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Original Research Article
A Method for Human Emotion Recognition System

Abstract

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

Keywords

Support vector machine, Multiclass classifier and Human Emotion

1. Introduction

As the number of social media applications and image based applications increase day by day, Facial
Feature Detection system is fast becoming a familiar feature in ‘apps’ and on websites on different
purpose. Human face localization and detection is often the first step in applications such as video
surveillance, human computer interface, and face recognition and image database management.
Furthermore facial feature characteristics are very much effective in both biometric identification
which automatically identifies a person from a digital image or a video image. We use facial
expressions not only to express our emotions, but also to provide important communicative cues
during social interaction, such as our level of interest, our desire to take a speaking turn and a
continuous feedback signaling about the understanding of the information conveyed. Among all the
facial features, eye feature has more application domain. It is reported that facial expressions have
considerable effects on listener, near about 55 percent effect of the spoken words depend on eye
movements and facial expressions of the speaker.

This study represents a computationally efficient algorithm for facial feature selection based on
template matching method which further leads to identification of smiling face or neutral face. In a
smiley face distance between eye pair and mouth must be greater than normal face (without any
notable emotion). Thus it can be identified whether a person is happy or not. Any face image database
with various expressions can be taken for application. At first, minimal pre-processing including gray
scale conversion is done on the image. After that, matching between original image and template
image is done using normalized cross-correlation technique. Each matching area is bounded by box to
identify that region of interest. Then the mid points between the eye regions are found and the
distance between the mid points and the corners of the mouth region is calculated. On the basis of the
distances between these features, emotions are recognized. After detecting neutral or smiling face,
different types of facial expressions are classified using linear support vector machine used as
multiclass classifier. Experiments on different human faces with four different facial expressions
show that the proposed method is competitive. Finally a front-end interactive user interface is created
to automate corresponding task or calculation done in the back-end programming methods. This
interface provides the user to find input images stored in any folder in the computer’s disk drives and
perform corresponding operations on them.
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2. Literature Review

Human-like robots and machines that are expected to enjoy truly intelligent and transparent
communications with human can be created using automatic facial expression recognition with a set
of specific desired accuracy and performance requirements. Facial expression recognition deals with
the problem of classifying facial images into expression classes. It has been of interest to a growing
number of researchers and much progress has been made during the last two decades. Expression
recognition involves a variety of subjects such as perceptual recognition, machine learning, affective
computing etc.

One case study uses skin color range of human face to localize face area. Then high frequency noise is
removed by masking with a low pass filter from the preprocessed image and skin color blocks are
detected. After face detection, various facial features are identified by calculating the ratio of width of
multiple regions in human face. Finally the test image is partitioned into a set of sub-images and each
of these sub-images is matched against a set of sub-pattern training set. Partitioning is done using Aw-
SpPCA algorithm. Given as input any emotion of face, this pattern training set will classify the
particular emotion.[1]

Face component extraction by dividing the face region into eye pair and mouth region and
measurement of Euclidean distance among various facial features is also adopted by a case study.
Similar study is done by Neha Gupta to detect emotions. This research includes four steps: pre-
processing, edge detection, feature extraction and distance measurement among the features to
classify different emotions. This type of approach is classified as Geometric Approach. [3]

Another research includes Face detection method using segmentation technique. First, the face area of
the test image is detected using skin color detection. RGB color space is transformed into yCbCr color
space in the image and then skin blocks quantization is done to detect skin color blocks. As next step,
a face cropping algorithm is used to localize the face region. Then, different facial features are
extracted using segmentation of each component region (eyes, nose, mouth). Finally, vertical &
angular distances between various facial features are measured and based on this any unique facial
expression is identified. This approach can be used in any biometric recognition system.[2]

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

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

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

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

Thus existing works primarily focused in detecting facial features and they are served as input to
emotion recognition algorithm. In this study, a template based feature detection technique is used for

facial feature selection and then distance between eye and mouth regions is measured.
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99 3. Proposed Methodology:

100

101  The facial features detection and expression classification 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 indentified
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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Fig 2: Overall processing of expression classification

Template matching based facial feature detection:

The algorithm detects four basic facial feature regions of interests: Left & right eye, nose and mouth.
To detect these regions of interests, the method takes two types of input images: one is the test image
whose facial features need to be identified and the template images like eye templates, nose & mouth
templates. Minimal preprocessing is done on the input image and the template images. The input
images are taken in RGB color space and they are converted to gray scale images.

