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Abstract— People are capable of genrating hundreds of expressions during communication that vary in complexity ,intensity & meaning. 

Emotion is key Component in a person’s life. These images are very different from one another and yet depict the same emotion of “love” 

in them. In this project, we explore the possibility of using deep learning to predict the emotion depicted by an image. Anyway at some pont 

it is hard to comperhead feelings that an individual need to express There are heaps of observation cameras gather immens measure of 

information , created and handled for security issue’s additionally in media world for player articulation .The process that tall the exact 

emotion of a person in the live camera.Also machine & Learning techniques, Deep  Learning model & CNN algorithm are used for emotion 

recognition.. 
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1 INTRODUCTION                                                                     

OWADAYS, people share a lot of content on social me-
dia in the form of images - be it personal, or everyday 
scenes, or their opinions depicted in the form of cartoons        

or memes.2.Analyzing content like this from social media 
websites and/or photo-sharing websites like Flickr, Twitter, 
Tumblr, etc., R6can give insights into the general sentiment of 
people about say Presidential elections 3.Also,it would be use-
ful to understand the emotion an image depicts to automati-
cally predict emotional tags on them – like happiness, fear,.As 
a part of this project, we aim to predict the emotional category 
an image falls into from R! 5 categories -Love, Happiness, Vio-
lence, Fear, and Sadness. 5.R3 We do this by fine-tuning 3 dif-
ferent convolutional neural networks for the tasks of emotion 
prediction and Sentiment analysis.  As a part of this project, 
we have a tendency to aim to predict the emotional class a 
picture falls into from five classes -Love, Happiness, Violence, 
Fear, and disappointment. We do this by fine-tuning three 
completely different convolutional neural networks for the 
tasks of feeling prediction and Sentiment analysis. R2 Nowa-
days, folks share plenty of content on social media within the 
variety of pictures – R5be it personal, or everyday scenes, or 
their opinions pictured within the variety of cartoons or 
memes. Analyzing content like this from social media websites 
and/or photo-sharing websites like Flickr, Twitter, Tumblr, 
etcR4. can provide insights into the final sentiment of individ-
uals concerning say Presidential elections. Also, it would be 
helpful to grasp the feeling a picture depicts to mechanically 
predict emotional tags on them - like happiness, fear, etc. 

2 WORK 

2.1 Related Work 

There exists an affective gapR1 in Emotion Semantic Im-
age Retrieval (ESIR) between low-level features and the emo-
tional content of an image reflecting a particular sentiment, 
similar to the well-known semantic gap. R2A lot of previous 
work tries to address this issue, using both handcrafted fea-
tures and neural networks. We briefly escribe some of the 
most influential work that addresses this issue.R1 

2.2 Our work 

We then collected data from Flickr for these categories. We 
experimented with various classification methods on our data 
- SVM on high level features of VGG-ImageNet, fine-tuning on 
pretrained models like RESNET, Places205-VGG16 and 
VGG�ImageNet - more details follow in Section 4  

2.3 Emotion Categories 

For the same reason,R5 we add ‘Love’ as an emotion cate-
gory. To limit ourselves Emotion Detection and Sentiment 
Analysis of Images Pratik Hiralal Shinde of SND College Of 
Engineering & RC pratikshinde4u@gmail.com Sanket 
Khandeshi of SND College Of Engineering & RC sanket-
khandeshi@gmail.com  2 to 5 emotions we dropped ‘HAppy’ 
and ‘Surprise’. So our final emotion categories are: Love, Hap-
piness, Violence, Fear and Sadness.R1. 
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2.4 Data Collection 

We collected data for the selected 5 emotional categories - 
Love, Happiness, Violence, Fear, and Sadness from FlickrR2. 
The following are the steps involved in collecting this dataR6.  

Downloading the images from Flickr server. R1Once the 
image metadata is retrieved, it was possible to use that 
metadata to directly access the images from R3Flickr servers 
instead of going through the Flickr API . R3For this project, we 
collected 9854 images in total with ~1700 images in every cat-
egory.R7 We split the data in each category such that 85% of 
the data (~7650) is used for training, and 27% of the data 
(~1111) is used for testingR5. 

