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Abstract--- In recent days, smile detection in face images 
is an interesting problem. The smiling face expresses many 
emotional expressions which is context dependent. That is the 
people can as well smile to convince other people. Thus, the 
felt and faked enjoyment facial expressions detection is a very 
important task. Earlier, many existing technique proposed to 
attain this goal, however, the interpretation of human smiles is 
often context dependent which reduce the detection accuracy. 
To solve this problem advanced prediction emotional 
contagion has been proposed to identify the emotion including 
negative emotions in the gray scale smiling face. Where the 
smile and non smile pixels are differentiated thorough the 
intensity values between pixels and considered as a feature 
value. Finally, using these features the classification task is 
achieved using Fuzzy Neural Network (FNN) classifier to 
classify smile and non-smile faces. Experimental results shows 
that FNN based emotion detection system has higher detection 
accuracy rate of 94% and computationally faster than the 
state-of-the-art method.     

Index Terms--- AdaBoost, Facial Expression Recognition, 
Smile Detection, Fuzzy Neural Network (FNN), Emotional 
Contagion, Pixel Differences, Positive and Negative Emotions 

 

I. INTRODUCTION 
ACIAL expressions are a form of nonverbal 
communication. They are a primary means of conveying 

social information among humans. The task of automatic 
facial expression analysis can be divided into three main steps: 
face detection, facial feature extraction and classification into 
expressions [1]. Conventional human and computer interaction 
methods can also be improved greatly. It enables to design 
computer systems that react to different facial expressions. It 
is possible to configure different actions for the computer in 
case it is detected that its user makes some specific facial 
expression. 

The machine analysis of facial expressions in general has 
been an active research topic in the last two decades [2]. Most 
of the existing works have been focused on analysing a set of 
prototypic emotional facial expressions, using the data 
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collected by asking subjects to pose deliberately these 
expressions. However, the exaggerated facial expressions 
occur rarely in real-life situations. Spontaneous facial 
expressions induced in natural environments differ from posed 
expressions, i.e., both in terms of which facial muscles move 
and how they move dynamically. 

A smile is a context-dependent emotional expression. A 
smiling face does not always signal the experience of 
enjoyable emotions: sometimes people smile to convince 
another person that enjoyment is occurring when it is not. This 
can be done for many different reasons, for example to hide, 
moderate, or justify something negative (e.g., a feeling of 
superiority or contempt, a manipulation, social 
embarrassment, or an inappropriate affect), or simply to 
coordinate conversation. The ability to discriminate between 
felt and faked enjoyment expressions is critical to effective 
social interaction, and to cope with the complexity of the 
human social world: recognizing a faked smile can prevent 
people from being deceived, from being inappropriate in a 
formal social situation, or from starting a potentially 
frustrating collaboration with a person with no cooperative 
intents [3]. 

Recently, research attention has started to shift toward the 
more realistic problem of analysing spontaneous facial 
expressions [4-5]. As illustrated in some initial studies [6-7], 
this is a challenging problem; it seems very difficult to capture 
the complex decision boundary among spontaneous 
expressions [6]. Many algorithms are available for detecting 
the smile in facial images; most of the algorithms use mouth 
corners to locate the smile in facial images. But most 
algorithms also show the user the exact pixel location of the 
mouth within the image, making it easier to find a difference 
between smiles in a crowded or blurred image. The common 
usage of this smile detection technique is in facial expression 
recognition is security; most of the algorithms are typically 
specialized in this case to recognize only certain mouth 
corners only. There are various facial expression ranging from 
happiness, sadness, anger, disgust, fear, surprise etc. out of 
these smile is the most common facial expression that can 
estimate person’s happiness.   

Specialized image processing smile detection algorithms 
are used in security systems that depend on authorizing 
visitors by their face. Unlike other algorithms, which just find 
a face, these algorithms are programmed to find a certain face. 
Typically, these algorithms have to find the common elements 
of a certain person's face such as smiles, but these methods 
doest focus on the detection of the smile along with user 
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emotions such as happiness ,sadness and negative emotions 
,these methods fail to detect smile based on the emotions and 
context-dependent emotional expression the face to one in its 
image database.  