This method correlates the face image against all the feature template images. For example, to detect
the eye we need to correlate the given image with the eye template and the best-correlated region will
be marked as an eye.
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Cross-correlation is a measure of similarity of two series as a function of the lag of one relative to the
other. This is also known as asliding dot productor sliding inner-product. For continuous
functions f and g, the cross-correlation is defined as:

de - N , .
(9@ % [ FOat+na,
where f ' denotes the complex conjugate of f and 7 is the lag.

As an example, consider two real valued functions f and ¥ differing only by an unknown shift along
the x-axis. One can use the cross-correlation to find how much ¥ must be shifted along the x-axis to

make it identical to f . The formula essentially slides the § function along the x-axis, calculating the

integral of their product at each position. When the functions match, the value of (f * Q') is
maximized. This is because when peaks (positive areas) are aligned, they make a large contribution to
the integral. Similarly, when troughs (negative areas) align, they also make a positive contribution to
the integral because the product of two negative numbers is positive.

Following steps demonstrate the above method:

Acquisition of Input Image: Read the Input Human Face Image. If the Input Image is color
(RGB), then convert it to gray scale image.

Acquisition of Template Image: Main features of a Human Face to be extracted are: Left Eye,
Right Eye, Nose and Mouth. Read four different Template Images for the corresponding features. If
the Template Images are color (RGB), convert them to corresponding gray scale images respectively.

Normalized 2D - Cross Correlation between Input Image and Template Images:
Correlation mask w (x , y) of size m*n, with an image f (x, y) may be expressed in the form

C(x,y) =2 Y w(s,t) f(x+s,y+t)
st

where the limits of summation are taken over the region shared by w and f . This equation is
evaluated for all values of the displacement variables x and y so that all elements of w visit
every pixel of f, where fis assumed to be larger than w. When the input image f is larger than
the template image, we say that it is normalized. Here w is referred to as a template and
correlation is referred to as template matching. The values of template cannot all be the same.
The resulting matrix C contains the correlation coefficients, which can range in value from -1.0
to 1.0. Perform 2D — Cross Correlation between Gray scale Input Image and 4 different Gray
scale Template Images separately.

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

The Maximum Value of C occurs when the corresponding normalized region in f are identical
i.e where the maximum correlation occurs. Find the corresponding rectangular region where
maximum matching is found. Pixel coordinate of top left corner (let (x;,y;)), width (let w),
height (let h) of the rectangle are found.

Draw a boundary around the region: Following is performed for all four 2D Cross
Correlation operations mentioned in step 3:

Draw Rectangle with pixel coordinates (x1,y;), (X2,¥1), (X1,¥2), (X2,¥2), where x,=x; +w and
y2:y1 + h
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Neutral or Smiling face detection:

The facial feature detection method based on template matching detects four important facial regions
in human face, i.e. left & right eye, nose and mouth. These feature regions are very important to
identify the changes in a smiling face than the neutral face of the same person. To detect accurately
whether a person is smiling or not, some feature points from the regions of interest need to be
identified.

Generally, the distance between the eyes and the mouth of a person’s face is varied when he/she is
smiling. So, the Euclidean distances between the middle point of the left eye & the top left corner of
mouth and the middle point between the right eye & the top right corner of the mouth are calculated
first. Experimentally, we can see that the distance between eye & mouth of a person’s face become
larger than his neutral face without any expression. The calculation is done on more than twenty
images where the above result is seen. Probabilistically, we can say if a person is smiling then, the
Euclidean distances between the left eye & mouth and right eye & mouth are larger than his/ her
normal face. Following steps describe the above method:

Determine the middle point of the rectangle around left eye: If the pixel coordinates of the
drawn rectangle around left eye are (X;,y1), (X2,y1), (X1,¥2), (X2,¥2), then middle point
coordinate of the rectangle are (Xyia1,Ymial) Where Xpiq; = (X14+%2)/2 and ypiq; = (y1+y2)/2.

Determine Euclidian Distance between middle point of rectangle around left eye and top
left corner pixel coordinate of rectangle around mouth:

If the middle point pixel coordinate of rectangle around left eye is (Xpiar,Ymia1) and top left
corner pixel coordinate of rectangle around mouth is (x;’,y,”) then Euclidian distance between
these 2 points is = \/{( Xmia1 - X17)> + ( Vinidl - yl’)z} unit.

