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Abstract: Artificial Intelligent give us capability to detect emotions of human being. Due variation of individual expression it is
difficult to find precisely. With Al we can mimics a human's capability like recognising someone with a restricted facial feature.
this . paper, of mine indentify the face emotions by detecting areas of face like eyes, nose, lips, and forehead.

By implementing two repressing methods like histogram and data augmentation we propos to extract characteristics of facial
emotion. Here in this paper two dimensional architecture is used. First is used for inputting greyscale of face image where as
second is for accepting histograms. the final process calculate the result on the bases of KNN and SVM classifiers. The results
indicates that proposed algorithm detect six fundamental facial emotions , Happiness, Anger, Fear and surprise. Précised result
are expected by using trained model data set.

Keywords: SVM, KNN, FER, DNN, VGG16, HOG, HSOG.

L. INTRODUCTION
From the human face images FER (Facial Expression Recognition) try to indentify face emotions like Happy, sad, Surprise, Fear
and Disgust. Just by analyzing the face images the method helps the machine to understand the human emotions. It has gained lot of
attention because of its potential applications like, computer interfaces, health management, autonomous driving, detecting
abnormal human behaviour and other similar tasks.
Data augmentation with Histogram are pre-processing methods, that are required for the facial images provided to make machine
learn from images. Histogram equalisation is very precise , which could make the pattern of gray scale in numerous images
uniformly lead to reduce the light generated obstacles. CNN method needs huge data sets to solve particular problem. FER
databases which are available publicly have not sufficient images to handle the problems. For creating synthetic images from the
original face image, "Simard et al. (Simard et al., 2003) suggested the DA procedure to extend the datasets."
Despite recent rapid developments, FER remains challenging due to some factors such as lighting, head deflection and some
occlusions in facial regions. These impedances can affect facial recognition performance and reduce the accuracy of FER. As
demonstrated in the past, handcraft features seems to be no longer appropriate for expression recognition activities with critical
issues. The DNN: Deep Neural Network proves a precise answer to these problems.
Humans being can recognize emotions a with limited constrain . On account of acknowledgment of facial expressions, the
utilization of full face images can be repetitive since facial expression fundamentally misshapes certain specific zones of face
images.
There is one algorithm called as facial benchmark detection algorithm which is offered by Dlib helps to extricate the facial regions
from the given face image. This Machine learning library offer by by King (King, 2009)" as an open source.
That gives us 68 landmarks points on the face. Using those landmarks points, we are able to extract the regions of face like
forehead, eyes, nose, and lips. Our proposed frame focuses only on these parts of the face, but to verify the efficiency of the
proposed frame, we also performed experiments with the complete facial image.
This paper focuses on the double dimension architecture that processes the greyscale and the HSOG (histogram of second-order
gradients) face images. HSOG a type of Histogram of oriented gradient, as indicated in "(Dalal and Triggs, 2005)". It extracts local
information from the face image. DNNs are used for various channels greyscale and HSOG facial images. In one channel, a
proposed VGG16 ft with original parameters acquired as in VGG16, which was trained, is created for greyscale expression. On the
other channel, HSOG facial images, a proposed two-layer CNN, which refers to the development of Deep ID (Sun et al., 2015). The
output of the two channels are concatenated and made an enormous feature vector.
To detect common facial gestures, SVM along with KNN with calculation of separation for classification like fear, happy, anger
etc.
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A
B.

"JAFFE Database"
" VIDEO Database "

(Shikkenawis and Mitra, 2016), 3. CK+ Database above are utilised to test the framework to demonstrate its feasibility. This
modular way is another significant commitment to current work.

First, the dynamically detect facial location from full face.

1) Second, two dimensional channels from greyscale with HSOG is extracted for FER Third, Fine tuning by trained VGG16
using DNN .

At last, outputs of the two channels are combined to predict a vigorous outcome. Four bench- marking datasets and a few handy
facial images are utilized to assess the successfulness of our work. The rest of the article is organized as follows. The 2 section
provides details of the proposed framework. The 3 section shows the results and analysis of the experiment. Section 4
Concludes the study.

