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Original Research Article
A Method for Human Emotion Recognition System

Abstract

This paper studied computationally efficient altfur for facial feature selection based on template
matching method which further leads to identificatof smiling face or neutral face. At first, mirain
pre-processing including gray scale conversionoisedon the image. After that, matching between
original image and template image is done usingmatived cross-correlation technique. Each
matching area is bounded by box to identify thgiae of interest. Then the mid points between the
eye regions are found and the distance betweemith@oints and the corners of the mouth region is
calculated. On the basis of the distances betweese features, emotions are recognized. After
detecting neutral or smiling face, different typafsfacial expressions are classified using linear
support vector machine used as multiclass classifie

Keywords

Support vector machine, Multiclass classifier anohtdn Emotion

1. Introduction

As the number of social media applications and enagsed applications increase day by day, Facial
Feature Detection system is fast becoming a famféiature in ‘apps’ and on websites on different
purpose. Human face localization and detectionftesnathe first step in applications such as video
surveillance, human computer interfaged face recognition and image database management.
Furthermore facial feature characteristics are vanch effective in both biometric identification
which automatically identifies a person from a t#fjiimage or a video image. We use facial
expressions not only to express our emotions, aat # provide important communicative cues
during social interaction, such as our level ofiast, our desire to take a speaking turn and a
continuous feedback signaling about the understgndf the information conveyed. Among all the
facial features, eye feature has more applicatmmadn. It is reported that facial expressions have
considerable effects on listener, near about 55eméreffect of the spoken words depend on eye
movements and facial expressions of the speaker.

This study represents a computationally efficielgoathm for facial feature selection based on
template matching method which further leads tatifieation of smiling face or neutral face. In a
smiley face distance between eye pair and mouth eigreater than normal face (without any
notable emotion). Thus it can be identified wheth@erson is happy or not. Any face image database
with various expressions can be taken for appbcatit first, minimal pre-processing including gray
scale conversion is done on the image. After thrttching between original image and template
image is done using normalized cross-correlatichrigjue. Each matching area is bounded by box to
identify that region of interest. Then the mid gsietween the eye regions are found and the
distance between the mid points and the cornettseafnouth region is calculated. On the basis ef th
distances between these features, emotions argniged. After detecting neutral or smiling face,
different types of facial expressions are clasgifiesing linear support vector machine used as
multiclass classifier. Experiments on different tanmfaces with four different facial expressions
show that the proposed method is competitive. Riraafront-end interactive user interface is crdate
to automate corresponding task or calculation donthe back-end programming methods. This
interface provides the user to find input imagesest in any folder in the computer’s disk drivesl an
perform corresponding operations on them.
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2. Literature Review

Human-like robots and machines that are expectecenjoy truly intelligent and transparent
communications with human can be created usingnaatio facial expression recognition with a set
of specific desired accuracy and performance reqents. Facial expression recognition deals with
the problem of classifying facial images into exgsien classes. It has been of interest to a growing
number of researchers and much progress has bed® doaing the last two decades. Expression
recognition involves a variety of subjects suclpasceptual recognition, machine learning, affective
computing etc.

One case study uses skin color range of humartddoealize face area. Then high frequency noise is
removed by masking with a low pass filter from fhreprocessed image and skin color blocks are
detected. After face detection, various facialdess are identified by calculating the ratio of thidf
multiple regions in human face. Finally the tesage is partitioned into a set of sub-images antl eac
of these sub-images is matched against a set giatidrn training set. Partitioning is done using-A
SpPCA algorithm. Given as input any emotion of faites pattern training set will classify the
particular emotionl].

Face component extraction by dividing the face aeginto eye pair and mouth region and
measurement of Euclidean distance among varioual fegatures is also adopted by a case study.
Similar study is done by Neha Gupta to detect ewmnsti This research includes four steps: pre-
processing, edge detection, feature extraction @isthnce measurement among the features to
classify different emotions. This type of appro&chlassified as Geometric Approach. [3]

Another research includes Face detection methody ssigmentation technique. First, the face area of
the test image is detected using skin color detectRGB color space is transformed int@bCr
color space in the image and then skin blocks dgegtidn is done to detect skin color blocks. Astnex
step, a face cropping algorithm is used to locdlimeface region. Then, different facial features a
extracted using segmentation of each componenbmefgyes, nose, mouth). Finally, vertical &
angular distances between various facial featuresreasured and based on this any unique facial
expression is identified. This approach can be usady biometric recognition systei.

A template matching based facial feature detedgohnique is used in a different case study.[4]

Different methods of face detection and their corapee study are done in another review work.
Face detection methods are divided into two primaghniques: Feature based & View based
methods.[5]

Gabor filters are used to extract facial featureanother study. This approach is called Appearance
based approach. This classification based facigression recognition method uses a bank of
multilayer perceptron neural networks. Feature seduction is done by Principal Component
Analysis (PCA).[6]

Another study represents a robust face detectiohgamder classification strategy in color images
under non-uniform background. This is done by lizoad human face region in the given image and
detecting facial features after converting the gi\RGB image toYCbCr color space for skin
detection. Here, first mouth region is detectedrfrtbie localized face region. From this, eye regions
and nose regions are located and they are usezhfasd points. Gender classification is done using
these features on images with different sizes. drirseipport vector machine is used as the classifier
which gives best classification rate. [7]

Thus existing works primarily focused in detectifagial features and they are served as input to
emotion recognition algorithm. In this study, a ate based feature detection technique is used for
facial feature selection and then distance betvegerand mouth regions is measured.
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99 3. Proposed Methodology:

100

101  The facial features detection and expression ¢leason methods are described in the flowchart
102  given below:

103
104 l. Facial feature & smiling face detection
105
106
107
108 A 4 A 4
Test Image Template Image of Eyes,
109 Nose & Mouth <
110 | |
111
Regions not identified
112
113
Draw rectangular boundary on matched region
114
115 \ 4 v
116 Find middle point of left & right eye region Find top left & right corner of mouth region
| |

117 l
118 Find Euclidean distance between the eyes & mouth
119

A 4
120 Compare the distance of neutral face with smiling face
121
122

Which one is Neutral
123 Greater?
124
Greater

125
126 Smiling Face
127

A 4
128 ( Stop )
129
130 Fig 1: Overall processing of neutral or smiling face detection
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131 . Expressions classification:
132

133 ( Start )

134

135 Y \
:: > Image preprocessing

Human face images training
Data

136
137
138
139
140 Preprocessed image training
141 data

142 >
143 e - v
144 i Linear Support Vector Maching.......p Classification
145 R asssssEEssEsEEEsEEEEEEEEEEEESEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEES
146 h 4
147
148
149
150
151

Oz—zZ2z—>»=x-

mw>»IT

Knowledge Base ’

152 Test Image
153

154 >

155 A4
156 Test Image Expression

157 _/
158 v

159 ( Stop )

160
161
162 Fig 2: Overall processing of expression classification
163
164

165

166  Template matching based facial feature detection:

167

168 The algorithm detects four basic facial featuraamg of interests: Left & right eye, nose and mouth
169  To detect these regions of interests, the methdestawo types of input images: one is the test anag
170  whose facial features need to be identified andehglate images like eye templates, nose & mouth
171  templates. Minimal preprocessing is done on thestinmage and the template images. The input
172 images are taken in RGB color space and they ameected to gray scale images.

173

174  This method correlates the face image againshalféature template images. For example, to detect
175 the eye we neeib correlate the given image with the eye tempdaue the best-correlated region will
176  be marked as an eye.

A 4

Mapping class

—“unm-d

mwX>»I T
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Cross-correlatiois a measure of similarity of two series as a fiomcof the lag of one relative to tl
other. This is also known as sliding dot product or sliding inner-producEor continuou:
functionsf andg, the crosszorrelation is defined :

de - N , .
(9@ % [ FOat+na,
Wheref* denotes theomplex conjuga offand'.r is the lag.

As an example, consider two real valued func f and 4 differing only by an unknown shialong
the x-axis. One can use the cregorrelation to find how muc ¥ must be shifted along the-axis to

make it identical tof . The formula essentially slides ¢ function along the xxis, calculating th

integral of their product at each position.hen the functions match, the value (f *Q) is
maximized. This is because when peaks (positivesqrare aligned, they make a large contributic
the integral. Similarly, when troughs (negativeaajealign, they also make a positive contributio
the inegral because the product of two negative numbsgresitive

Following steps demonstrate the above me

Acquisition of Input Image: Read the Input Human Face Image. If the Input Imiageolor
(RGB), then convert it to gray sciimage.

Acquisition of Template Image: Main featuref a Human Face to be extracted are: Left |
Right Eye, Nose and Mouth. Refour different Template liages for the correspondiffeatures. If
the Template Images are color (RGB), conveem to corresponding gray scatedges respective

Normalized 2D -Cross Correlation between Input Image and Templatémages:
Correlation mask (x , y) of size m*n, with an imacf (X, y) may be expressed in the fc

Cxy) =2 2 w(st) f(x+sy+t)
st

where the limits of summation are taken over tiggore shared bw andf . This equation is
evaluated for all values of the displacement véemlx and y so that all elementsw visit

every pixel off, wheref is assumed to be larger thw. When the input imagf is larger than
the template image, we say that itnormalized. Herew is referred to as template and
correlation is referred to demplate matching. The values ofemplate cannot all be the sar
The resulting matrix C contains the correlationfioents, which can range in value frc-1.0

to 1.0. Perform 2D €ross Correlation between Gray scale Input Image4adifferent Gray
scale Template Images separa

Determine the Maximum Correlation Value: Following is performed for all for 2D — Cross
Correlation operations mentioned in the previoag:

The Maximum Value of C occurs when the correspandiormalized region in f are identic
i.e where the maximum correlation occurs. Find theesponding rectangular region whi
maximum matching is found. Pixel coordinate of teft corner (let (3,y1)), width (let w),
height (let h) of the rectangle are foL

Draw a boundary around the region: Following is performed for all for 2D Cross
Correlationoperations mentioned in stef

Draw Rectangle with pixel coordinates;,y1), (X2,¥1), (X1.Y2), (X2,¥2), where »=x; +w and
y2=y1 + h.
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Neutral or Smiling face detection:

The facialfeature detection method based on template matcléterts four important facial regio
in human facgi.e. left & right eye, nose and mouth. These Ueatregions are very important
identify the changes in a smiling face than thetra¢dace of thesame person. To detect accura
whether a person is smiling or not, some featunatpdrom the regions of interest need to
identified.

Generally, the distance betwetiie eyes and thenouth of a person’s face is varied when he/st
smiling. So, the Euclideadistances between the middle point of the left &ytbe top left corner o
mouth andhe middle point between the right eye & the taghticorner of the mouth are calcula
first. Experimentally, we can see that the distanesveen eye mouth of a person’s face becol
larger than his neutral face without any expressitme calculation is done on more than twe
images where the above result is seen. Probatdlilst, we can say ik person is smiling thethe
Euclidean distances bedwn the left eye & mouth and right eye & mouth karger than his/ he
normal face. Following steps describe the abovéatk

Determine the middle point of the rectangle aroundeft eye: If the pixel coordinates of tt
drawn rectangle around left eyae (x,Vi), (X,Y¥1), (XuY2), (X2,¥2), then middle poin
coordinate of the rectangle aremig1,Ymia) Where ¥igr= (X+X%2)/2 and higr = (Y1+y2)/2.

