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ABSTRACT 

 
 

 
Incorporating this technological advancement, medical supplementary equipments are a 

field that's yet to be virtually supported globally. This market gap is exploited in this project 

having a virtual eye test for eye glasses to purchased on eCommerce stores like lenscart. 

To establish the connection, and to exchange data between client and server, Socket.IO 

uses Engine.IO. This is a lower-level implementation used under the hood. Engine.IO is 

used for the server implementation and Engine.IO-client is used for the client. 
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CHAPTER 1 

INTRODUCTION 

 NODE.JS 

Node.js is a new platform and is still evolving (not even a version 1.0 has been released yet), 

but even in its infancy, it is probably one of the most popular platforms on the Web. It is already 

powering a large number of popular services. Let us take a look at what makes Node.js such a 

tempting and popular proposition. 

 
 

 
 DEEP LEARNING 

Deep learning is a branch of machine learning which is completely based on artificial 

neural networks, as neural network is going to mimic the human brain so deep learning is 

also a kind of mimic of human brain. In deep learning, we don’t need to explicitly program 

everything. The concept of deep learning is not new. It has been around for a couple of 

years now. It’s on hype nowadays because earlier we did not have that much processing 

power and a lot of data. As in the last 20 years, the processing power increases 

exponentially, deep learning and machine learning came in the picture. A formal definition 

of deep learning is- neurons. 

 CNN 

 
The name “convolution neural network” indicates that the network employs a 

mathematical operation called convolution. Convolution is a specialized kind of linear 

operation. Convolution networks are simply neural networks that use convolution in place 

of general matrix multiplication in at least one of their layers 

In deep learning, a convolution neural network (CNN or Convent) is a class of deep neural 

networks, most commonly applied to analyzing visual imagery. 

https://www.geeksforgeeks.org/introduction-machine-learning/
https://www.geeksforgeeks.org/tag/neural-network/
https://www.geeksforgeeks.org/tag/neural-network/
https://en.wikipedia.org/wiki/Convolution
https://en.wikipedia.org/wiki/Deep_learning
https://en.wikipedia.org/wiki/Deep_neural_network
https://en.wikipedia.org/wiki/Deep_neural_network
https://en.wikipedia.org/wiki/Deep_neural_network


 IMAGE CLASSIFIER 
 

The classical problem in computer vision, image processing, and machine vision is that 

of determining whether or not the image data contains some specific object, feature, or 

activity. Different varieties of the recognition problem are described in the literature: 

 
 OBJECT RECOGNITION 

 
(also called object classification) – one or several pre-specified or learned objects or 

object classes can be recognized, usually together with their 2D positions in the image or 

3D poses in the scene. Blippar, Google Goggles and Like That provide stand-alone 

programs that illustrate this functionality. 

 IDENTIFICATION 

An individual instance of an object is recognized. Examples include identification of a 

specific person's face or fingerprint, identification of handwritten digits, or identification of 

a specific vehicle. 

 DETECTION 

The image data are scanned for a specific condition. Examples include detection of 

possible abnormal cells or tissues in medical images or detection of a vehicle in an 

automatic road toll system. Detection based on relatively simple and fast computations is 

sometimes used for finding smaller regions of interesting image data which can be further 

analyzed by more computationally demanding techniques to produce a correct 

interpretation. 

Currently, the best algorithms for such tasks are based on convolution neural networks. 

An illustration of their capabilities is given by the ImageNet Large Scale Visual 

Recognition Challenge; this is a benchmark in object classification and detection, with 

millions of images and hundreds of object classes. Performance of convolutional neural 

networks, on the Image Net tests, is now close to that of humans The best algorithms still 

struggle with objects that are small or thin, such as a small ant on a stem of a flower or a 

person holding a quill in their hand. They also have trouble with images that have been 

distorted with filters (an increasingly common phenomenon with modern digital cameras). 