Determine the middle point of the rectangle around right eye: If the pixel coordinates of
the drawn rectangle around left eye are (x;,y;), (X2,¥1), (X1,¥2), (X2,¥2), then middle point
coordinate of the rectangle are (Xyig2,Ymia2) Where Xpigx = (X14+%2)/2 and ypigo = (y1+y2)/2.

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

If the middle point pixel coordinate of rectangle around right eye is (Xupig2,Ymia2) and top right
corner pixel coordinate of rectangle around mouth is (x;,’’,y;”’) then Euclidian distance
between these 2 points is = \/{( Xmid2 - X1 ’)2 + ( Ymia2- Y1’ ’)2} unit.

Expressions classification:

Classification of available data sets can be viewed as the task of separating classes in features space.
In machine learning, Support Vector Machines (SVMs) are supervised learning models with
associated learning algorithms that analyze data and recognize patterns used for classification. Given
a set of training examples, each marked for belonging to one of two categories, an SVM training
algorithm builds a model that assigns new examples into one category or the other, making it a non-
probabilistic binary linear classifier.

Given some training data D, asetof 1t points of the form

D= {(x,y:) x R y; € {-1,1}},

where the Mi is either 1 or —1, indicating the class to which the point X;i belongs. Each Xi is a J'-
dimensional real vector. We want to find the maximum-margin hyper plane that divides the points
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having Yi = 1 from those having Yi _1. Any hyper plane can be written as the set of

points X satisfying
w-x —h=10

where . denotes the dot product and W the (not necessarily normalized) normal vector to the hyper
plane. The parameter b/ Iwl determines the offset of the hyper plane from the origin along the normal
vector W.

If the training data are linearly separable, we can select two hyper planes in a way that they separate
the data and there are no points between them, and then try to maximize their distance. The region
bounded by them is called "the margin". These hyper planes can be described by the equations

w-X—b=1ladw-x—b=—1.
An SVM model is based on the concept of decision planes that defines decision boundaries. A

decision plane is one that separates between a set of objects having different class memberships. A
schematic example is shown in the figure illustrated below:

)
A
1
2 H N / 5)
0 l i ——0—
1 2 /B\ a4 5 6
1 N @
2

Fig 3: Decision plane in SVM

So, in the above figure, there are two classes: Blue class and Red class. The task here to find out the
boundary that separates the two classes effectively. There may be more than one decision boundary
that separates these two classes — light blue lines in fig 3 defines the possible boundaries that can
separate the classes. SVM defines the optimum boundary from the above boundaries which separate
the two classes accurately. Now, we are going to explain how linear support vector machine does this:

Often, SVM choose 3 or 4 support vectors or decision points from the two different classes to classify.
Suppose here three vectors named S;, S, & S; are used. The idea is to get the support vectors from the
available decision points which are closer to the space or the hyper planes. This is actually the area
that may common to both the classes depending on how the decision boundary is defined.

For example, here we choose S| & S, from the blue class and S; from the red class. We utilize these
three vectors to define the optimum decision boundary using support vector machine. The vectors are
defined as follows:

Sl= 2 Sz = 2 S3 =
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Fig 4: Support vectors used in SVM classification

The values of the three vectors correspond to the two feature coordinates X1 and x2. The features may
be different for different types of classification. Minimal modifications are done on these vectors for
processing advantages. Basically, the vectors are augmented with a 1 as a bias input and for clarity,
the names of the vectors are differentiated with an over tilde. So the support vectors become:

"'Sl = 2 "'Sz = 2 ~ S3 = 4
1 -1 0
1 1 1

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

al~S;*~S;+a2~S;*~S1+a3~S3*~§; =-1 (-ve class)
al~S;*~S,+a2~S;*~S,+a3~S3*~ S, =-1 (-ve class)
al~ Sl * o~ Sg+ a2 ~Sz * ~S3+ a3 ~ S3 * o~ S} =-1 (—ve class)

The blue classes are classified as —ve class & red classes are classified as +ve class.
Now we have to substitute the values of ~ S;, ~S, & ~ S; in the above equations chosen for this
particular example. After substituting the vectors in the equations and calculating we get three
simplified equations:

6al +4a2 +9a3 =-1

4al + 6a2 +9a3 =-1

9al +9a2 + 17a3 = +1

Simplifying the above three equations we get: al= a2=-3.25 and a3=3.5.
Now we are going to get the boundary between the two classes. We obtain the values of three

parameters al, a2 & a3 and the three vectors, ~ S; & ~S, from blue class and ~ S;, from red class.
The hyper plane that discriminates the positive class from the negative class is given by the equation:

~W=Zai ~Si
]
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ai is the constant whose value need to be calculated and Si is the support vector. In this example, i=3
as we use three support vectors and get values of three constants.