Determine Euclidian Distance between middle pointfarectangle around left eye and toy
left corner pixel coordinate of rectangle around mouth

If the middle point pixel coordinate of rectangi®und left eye iS (mig1,Ymiaz) and top left
corner pixel coordinate of rectangle around mostfx,’,y:’) then Euclidian distance betwe
these 2 points is S{( Xmig1- X¢') + ( Ymia- Y1) 2} unit.

Determine the middle point of the rectangle aroundight eye: If the pixel coordinates ¢
the drawn rectangle around left eye ary,yi1), (X,y1), (X1,¥2), (X2,¥2), then middle poin
coordinate of the rectangle é(Xmig2,Ymidaz) Where %ig2= (X1+X2)/2 and Yhig2 = (Y1 tY2)/2.

Determine Euclidian Distance between middle point forectangle around right eye anc
top right corner pixel coordinate of rectangle around mouth:

If the middle point pixel coordinate rectangle around right eye is{a,Ymiaz) and top right
corner pixel coordinate of rectangle around mowh(x",y ") then Euclidian distanc
between these 2 points isV{( X mia2- X1"") 2 + ( Ymisz2- Y1) %} unit.

Expressions classification:

Classification of available data sets can be vieagdthe task of separating classes in featuregs
In machine learningSupport Vector Machines (SVMs [7] are supervised learning models w
associated learning algorithms that analyze dadaratogiize patterns used for classificaticGiven
a set of training examples, each marked for befangd one of two categories, an SVM train
algorithm builds a model that assigns new examipliesone category or the other, making it a-
probabilistichinary linear classifier.

Given some training dat®?, a set o 1t points of the form

D= {(x,y:) x R y; € {-1,1}},

where thel/i is either 1 erl, indicating the class to which the pi Xi belongs. Eac Xi is aF* -
dimensional realector. We want to find the maxime-margin hyper plane that divides the poi
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having ¥i = 1 from thosehaving¥i = _1. Any hyper plane can be written as the se
points X satisfying

w-x —h=10

where. denotes the dot prodanc W the (not necessarily normalizet)rmal vectcto the hyper
plane. The parameter b/ |[dgtermines the offset of the hyper plane from ttigiroalong the norme
vector w .

If the training data arknearly separable, we can select two hyper plamesway that tey separate
the data and there are no points between themthemdtry to maximize their distance. The rec
bounded by them is called "the margin". These hytemes can be described by the equa

w-XxX—b=1andw-x—b=—1.
An SVM model is based on the conceptdecision planes that defines decision boundarie

decision plane is one that separates between af sdfjects having different class members. A
schematic example is shown in the figure illusttdielow:

X2
A

1
2 /.
@ & X1
B\ 4 6

|

|

5
1 | @

A 4

Fig 3: Decision planein SYM

So, in the above figure, there are two classese Blass and Red class. The task here to find el
boundary that separates the two classes effectifélgre may be more than one decision boun
that separates these two classdighkt blue lines in fig 3 definethe possible boundaries that ¢
separate the classe&®VM defines the optimum boundary from the abovendlauies which separa
the two classes accuratelow, we are going to explain how linear supporteemachine does th

Often, SW choose 3 or 4 support vectors or decision pdiot® the two different classes to class
Suppose here three vectors nam;, $; & S; are used. The idea is to get the support vectors the
available decision points which are closer to thace o the hyper planes. This is actually the &
that may common to both the classes depending wrth®decision boundary is define

For example, here we choose&S, from the blue class andf8Bom the red class. We utilize the

three vectors tdefine the optimum decision boundary using suppector machine. The vectors ¢
defined as follows:
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X2

S1
2 E@ . ®
0 —+——(®)

1 2 3 4
R
S

2

v

—@ X1
5 6
@

Fig 4: Support vectors used in SYM classification

The values of the three vectors correspond towbeeature coordinates X1 and x2. The features may
be different for different types of classificatidvlinimal modifications are done on these vectors fo
processing advantages. Basically, the vectorsumymeanted with a 1 as a bias input and for clarity,
the names of the vectors are differentiated witlo\zer tilde. So the support vectors become:

~s=| 2 ~s=| 2 ~s=| 4
1 -1 0
1 1 1

The extra 1 in these vectors are added as bias amgithe vectors are defines as;m% & ~ S,
According to SVM theory, we need to find three paeters al, a2 & a3 based on the following three
linear equations:

al~8~S +a2~%*~S5+a3~9*~ S, =-1 (-ve class)
al~S8 ~S+a2~3$*~5,+a3~3*~ S, =-1 (-ve class)
al~S8 ~S3+a2~$*~S3+a3 ~ Q¥ ~ S; =-1 (-ve class)

The blue classes are classified as —ve class &lasdes are classified as +ve class.
Now we have to substitute the values of - & ~ $;.in the above equations chosen for this
particular example. After substituting the vectémsthe equations and calculating we get three
simplified equations:
6al + 4a2 +9a3 =-1
4al + GaQa3 = -1
9al + 9a27a3 = +1

Simplifying the above three equations we get: a2=32.25 and a3=3.5.
Now we are going to get the boundary between tloectasses. We obtain the values of three

parameters al, a2 & a3 and the three vectogs& ~S, from blue class and ~Srom red class.
The hyper plane that discriminates the positivescfeom the negative class is given by the equation

~w =) ai~§
i
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ai is the constant whose value need to be calcubate Si is the support vector. In this exampl8, i=
as we use three support vectors and get valuésead tonstants.