By contrast, those kinds of images rarely trouble humans. Humans, however, tend to have 

trouble with other issues. For example, they are not good at classifying objects into 

https://en.wikipedia.org/wiki/Machine_vision
https://en.wikipedia.org/wiki/Google_Goggles
https://en.wikipedia.org/wiki/MNIST_database
https://en.wikipedia.org/wiki/Convolutional_neural_network
https://en.wikipedia.org/wiki/Convolutional_neural_network
https://en.wikipedia.org/wiki/ImageNet#ImageNet_Challenge
https://en.wikipedia.org/wiki/ImageNet#ImageNet_Challenge
https://en.wikipedia.org/wiki/ImageNet#ImageNet_Challenge
https://en.wikipedia.org/wiki/ImageNet#ImageNet_Challenge


finegrained classes, such as the particular breed of dog or species of bird, whereas 

convolution neural networks handle this with ease. 

 
 
 
 
 

 

Fig 6.1 CONVERSION OF IMAGE 

 
 

Instead of the image, the computer sees an array of pixels. For example, if the image size 

is 300 x 300. In this case, the size of the array will be 300x300x3. Where 300 is width, 

next 300 is height and 3 is RGB channel values. The computer is assigned a value from 

0 to 255 to each of these numbers. Тhis value describes the intensity of the pixel at each 

point. 



CHAPTER 2 

 
AIM AND SCOPE OF THE PRESENT INVESTIGATION 

 

AIM 

 
 EYE TEST 

 
To find the right glasses according to the user face shape using sockey.io & deep learning 

 
 SCOPE OF FACE CLASSIFIER 

 
First we input a known image and observed the Euclidean distance. This distance tells us 

how close the input image is from the image on our training set. Based on maximum and 

minimum distances we can make a decision of whether the face is a known face, an 

unknown face or not a face at all. This model can be designed using other various 

programming techniques and languages such as C++, JAVA, etc. but matlab and 

socket.io can do this with ease using its image processing applications and chat box. 

 ADVANTAGES 

 
● Fast; good for non-normal distributions; can limit classification to specific land 

cover. 

● Reuse the data for future use 

● Building better user interface for users 

 DISADVANTAGES 

classes can include pixels spectrally distant from the signature mean; does not incorporate 

variability; not all pixels are classified; allows class overlap. 

privacy considered threat in this issue 



CHAPTER 3 

 
EXPERIMENTAL OR MATERIALS AND METHODS, ALGORITHM USED 

 
 HARDWARE REQUIREMENTS 

 

1. Processor : Pentium processor intel i5 2.5GHz 

 

2. RAM : Minimum 8GB primary memory 

 

3. Hard Disk : Minimum 500B hard disk space 

 

4 Monitor : preferably colour monitor(16-bit colour) or above 

 

6. Compact disk drive 

 

7. A mouse and a keyboard 

 

 SOFTWARE REQUIREMENTS 

 

1. Operating system : Microsoft Windows 8 

 

2. Language : Java 

 

4. Application used : Node.js, HTTP 



 OVERVIEW OF SOFTWARE 

 

 DISCONNECT 

 

When the type is zero (0), the message is a disconnect signal. This will tell socket.io to close 

the connection and the mentioned socket. If the endpoint is not specified, the message will be 

sent to the default socket, which will cause the whole socket to be closed and all the endpoints 

on that socket will be terminated. For example: 

• Message: 0 – The result is that the socket is closed and all the connections/endpoints 
are terminated. 

• Message: 0::/endpoint – The socket connection to /endpoint will be closed and no 
messages can be sent to or from that endpoint. Other endpoints will continue to 
operate. 

 
 

 
 CONNECT 

 

This message is only used for multiplexing, and is sent from the client to the server to open a 

new connection. Thus, this message must always have an endpoint. The first (default) socket 

connection is established by the handshake explained earlier. The endpoint may be followed by 

query parameters in a URL query format. If the connection is successful, the server will echo 

the same message, else the server can send an error message. For example: 

• Message: 1::/endpoint – Requests the server to open a multiplexed socket to the 
endpoint. 

Message: 0::/endpoint?param=one – Requests the server to open a multiplexed socket to the 

endpoint, passing a parameter called param with the value one. 