To solve this problem in this paper formulates new 
methods that concerning the negative and positive emotions of 
the face for image database for individual variation in smile. 
In this paper, focus on smile detection in face images captured 
in real-world scenarios. The present approach to smile 
detection, in which the intensity differences between pixels in 
the gray scale face images are used as simple features, and 
emotion based intensity difference also found. Fuzzy neural 
network (FNN) then is adopted to choose and combine weak 
classifiers based on pixel differences to form a strong 
classifier for smile detection using as few as 20 pairs of pixels. 
Varying illumination and pose are the two main difficulties for 
unconstrained face analysis; it also examine different 
illumination normalization methods and investigate the impact 
of pose variation. Experimental results show that our approach 
achieves similar accuracy to the state-of-the-art method but is 
significantly faster. The proposed method is ability to 
distinguish between sincere and faked enjoyment expressions 
is affected by the predisposition to experience others’ 
emotions.  

II. BACKGROUND STUDY 
Caifeng Shan et al [8] presented smile detection by 

boosting pixel differences in which the intensity differences 
between pixels in the grayscale face images are used as 
features. Smile detection has received much interest for 
commercial applications. For example, in some digital and 
mobile cameras, the “smile shutter” shoots automatically 
when a smiling face is detected. Modern digital camera have 
the smile mode function and camera takes picture 
automatically when a smiley face is detected and also have the 
ability to make a perfect group photo by shooting continuous 
frames and then select the best smiling face of each person and 
make a perfect group photo. 

Yuanzheng Li (2014) [9] a new smile recognition method 
is proposed based on feature fusion which combines the LBP 
and HOG features. Firstly, HOG features are extracted in the 
mouth region. And then facial expression features are 
presented with LBP histograms. Finally, the two feature set 
are fused to implement the smile recognition. The 
experimental results show that the proposed method can 
effectively utilize the global texture information and local 
shape information and get better recognition effect. 

Deniz et al (2008) [10] describes both a face detector and a 
smile detector for PUIs. Both are suitable for real-time 
interaction. The face detector provides eye, mouth and nose 
locations in frontal or nearly-frontal poses, whereas the smile 
detector is able to give a smile intensity measure. Experiments 
confirm that they are competitive with respect to extant 
detectors. These two detectors are used in an unobtrusive 
application that allows to interact with an Instant Messaging 
(IM) client. 

Pinky & Manish (2013) [11] present a smile detection 
method based on the Bezier curve of the mouth interest points. 
Face is detected by the famous viola and john algorithm and 
mouth corner points is extracted by the method of Shi & 
Tomasi through minimum eigen value of matrix and also 
compare with other corner detection algorithm.  

Rima et al (2010) [12] discusses classification of smile 
stages based on 2DPCA for feature extraction and then 
compares the results with the 2DLDA to distinguish the 
smiling faces at Stage I, Stage III and Stage IV. For the 
classification process, SVM multiclass was applied with 
method of one against one and one against all. Thus, 90 
smiling faces data which has been validated by dentist 
specializing in tooth conservation is being used for learning 
and testing evaluation in the experimental process. 

Won-Chang et al., (2012) [13] propose an automated smile 
analysis system for self smile training. The proposed system 
detects face area from the input image with the AdaBoost 
algorithm. It then identifies facial features based on the face 
shape model generated by using ASM(Active Shape Model). 
Once facial features of the face are identified, the lip line and 
teeth area necessary for smile analysis are detected. An 
analysis of the lip line and individual teeth areas allows for an 
automated analysis of smiling degree of users, enabling users 
to check their smiling degree on a real time basis.  

The author in [14] proposes a method for detecting Smile 
in real time Images by machine learning approach. Machine 
learning method involves training a classifier and using it in 
real time images to determine smile. This approach 
implemented has been tested on several Images from different 
databases and the achieved results were found to be very 
satisfactory. 

