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Abstract 

 
Human beings commune with each other to convey thoughts, expressions, experiences and so 

on to the people around them. But this case is not the same when it comes to the deaf and mute 

people. Sign language paves the way for people with such difficulties to communicate with one 

another. The aim of this paper is to facilitate easy and accurate communication between people 

who have hearing and speaking disabilities, and those who do not. This paper shows how the 
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communication gap can be bridged using sign language to text and audio converter with the 

help of Feature Extractor and Posenet with an accuracy of 92%. A webcam is used to capture 

the sign language shown by a person. Posenet with Artificial Neural Network is used to classify 

essential words used in day to day life. Various parts of the body are tracked by the webcam 

and then converted to text and audio to convey what the person is trying to express in real time. 
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Introduction 

 

According to India's National Association of the Deaf, roughly 18 million people, close to 

1% of India's population are Deaf. It is a fact that the most comfortable means of 

communication for these people is through sign language and it's impossible for deaf people 

to communicate comfortably with other people when they have to use other means of 

expression like text. It's extremely hard for deaf people to interact with people they come 

across every day, like a cashier at the supermarket or people at a pharmacy. Very few people 

know sign language well enough to use it in normal conversation fluently. So they have to 

resort to writing down what they need, and this is very restrictive in nature. This is the 

motivation for the project. 

 

The model was built to classify alphabets has been trained on a pre-trained model called 

MobileNet. MobileNets are low-latency, small and low-power models that are 

parameterized so that the resource constraints of use cases are met. They can be comfortably 

built upon for classification. Translation of words was more of a challenge as words in ASL 

are shown through movements of the hand or body and not still images. We trained the 

model over a pre-trained model called posenet which is a computer vision technique used 

to localise human figures in an image or video. Our project stands out because of the fact 

that it is portable, accurate, lightweight and very easy to use. 

 

This classification project has been deployed using ml5.js which is built on Tensorflow.js 

and is available for anybody to experiment with or fork to build upon further. 

 

The rest of the paper consists of the following sections: Literature Survey, Methodology, 

Testing, Result and Discussion, Conclusion. 

 

Literature Survey 
 

In (Ülgen, August 2015), the authors have worked on converting 12 sign languages to text 

using image processing. Their system captures motion which is used for conversion of sign 
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language and a voice recognition system that was used for voice conversion. It captures the 

signs and shows it on the screen in writing. The use of Microsoft Kinect Sensor XBOX 360 

is decided for capturing abilities and technical features for recognising motion of sign to 

voice conversion. Microsoft Kinect has to be mounted and has to be connected to a screen 

which is not portable. 

 

In (Sarika Turkar, March 2017), authors have made a system to convert Indian sign 

language to text using segmentation and feature extraction. A web-cam is used to capture 

the signs. These signs are further used for feature extraction using some sort of color model. 

The features obtained are then compared with existing images for sign recognition. They 

have used EmguCV to build this application. Their system works only on some of the 

alphabets. 

 

In (B, 2018), authors have used hand segmentation and image processing to convert Indian 

sign language to text. They made use of image processing for segmentation. Some features 

such as Eigen vectors and Eigen values were extracted and Linear Discriminant Analysis 

(LDA) algorithm was used for recognising the gesture and is further converted into both 

texts. A webcam was used for capturing the signs and the recognized gestures are converted 

into text. For hand segmentation the model has to be trained multiple times for it to 

recognize the hand exactly and it consists of only words. 

 

In (Rajaganapathy. S, 2015), authors have used Microsoft Kinect to convert Sign language 

to audio. Once the skeleton of a human is spotted and recognised, the system keeps track of 

the gestures and compares it with the user-defined gestures. The system is built using .Net 

and Kinect SDK. Vision based sign language recognition system usually makes use of 

Hidden Markov Model (HMM) to extract the image. The main disadvantage of a vision-

based sign language recognition system is that the image acquisition process has many 

apprehensions which are environmental like the background condition, place of the camera 

and sensitivity of light. 

 

In (Eleni Efthimiou, 2009), the authors have collected signs from anonymous people on the 

internet. This can be tedious as different people use different sign language conventions. 

They have used ELAN and Anvil to build the system. The characteristics that are used as 

input to the recognition system comprise a mix of measurements obtained by geometrical 

characterisations of the signer’s body parts and statistical processes. Therefore, sign 

language identification systems must deal with the problem of combined multiple channels 

of details. 
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In  (Parton, 2005.), the authors evaluate significant projects in the field beginning with 

finger-spelling hands such as  CyberGloves which consists of virtual reality sensors to 

capture isolated signs and Hidden Markov Models and neural networks. The glove must be 

well trained for every individual’s hand just like voice recognition. It is a tedious job to 

train the glove with everyone’s hand to give accurate results. Glove is only capable of 

recognizing characters and not various motions done to express words. 