Substituting the values of three vectors,;& & ~ S; and the constants al, a2 & a3, we get:

~w= (-3.25)| 2| + (3.2 @5)| 4| 4
1 1 0
1 1 3

Thus, the feature coordinates of the hyper plamaé ey discriminate the blue and red classes is
obtained. Following describes how this hyper phaiiedistinguish the classes.

First, the support vectors are augmented with & javiously for processing purpose. This bias will
now even be represented as the bias of the hypee ple. 3 and the two coordinates of x1 & x2 will
be 1 & 0. Hence we can equate the entry in thes-the@hyper plane with an offset b.

Therefore, the separating hyper plane equationbwill

y = WX + bwith w=| 1 | and offsdd= -3

Basically, the coordinates of w denote that theshygtane is a vertical line with an offset 3.

X2

A

X1

m~ -t
—
-~ Q
Qv +
o

|
|
1
1 M

Fig 5: Decision plane with optimum decision boundary

The green linén fig 4 is the expected decision boundary in linear SVMtiie corresponding classes.
The two classes now either belong to —ve classe(blass) or +ve class (red class). Any test image
can be classified in any of the two classes aféefopming SVM training. The classification is limea
because there is very clear separation betweertlagses which is distinguished by the hyper plane
w. Sometimes, there may not be clear separatiomeeet the classes so that support vectors from the
two different classes cannot be chosen directlyis Tjpe of SVM classification is Non-linear
classification.

In the proposed algorithm, linear binary suppodteemachine model is used as multiclass classifier
Four different types of facial expressions of hunface need to be classified according to the
algorithm. As SVM is a binary classifier, the aligfom uses “one against all” approach to use SVM
as multiclass classifier.

The algorithm uses four facial expressions:
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* Neutral

e Smiling
« Angry
« Sad

The proposed work uses Database for face imagesdming set [8]. Each type of expression is
presented by four images. The 16 images are adango three train database. First database
contains all the 16 images of four types of expoessSecond train database contains 12 images of
Smiling, Angry & Sad expressions. Third train dasd contains 8 images of Angry & Sad
expressions. These three training databases atgaisty to train the whole set of images.

First, preprocessing is done on the training setnafges. Preprocessing of the training images and
test images is needed because the used imagekdifier@nt sizes and in RGB color space and they
need to be of same features so that classificaiarbe done accurately.
Preprocessing includes:

= The face images in the training set are convedédduble” type.

= The images are converted to gray scale from RG&r apace.

= The images are zoomed or shrank to 200X200 pixats s

= The images are reshaped so that the 2D matriche @fray scale images are converted to 1D

array of 40000 columns.

After image preprocessing, the three train databaseassigned different classes. The steps include
= |n the first training set, there are 12 images biclv first four are of neutral expression. This
expression is assigned class 1 and left 9 imageaszigned class -1.
= In the second training set, there are 9 imageshitwfirst four are of smiling expression.
This expression is assigned class 2 and left 6@sage assigned class -2.
= In the third set, there are 6 images of which fiostr are of angry expression assigned class 3
and left four are of sad expression assigned eBass

Finally, the test image is mapped to either newless or smiling class or angry class or sad eads
the same is displayed in the user interface.

Following steps describe the above method:
Acquisition of input training images: Read the input images used for training set.
Image pre-processing:

Change image data type:Convert the input images from type ‘unit8’ to ‘ddeb

precision. If the input image is in double types thutput image is identical.

Convert to gray scale:Convert the input images from RGB color space ty @gcale

image.

Image resizing: The input images are zoomed or shrank to 200X280lution of pixels

depending on the original resolution of the inponages.

Image reshaping: The input images’ dimensions are reduced and tesétto 40000

matrix. Therefore, after reshaping, all the tramages become 1D array 40000 indexes.

Create array of all zeroes:create three 2D array with number of rows equathto total
number of training set of images and the numberotimns are 40000. The cell values of
these 3 arrays are initialized to zero.

Assign group membership to each expression clasB1 the proposed method, only the
columns vectors of the train image matrices arel e features implicitly to classify the
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membership of the images. No other facial featwiatp are used explicitly to measure the
percentage of membership of a particular imagepartcular class.
Four types of expressions are assigmedferent class membership in one against all
approach:
= For the first train set, neutral expression isgrssil class 1 and all other expressions
are assigned class -1.
= For the second train set, smiling expression idgasd class 2 and all other
expressions are assigned class -2.
= For the third train set, angry expression is assigolass 3 and sad expression is
assigned class -3.

Store the images from the training set to the arrag. The images from the three training
subsets are stored in the three 2D arrays and thakbree traindata arrays for SVM training.

Training: Load the three train subsets of images and maptriea images to the
corresponding classes according to the featureesfgatumn vectors of the traindata arrays).
Each image in the training sets is mapped to arnlgefour expression class.

Classify the test image into a train classAny test image is first go through the same pre —
processing steps. Then classification is done haddsult classes are stored in result, resultl
& result2 for the three train sets.
= If the test image has result class of 1, thenntege is of Neutral expression.
= If the test image has result class of -1 & the Itésciass of 2, then the image is of
Smiling expression.
= |f the test image has result class of -1 & the ltéstlass of -2 & result2 class of 3,
then the image is of Angry expression.
= If the test image has result class of -1 & the ltéstlass of -2 & the result2 class of
-3, then the image is of Sad expression.