3   FUTURE SCOPE OF THE PROJECT LIBRARIES 

 Our experiments demonstrated that Deep Learning does give 
promising results in both the classification of emotions as well 
as in performing sentiment analysis, even on the raw data col-
lected directly from Flickr our experiments incontestible that 
Deep Learning will offer promising leads to both the classifica-
tion of emotions still as in acting sentiment analysis,even on 
the data collected directly from Flickr. consecutive step can be 
to run these experiments on larger andcleaner datasets and see 
if they'd improve the results. We believe they'd. it'd even be 
attention-grabbing to ascertain what the salient regions in the 
pictures area unit, maybe by victimisation [6], and feed these 
preprocessed pictures to pretrained neural networks. the con-
cept behind this is often that humans would decide the emo-
tion detected by a picture by viewing some salient regions 
within the image. By notifying the network of those before-
hand may facilitate within the coaching Process. 

4 PROBLEM STATEMENT  

The main downside of face recognition is its high dimension 
house, that is to be reduced by any dimension reduction tech-
niquesR3. The pattern recognition approach then tries to 
match the facial expression, that square measure extracted 
from all the photographs gift within the info.R3.  

5 LIBRARIES 

5.1 OPENCV-PYTHON 3.2.0 

OpenCV-Python is a library of Python bindings designed 
to solve computer vision problems.R6 Python is a general-
purpose programming language started by Guido van Ros-
sum that became very popular very quickly, mainly because of 
its simplicity and code readabilityR5. It enables the program-
mer to express ideas in fewer lines of code without reducing 
readabilityR3. 
 OpenCV-Python makes use of Numpy, which is a highly op-
timized library for numerical operations with a MATLAB-
style syntax. All the OpenCV array structures are converted to 
and from Numpy arraysR6. This also makes it easier to inte-
grate with other libraries that use Numpy such as SciPy and 
Matplotlib. OpenCV supports a wide variety of programming 
languages such as C++, Python, Java, etcR7., and is available 
on different platforms including Windows, Linux, OS X, An-
droid, and iOS. Interfaces for high-speed GPU operations 
based on CUDA and OpenCL are also under active develop-
ment. OpenCV-Python is the Python API for OpenCV, com-
bining the best qualities of the OpenCV C++ API and the Py-
thon languageR7. A Haar classifier, or a Haar cascade classifi-

er, is a machine learning object detection program that identi-
fies objects in an image and videoR7. 
 Object Detection using Haar feature-based cascade classifiers 
is an effective object detection method proposed by Paul Viola 
and Michael Jones in their paper, "Rapid Object Detection us-
ing a Boosted Cascade of Simple Features" in 2001R8. It is a 
machine learning based approach where a cascade function is 
trained from a lot of positive and negative imagesR8. It is then 
used to detect objects in other images 

5.1 FACE EMOTION RECOGNIZER 

Emotion is one of the very few words in the English lan-
guage that do not have a concrete definition and it is under-
standable. It is abstractR6. Yet, almost every decision we have 
ever made in our lives is driven by emotion. Marketing re-
search has proven that predicting sentiments correctly can be a 
huge source of growth for businesses and that’s what we will 
be working on today — Reading Emotions. In the world of 
data and machine learning, this concept falls under the um-
brella of cognitive systemsR7. Let us try to decode the science 
behind Emotion Recognition Algorithms, and build one for 
ourselves. 
 

What exactly is a cognitive emotion detection algorithm 
trying to accomplish? The idea is to replicate the human 
thought process based on training data (in the form of images 
and videos of humans) and try to segment the emotions pre-
sent in this dataR8. To perform our analysis in this chapter we 
will be concentrating on pre-recorded images and videos that 
showcase an emotion, but the same can also be implemented 
on a live stream of the video feed for real-time analyticsR7. 

6  ALGORITHM  

6.1 HAAR-CASCADE 

A Haar classifier, or a Haar cascade classifier, is a machine 
learning object detection program that identifies objects in an 
image and videoR8. 
Object Detection using Haar feature-based cascade classifiers 
is an effective object detection method proposed by Paul Viola 
and Michael Jones in their paper, "Rapid Object Detection us-
ing a Boosted Cascade of Simple Features" in 2001. It is a ma-
chine learning based approach where a cascade function is 
trained from a lot of positive and negative images. It is then 
used to detect objects in other imagesR7. 