Huang  & Fuh  (2009) [15] proposed a relatively simple 
and accurate realtime smile detection system that can easily 
run on a common personal computer and a webcam. This 
program just needs an image resolution of 320 by 240 pixels 
and minimum face size of 80 by 80 pixels. The author had an 
intuition that the feature around the mouth right corner and left 
corner would have optical flow vectors pointing up and 
outward. The feature which has the most significant flow 
vector is right on the corner. Meanwhile, the author can 
support a small head rotation and user’s moving toward and 
backward from camera. In the future, the author would try to 
update mouth pattern such that the author can support larger 
head rotation and face size scaling.   

Alamgir Hossain et al (2012) [16], a methodology of 
Smiley Face Recognition System using the concept of Genetic 
algorithm and leaf-matrix and digital image processing has 
been discussed. A static Smiley Face Recognition system has 
been developed here. The maximum efficiency is 100% for 
Face Recognition System by using Genetic algorithm and the 
minimum efficiency is 68% .The efficiency can be increased 
by using better face scanner, better technique of scaling, 
efficient technique of edge detection such as advanced edge 
detection technique and feature extraction of the face image.  
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III. PROPOSED METHODOLOGY 
In this paper, a novel algorithm based on SIMS model and 

fuzzy neural network (FNN) algorithm is proposed for 
detecting the smile from the facial images. The SIMS model is 
mainly used for predicting the emotions value for each and 
every pixel present in the image.  Emotional contagion refers 
to the human tendency to automatically mimic and 
synchronize facial expressions, vocalizations, postures and 
movements with those of another person, and consequently 
converge emotionally with them. 

A vital step in facial expression analysis is extracting 
effective features from original face images. Based on feature-
point (e.g., mouth corners) detection, geometric features can 
be exploited [17-18]. However, accurate and reliable detection 
and tracking of feature points are difficult to accommodate in 
real-world unconstrained scenarios. Another kind of features 
considers the appearance (skin texture) of the face. 
Appearance features are less sensitive to the errors in feature 
point detection and can encode changes in skin texture that are 
important for facial expression modelling. Therefore, 
appearance features look more promising for unconstrained 
facial expression analysis, and different features can be 
exploited. 

The following steps are majorly carried out during smile 
detection process with emotions .The carried out experiments 
on the publicly available GENKI4K database, which is a 
subset of the images .It includes images of persons with 
varying age, gender, illumination effects etc., to reach the 
canonical face width and to reduce complexity of computation 
following preprocessing methods are carried out. This 
approach involves following steps: 

• Input color image is converted to 𝑌𝑌𝐶𝐶𝑏𝑏𝐶𝐶𝑟𝑟  color space  
• A skin color model is formed which decides the 

range of skin color pixels  
• For each test image, each pixel is classified as skin or 

non-skin pixel according to the range specified by 
skin color model. 

• Connected component labeling algorithm is applied 
to the segmented binary image which gives the 
largest connected component which is then 
normalized to reach canonical face width. 

Examine the relationship between two pixels’ intensities as 
image features. Instead of utilizing the above comparison 
operators, propose to use the intensity difference between two 
pixels as a simple feature. Think that the intensity difference 
covers the information provided by all these comparison 
operators. Furthermore, it contains more information beyond 
these comparisons. Since there is a feature extracted for each 
pair of different pixels, for an image of 24× 24 pixels, there 
are 331 200 features extracted. 

 

A. Emotion Identification  
An emotional contagion is defined as identification of 

human emotions such as facial expressions, vocalizations, 
postures and movements. This basic form of empathy [19] 
allows us to share the emotions of others directly, without any 
conscious effort and any form of cognitive mediation. 
Emotional contagion is not considered a single and 
undifferentiated mechanism; rather since different emotions 
are characterized by distinct facial expressions, psycho-
physiological patterns, and brain activations [20] ,it may be 
modulated by the specific emotional content of the observed 
stimuli. In particular, emotional contagion for positive 
emotions and emotional contagion for negative emotions may 
be conceived as partially distinct mechanisms, as positive and 
negative emotions show differential facial and physiological 
activations, and engage non-completely overlapping neural 
circuits.  