 
 
 

 HEARTBEAT 

 
This is the heartbeat message. It must be sent from the client to the server within the timeout 

negotiated during the handshake. The server will reply with a heartbeat message too. In this 

case, we don't have an endpoint and nor is any other information required. This is because it 

serves the whole socket. For example: 

• Message: 2 – Sends a heartbeat message to the other end. 



 MESSAGE 
 

This is the message sent over the socket. In the API, this message will be sent when you 

are using socket.send, and will result in a message event on the receiving end. This 

message will carry data, treating it as plain text. For example: 

• Message: 3:1::Some message – This will send a message to the other end, where the 
message event handler will be triggered with the Some message message in the event 
data. 

• Message: 3:1:/endpoint:Some message – Again, the message will be sent to other end 
of the socket, but on the multiplexed endpoint. 

 

 
 JSON MESSAGE 

 

This is similar to sending the message, but in this case the message has to be serialized 

using JSON, and it will be parsed at the other end before being sent to the handler. In 

version 0.6, this was done using the same API as send() for message, just passing a JSON 

message instead of a string message. But since this introduces a performance penalty over 

sending plain text from version 0.7 onwards, we have to use the json flag to send a JSON 

message; for example, socket.json.send. For example: 

• Message: 4:1::{"some":"content"} – Sends the JSON message to the other end of the 

socket. 

 

 EVENT 
 

The Event message is a special kind of JSON message that is used to send events over the 

socket. In events, the data payload is of the form {"name":"eventName", 

"args":{"some":"content"}}. 

Here, name is the name of the event and args are the parameters to be sent to the handler. The 

socket.emit call is used to send events in the applications. 

The following event names are reserved and cannot be used in applications: 

• message 

• connect 

• disconnect 

• open 

• close 

• error 

• retry 

• reconnect 

For example: 



• Message: 5:1::{"name": "myEvent", "args":{"some": "data"} – The 

result is that the event will be sent to the other end and the appropriate event handler will 

be invoked, passing the args to it. 

 

 
 ACK 

 

The acknowledgment (ACK) message will be sent when the message is received, with ACK 

request enabled; or, it can be sent out by the application. The data section in the ACK message 

can be the message ID for the message that is being acknowledged. If the message ID is 

followed by + and additional data, it is treated as an event packet. For example: 

• Message: 6:::1 – Sends an acknowledgment for the receipt of a message with ID 1. 

• Message: 6:::1+["A", "B"] – This will send an acknowledgment for the message along 
with the data. 

 

 ERROR 
 

This is sent by the server in case there's an error, such as failure during the processing of a 

connect request to an endpoint. The data section of this message will contain the error 

message and, optionally, advice, separated by the + sign. For example: 

• Message: 7:::Unauthorized – The result is that the error will be sent to the client. 

 

 NOOP 
 

This message implies no operation, and is used to close a poll after the polling times out. 

 
 
 
 
 
 
 
 
 
 
 

 ALGORITHM 
 

 CN NETWORK 
 

In deep learning, a convolutional neural network (CNN, or ConvNet) is a class of deep 

neural networks, most commonly applied to analyzing visual imagery. 

https://en.wikipedia.org/wiki/Deep_learning
https://en.wikipedia.org/wiki/Deep_neural_network
https://en.wikipedia.org/wiki/Deep_neural_network


CNNs are regularized versions of multilayer perceptrons. Multilayer perceptrons usually 

mean fully connected networks, that is, each neuron in one layer is connected to all 

neurons in the next layer. The "fully-connectedness" of these networks makes them prone 

to overfitting data. Typical ways of regularization include adding some form of magnitude 

measurement of weights to the loss function. However, CNNs take a different approach 

towards regularization: they take advantage of the hierarchical pattern in data and 

assemble more complex patterns using smaller and simpler patterns. Therefore, on the 

scale of connectedness and complexity, CNNs are on the lower extreme. 

They are also known as shift invariant or space invariant artificial neural networks 

(SIANN), based on their shared-weights architecture and translation invariance 

characteristics. 

Convolutional networks were inspired by biological processes in that the connectivity 

pattern between neurons resembles the organization of the animal visual cortex. 