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

~w= (325 2 |+ (325 |2 | +@35|4 | =1
! -1 0 0
1 1 1 3

Thus, the feature coordinates of the hyper plane that may discriminate the blue and red classes is
obtained. Following describes how this hyper plane will distinguish the classes.

First, the support vectors are augmented with a bias previously for processing purpose. This bias will
now even be represented as the bias of the hyper plane i.e. 3 and the two coordinates of x1 & x2 will
be 1 & 0. Hence we can equate the entry in the ~w as the hyper plane with an offset b.

Therefore, the separating hyper plane equation will be:

y=wXx + b with w=| 1 | and offset b= -3
0
Basically, the coordinates of w denote that the hyper plane is a vertical line with an offset 3.

X2
A

1

. |mm o
| 1 ’ 1 X1
1 1 —o—

0 1 2 B 4 5 6

1 H N @

2

Fig 5: Decision plane with optimum decision boundary

The green line in fig 4 is the expected decision boundary in linear SVM for the corresponding classes.
The two classes now either belong to —ve class (blue class) or +ve class (red class). Any test image
can be classified in any of the two classes after performing SVM training. The classification is linear
because there is very clear separation between two classes which is distinguished by the hyper plane
w. Sometimes, there may not be clear separation between the classes so that support vectors from the
two different classes cannot be chosen directly. This type of SVM classification is Non-linear
classification.

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

The algorithm uses four facial expressions:
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e Neutral
¢  Smiling
e Angry

e Sad

The proposed work uses 16 face images for training set. Each type of expression is presented by four
images. The 16 images are arranged into three train database. First database contains all the 16
images of four types of expression. Second train database contains 12 images of Smiling, Angry &
Sad expressions. Third train database contains 8 images of Angry & Sad expressions. These three
training databases are used jointly to train the whole set of images.

First, preprocessing is done on the training set of images. Preprocessing of the training images and
test images is needed because the used images are of different sizes and in RGB color space and they
need to be of same features so that classification can be done accurately.
Preprocessing includes:

= The face images in the training set are converted to “double” type.

= The images are converted to gray scale from RGB color space.

= The images are zoomed or shrank to 200X200 pixels size.

= The images are reshaped so that the 2D matrices of the gray scale images are converted to 1D

array of 40000 columns.

After image preprocessing, the three train databases are assigned different classes. The steps include:
= In the first training set, there are 12 images of which first four are of neutral expression. This
expression is assigned class 1 and left 9 images are assigned class -1.
= In the second training set, there are 9 images of which first four are of smiling expression.
This expression is assigned class 2 and left 6 images are assigned class -2.
= In the third set, there are 6 images of which first four are of angry expression assigned class 3
and left four are of sad expression assigned class -3.

Finally, the test image is mapped to either neutral class or smiling class or angry class or sad class and
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 ‘unit§’ to ‘double’
precision. If the input image is in double type, the output image is identical.

Convert to gray scale: Convert the input images from RGB color space to gray scale
image.

Image resizing: The input images are zoomed or shrank to 200X200 resolution of pixels
depending on the original resolution of the input images.

Image reshaping: The input images’ dimensions are reduced and reset to 1 to 40000
matrix. Therefore, after reshaping, all the train images become 1D array 40000 indexes.

Create array of all zeroes: create three 2D array with number of rows equal to the total
number of training set of images and the number of columns are 40000. The cell values of

these 3 arrays are initialized to zero.

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

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

Training: Load the three train subsets of images and map the train images to the
corresponding classes according to the feature space (column vectors of the traindata arrays).
Each image in the training sets is mapped to any of the four expression class.

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

User interface design:

A simple interactive User Interface is created to represent the processing done in the proposed work.
Any processing step is done after clicking the corresponding button on the interface. The output of the
processing will be displayed on the interface and every change in the output will be notified by
interactive messages.

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

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

The distances between the eyes and mouth are calculated for normal & smiling face and the
same are showed in the interface so that we can compare them.