The SIMS model advanced the prediction that emotional 
contagion has an impact on smile authenticity recognition. 
Although it has never been empirically tested, this hypothesis 
is very plausible. There is evidence that felt (Duchenne) 
smiles are associated with the experience and physiological 
activations of positive emotions, while faked non-Duchenne 
smiles are associated with the experience and physiological 
activation of negative emotions [21]. For this reason, it is 
possible to expect that felt and faked smiles recruit different 
components of emotional contagion. 

B. Smile and Non Smile Detection Using FNN  
Given the large number of features, the next step is to 

minimize the number of features that need to be computed for 
a new face image while still achieving high discrimination 
accuracy. Similar to [22], Fuzzy neural network learning of a 
nonlinear classification function. It combines the feature 
selection and classifier training steps in one process. The 
proposed FNN learns a small number of input layers with 
extracted features as input and hidden layer operation 
performs major smile and non smile detection into a strong 
classifier of higher accuracy. The process of FNN maintains a 
distribution on the training samples. At each iteration, a best 
hidden layer, which minimizes the error rate, is selected, and 
the fuzzy membership value are updated of the misclassified 
samples and reduce the importance of the others. The FNN 
classifier is designed to select the feature that best separates 
the positive and negative examples.  A new model for the 
neuro-fuzzy (NF) classification system is proposed for 
detection of smile and non smile detection results based on the 
calculated pixel intensity difference. The proposed NF 
classification system selects smile and non smile based 
feature-wise information of input image to different classes. 
Since all features are not equally important in discriminating 
all classes, the feature-wise belonging is expected to help in 
the classification process.  
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Figure 1: Proposed FNN Smile and Non Smile Detection System 

Fuzzification 
The Membership Function generates a feature based 

degree of belonging of an feature extracted face images to 
different classes by fuzzification. The membership matrix 
𝑓𝑓𝑔𝑔 ,𝑐𝑐�𝑥𝑥𝑔𝑔� thus generated, expresses the degree of belonging of 
different features (G) to different classes (C), where 𝑥𝑥𝑑𝑑  is the 
dth feature value of face image 𝑥𝑥; with 𝑔𝑔 = 1,2, … ,𝐺𝐺 and 
𝑐𝑐 =  1,2, … ,𝐶𝐶. Thus the feature extraction image pattern is 
thus represented as, 

𝑥𝑥 = �𝑥𝑥1, 𝑥𝑥2, … . , 𝑥𝑥𝑔𝑔 , … . , 𝑥𝑥𝐺𝐺�
𝑇𝑇
 (1)  

A popular 𝜋𝜋-type MF is used to model a smile and non 
smile detection class [23]. Note that it is a bounded function 
having a shape similar to that of Gaussian/exponential 
function; and the value of the fuzzifier m is varied mainly for 
using the steepness of the function. The function is defined as:  

π(x; a, r, b) =

⎩
⎪
⎪
⎪
⎨

⎪
⎪
⎪
⎧

0, x ≤ a

2m−1[
x − a
r − a

]m , a < 𝑥𝑥 ≤ p

1 − 2m−1[
r − x
r − a

]m , p < 𝑥𝑥 ≤ r

2m−1[
x − r

(b − r)]m , r < 𝑥𝑥 ≤ q

1 − 2m−1[
b − x
b − r

]m  q < 𝑥𝑥 < 𝑏𝑏

0                                 x ≥ b

�  

(2)  

where 𝑚𝑚 is called the fuzzifier. In the present 
investigation, the fuzzifier value is also selected. The MF has 
a center at 𝑟𝑟, with 𝑟𝑟 = (𝑝𝑝 + 𝑞𝑞)/2, where 𝑝𝑝 𝑎𝑎𝑎𝑎𝑑𝑑 𝑞𝑞 are the two 
crossover points. Membership value at the crossover points is 
0.5 and at the center r its value is 1.0 (maximum). Assignment 
of membership value is made in such a way that a training 
data gets a membership value of 1.0 when its smile and non 
smile  feature value is at the center of the MF, and when it is 
away from the center its value gradually decreases and attains 
0.5 at the boundary of the training set. The extended region 
beyond p and q will have membership values less than 0.5. 
This region is considered to incorporate the portion (of the 
pattern class) possibly uncovered by the training samples, 
which provides a scope/flexibility for improved generalization 

ability of the system. The center r is computed as the mean of 
the training data set. It is defined as, 