User interface design:

A simple interactive User Interface is createddpresent the processing done in the proposed work.
Any processing step is done after clicking the egponding button on the interface. The output ef th
processing will be displayed on the interface awmdrye change in the output will be notified by
interactive messages.

Input image for facial feature detection can beamed from any disk storage of the machine.
Conversion from RGB to gray scale is done on tipaitiimage and the same is showed in the
interface.

After clicking the “Facial feature extraction” bait, four primary facial features are detected
and the same is showed in the interface.

The distances between the eyes and mouth are a@duor normal & smiling face and the
same are showed in the interface so that we capaathem.

For classification of expressions, training images done after clicking the “Train svm”
button. Then any test image can be browsed foptegiose and the corresponding expression
of the test image is shown in the interface.

Some interactive messages in between these siegbawn to notify the internal processing
done in the programme code.
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Fig 6: User Interface for the expression recognition system

4. Algorithm

Facial_feature_detection (Input Image, Template Imges)

Stepl.
Step2.

Step3.

Step4.

Step5.

Start
Read Input Human Face Image.
If the Input Image is color (RGB), the
convert it to Gray scale Image aade the pixel values to a 2D array let gface.
Else
save the pixel values of the inpuaige to a 2D array let gface.
Read Left eye template image.
If the template image is color (RGien
convert it to Gray scale Image aade the pixel values to a 2D array let gleft.
Else
save the pixel values of the inpuaige to a 2D array let gleft.
Read Right eye template image.
If the template image is color (RGBgn
convert it to Gray scale Imagd aave the pixel values to a 2D array let gright.
Else
save the pixel values of the inpage to a 2D array let gright.

Read Nose template image.

If the template image is color (RGBgn
convert it to Gray scale Imagd aave the pixel values to a 2D array let gnose.
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Else
save the pixel values of the inmage to a 2D array let gnose.
Step6. Read Mouth template image.
If the template image is color (RGien
convert it to Gray scale Imagd aave the pixel values to a 2D array let gmouth.
Else
save the pixel values of the inpage to a 2D array let gmouth.
Step7. Declare 4 2D Array C1,C2,C3 & C4 of size m*n whar#n is the size of gface.

Step8. Calcualte C1[][] = 2D_norm_crosscorr(gleft,gface)
C2[][]= 2D_norm_crosscorr(gright,gface)
C3[][] = 2D_norm_crosscorr(gnose,gface)
C4[][] = 2D_norm_crosscorr(gmouth,gface)
Step9. Call (X11,Y11,W1,hy) = Find_max(C1)
(éﬁ,yzj_,Wz,hz) = F|nd_maX(C2)
(%1,Y31,W3,hs) = Find_max(C3)
(%1,Ya1,Wa4,hy) = Find_max(C4)
where (%,Y11,W1,h1), (X21,Y21,W2,12), (X31,Y31,Wa, 1), (Xa1,Ya1,Wa, 1) are top — left pixel
coordinate, width, height of the mattihectangular area around left eye, right eye,
nose and mouth respectively.
Stepl0. Calculate xo=X1 + W &Y=y +h
X2= Xo1 + Wo& Yoo = Y1 + 1
X32= Xa1 + W3 & Y3 = Va1 + 1
Xa2= Xa1 + Wo & Y2 = Yar + hy
where (%,Y12), (%2,Y22), (%2,¥32), (X42,Y42) are bottom right pixel coordinate of the
matched rectangular area around Jeft Bght eye, nose and mouth respectively.

Stepll. Draw Boundary Rectangle around left eye in gfaith vop left, top right,bottom
left and bottom right pixel edmates as (X,Y11), (X12,Y11), (X11,Y12) & (X12,Y12)
respectively.

Draw Boundary Rectangle around rigietim gface with top left, top right, bottom
left and bottom right pixel coordiagtas (%.Y21), (Xe2:Y21), (Xo1,Y22) & (X22,Y22)
respectively.
Draw Boundary Rectangle around noggane with top left, top right, bottom left
and bottom right pixel coordinateg)as,ya1), (Xs2,¥31), (Xa1,Y32) & (X32,Y32)
respectively.
Draw Boundary Rectangle around montgface with top left, top right, bottom left
and bottom right pixel coordinateas, Y1), (Xa2:Ya1), (Xa1,Ya2) & (Xa2,Y42)
respectively.
Calculate middle point pixel coordm&¥mis,Y1mig) Of the boundary rectangle around
Left eye as;¥ia= (X11+X12)/2 and Ymig = (Yarty12)/2.

Stepl2. Calculate Euclidian Distance between middle poix¢lpcoordinate (¥nigYimid) Of
the boundary rectangle around leftaye top — left pixel coordinatexy,,) of the
boundary rectangle around mouth as:

DiStIVE( X1mia— Xa1)” + ( Yamia - Yar)’} unit.

Stepl3. Calculate middle point pixel coordinate.f%,Y-mi¢) Of the boundary rectangle around
right eye asxia= (Xo1+%22)/2 and ¥mig = (Ya1+y22)/2.

Stepl4. Calculate Euclidian Distance between middle poix¢lpcoordinate (¥nigYamid) Of
the boundary rectangle around riglet @yd top — right pixel coordinate,£¥.,) of
the boundary rectangle around mouth as
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611 DiSt2V( Xomia— X2)> + ( Yomia - Yar)?} unit.
612

613 Stepl5.  Write the value of Distl and Dist2 in a output tBb for comparison.

614 Stepl6. Repeat step 1 to 15 for another same human facgithbusmiling facial expression.
615 Stepl7. Compare both input face images according the dissameasured between eyes &
616 mouth. The image with larger distaisceonsidered as Happy face or smiling face,
617 in general.