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

Some interactive messages in between these steps are shown to notify the internal processing
done in the programme code.
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530 Fig 6: User Interface for the expression recognition system
531
532 4. Algorithm:
533
534  Facial_feature_detection (Input Image, Template Images)
535
536 Stepl. Start
537 Step2. Read Input Human Face Image.
538 If the Input Image is color (RGB), then
539 convert it to Gray scale Image and save the pixel values to a 2D array let gface.
540 Else
541 save the pixel values of the input image to a 2D array let gface.
542 Step3. Read Left eye template image.
543 If the template image is color (RGB), then
544 convert it to Gray scale Image and save the pixel values to a 2D array let gleft.
545 Else
546 save the pixel values of the input image to a 2D array let gleft.
547 Step4. Read Right eye template image.
548 If the template image is color (RGB), then
549 convert it to Gray scale Image and save the pixel values to a 2D array let gright.
550 Else
551 save the pixel values of the input image to a 2D array let gright.
552
553 StepS5. Read Nose template image.
554 If the template image is color (RGB), then
555 convert it to Gray scale Image and save the pixel values to a 2D array let gnose.
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Else
save the pixel values of the input image to a 2D array let gnose.
Step6. Read Mouth template image.
If the template image is color (RGB), then
convert it to Gray scale Image and save the pixel values to a 2D array let gmouth.
Else
save the pixel values of the input image to a 2D array let gmouth.
Step?7. Declare 4 2D Array C1,C2,C3 & C4 of size m*n where m*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[1[] = 2D_norm_crosscorr(gmouth,gface)
Step9. Call (x;1,y11,W1,h;) = Find_max(C1)
(X21,¥21,W2,hy) = Find_max(C2)
(X31,Y31,W3,h3) = Find_max(C3)
(X41,Y41,Wa,hy) = Find_max(C4)
where (x11,y11,W1,h1), (X21,¥21,W2,h2), (X31,¥31,W3,h3), (X41,¥41,W4,hs) are top — left pixel
coordinate, width, height of the matched rectangular area around left eye, right eye,
nose and mouth respectively.
Step10. Calculate xp=X;; + W & yp =y + h
X2 =Xo1 + Wo & Yoo = yo1 +
X3 =X31 + W3 & y3 =y3 + h3
X2=Xq1 + Wa& Yo = yq1 + hy
where (X12,Y12), (X22,¥22), (X32,¥32), (X42,Y42) are bottom right pixel coordinate of the
matched rectangular area around left eye, right eye, nose and mouth respectively.

Step11. Draw Boundary Rectangle around left eye in gface with top left, top right,bottom
left and bottom right pixel coordinates as (x;1,Y11), (X12,¥11), (X11,¥12) & (X12,¥12)
respectively.

Draw Boundary Rectangle around right eye in gface with top left, top right, bottom
left and bottom right pixel coordinates as (X21,Y21), (X22,¥21)s (X21,¥22) & (X22,¥22)
respectively.

Draw Boundary Rectangle around nose in gface with top left, top right, bottom left
and bottom right pixel coordinates as (X31,y31), (X32,¥31), (X31,¥32) & (X32,¥32)
respectively.

Draw Boundary Rectangle around mouth in gface with top left, top right, bottom left
and bottom right pixel coordinates as (X41,y41), (X42,¥41), (X41,Y¥42) & (X42,Y42)
respectively.

Calculate middle point pixel coordinate (Ximy;g,Y1mia) Of the boundary rectangle around
Left €ye€ as Ximid = (X11+X12)/2 and Yimid = (y11+y12)/2.

Step12. Calculate Euclidian Distance between middle point pixel coordinate (X;pig,y1mia) Of
the boundary rectangle around left eye and top — left pixel coordinate (x4,y4;) of the
boundary rectangle around mouth as:

Dist1 = V{( Xymia— Xa1)* + ( Y1mia - Ya1)’} unit.

Step13. Calculate middle point pixel coordinate (Xamig,Y2mia) Of the boundary rectangle around
right eye as Xppig = (X21+%X22)/2 and Yomia = (Y21+Y22)/2.

Step14. Calculate Euclidian Distance between middle point pixel coordinate (Xamig,Y2mia) Of
the boundary rectangle around right eye and top — right pixel coordinate (X43,y4;) of
the boundary rectangle around mouth as:
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Step15.
Step16.
Step17.

Step18.

Dist2 = V{( Xamia— X42)” + ( Y2mia - Ya1)*} unit.

Write the value of Dist] and Dist2 in a output text file for comparison.