 𝑟𝑟 = 𝑚𝑚𝑚𝑚𝑎𝑎𝑎𝑎 (𝑦𝑦) (3)  
(i.e., average value of the data set for a feature y).  The 

crossover points p and q are estimated as, 

 𝑝𝑝 =  𝑚𝑚𝑚𝑚𝑎𝑎𝑎𝑎 (𝑦𝑦 )– [max (𝑦𝑦)−min (𝑦𝑦)]
2

  (4)  

𝑞𝑞 = 𝑚𝑚𝑚𝑚𝑎𝑎𝑎𝑎(𝑦𝑦) +
[max(𝑦𝑦) − min(𝑦𝑦)]

2
 

(5)  

where min and max are the minimum and maximum value 
of the smile and non smile feature pixel intensity value  
respectively for extracted feature vector y.  

𝐹𝐹(𝑥𝑥) = �

𝑓𝑓1,1(𝑥𝑥1) 𝑓𝑓1,2(𝑥𝑥1) ⋯ 𝑓𝑓1,𝐶𝐶(𝑥𝑥1)
𝑓𝑓2,1(𝑥𝑥2) 𝑓𝑓2,2(𝑥𝑥2) ⋯ 𝑓𝑓2,𝐶𝐶(𝑥𝑥2)
⋯

𝑓𝑓𝐺𝐺 ,1(𝑥𝑥𝐺𝐺)
⋯

𝑓𝑓𝐺𝐺 ,2(𝑥𝑥𝐺𝐺)
…            ⋯
⋯ 𝑓𝑓𝐺𝐺 ,𝐶𝐶(𝑥𝑥𝐺𝐺)

�  

(6)  

where 𝑓𝑓𝑔𝑔 ,𝑐𝑐�𝑥𝑥𝑔𝑔� represents the membership of the dth 
feature to the cth class. 

Defuzzification 
The last step of the proposed NF system is a hard 

classification by performing a MAX (maximum) operation to 
defuzzify the output of the NN. The pixel smile and non smile 
feature is assigned to class 𝑐𝑐 corresponding to the highest 
output value. Mathematically, assign the pixel to class c if, 

𝐹𝐹𝑐𝑐(𝑥𝑥) ≥ 𝐹𝐹𝑗𝑗 (𝑥𝑥) ∀𝑗𝑗 ∈ 1,2, … ,𝐶𝐶 𝑎𝑎𝑎𝑎𝑑𝑑 𝑗𝑗 ≠ 𝑐𝑐  (7)  
where 𝐹𝐹𝑗𝑗 (𝑥𝑥) is the activation value of the jth neuron in the 

output layer. The fuzzy neural network classifier is designed 
to select the feature that best separates the positive and 
negative examples. In this research work, the FNN classifier is 
defined based on the intensity difference of a pair of pixels. 
More precisely, the FNN classifier 𝐹𝐹𝑗𝑗 (𝑥𝑥) consists of feature 
𝑔𝑔𝑗𝑗 (i.e., the intensity difference), threshold 𝑡𝑡𝑗𝑗  and parity 𝜃𝜃𝑗𝑗  
indicating the direction of the inequality sign as follows: 

𝐹𝐹𝑗𝑗 (𝑥𝑥) = �1,    𝑖𝑖𝑓𝑓𝜃𝜃𝑗𝑗𝑔𝑔𝑗𝑗 (𝑥𝑥) ≤ 𝜃𝜃𝑗𝑗 𝑡𝑡𝑗𝑗
0,             𝑜𝑜𝑡𝑡ℎ𝑚𝑚𝑟𝑟𝑒𝑒𝑖𝑖𝑒𝑒𝑚𝑚