2)

1.
This section describes each of these steps in detail.

SUGGESTED METHOD FOR FER

A. Histogram Equalization

The image captured can have different lighting and shadow which can cause various bright and dark areas hence result in poor face
location detection. Therefore, we tend to perform histogram equalization (HE) before recognition. HE is a simple but effective
technique in image processing, execution in visual recognition and fast convergence.

Modified VGG16
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1. FEATURE EXTRACTION FROM GREYSCALE

A. Facial Images

The unsatisfactory result from CNN lead to FER approach. data Expanding result in excessive contents. Hence, fine-tuning method
is utilized to detect features from the input face through the deep neural network (DNN) which has improved efficiency.

Proposed method utilizes DNN for the extraction of emotion location for FER dependent on the VGG network introduced

This utilizes two versions of VGG: VGG16 and VGG-19.
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Feature Extraction from HSOG (Histograms of the Second Order Gradients ) Facial Images To the best of our knowledge, there is
no model trained on the HSOG images. So here first compute the HSOG facial images.
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Calculation of First Order Oriented Gradient Maps
It start with computing the 1st order oriented gradient map. Before initiating calculation it make sure the colour normalisation and
accurate gamma value. After this it start calculating First order gradient maps.

B. Computation of Second Order Gradient (OGMs)

After Calculation of 1st OGM the result are feed to 2nd OGM calculation. For every pixel located calculated for OGM magnitude
and its orientation by equation below vectors archived from different locations like lip, eye etc are connected in a long vector by
VGG16 ft. then it is classified

Mag(x,y) = \/ (acé()_:‘, y) 2y (ac;(x__\,) .

dy
l,_ arctan(ajc(x.y) /aG(.x,.\v))
dy ox
WED) _ G 41,5)— Glx—1,)
ox
X — Gey4 1)~ Gley—1)
»

Another classifier with multiple distance measurements is the K nearest neighbour (K=1,2,3) classifier. this paper used the
Euclidean distance, the Chi-square distance, and the histogram intersection (HI). The loss computation for the SVM and KNN is
done using Mean Square Error (MSE). To support the theoretical finish of the proposed framework, tests have been conducted on
some genuine datasets, as archived in this section.

Experiments of FER have been conducted on the four FER datasets. Facial images for the most part incorporate extremely huge
dimensions. Managing such broad information ends up being very hard for machines. Hence, the modular methodology is applied
when just certain data areas of the face are thought of. Facial expression give signals of the individual emotional state, even without
verbal correspondence. The eyes are the most open aspect of an individual face and reveal a lot about their sentiments. Not with
standing the eyes, lips, forehead, nose, and so forth they are also information regions. During the expression analysis task, we saw
that, in addition to the eyes, nose and lips/mouth, the forehead additionally assumes a significant role regarding expressions. Most
FER strategies are presently applied to full face images. This article focuses in just on some information area of the face, as talked
about. To make a correlation, we did the holistic experiments (where the full face image was utilized) as well as modular.

Tablke 2: parameter set for the proposed CNN.

C1 51 C2 82
Filters 64 D6

sze Tx7 2x2 3x3 2x2
stnide 1 2 1 2
pad 3 0 0 0
Holistic Modular
Datasets SVM KNN SVM KNN
Fuchidean  Chi . Histog Fuchd Thi . Histog
Square  Intersection Squarc  Intersection
4 .02 32 42 .02 95.67 9214 832 86.97
VIDEO 91.55 8743 79.89 77.12 9.7 9154 88.12 8691
CK+ 920.15 8771 86.41 83.54 04.78 91.24 8679 85.64
OULU-CASIA 8940 86.30 79.79 75.20 95.86 8876 84.61 8220
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V. COMPARISON ANALYSIS

V. CONCLUSIONS
Artificial Intelligent give us capability to detect emotions of human being. This research indentify the face emotions by detecting
areas of face like eyes, nose, lips, and forehead.
The approach presented here is identifying human emotions by face few locations by implementing Deep learning with following
technique.

A. Two Dimensional feature identification
B. Second order Histogram for features
C. PCA for reducing feature length
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