Repeat step 1 to 15 for another same human face but with smiling facial expression.
Compare both input face images according the distances measured between eyes &
mouth. The image with larger distance is considered as Happy face or smiling face,
in general.

Exit

2D_norm_crosscorr(Template Gray scale Image ,Input Gray scale Image)

Stepl.
Step2.

Step3.

Start

Perform 2D Cross Correlation between Template Image and Input Image pixel values
and return 2D array C of size m*n with values of the corresponding Cross correlation
where m*n is the size of the Input Image.

End

Find_max(C[ ][ ])

Stepl.
Step2.

Step3.

Step4.

Start

Find Maximum Value of 2D Array C[ ][ ] and determine the corresponding
rectangular region where the maximum value is found.

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

End

Facial_expression_recognition(Input Image, 3 Training Image Databases)

Step19.
Step20.
Step21.
Step22.
Step23.
Step24.
Step25.
Step26.

Step27.
Step28.
Step29.
Step30.
Step31.
Step32.

Step33.
Step34.
Step35.
Step36.
Step37.
Step38.

Start

Read Input Human Face Image and Store the pixel values to an array let face.

Call Processed_Face = imPreprocess(face)

Set i=1

Repeat Step 6 to 9 for every Image of Train_Neutral_Other Image Database

Read the Image from the Database and Store the pixel values to an array let t.

Call t1= imPreprocess(t)

Store t1 into image cell Train_Neutral_Other_Cell as
Train_Normal_Other_Cell(1,i)=t1

Set i=i+1

Set i=1

Repeat Step 12 to 15 for every Image of Train_Smiling_Other Image Database

Read the Image from the Database and Store the pixel values to an array let t.

Call t1= imPreprocess(t)

Store t1 into image cell Train_Smiling_Other_Cell as
Train_Smiling_Other_Cell(1,1)=t1

Set i=i+1

Set i=1

Repeat Step 18 to 21 for every Image of Train_Angry_Sad Image Database

Read the Image from the Database and Store the pixel values to an array let t.

Call t1= imPreprocess(t)

Store t1 into image cell Train_Angry_Sad_Cell as
Train_Angry_Sad_Cell(1,i)=t1
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Step39.
Step40.

Step4l.
Step42.
Step43.
Step4d.
Step4S5.
Step4o.
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.

Set i=i+1

Create 3 2D Array of size (no_of_images * mn) for 3 Training Databases where

no_of_images refers to the total number of images in the corresponding training

databases respectively and m,n refers to the predefined size mentioned in

Impreprocess function. Let traindatal (nl *mn), traindata2 (n2*mn) and traindata3

(n3*mn) are 3 arrays for Train_Neutral_Other, Train_Smiling_Other and

Train_Angry_Sad Training Image Databases respectively, with nl, n2 and n3 are

number of images in the corresponding databases.

Initialize all elements of traindatal, traindata2 and traindata3 array to 0.

Set i=1

Repeat step 26 to27 for nl times

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

Set i=i+1

Set i=1

Repeat step 30 to31 for n2 times

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

Set i=i+1

Set i=1

Repeat step 34 to35 for n3 times

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

Set i=i+1

Create 3 1D Arrays, namely classl, class2 and class3 of size nl,n2 and n3

respectively corresponding to Train_Neutral_Other, Train_Smiling_Other and

Train_Angry_Sad Training Image Databases respectively.

Set i=1

Repeat Step 39 to 40 for all images of Train_Neutral_Other Image Database

If it image of Train_Neutral_Other is of Neutral expression

then set class1(i)= 1

else set class1(i)=-1

Set i=i+1

Set i=1

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

If i" image of Train_Smiling_Other is of Smiling expression

then set class2(i)= 2

else set class2(i)= -2

Set i=i+1

Set i=1

Repeat Step 47 to 48 for all images of Train_Angry_Sad 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=i+1

Call SVMTrained1=SVM_Training(traindatal,class1)
SVMTrained2=SVM_Training(traindata2,class2)
SVMTrained3=SVM_Training(traindata3,class3)

Call result1=SVM_Classify(SVMTrained1, Processed_Face)
result2=SVM_Classify(SVMTrained2, Processed_Face)
result3=SVM_Classify(SVMTrained3, Processed_Face)

Call FinalExpression=Recognize_Expression(resultl,result2,result3)

Display FinalExpression as output

Exit

Impreprocess (Image_Pixel_Array)
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Stepl.
Step2.