 
 
 
 
 
 
                          
 
 

 
 

        Here we will work with face detection. Initially, the algo-
rithm needs a lot of positive images (images of faces) and neg-
ative images (images without faces) to train the classifier. Then 
we need to extract features from itR6. For this, Haar features 
shown in the below image are used. They are just like our 
convolutional kernel. Each feature is a single value obtained 
by subtracting sum of pixels under the white rectangle from 
sum of pixels under the black rectangle.R8 
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6.1 Multi-task Cascaded Convolutional Networks 
(MTCNN) 

Multi-task Cascaded Convolutional Networks (MTCNN) is 
a framework developed as a solution for both face detection 
and face alignment. The process consists of three stages of 
convolutional networks that are able to recognize faces and 
landmark location such as eyes, nose, and mouthR5.  

 In deep learning, a Multi-task convolutional neural net-
work (MTCNN) is a class of deep, feed�forward artificial neu-
ral networks, most commonly applied to analysing visual im-
agery. MTCNNs use a variation of multilayer perceptions de-
signed to require minimal pre-processing. They are also 
known as shift invariant or space invariant artificial neural 
networks (SIANN), based on their shared-weights architecture 
and translation invariance characteristicsR3.  

 Convolutional networks were inspired by biological pro-
cesses in that the connectivity pattern between neurons re-
sembles the organization of the animal visual cortex. Individ-
ual cortical neurons respond to stimuli only in a restricted re-
gion of the visual field known as the receptive field. The re-
ceptive fields of different neurons partially overlap such that 
they cover the entire visual fieldR5. 

                 
7  EXPERIMENTAL 

 Collecting the required libraries. 
 Setup train and test data from the dataset. 
 Set picture size to 48 for train and testing. 
 Convert each picture to grayscale so that machine can un-

derstand it properly. 
 Setup model with Keras Sequential model. 
 Apply CNN layer over it. 
 Get the model summary. 
 Setup no. of epochs 
 Compile the model 
 Fit the model with respect to number of epochs 
 Result: 60% 

 
7.1 EXPERIMENTAL RESULT : 

 

  
                              FIG 7.1.1.ADMIN LOGIN  

 
. 
 
 

 
                                  FIG 7.1.2  Registration Form 

 
              FIG 7.1.3. Emotion Recognaition on Image(Angry) 

 
              FIG 7.1.4. Emotion Recognaition on Image(Happy) 
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7.2 Emotion detection code 

#This Python 3 environment comes with many 
helpful analytics libraries installed 
# It is defined by the kaggle/python Docker 
image: https://github.com/kaggle/docker-
python  
# For example, here's several helpful packag-
es to load 
 
import numpy as np # linear algebra 
import pandas as pd # data processing, CSV 
file I/O (e.g. pd.read_csv) 
import tensorflow as tf  
from tensorflow.keras.models import Sequen-
tial 
from tensorflow.keras.layers import Conv2D, 
MaxPooling2D, BatchNormalization, Flatten, 
LeakyReLU, Dense, Dropout 
import matplotlib.pyplot as plt  
from tensorflow.keras.callbacks import 
Callback, EarlyStopping, ReduceLROnPlateau 
 
# Input data files are available in the read-
only "../input/" directory 
# For example, running this (by clicking run 
or pressing Shift+Enter) will list all files 
under the input directory 
 
import os 
# for dirname, _, filenames in 
os.walk('/kaggle/input'): 
#     for filename in filenames: 
#         print(os.path.join(dirname, file-
name)) 
 
# You can write up to 20GB to the current di-
rectory (/kaggle/working/) that gets pre-
served as output when you create a version 
using "Save & Run All"  
# You can also write temporary files to 
/kaggle/temp/, but they won't be saved out-
side of the current session 

8    CONCLUSION 

     we have proposed and tested a general building designs for 

creating real-time CNNs.Our proposed architectures have been 

systematically built in order to reduce the amount of parameters. 

We began by eliminating completely the fully connected layers 

and by reducing the amount of parameters in the remaining con-

volutional layers via depth-wise separable convolutionsR7. We 

have shown that our proposed models can be stacked for mul-

ticlass classifications while maintaining real-time inferences. 

Specifically, we have developed a vision system that performs 

face detection, gender classification and emotion classification in 

a single integrated module. We have achieved human-level per-

formance in our classifications tasks using a single CNN that 

leverages modern architecture constructs. Our architecture reduc-

es the amount of parameters 80× while obtaining favorable re-

sultsR7. Our complete pipeline has been successfully integrated 

in a Care-O-bot 3 robot. Finally we presented a visualization of 

the learned features in the CNN using the guided back-

propagation visualization. This visualization technique is able to 

show us the high-level features learned by our models and dis-

cuss their interpretability.. 
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