 

In  (Sachin Bhat, 2015), the authors in this paper deal with the use of flex sensor technology. 

The System uses Lexical Functional Grammar formalism to represent Indian Sign 

Language syntax. Flex sensors are placed on hand gloves for the use of differently abled 

people. Sensors in the glove pick up gestures and give them to text data with the use of 

microcontrollers as well as Analog to Digital convertor. This converted text-data is thereby 

sent using wireless connection to a mobile phone via Bluetooth, which runs Text to Speech 

software and incoming messages will be automatically converted into voice. The main 

problems of using flex sensors are that they are costly as well as fragile. Also, they might 

give errors in the long run because of change in flexibility of the sensors. 

 

In (Paula Escudeiro, 2014), the authors deal with the study which includes the experiences 

and the development of model (VS-Virtual Sign Model), using an automatic sign language 

translator that is bidirectional, between written language and sign language. They have used 

Portugese Sign language. The authors have used data gloves and Kinect to train and classify 

images. One drawback of this process is that conversion of sign can take place in only that 

place as Kinect is not very portable and it can detect body only up to a certain range. 

 

In (Kamal Preet Kour, 2017), the authors talk about Sign language interpretation which is 

done using sign language recognition (SLR) by a computer. In this project, feature 

extraction of hand gesture and feature detection is accomplished with the help of the 

algorithm known as SURF using image processing. MATLAB was used to develop the 

project. Using this algorithm, a person can train language for the deaf and dumb. A database 

is made with 26 images of a single person and their corresponding images of 26 alphabets.  

And by this, various alphabets are trained. This project is only limited to alphabets. Cross-

compiling Matlab code to other languages is a tedious task. 

 

In (Omkar Vedak, 2019), the authors’ motive in this paper is to create an application which 

would aid in translating sign language to normal English in the form of audio and text. 

Histograms of oriented gradients (HOG) are used as a feature descriptor. Classification is 

done using SVM (Support Vector Machine). Image data is acquired by the application with 

the help of a webcam. It is then priorly processed with the help of a combinational algorithm 
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and template matching is used for recognition. An accuracy of 88% was obtained using the 

model. 

 

In (Mayuresh Keni, 2013), the authors have built a system on raspberry pi. The model 

makes use of an image processing system to identify, especially alphabetic sign language 

in English that is used by the deaf people to communicate. The image that is captured is 

compared with an existing image to get the result. Their system was able to recognize 14 

alphabets. The number of alphabets that could be recognized is not very helpful for effective 

communication. And the background needs to be selected properly for effective 

classification. 

 

Methodology 

 

1. Words using PoseNet 

 

PoseNet or Pose estimation is a computer vision technique which helps us determine human 

figures in videos as well as images, so that one can identify, for example, where someone’s 

shoulder or waist shows up in a video. PoseNet, which is a machine learning model that 

allows real time estimation of poses has been used for the detection of poses. 

 

We chose posenet over image classification as for classification the background of the 

images is considered whereas while using posenet, only the key-points of a figure or image 

are taken into consideration. The only requirement for tracking the key points is a webcam 

which is easily available in laptops and is also portable, hence using posenet for pose 

estimation is preferred over existing methods which make use of gloves and kinect for the 

same purpose. 

 

PoseNet is an algorithm that simply estimates where the key body joints are. It runs on 

TensorFlow.js and it can be used within a browser with the help of a webcam on laptops or 

desktops. We have used this to estimate a single pose i.e., the algorithm detects one 

individual in the video. 

 

PoseNet was trained to obtain the keypoints using the dataset COCO (Common Objects in 

Context). COCO has 3,30,000 features, out of which over 2,00,000 are labelled and it also 

consists of about 2,50,000 people with key points. 

 

The estimation of poses involves two phases: An RGB (Red Green Blue) image is fed in 

as input and the single pose algorithm is then used to determine the poses, confidence scores 

and positions of the key points. 
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Inputs for the Algorithm 

 

Input Image element: The image or video for which the poses have to be detected. 

 

Image Scale factor: It determines what the image should be scaled by before feeding it into 

a network, the number lies within the range 0.2 and 1.0, by default its value is 0.50. 

 

Flip horizontal: The value is changed to true when the video is flipped horizontally by the 

webcam and if the poses are to be returned in the proper position. 

 

Output Stride: Value should be 8, 16 or 32, the default value being 16. Internally this is 

used to affect the height and width of the layers in the neural network. When the output 

stride is set to low, it gives high accuracy but lesser speed and vice versa. 

 

Outputs for the algorithm: A pose which comprises a pose confidence score and an array 

consisting of 17 key points. 

 

Every key point consists of a key point position i.e., x and y coordinates of the point and 

confidence score as illustrated in Fig.1. 