Step3.

Stepd.
StepS5.

Step6.
Step7.

Start
Convert Image_Pixel Array to its corresponding double format let
Image_Pixel_Array_Double.
If Image_Pixel_Array_Double is of format a*b*3, then
convert it to Corresponding Gray scale and save the pixel values to a 2D array let
glmage.
Else
save the pixel values of the input image to a 2D array let glmage.
Resize glmage to a Predefined size say m*n & save the pixel values to a 2D array let
glmage_Resized.
Reshape glmage_Resized Array to a 2D array of size 1*(mn) & 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.
Stepd.

Start

Train  Linear  Support  Vector  Machine  with  Training_Data  and
Group_Membership_Class and store the value in an array let SVM1.

Return the array SVM1

End

SVM_Classify (SVM_Trained,Img_Array)

Stepl.
Step2.

Step3.
Stepd.

Start

Classify Img_Array in one of the classes with SVM_Trained and SVM Binary
Classifier and store the value in a variable let Classifierl

Return the value Classifierl

End

Recognize_Expression (Vall,Val2,Val3)

Stepl.
Step2.

Step3.
Stepd.

Start

If Vall=1

Set Expression=Neutral

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 detection using facial features:

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

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

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

Test result: Template Matching

Templates used:
e Left eye template
e Right eye template
¢ Nose template
e  Mouth template

Case 1: Matched with templates of test image itself

i ! )
TR _Jﬁ?

; -
ll. - =
- _
|
Fig 7: Test Image Fig 8: Left eye template
? - ?
- i - }

' - \ -
| — —

Fig 9: Right eye template Fig 10: Nose template
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Fig 12: Output Image

Fig 11: Mouth template
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Fig 13: Peak normalized cross-correlation value when matched with (i) left eye (ii) right eye
(iii)nose (iv)mouth template
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Case 2: Matched with different templates

Fig 14: Test image Fig 15: Templates of this image

‘H 8
d B

Fig 16: Templates of different image than the test image

Fig 17: Output image

¢ B
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Distance calculations and neutral or smiling expression 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 mouth are larger for smiling face.

Displaying the processing in User Interface:
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Fig 22: Processing done for facial feature detection

[ il Exprenans Recogein
Brirwae sl Faoe magt | Barwie Sadng Face wape | | F

i | Train 53U
CouenT RpTa Faoh MaO0 10 iy okt | Cofatn bndng Fao M b Y 1000 |

Wand Fpmbrn Ermrhor (tor orresd beors Paosl Festare Exirscion |bor sy feon)
. . . 3 Bezasa g bor Faom Errmace Brcsram

et Faca Fapssdar Fanat

(] a3 o4 1B k]

Dedmreces st oy Uit P ot Bl srcand Rgnt Evce sned To Baged paordrats of s bor nevs wape 8. T 0T 44

Distnce berwpen Uik Fue ool Bwciargle srvwnd Lot Epe 0d Top Lot cosuints ofips ko ivairage s 4 8044

Fatial Expression Retognitien System
Pri i

Fig 23: Distance between eyes & mouth for neutral face

Page 21 of 29



UNDER

881

882

883
884

885

886
887
888
889
890
891
892
893
894
895
896
897
898
899
900
901
902
903
904
905
906
907

PEER REVI EW

B o T

T VW
Lonee Mo Floe ege W PRy SBE [t Seming Fikos Mg W PRy $0BE LeLvae e Sy =

Fpi Temre EaThoMd I we thoe Tpom emae ST T e o e

AlAA
AAA

T e e e S o Secinge W Sge T s Top Sy e o b tr Sk rege n 54 0833

It TpgE T TH08 Sa0rResar SEOPAR

e Fpler Emivrivka ke

CHROE D wlsr WARR ST 7 SRR FDWND AT B THY LES Rt 1 DS T DR MR 4 mm “

Fanal [rpmmemen Recapnmos byrtem
Prepented by dacbani Ghorh

Fig 24: Distance between eyes & mouth for smiling face

Test results for Expression Recognition:

= In the proposed method, four different expressions of human face are considered for
classification. They are:
¢ Neutral
¢ Smiling
* Angry
e Sad

= Training set includes 16 face images of which each type of expression include four images.
The training set is divided into three subsets of images. First set contains all the 16 images
with four different expressions. Second set contains 12 images of three different expressions
excluding Neutral expression. Third set contains 8 images of two different expressions
excluding smiling expression.