Individual cortical neurons respond to stimuli only in a restricted region of the visual field 

known as the receptive field. The receptive fields of different neurons partially overlap 

such that they cover the entire visual field. 

CNNs use relatively little pre-processing compared to other image classification 

algorithms. This means that the network learns the filters that in traditional algorithms 

were hand-engineered. This independence from prior knowledge and human effort in 

feature design is a major advantage. 

They have applications in image and video recognition, recommender systems, image 

classification, medical image analysis, and natural language processing. 

CNNs are regularized versions of multilayer perceptrons. Multilayer perceptrons usually 

mean fully connected networks, that is, each neuron in one layer is connected to all 

neurons in the next layer. The "fully-connectedness" of these networks makes them prone 

to overfitting data. Typical ways of regularization include adding some form of magnitude 

measurement of weights to the loss function. However, CNNs take a different approach 

towards regularization: they take advantage of the hierarchical pattern in data and 

assemble more complex patterns using smaller and simpler patterns. Therefore, on the 

scale of connectedness and complexity, CNNs are on the lower extreme. 

https://en.wikipedia.org/wiki/Regularization_(mathematics)
https://en.wikipedia.org/wiki/Multilayer_perceptron
https://en.wikipedia.org/wiki/Overfitting
https://en.wikipedia.org/wiki/Translation_invariance
https://en.wikipedia.org/wiki/Mathematical_biology
https://en.wikipedia.org/wiki/Biological
https://en.wikipedia.org/wiki/Artificial_neuron
https://en.wikipedia.org/wiki/Visual_cortex
https://en.wikipedia.org/wiki/Visual_cortex
https://en.wikipedia.org/wiki/Cortical_neuron
https://en.wikipedia.org/wiki/Visual_field
https://en.wikipedia.org/wiki/Receptive_field
https://en.wikipedia.org/wiki/Image_classification
https://en.wikipedia.org/wiki/Image_classification
https://en.wikipedia.org/wiki/Filter_(signal_processing)
https://en.wikipedia.org/wiki/Feature_engineering
https://en.wikipedia.org/wiki/Feature_engineering
https://en.wikipedia.org/wiki/Feature_engineering
https://en.wikipedia.org/wiki/Computer_vision
https://en.wikipedia.org/wiki/Computer_vision
https://en.wikipedia.org/wiki/Recommender_system
https://en.wikipedia.org/wiki/Recommender_system
https://en.wikipedia.org/wiki/Image_classification
https://en.wikipedia.org/wiki/Image_classification
https://en.wikipedia.org/wiki/Image_classification
https://en.wikipedia.org/wiki/Medical_image_computing
https://en.wikipedia.org/wiki/Natural_language_processing
https://en.wikipedia.org/wiki/Natural_language_processing
https://en.wikipedia.org/wiki/Regularization_(mathematics)
https://en.wikipedia.org/wiki/Multilayer_perceptron
https://en.wikipedia.org/wiki/Overfitting


 IMAGE RECOGNITION 

 
CNNs are often used in image recognition systems. In 2012 an error rate of 0.23 percent 

on the MNIST database was reported. Another paper on using CNN for image 

classification reported that the learning process was "surprisingly fast"; in the same paper, 

the best published results as of 2011 were achieved in the MNIST database and the 

NORB database. Subsequently, a similar CNN called AlexNet won the ImageNet Large 

Scale Visual Recognition Challenge 2012. 

When applied to facial recognition, CNNs achieved a large decrease in error rate.[75] 

Another paper reported a 97.6 percent recognition rate on "5,600 still images of more than 

10 subjects". CNNs were used to assess video quality in an objective way after manual 

training; the resulting system had a very low root mean square error]
 

The ImageNet Large Scale Visual Recognition Challenge is a benchmark in object 

classification and detection, with millions of images and hundreds of object classes. In the 

ILSVRC 2014, a large-scale visual recognition challenge, almost every highly ranked 

team used CNN as their basic framework. The winner GoogLeNet (the foundation of 

DeepDream) increased the mean average precision of object detection to 0.439329, and 

reduced classification error to 0.06656, the best result to date. Its network applied more 

than 30 layers. That performance of convolutional neural networks on the ImageNet tests 

was close to that of humans. The best algorithms still struggle with objects that are small 

or thin, such as a small ant on a stem of a flower or a person holding a quill in their hand. 