618 Step18.  Exit

619

620

621  2D_norm_crosscorr(Template Gray scale Image ,InpuGray scale Image)
622

623 Stepl. Start

624 Step2. Perform 2D Cross Correlation between Template Ingsagklnput Image pixel values
625 and return 2D array C of size mfith values of the corresponding Cross correlation
626 where m*n is the size of the Inpuage.

627 Step3. End

628

629

630  Find_max(C[][])

631

632 Stepl. Start

633 Step2. Find Maximum Value of 2D Array C[ ][ ] and deterneithe corresponding

634 rectangular region where the maximuitne/és found.

635 Step3. Find top — left position coordinate (x,y), width)and height (h) of the rectangular
636 region and return the values.

637 Step4. End

638

639  Facial_expression_recognition(Input Image, 3 Traimig Image Databases)
640

641 Stepl9. Start

642 Step20. Read Input Human Face Image and Store the pixekgdb an array let face.
643 Step21. Call Processed_Face = imPreprocess(face)

644 Step22. Seti=1

645 Step23. Repeat Step 6 to 9 for every Image of Train_Neu®#her Image Database
646 Step24. Read the Image from the Database and Store teév@Elues to an array let t.
647 Step25. Call t1= imPreprocess(t)

648 Step26.  Store t1 into image cell Train_Neutral_Other_Cell a

649 Train_Normal_Other_Cell(1,i)=t1

650 Step27. Seti=i+1

651 Step28. Seti=1

652 Step29. Repeat Step 12 to 15 for every Image of Train_9gilOther Image Database
653 Step30. Read the Image from the Database and Store teév@Elues to an array let t.
654 Step31. Call t1= imPreprocess(t)

655 Step32.  Store tl into image cell Train_Smiling_Other_Call a

656 Train_Smiling_Other_Cell(1,i)=t1

657 Step33. Seti=i+1

658 Step34. Seti=1

659 Step35. Repeat Step 18 to 21 for every Image of Train_An§ad Image Database
660 Step36. Read the Image from the Database and Store teév@lues to an array let t.
661 Step37. Call t1= imPreprocess(t)

662 Step38.  Store tl into image cell Train_Angry_Sad_Cell as

663 Train_Angry_Sad_Cell(1,i)=t1

664 Step39. Seti=i+l
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Step40.

Step4l.
Step42.
Step43.
Step44.
Step45s.
Step46.
Step47.
Step48.
Step49.
Step50.
Step51.
Step52.
Step53.
Step54.

Step55.
Step56.
Step57.

Step58.
Step59.
Step60.
Step61.

Step62.
Step63.
Step64.
Step65.

Step66.
Step67.

Step68.

Step69.
Step70.
Step71.

Create 3 2D Array of size (no_of images * mn) fofT@&ining Databases where

no_of_images refers to the total number of imageshe corresponding training

databases respectively and m,n refers to the pnedefsize mentioned in

Impreprocess function. Let traindatal (n1 *mn)jndata2 (n2*mn) and traindata3

(n3*mn) are 3 arrays for Train_Neutral_Other, Tr&miling_Other and

Train_Angry_Sad Training Image Databases respdgtiveith nl, n2 and n3 are

number of images in the corresponding databases.

Initialize all elements of traindatal, traindata®? araindata3 array to O.

Seti=1

Repeat step 26 to27 for nl times

Set traindatal(i,:)= Train_Normal_Other_Cell(1,i)

Set i=i+1

Seti=1

Repeat step 30 to31 for n2 times

Set traindata2(i,:)= Train_Smiling_Other_Cell(1,i)

Set i=i+1

Seti=1

Repeat step 34 to35 for n3 times

Set traindata3(i,:)= Train_Angry_Sad_Cell(1,i)

Set =i+l

Create 3 1D Arrays, namely classl, class2 and ladssize nl1,n2 and n3

respectively corresponding to Train_Neutral_Othdmrain_Smiling_Other and

Train_Angry_Sad Training Image Databases respdytive

Seti=1

Repeat Step 39 to 40 for all images of Train_Ngu@®ther Image Database

If i™ image of Train_Neutral_Other is of Neutral expi@ss

then set class1(i)=1

else set class1(i)=-1

Set i=i+1

Seti=1

Repeat Step 43 to 44 for all images of Train_SmilOther Image Database

If i™ image of Train_Smiling_Other is of Smiling expriess

then set class2(i)= 2

else set class2(i)= -2

Set =i+l

Seti=1

Repeat Step 47 to 48 for all images of Train_An&ad Image Database

If i" image of Train_Angry_Sad is of Angry expression

then set class3(i)= 3

else set class3(i)= -3

Set =i+l

Call SVMTrained1=SVM_Training(traindatal,classl)
SVMTrained2=SVM_Training(traindata2,class?2)
SVMTrained3=SVM_Training(traindata3,da%

Call resultl=SVM_Classify(SVMTrainedl, Processecdja
result2=SVM_ Classify(SVMTrained2, Procesdeate)
result3=SVM_ Classify(SVMTrained3, Procesdeate)

Call FinalExpression=Recognize_Expression(resgisijt2,result3)

Display FinalExpression as output

Exit

Impreprocess (Image_Pixel_Array)

Stepl.