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

= The column vectors of the training image matrices are used as features to train the training set
of images. Test images are also classified to any expression based on these features.

SVM Training:
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Fig 26: Normal Expression

Smiling expression recognition:
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931 Fig 28: Angry Expression
932  Sad expression recognition:
933
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Fig 29: Sad Expression
6. Performance Analysis:

Smiling or neutral face detection using facial features:

Since the main purpose of work is smile recognition, therefore sample pictures must be taken with
two different emotions, i.e. with smile or without smile. This research is based on some common
assumption:

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

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

= Templates of neutral image cannot be matched on a test image of smiling face & vice versa.
Both set of templates should be different.

Performance of the Template matching algorithm:

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

No. Type of Emotion | No. of Input Images Recognized Result (%)
1 Neutral 20 20 100
Happy 10 10 100
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964

965  Case 2: Matched with templates of different images other than the test image

966
No. Type of Emotion | No. of Input Images Recognized Result (%)
1 Neutral 20 15 75

Happy 10 7 70
967
968

969  Performance of Smiling face identification algorithm after Template matching:

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

970

971  Smiling or neutral face detection using facial features:

972

973  The main purpose of the work is to recognize four basic expressions of human face. Linear support
974  vector machine is used as the classifier as the performance measurement and accuracy of SVM is

975  high.
976 = The train set of images is able to classify the predefined four types of expressions on various
977 human faces. Due to lack of different image sets with various expressions, the work is
978 confined into four basic facial expressions although the method can be further extended to
979 classify many more different expressions in human faces. Only small changes including class
980 definition and train set arrangement need to be done to extend the method.
981 = For some face images the method cannot properly identify the exact expression in the image
982 as human facial expression is too much variable. For any particular expression, human face
983 may vary to a great extent. So there is a need of many different face images to load the train
984 set so that the set can identify any test image’s expression exactly. But we have lack of this.
985 = If some explicit feature points can be identified and used as features based on which
986 classification is done, then more accurate result can be expected.
987
988
989  Performance of Expression Recognition System:
990
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
991
992 7. Conclusion:
993
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Facial expression recognition or Expression detection system has numerous applications in image
processing domains, security applications domain or any type of biometric system. This research work
is a primary step of an emotion detection system using which one specific emotion can be identified
after extracting different facial features. Future work will be done to classify more different types of
expressions in human face and identify each emotion properly. The proposed approach will help to
define uniqueness of human face component accurately to some extent which can be used greatly in
biometric recognition system. Also the algorithm can be used further in face recognition systems,
machine learning system and other types of image processing applications.

Advantages:

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

=  Support Vector Machine is used as multiclass classifier to classify more than two expressions
in the proposed algorithm which overcome the limitations of binary SVM which is able to do
only two-class classification. This method can be further extended to more than four class
classification to classify various human facial expressions easily.

= The expression recognition method can detect upto twenty images of any of the four
predefined expression. If the training database can be loaded with more different images then
the method will work more accurately.

Limitations:

=  Although neutral or smiling face using geometric facial features can be identified for 80% of
input images, for some smiling face images, distance between eyes & mouth become smaller
than the normal expression of the same person. This is because human face shape and
expression is too much variable and may vary sometimes from the general probability.

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

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

8. Future Scope:

A primary work is done to develop an Expression Detection system which will be able to identify
many different types of Emotion or facial expression in human face. Here, in the specified algorithm,
we first tried to extract all the regions of interest i.e., left eye, right eye, nose & mouth region using
template matching technique. Then, we measured the vertical distance between two eyes & mouth to
detect one expression that whether a person is smiling or not.

Next Steps:

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

= Right eye-left eye

= Left eye-nose peak
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= Right eye-nose peak
= Nose peak-mouth
= Nose height & width

All of these features will define the uniqueness of a whole facial component. These features can be
used in SVM train data and the set of images can be classified based on these properties of human
faces. For test images, the same feature points can be used to map the images to particular classes.
The accuracy of the classification will be competitive.

Large set of images for training database: if more than 200 images with different facial expressions
can be used for train database and they arranged properly in one against all approach in more than one
train subsets, then the SVM classifier can be used as multiclass classification which will be able to
detect facial expressions more than four. The corresponding classes for each train set need to be
defined properly.

The facial expression recognition system using facial features can be further used to uniquely identify
any human face which can be used in biometric system design or any other real time face recognition
system.
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