� (8)  
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IV. EXPERIMENTATION RESULTS 
The publicly available GENKI4K database is used in this 

research work, which consist of a subset of the images. The 
database consists of 4000 images (2162 “smile” and 1828 
“non smile”). As can be seen, the images span a wide range of 
imaging conditions, i.e., both outdoors and indoors, as well as 
variability in age, gender, ethnicity, facial hair, and glasses. 
The ground truth on “smile” and “non smile” is provided with 
the database. In these experiments, the images were converted 
to grayscale. Following, the faces were normalized to reach a 
canonical face of 48 × 48 pixels, which was based on the 
manually labeled eyes positions. The image set is partitioned 
into four groups of 1000 images, with similar number of 
“smile” and “non smile” samples, and adopted a fourfold 
cross-validation. That is, one group was used as testing data 
while the other groups as training data; the process was 
repeated four times for each group in turn to be used for 
testing. 

After extracting intensity difference features from face 
images pre-processed by Histogram equalization (HE), run 
AdaBoost ,support vector machine and after applying SIMS 
models with HE run Fuzzy neural network (FNN) to choose 
the discriminative features. With the selected top 500 features, 
the trained FNN achieves the accuracy of 93.85 %.  As 
compared in Table I, the proposed approach obtains the 
similar performance to the Gabor-feature-based SVM but uses 
much less features. 

Table I: Comparison of Different Approaches for Smile 
Detection 

Approach Classifier Accuracy (%) 
Raw pixel values SVM 81.45 
Pixel comparisons Adaboost 89.70 

Emotional SIMS and pixel 
comparison 

FNN 93.85 

Figure. 2, plot the top 20 pairs of pixels being selected in 
one cross-validation experiment 

 
Figure 2: Top 20 Pairs of Pixel being selected in One Cross-

Validation Experiment 

 

A. Computational Efficiency 
In experimentation work we compare the computational 

cost of three smile detectors: the SVM (Gabor) and AdaBoost 
(intensity difference), proposed SIMS model with FNN . 
Given a new test image, the first method extracts Gabor 
features and then performs classification with the trained 
linear SVM classifier. The second methods extract feature and 
perform detection and feature selection simultaneously using 
Adaboost algorithm, final stage of the algorithm the emotions 
are detected based on the SIMS models and feature selection 
and the smile or non smile detection is performed by 
proposing FNN classification learning model.  In our 
experiments, which are trained on 100 face images, the SVM 
classifier has around 200 support vectors. For the second 
method, intensity differences of a limited number of pixel 
pairs from the given image are computed; classifications based 
on these weak classifiers are combined to get the final 
decision. In third method the emotions are initially analyzed 
using SIMS model and then detects the different pixels values 
such as smile and non smile values by using FNN learning 
model .  

Table II  shows the average time cost for classifying a new 
image, using the non optimized MATLAB code on a standard 
personal computer. The experimentation results shows that the 
proposed classification accuracy and time comparison is faster 
than the existing methods since the proposed FNN methods 
the emotion are analyzed by using the SIMS model, it 
becomes faster to quicker identification of smile and non smile 
user faces Images from database ,it  can see that the proposed 
FNN detector is significantly faster than the pixel difference 
based adaboost , Gabor-feature-based SVM. Even with 500 
features, our approach has higher improvements in the speed 
than the earlier methods. 

Table II: Time Cost For Smile Detection Using The SVM And 
Adaboost, FNN (With 20, 100, 300, And 500 Intensity 

Difference Features) 
Approach  Features  Time (ms)  

SVM Without feature selection  1768.7 
Adaboost  20 features  0.6 

100 features  2.4 
300 features  7.2 
500 features  10.9 

FNN 20 features  0.45 
100 features  1.23 
300 features  4.5 
500 features  8.56 

Experimentation results of the proposed FNN and existing 
SVM, Adaboost learning algorithms smile detection results 
are measured using the normal classification parameters also 
such as Sensitivity, Specificity and classification accuracy as 
discussed in following manner.  