They also have trouble with images that have been distorted with filters, an increasingly 

common phenomenon with modern digital cameras. By contrast, those kinds of images 

rarely trouble humans. Humans, however, tend to have trouble with other issues. For 

example, they are not good at classifying objects into fine-grained categories such as the 

particular breed of dog or species of bird, whereas convolutional neural networks handle 

this. 

In 2015 a many-layered CNN demonstrated the ability to spot faces from a wide range of 

angles, including upside down, even when partially occluded, with competitive 

performance. The network was trained on a database of 200,000 images that included 

faces at various angles and orientations and a further 20 million images without faces. 

They used batches of 128 images over 50,000 iterations. 

https://en.wikipedia.org/wiki/Image_recognition
https://en.wikipedia.org/wiki/Per-comparison_error_rate
https://en.wikipedia.org/wiki/MNIST_database
https://en.wikipedia.org/wiki/AlexNet
https://en.wikipedia.org/wiki/ImageNet_Large_Scale_Visual_Recognition_Challenge
https://en.wikipedia.org/wiki/ImageNet_Large_Scale_Visual_Recognition_Challenge
https://en.wikipedia.org/wiki/Facial_recognition_system
https://en.wikipedia.org/wiki/Convolutional_neural_network#cite_note-78
https://en.wikipedia.org/wiki/Convolutional_neural_network#cite_note-78
https://en.wikipedia.org/wiki/Video_quality
https://en.wikipedia.org/wiki/Root_mean_square_error
https://en.wikipedia.org/wiki/Root_mean_square_error
https://en.wikipedia.org/wiki/Convolutional_neural_network#cite_note-video_quality-29
https://en.wikipedia.org/wiki/ImageNet_Large_Scale_Visual_Recognition_Challenge
https://en.wikipedia.org/w/index.php?title=GoogLeNet&action=edit&redlink=1
https://en.wikipedia.org/wiki/DeepDream
https://en.wikipedia.org/wiki/Precision_and_recall


 INCEPTION MODEL 

 
Inception v3 is a widely-used image recognition model that has been shown to attain 

greater than 78.1% accuracy on the ImageNet dataset. The model is the culmination of 

many ideas developed by multiple researchers over the years. It is based on the original 

paper: "Rethinking the Inception Architecture for Computer Vision" by Szegedy, et. al. 

 

The model itself is made up of symmetric and asymmetric building blocks, including 

convolutions, average pooling, max pooling, concats, dropouts, and fully connected 

layers. Batch norm is used extensively throughout the model and applied to activation 

inputs. Loss is computed via SoftMax. 

 

A high-level diagram of the model is shown below: 
 

 

 

 

 

 

 
FIG 6.2 INCEPTION MODEL 

 

 
 TENSOR FLOW 

 

TensorFlow is a free and open-source software library for dataflow and differentiable 

programming across a range of tasks. It is a symbolic math library, and is also used for 

machine learning applications such as neural networks. It is used for both research and 

production at Google 

https://arxiv.org/abs/1512.00567
https://en.wikipedia.org/wiki/Free_software
https://en.wikipedia.org/wiki/Open-source_software
https://en.wikipedia.org/wiki/Open-source_software
https://en.wikipedia.org/wiki/Open-source_software
https://en.wikipedia.org/wiki/Library_(computing)
https://en.wikipedia.org/wiki/Dataflow_programming
https://en.wikipedia.org/wiki/Differentiable_programming
https://en.wikipedia.org/wiki/Machine_learning
https://en.wikipedia.org/wiki/Neural_networks
https://en.wikipedia.org/wiki/Google


 
 

FIG 6.3 IMPORTING TENSOR FLOW 

 
 

 
 TRANSFER LEARNING 

 

Transfer learning is a machine learning method where a model developed for a task is 

reused as the starting point for a model on a second task. 