Start

Page 15 of 29



720
721
722
723
724
725
726
727
728
729
730
731
732
733
734
735
736
737
738
739
740
741
742
743
744
745
746
747
748
749
750
751
752
753
754
755
756
757
758
759
760
761
762
763
764
765
766
767
768
769
770
771

Step2.

Step3.

Step4.
Stepb.

Step6.
Step7.

Convert Image_Pixel_Array to its corresponding deubformat let
Image_Pixel_Array Double.
If Image_Pixel_Array_Double is of format a*b*3, the

convert it to Corresponding Gray scale and savepike values to a 2D array let

glmage.

Else
save the pixel values of the inpuaige to a 2D array let glmage.

Resize glmage to a Predefined size say m*n & daweixel values to a 2D array let
glmage_Resized.
Reshape gimage_Resized Array to a 2D array oflsizen) & save the pixel values
to a 2D array let glmage_Reshaped.
Return the Array glmage_Reshaped.
End

SVM_Training (Training_Data,Group_Membership_Class)

Stepl.
Step2.

Step3.
Step4.

Start

Train  Linear Support Vector Machine with  Traininggt and
Group_Membership_Class and store the value inray &t SVM1.

Return the array SVM1

End

SVM_Classify (SVM_Trained,Img_Array)

Stepl.
Step2.

Step3.
Step4.

Start

Classify Img_Array in one of the classes with SVMaified and SVM Binary
Classifier and store the value in a variable letsGifierl

Return the value Classifierl

End

Recognize_Expression (Vall,Val2,Val3)

Stepl.
Step2.

Step3.
Step4.

Start

If Vall=1

Set Expression=Neultral

Else if Vall= -1 and Val2=2

Set Expression=Smiling

Else if Vall= -1 and Val2= -2 and Val3=3
Set Expression=Angry

Else if Vall= -1 and Val2= -2 and Val3= -3
Set Expression=Sad

Return the value of Expression

End
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5. Results & Discussions

Test results for Neutral or Smiling face detectiorusing facial features:

= Testing includes sets of images with relativelfediént lighting condition. Each set of image
is the images of same human face with two diffeegnotions (Neutral & with smiling). We
perform template matching on both faces of a seinmge using different templates.
Templates, i.e. pair of eyes, nose & mouth ared,us@y be the regions of the same test
image or different image other than the test image.

= After template matching, Euclidian distances betwexdpoint of the rectangle region of eye
areas & the top two corner points (left & right) thee rectangle region of mouth area are
calculated on both images.

= The distances are compared and the distance wijérlsalue primarily yields that the person
is smiling. A neutral face has smaller distancenttiee smiling expression of the same face,
generally.

Test result: Template Matching

Templates used:

e Left eye template

* Right eye template
* Nose template

¢ Mouth template

Case 1 Matched with templates of test image itself

., e

\ =

'

; -
I| -~ f R
I _—— —
m—
Fig 7: Test Image Fig 8: Left eye template
? -
» é = |
\ o s -
— —
Fig 9: Right eye template Fig 10: Nose template
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Case 2:Matched with different templates

Fig 14: Test image Fig 15: Templates of thisimage

Fig 16: Templates of different image than the test image

Fig 17: Output image

d
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Distance calculations and neutral or smiling expreson detection:

Fig 18: Neutral face Fig 19: Neutral face template matching

Fig 20: Smiling face Fig 21: Smiling face template matching

Euclidean Distance calculation:

Neutral Face:

Distance between Left eye & Mouth: 50.01 unit
Distance between Right eye & Mouth: 53.04 unit
Smiling Face:

Distance between Left eye & Mouth: 54.08 unit
Distance between Right eye & Mouth: 60.02 unit

The distances between the eyes and the mouthrges far smiling face.

Displaying the processing in User Interface:
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Fig 24: Distance between eyes & mouth for smiling face

Test results for Expression Recognition:

= In the proposed method, four categories of exprassof human face using database [8]are
considered for classification. They are:

* Neutral
¢ Smiling
* Angry
e Sad

= Training set includes 16 face images of which dggple of expression include four images.
The training set is divided into three subsetsnofidges. First set contains all the 16 images
with four different expressions. Second set costdin images of three different expressions
excluding Neutral expression. Third set containsm@ges of two different expressions
excluding smiling expression.

= Test images may be of any size and varying lightiogdition. The test images will undergo
some image pre-processing steps and become idesifieand shape like train set of images.

= The column vectors of the training image matricesused as features to train the training set
of images. Test images are also classified to &pgession based on these features.

SVM Training:
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Fig 27: Smiling Expression

Angry expression recognition:
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Fig 28: Angry Expression

Sad expression recognition:
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6.

Fig 29: Sad Expression
Performance Analysis:

Smiling or neutral face detection using facial featres:

Since the main purpose of work is smile recognititverefore sample pictures must be taken with
two different emotions, i.e. with smile or withosinile. This research is based on some common
assumption:

Although templates of eyes, nose or mouth fromedéifit images can be used to match with a
test image, best possible matching & region ofrgdedetection can occur in the case where
templates images are cropped from the same tegeima

Distance between eyes & mouth depends on the §iteedemplate image & finally on the
size of the rectangle region of interest. There maysome cases where, distance between
eyes & mouth will be smaller than the distance mesb with the same neutral face, due to
very small size of template images, so as to dizegion of interest. Generally, the template
images should cover the facial features broadithabthe whole eye region or nose region or
mouth region is covered.

Templates of neutral image cannot be matched @estarhage of smiling face & vice versa.
Both set of templates should be different.