B. Sensitivity  
Sensitivity (also called the true positive rate, or the recall 

rate in some fields) measures the proportion of actual smile 
and non smiles positives which are correctly identified as such 
smile and non smile classes, and is complementary to the false 
negative rate. 
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Sensitivity =
Tp

Tp + Fn
 

(9)  

Where  𝑇𝑇𝑃𝑃 is defined as positive results , 𝐹𝐹𝑎𝑎   is defined as 
negative results , 𝑇𝑇𝑎𝑎  is defined as negative results , 𝐹𝐹𝑝𝑝   is 
defined as positive results . 

 
Figure 3: Performance Sensitivity Comparison Results for 

Detection Methods  
Figure 3 shows the graphical representation of sensitivity 

measures the proportion of actual smile and non smile classes 
positives which are correctly identified as smile and non smile 
classes. It experimented that the sensitivity results of the 
proposed FNN leaning algorithm have high detection than the 
existing classification methods such as SVM and adaboost, 
since the proposed methods consider the emotion based smile 
detection by using SIMS model. 

C. Specificity 
Specificity measures the proportion of negatives which are 
correctly identified as positive and is complementary to the 
false positive rate. 

𝑆𝑆𝑝𝑝𝑚𝑚𝑐𝑐𝑖𝑖𝑓𝑓𝑖𝑖𝑐𝑐𝑖𝑖𝑡𝑡𝑦𝑦 =
𝑇𝑇𝑎𝑎

𝑇𝑇𝑎𝑎 + 𝐹𝐹𝑝𝑝
 (10)  

Where TP  is defined as positive results , Fn   is defined as 
negative results  ,Tn  is defined as negative results  
Fp   is defined as positive results  

 
Figure 4: Performance Specificity Comparison Results for 

Detection Methods  

Figure 4 shows the graphical representation of specificity 
measures the proportion of negative which are correctly 
identified negative. It experimented that the sensitivity results 
of the proposed FNN leaning algorithm have less false 
acceptance rate than the existing classification methods such 
as SVM and adaboost, since the proposed methods consider 
the emotion based smile detection by using SIMS model.  

Classification accuracy 

 
Figure 5: Performance Detection Accuracy Comparison 

Results for Detection Methods  
Figure 5 shows that the graphical representation of smile 

detection accuracy for SVM, adaboost and FNN classifier. 
The proposed FNN algorithm is better than the traditional 
classifier adaboost, since the proposed methods emotions are 
initially detected using SIMS model.  

V. CONCLUSION AND FUTURE WORK 
A smile is the most common facial expression that occurs 

in people’s daily life. It often indicates pleasure, happiness, 
appreciation, or satisfaction. Detecting smiles and emotions of 
the face can be used to estimate a person’s mental state. Smile 
detection has many applications. Smile detection in face 
images captured in real-world scenarios is an interesting 
problem with many applications. In practice, because of the 
limited computational resource, it is desired that the features 
used can be computed easily and efficiently. A novel smile 
FNN based detection algorithm is proposed in this research, it 
additionally evaluates the emotions of the face by proposing 
SIMS model that differentiate negative and positive emotions 
of the face to enhance the detection accuracy of smile and non 
smile detection results.  Once the emotions are identified from 
SIMS model the intensity difference of the pixels are 
calculated.   Intensity differences between pixels in the 
grayscale face images are used as simple features. The 
detection rate depends on how intensity values are adjusted; it 
is possible to detect nearly all smiles. The intensity and 
classifier is the main reason for achieving a low misdetection 
rate while most of the smiles are detected. The algorithm was 
also used for an interesting application: a smile detector lock. 
It is a system where smile detection algorithm controls an 
electric lock, the lock is opened when a person smiles.  
Experiments illustrate that our SIMS model with FNN 
approach matches the accuracy of the state-of-the-art methods 
such as Gabor filet and SVM and Adaboost learning  using as 
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few pairs of pixels, allowing significantly faster detection 
results since emotions are initially identified by using SIMS 
model that correctly differentiate positive and negative 
emotions. In future work the same work is supposed to be 
installed to control access to a seminar room, as it does not 
need any security, but it is good to entertain people who enter 
the room.  Smile detection in real life faces is being 
challenging for many researchers in real time video with small 
and low cost hardware is also focused majorly.  
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