 
It is a popular approach in deep learning where pre-trained models are used as the 

starting point on computer vision and natural language processing tasks given the vast 

compute and time resources required to develop neural network models on these 

problems and from the huge jumps in skill that they provide on related problems 

 
 DATA SET 

 
A data set (or dataset) is a collection of data. In the case of tabular data, a data set 

corresponds to one or more database tables, where every column of a table represents a 

particular variable, and each row corresponds to a given record of the data set in question. 

The data set lists values for each of the variables, such as height and weight of an object, 

for each member of the data set. Each value is known as a datum. Data sets can also 

consist of a collection of documents or files.In this we are using image data set we are 

collecting two different types of data set round face data set and heart face data set. 

https://en.wikipedia.org/wiki/Data
https://en.wikipedia.org/wiki/Table_(database)
https://en.wikipedia.org/wiki/Column_(database)
https://en.wikipedia.org/wiki/Row_(database)


 

FIG 643 ROUND FACE DATA SET 
 
 
 
 
 

 
FIG 6.5 HEART FACE DATA SET 



 
 

 RETRAINING IN DOCKER 
 

We are giving our heart face and round face data set to retrain the inception module by 

using tensor flow docker image, time duration for retraining will be based on the size of 

the dataThe retraining script writes data to the following two files: 

 

● tf_files/retrained_graph.pb, which contains a version of the selected network with 

a final layer retrained on your categories. 

● tf_files/retrained_labels.txt, which is a text file containing labels. 
 
 
 
 
 

 
FIG 6.6 DOCKER 



CHAPTER 4 RESULTS DISCUSSION AND 

PERFORMANCE ANALYSIS 
 
 

 RESULT 
 
 
 
 

 

 

Fig 6.7 RESULT FOR ROUND FACE 
 
 
 

Fig 6.8 RESULT FOR HEART FACE 



 DISCUSSION 
 

We started this project off by discussing the fact that convolutional neural networks trained 

on small images are both fast and easy to train and readily generalizable to larger image 

inputs. This makes them good models to build during the early experimental phase of a 

project, when you’re still just trying to get to grips with a basic network architecture that 

works well. We can concentrate on dashing off quick one-off models now, and on scaling 

them up and fine-tuning performance later. Finally, we heard that models trained this way 

can often achieve equal or better performance than models trained from scratch. 

 

 
 PERFORMANCE ANALYSIS 

 

FIG 6.9 ACCURACY PERCENTAGE 

 
performance for this model better than we expected As a result of testing the model, I got 

a very good accuracy: 88% of correct classification samples after 500 images. The only 

drawback was that I had to wait about 40 minutes until 500 images come to the end 

(looking at the fact that I had a very small number of photos for training). if we collect more 

data we may achieve more accuracy 



CHAPTER 5 
 

 

 
 SUMMARY 

SUMMARY AND CONCLUSION 

 

We used transfer learning, which means we are starting with a model that has been 

already trained on another problem. We will then retrain it on a similar problem. Deep 

learning from scratch can take days, but transfer learning can be done in short order. 

We are going to use a model trained on the ImageNet Large Visual Recognition Challenge 

dataset. These models can differentiate between 1,000 different classes, like Dalmatian 

or dishwasher. You will have a choice of model architectures, so you can determine the 

right tradeoff between speed, size and accuracy for your problem. 

We will use this same model, but retrain it to tell apart a small number of classes based 

on our own examples. 

 CONCLUSION 

 
In this work, I figured out what is deep learning. I assembled and trained the CNN model 

to classify photographs of round face and hear face.I have tested that this model works 

really well with a small number of photos. I measured how the accuracy depends on the 

number of data in order to detect potential overfitting problem. I determined that 2 different 

types of face are enough for a successful training of the model. 

 

 
My next step would be to try this model on more data sets and try to apply it to practical 

tasks. I would also like to experiment with the neural network design in order to see how 

a higher efficiency can be achieved in various problems. 

http://image-net.org/
http://www.image-net.org/challenges/LSVRC/2012/


 FUTURE ENCHANCEMENTS 

 
 

● We can use this method for future use. 

● We can add more facial structures . 

● We can make changes by adding skin tone as a feature. 