A comparative study on various approaches are n@addentify the person’s face and thereafter
recognize their emotion. Among the various techesgimplemented, Neural Networks, Hidden
Markov Model and Dimensionality reduction technigugave been made in comparison with our
proposed method. It is shown in table 1 and taliel@w.
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Method Recognition Rate

K-Means 86.75

Fuzzy Ant with Fuzzy C — means 94.82

Proposed 97.018

Table. 1 Comparison of the results

Rank 1 2 3 4 5
Eigen-face 26 33.8 47.1 52.4 55
Sketch Transform | 71 78 81 84 88
Method
Proposed Method | 80 82.1 84 90.1 92.4

Table. 2 Matching percentage of three methods

Performance of the Template matching algorithm:

Case 1:Matched with templates of the test image itself.

No. Type of Emotiol | No. of Input Image Recognize Result (%

1 Neutral 20 20 100

2 Happy 10 10 100
Case 2:Matched with templates of different images othantthe test image

No. Type of Emotion| No. of Input Images cBgnized Result (%

1 Neutra 20 15 75

2 Happy 10 7 70

Performance of Smiling face identification algonitlafter Template matching:

No. of sets of images No. of sets of imageg
No. of sets No. of No. of where distance between | where smiling face is
of images Neutral Happy eyes & mouth is larger fon identified.
faces faces one face than the other in Result
the particular set (%)
10 10 10 8 80

Smiling or neutral face detection using facial featres:
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The main purpose of the work is to recognize foasib expressions of human face. Linear support
vector machine is used as the classifier as thionpesince measurement and accuracy of SVM is

high.

The train set of images is able to classify thelgfieed four types of expressions on various
human faces. Due to lack of different image setsh wiarious expressions, the work is

confined into four basic facial expressions altHotige method can be further extended to
classify many more different expressions in huneme$. Only small changes including class
definition and train set arrangement need to bedomextend the method.

For some face images the method cannot propenhtifgdehe exact expression in the image

as human facial expression is too much variable.afy particular expression, human face
may vary to a great extent. So there is a needamiyndifferent face images to load the train
set so that the set can identify any test imaggisession exactly. But we have lack of this.

If some explicit feature points can be identifieddaused as features based on which
classification is done, then more accurate resuithe expected.

Performance of Expression Recognition System:

Total no. of tested No. of images whose
No. of Total No. of images with neutral & | expression are
Training sets | number of Neutral/ | smiling & angry & sad | identified accurately
images in Smiling/ expression Result
training set | Angry/Sad (%)
faces in
training set
3 16 4 20 17 85

7. Conclusion:

Facial expression recognition or Expression deiacfiystem has numerous applications in image
processing domains, security applications domaengrtype of biometric system. This research work
is a primary step of an emotion detection systeimgughich one specific emotion can be identified
after extracting different facial features. Futwerk will be done to classify more different typefs
expressions in human face and identify each emgiroperly. The proposed approach will help to
define uniqueness of human face component accyratedome extent which can be used greatly in
biometric recognition system. Also the algorithrm dze used further in face recognition systems,
machine learning system and other types of imagegssing applications.

Advantages:

The proposed method takes the advantage of geanfestiures of a human face to detect
facial expressions leads to accurate detectioracalf features and expression of a human
face.

Support Vector Machine is used as multiclass dias$d classify more than two expressions
in the proposed algorithm which overcome the litiotas of binary SVM which is able to do
only two-class classification. This method can behier extended to more than four class
classification to classify various human facial eegsions easily.

The expression recognition method can detect upwenty images of any of the four
predefined expression. If the training databasebealvaded with more different images then
the method will work more accurately.
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Limitations:

= Although neutral or smiling face using geometricidhfeatures can be identified for 80% of
input images, for some smiling face images, digdmetween eyes & mouth become smaller
than the normal expression of the same person. iBhisecause human face shape and
expression is too much variable and may vary songstifrom the general probability.

= Due to lack of a huge set of training set of imaigesxpression classification, some facial
expression cannot be identified accurately by ttop@sed method. If the training database
can be loaded with more different images then ththod will work more accurately.

= No other geometric facial feature or measurementsed for SVM classification of facial
expressions. Some specific feature points liketadie between eyes & mouth, distance
between two eyes, width of left & right eye , dista between eyes & nose-peak, total skin
area- all these can be used as feature spactafsification and the proposed method will
work more efficiently.

8. Future Scope:

A primary work is done to develop an Expressionedgbn system which will be able to identify
many different types of Emotion or facial expressio human face. Here, in the specified algorithm,
we first tried to extract all the regions of interée., left eye, right eye, nose & mouth regi@mng
template matching technique. Then, we measuregdtigal distance between two eyes & mouth to
detect one expression that whether a person isngnait not.

Next Steps:

Measurement of distances among other facial featuse To identify many more different types of
expression in human face, further we have to meadistances between multiple face components
like:

= Right eye-left eye

= Left eye-nose peak

= Right eye-nose peak

= Nose peak-mouth

= Nose height & width

All of these features will define the uniquenessaofihole facial component. These features can be
used in SVM train data and the set of images canldssified based on these properties of human
faces. For test images, the same feature pointbearsed to map the images to particular classes.
The accuracy of the classification will be competit

Large set of images for training databaseif more than 200 images with different facial eegsions

can be used for train database and they arranggety in one against all approach in more than one
train subsets, then the SVM classifier can be @sethulticlass classification which will be able to
detect facial expressions more than four. The spoeding classes for each train set need to be
defined properly.

The facial expression recognition system usingaldeiatures can be further used to uniquely idgntif

any human face which can be used in biometric systesign or any other real time face recognition
system.
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