 0.23 0.35 0.34 0.18 0.30 

Retroflex 0.04 0.16 0.00 0.28 0.08 0.11 0.28 0.28 

Dental 0.00 0.33 0.21 0.19 0.09 0.04 0.12 0.11 

Labial 0.00 0.00 0.23 0.30 0.27 0.29 0.34 0.11 

Overall 0.08 0.16 0.18 0.25 0.21 0.19 0.22 0.20 

 

We have performed cross-validation with three overlapping testing datasets DS0, DS1, and 

DS2 (table 7). Precision, Recall and F1 score value for 5 classes and two learning rate is 

shown in table 8, 9, 10, 11, 12. 

Table 7 Cross validation 

Learning Rate 0.0002 0.0001 

Epochs Class 

Overall Accuracy 

DS0 DS1 DS2 DS0 DS1 DS2 

Precision 

30 0.23 0.25 0.24 0.25 0.24 0.20 

40 0.19 0.23 0.22 0.25 0.23 0.25 

50 0.25 0.21 0.20 0.25 0.23 0.23 

Recall 

30 0.25 0.25 0.25 0.25 0.24 0.20 

40 0.24 0.23 0.23 0.25 0.23 0.25 

50 0.25 0.23 0.21 0.25 0.23 0.23 

F1 score 

30 0.23 0.25 0.22 0.24 0.22 0.16 

40 0.21 0.21 0.21 0.22 0.23 0.24 

50 0.24 0.19 0.20 0.23 0.21 0.21 

 

Table 8 Accuracy for Guttural Class 

Guttural class Precision Recall F1 score 

Learning Rate --> 
0.0001 0.0002 0.0001 0.0002 0.0001 0.0002 

Epochs Dataset 

30 

Epochs 

DS0 0.21 0.27 0.39 0.20 0.27 0.23 

DS1 0.17 0.20 0.18 0.25 0.17 0.22 

DS2 0.09 0.25 0.02 0.32 0.04 0.28 

40 

Epochs 

DS0 0.25 0.25 0.18 0.23 0.21 0.24 

DS1 0.15 0.19 0.14 0.36 0.14 0.25 

DS2 0.25 0.31 0.20 0.18 0.23 0.23 

50 

Epochs 

DS0 0.26 0.24 0.14 0.45 0.18 0.31 

DS1 0.22 0.16 0.25 0.16 0.24 0.16 

DS2 0.17 0.22 0.07 0.25 0.10 0.23 
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Table 9 Accuracy for Palatal Class 

Palatal class Precision Recall F1 score 

Learning Rate --> 
0.0001 0.0002 0.0001 0.0002 0.0001 0.0002 

Epochs Dataset 

30 

Epochs 

DS0 0.20 0.05 0.09 0.02 0.13 0.03 

DS1 0.40 0.22 0.18 0.25 0.25 0.23 

DS2 0.00 0.07 0.00 0.02 0.00 0.03 

40 

Epochs 

DS0 0.06 0.00 0.02 0.00 0.03 0.00 

DS1 0.33 0.29 0.30 0.45 0.31 0.35 

DS2 0.30 0.07 0.25 0.02 0.27 0.03 

50 

Epochs 

DS0 0.10 0.13 0.07 0.07 0.08 0.09 

DS1 0.23 0.23 0.41 0.64 0.29 0.34 

DS2 0.19 0.18 0.11 0.07 0.14 0.10 

 

Table 10 Accuracy for Retroflex class 

Retroflex class Precision Recall F1 score 

Learning Rate --> 
0.0001 0.0002 0.0001 0.0002 0.0001 0.0002 

Epochs Dataset 

30 

Epochs 

DS0 0.22 0.30 0.39 0.41 0.28 0.35 

DS1 0.21 0.29 0.41 0.27 0.28 0.28 

DS2 0.21 0.28 0.48 0.34 0.30 0.31 

40 

Epochs 

DS0 0.24 0.29 0.61 0.43 0.43 0.35 

DS1 0.20 0.25 0.25 0.05 0.22 0.08 

DS2 0.30 0.30 0.18 0.25 0.23 0.27 

50 

Epochs 

DS0 0.28 0.33 0.48 0.39 0.35 0.35 

DS1 0.25 0.23 0.32 0.07 0.28 0.11 

DS2 0.27 0.18 0.27 0.20 0.27 0.19 

 

Table 11 Accuracy for Dental class 

Dental class Precision Recall F1 score 

Learning Rate --> 
0.0001 0.0002 0.0001 0.0002 0.0001 0.0002 

Epochs Dataset 

30 

Epochs 

DS0 0.33 0.19 0.11 0.25 0.17 0.22 

DS1 0.12 0.20 0.05 0.18 0.07 0.19 

DS2 0.08 0.23 0.07 0.43 0.07 0.30 

40 

Epochs 

DS0 0.25 0.15 0.11 0.16 0.16 0.16 

DS1 0.23 0.12 0.34 0.07 0.27 0.09 

DS2 0.16 0.16 0.18 0.23 0.17 0.19 

50 

Epochs 

DS0 0.18 0.19 0.14 0.14 0.16 0.16 

DS1 0.19 0.10 0.14 0.02 0.16 0.04 

DS2 0.22 0.15 0.30 0.16 0.25 0.15 
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Table 12 Accuracy for Labial class 

Labial class Precision Recall F1 score 

Learning Rate --

> 0.0001 0.0002 0.0001 0.0002 0.0001 0.0002 

Epochs Dataset 

30 

Epochs 

DS0 0.41 0.32 0.27 0.36 0.33 0.34 

DS1 0.33 0.34 0.36 0.27 0.34 0.30 

DS2 0.31 0.38 0.45 0.11 0.37 0.18 

40 

Epochs 

DS0 0.37 0.25 0.32 0.39 0.34 0.31 

DS1 0.33 0.32 0.14 0.23 0.19 0.27 

DS2 0.25 0.24 0.41 0.45 0.31 0.32 

50 

Epochs 

DS0 0.34 0.34 0.45 0.23 0.39 0.27 

DS1 0.40 0.34 0.05 0.25 0.08 0.29 

DS2 0.25 0.30 0.41 0.36 0.31 0.33 

 

 

4.2 Observations 

 Accuracy is better for LR 0.0002 than 0.0001 

 Accuracy is increases as number of Epochs are increasing 

 In Guttural (ka, kha, ga,gha), Palatal (cha, chha, ja, jha) and Labial (pa, pha, ba, bha) 

class accuracy is increasing with LR and no of Epochs. 

o This is because more lip movement compared to other class. 

 For Dental (ta, tha, da, dha) accuracy is increasing as no of epochs increasing but 

effect of LR is changing. 

 For Retroflex (tta, thha, dda, ddha) 5 epochs give best accuracy.  

 Epochs from 30 to 60 epochs give overall better accuracy for all classes. 

 Higher learning rate also gives good accuracy. 
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5. CONCLUSION 

 

 

 Accuracy for Alphabet depends on 

o Learning rate 

o No of Epochs 

o Class 

 Higher the LR and No of Epochs, accuracy is more. 

 Large Number of Epochs are needed because we are using 2D image with depth. 

 Accuracy depends on speaking style of speakers and dataset. 
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