● We can create model with this same data suggesting hairstyle with it to. 
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APPENDIX: 
 
 

 

A. SOURCE CODE: 

var io = require('socket.io'); 

 
exports.initialize = function(server) { 

io = io.listen(server); 

io.sockets.on("connection",function(socket){ 

socket.send(JSON.stringify( 

{type:'serverMessage', 

message: 'Welcome to the most interesting chat room on earth!'})); 

socket.on('message', function(message){ 

JSON.parse(message); 

if(message.type=="userMessage"){ 

socket.broadcast.send(JSON.stringify(message)); 

message.type="myMessage"; 

socket.send(JSON.stringify(message)); 

} 

}); 

}); 

}; 

 

var socket = io.connect('/'); 
 

socket.on('message', function (data) { 

data = JSON.parse(data); 

$('#messages').append('<div class="'+data.type+'">' + data.message + 

'</div>'); }); 

$(function(){ 

$('#send').click(function(){ 

var data = { 

message: $('#message').val(), type:'userMessage' 

}; 

socket.send(JSON.stringify(data)); 

$('#message').val(''); 

}); }); 

 

 
//EXISTING LAYOUT 

section#nameform.modal 



div.backdrop 

div.popup 

div.pophead Please enter a nickname 

div.popbody 

input#nickname(type='text') 

input#setname(type='button', value='Set Name') 

 
 

 
//EXISTING CSS 

.modal{ 

-moz-box-sizing: border-box; 

-webkit-box-sizing: border-box; box-sizing: border-box; 

-moz-box-sizing: border-box; height: -moz-calc(100% - 

102px); height: -webkit-calc(100% - 102px); height: 

calc(100% - 102px); 

left: 0; position: absolute; top: 62px; 

width: 100%; z-index: 1000; } 

.backdrop{ width: 100%; 

height:100%; 

background-color: #777777; } 

.popup { position: absolute; height: 100px; width: 

300px; left: -moz-calc(50% - 150px); left: -webkit- 

calc(50% - 150px); left: calc(50% - 150px); top: -moz- 

calc(50% - 50px); top: -webkit-calc(50% - 50px); top: 

calc(50% - 50px); background: #FFFFFF; } 

.pophead { 

background-color: #4192C1; color: #FFFFFF; 

font-weight: bold; padding: 8px 3px; vertical- 

align: middle; } 

.popbody { padding: 10px 5px; 

} 

 

 
var io = require('socket.io'); 

 
exports.initialize = function(server) { 

io = io.listen(server); 

io.sockets.on("connection", function(socket){ 

socket.on('message', function(message){ 



message= JSON.parse(message); 

if(message.type == "userMessage"){ 

socket.get('nickname',function(err,nickname){ 

message.username=nickname; 

socket.broadcast.send(JSON.stringify(message)); 

message.type = "myMessage"; 

socket.send(JSON.stringify(message)); 

}); 
 

} 
 

}); 

 

var socket = io.connect('/'); 

socket.on('name_set', function(data){ 

$('#nameform').hide(); 

$('#messages').append('<div class="systemMessage">' + 

'Hello '+data.name+'</ div>'); 

$('#send').click(function(){ 

var data = { 

message: $('#message').val(), 

type:'userMessage' 

}; 

socket.send(JSON.stringify(data)); 

$('#message').val(''); 

}); 

socket.on('message', function (data) { 

data = JSON.parse(data); 

if(data.username){ 

$('#messages').append('<div class="'+data.type+ 

'"><span class="name">' + data.username + ":</span> " + 

data.message + '</div>'); 

}else{ 

 

 
'</div>'); 

$('#messages').append('<div class="'+data.type+'">' + 

data.message + 



} 

}); 

}); 

 
$(function(){ $('#setname').click(function(){ socket.emit("set_name", {name: 

 
$('#nickname').val()}); }); 

 
}); 

 

 
B. SCREEN SHOTS 

 
 
 
 
 
 
 
 
 
 
 
 

 

Fig 6.10 UPLOAD A IMAGE 



 
 
 
 
 
 

 

 
 
 
 
 

 

Fig 6.11 OUTPUT FOR ROUND FACE 
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