 

 
Fig. 1 Single pose detection algorithm 

 

Sign Language to text and audio Converter includes 3 Processes:  

 

i. Data Collection 

ii. Training the Model 

iii. Classification 
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1. Data Collection 

 

All the images that were used to train the model were collected by us manually. Computer 

webcam was used to capture all the images for training purposes. The image captured by 

the webcam is passed through the posenet classifier, which is capable of identifying parts 

of the body. Capturing of data points was done using the help of ml5 library, which is built 

upon Tenserflow.js. Posenet is capable of identifying 17 parts of the body as shown in Fig.2, 

but to capture images for sign language we mainly use the key points above the waist as 

most of the action done are from the waist level and above. 

 

 
Fig. 2 Seventeen pose keypoints detected by PoseNet 

 

American Sign Language was used as reference for our sign language classes. We 

considered 7 main and essential signs like hunger, washroom, help, finished, sick, more and 

sorry that are used in day to day life for our model as illustrated in Fig.3. For each action, 

20 seconds were used to capture the image and around 5 to 6 images were captured per 

second. So, we have collected 115 images for each class. 

 

We created a video window of 640pixels x 480pixels on the browser. All the body parts 

were mapped on this window. The position of these body parts on this window were taken 

as coordinates (x and y axis from top left corner)  and stored. So, for each picture that has 

been captured would have 34 data points(17 parts x 2 coordinates). For each class we have 

3910 data points. All the data points were stored as key value pairs in json (Javascript object 

notation) format. 
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Fig. 3 Data collection process 

 

2. Training the Model 

 

We have used the Artificial Neural Network to train our model for predicting the poses. 

The data that was collected in the previous step is used to train the model in this step. 

Training of data is also done using the ml5 library. All the data points were normalized 

before they were fed in for training the data to obtain a mean close to zero which helps in 

faster learning and faster convergence. 

 

The training phase would have 34 inputs (x and y axis of the keypoints) and 7 outputs (7 

pose classes). All the data points along with their class name is automatically generated in 

the previous step.  Learning rate of 0.01 is used to train the model. 100 epochs of the model 

is run for it to backtrack and adjust its weights and give an accurate result. The output layer 

uses softmax activation function, whereas the input layer uses sigmoid activation function. 

A training performance graph which shows the loss as the model is trained is shown in the 

graph below. We were able to get a loss value as low as 0.15 as shown in Fig.4. The graph 

contains value on y axis and epoch on x axis. 

 

 
Fig. 4 Training Performance (Value vs Epoch) 
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This model is then saved to classify the poses in real time in json format. 

 

3. Classification of the Model 

 

The model that was saved in the previous step consists of 3 files. One file consists of the 

function that it goes through when a pose is detected. Second file contains the weight values 

in the neural network. Third file consists of the metadata of the model that has been saved. 

These files must be loaded when the web application opens on the browser to classify the 

poses. 

 

A video frame is made using the p5 library. This video window is run on an infinite loop 

so that each frame is captured and the image can be classified. The person’s pose is 

classified using 2 layer classification. The first one is where the person’s body parts are 

detected using posenet and keypoints are marked on the body. Next these keypoints are 

captured by the webcam and fed into the neural network. An object with all the class names 

and their corresponding confidence level is returned. Class name with the highest 

confidence score is displayed on the screen as illustrated in Fig.5. 

 

 
Fig. 5 Pose classification process 

 

Testing 

 

1. Words using PoseNet 

 

The model was tested with different classes by several people.  Each class in the model was 

tested multiple times by every member of the team. The model was also tested with different 

backgrounds to ensure that it worked in different conditions. It was also tested on a number 

of devices out of which the best results were obtained using a computer due to high 

hardware requirement. The model gave good results when the user stood a little away from 

the camera where the posenet was able to detect the parts till his/her waist. We were 

provided with satisfactory results on testing the model and it can be used for real time sign 

language conversion. 
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Result and Discussion 

 

The equation used to find the accuracy is Accuracy=
∑ Ci100
𝑖=1

100
. where C stands for confidence 

score of the image and i represents the index of it when compared with the image that has 

been fed during the training stage which ranges from 1-100.  

 

1. Words Using PoseNet  

 

The model gave results with upto 92.8% accuracy as shown in Fig.10. The model was able 

to classify the 7 essential words made by the user and convert it to text as well as audio with 

any background as long as the person was seen clearly on the webcam. 

 

 
Fig. 10 Accuracy for posenet 

 

Some of the output snapshots are displayed in Fig.11 to Fig.14 for posenet. 

 

  
Fig. 11  Output for “Help”  Fig. 12 Output for “Sick” 

 

  
Fig. 13 Output for “Hungry”  Fig. 14 Output for “Sorry” 
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Conclusion 

 

In this paper, a model is built to classify some of the essential words that are used in 

American Sign Language with an accuracy of 92%. Our system was able to provide 

unimpeded communication between people with speech impairment and others. The 

existing technologies are expensive to use and are not very portable, therefore the 

introduced system uses posenet and transfer learning through which people can express 

their thoughts effortlessly. 
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