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Abstract---Emotion recognition via identification of face emotion is the 
primary areas of research between human and the machine 

communication. In order to identify facial emotion, one device must 

locate different variabilities of human face including color, stance, 

emotions, direction, and so on. Initially, the human facial expressions 

are recognized by the various features such as eye, nose, mouth, etc. 

must be detected and then classified using an appropriate expression 
recognition classifier compared to the qualified results. In this 

analysis a method of identification of human facial expression is 

modeled on its own hands. The approach proposed uses the color 

model HSV (Hue-Saturation-Value) to identify the facial image. 

Principal Component Analysis reduce the size of the space, later the 
test image is projected on the space. The Euclidean distance between 

the test image and the mean individual of the training data and 

categorized the phrases. For testing purposes, a standardized dataset 

is used. The device uses the gray representations of the face to 

categorize five simple emotions including surprise, sadness, anxiety, 

indignation and satisfaction. 
 

Keywords---facial expression, Eigen face, emotion recognition, hue 

saturation value. 

 

 
Introduction  

 

The Facial gestures are identified by the movement of the muscles and the texture 

of the skin. The movements are used to transmit an individual's emotional state 

to observers. Types of nonverbal contact are facial gestures. Expression of the 

face Human facial expression detection program will yield useful results, if 
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carefully equipped in an examination center. Acknowledgement or emotional 

understanding is one of the latest concepts that are gaining ground in intelligent 

machine science. Human emotion detection may have various uses in diverse 

situations. Although the most promising is possibly human-machine contact, 

hospital observation, the prosecution of an anti-social suspect etc. may be other 
places helpful to emotionally remember. The emotional processing technology 

allows the center to analyze the response of customers when they see certain 

products or advertising or when they get certain details or message. The service 

center will change their response depend on the reaction. 

 

The input is collected using the webcam in an image format and then processed 
by the machine for further analysis. After the facial region has been detected, 

representative elements are removed from the emotionally expressive face picture, 

pre-processed and classified to include them into one of the emotional groups, 

such as indignation, anxiety, surprise, happiness, neutrality and so on. Different 

detection techniques, as well as classifier algorithms, are available for detection 
and classification. In this study, a complex emotional model is provided focused 

on a systematic self-space methodology. Eigen space is a function space which 

codes the variation in the individual faces most effectively. The characterization of 

total variations of the face images can be seen as the collection of functional 

spaces. The remainder of the document is arranged accordingly. Section II 

describes the different kind of emotions. Section III discusses the associated with 
the emotional recognition. Section IV outlines the description of the framework 

and its execution. In Section V, we explain the findings and potential work in 

Section VI. 

 

Emotion taxonomy 
 

Emotional philosophers identified many emotional classification models varying 

from commonly shown simple emotions to culturally nuanced ones. Two types of 

emotional analysis many facial expression research: Ekman's simple emotional 

set [11] and Russell's circumflective affect model [12]. In 1971 [11], Ekman and 

Freisen suggested six prototypical (fundamental) emotions – wrath, disgust, 
terror, excitement, sadness and surprise – that are commonly expressed by 

humans and understood by human face expressions. The universality of these 

essential feelings, focused on Charles Darwin's universality thesis, was further 

confirmed by intercultural studies [9]. This categorical description is can in 

prominence and has the benefit of being readily understood and identified by men 
as facial expressions concerning fundamental emotions. In the past four decades, 

this emotional subspace paradigm has been the most predominant emotion 

measurement model, and experiments on facial expression perception have 

controlled the facial expressions correlated with these fundamental emotions. 

Russel [12] suggested an alternate classification paradigm of human emotion, 

where emotional conditions are described by circles as in bipolar double 
dimensional spaces, rather than by strict discreet categories. For eg, wrath may 

be seen as a transmission of intense displeasure and relatively high enthusiasm. 
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Related work 

 

While there is a large literature on emotional recognition, for the following reasons 

it is still considered a complicated issue. First, the degree of atmosphere of people 
is substantially different. Furthermore, a topic with identical feelings also has 

considerable variations in the outward expressions of emotions at various times. 

Of course, it is often impossible to identify one's right emotional status from 

physiological tests. More subjects aroused by stimulus liable for the excitement of 

a certain emotion exhibit mixed emotions. When topics awaken mixed feelings, 

emotional recognition becomes more complicated. The study by Ekman and 
Friesen requires special mention among important studies on emotional 

recognition. They sent a scheme to recognize facial expression in various areas of 

the face such as jaw, chin and wrinkles. It reports a clear association between 

face expression and the eyes, eyebrows and lips. A technique was developed by 

Pushpaja V. Saudagare and D.S Chaudhari [4] to identify transmission of 
emotions via neural networks. It reviews different speech recognition techniques 

using MATLAB (neural network toolbox). HamitSoyel and HasanDemiral [5] have 

both used 3D facial distances to track facial speech. They detected simple 

emotions, such as frustration, sorrow, surprise, excitement, disgust, fear and 

neutrality, which are recognized effectively at an average 91.3% pace. Andrew 

Ryan [13] and six other scientists have also created an Automated Facial 
Expression Recognition System (AFERS), mostly used for detection of 

disappointment during the interview phase. Mandeep Kaur, Rajeev Vashisht, and 

NirvairNeeru [7] built a method for facial expression by using the techniques of 

Primary Component Analysis and Singular Meaning Decomposition. Muid Mufti 

and AssiaKhanam [10] have used facial recognition to create a fluid rule-based 
emotional recognition technique. In1 Local binary patterns from static 

photographs were derived for the classification of facial expression using PCA. In 

[2] the face expression is known based on the reconstruction error after the 

projection of each still picture into the orthogonal position of various subspaces. 

 

System overview and implementation 
 

Face detection 

 

The first aim is to identify the facial region where HSV color model was used to 

remove skin region from the image of the individual and segment it then by 
eliminating unwanted regions like hair and transforming the face image for 

grayscale image. Skin part is detected by the HSV  (Hue-Saturation-Value) color 

model. There are two arguments, namely x and y3 dependent on formula (1) and 

(2). 

 

X=0.148xH-0.291xS+0.439xV+128     (1) 
Y=0.439xH-0.368xS-0.071xV+128     (2) 

 

The calculation is dependent on the above equation for each pixel. A pixel has 

been defined as a skin region given that the values for x and y parameters of a 

pixel satisfy 140 < y < 165, 140 < x <195 and 0.02 < H < 0.1. Since the detection 
of the skin is dependent exclusively on the corresponding color attribute, other 
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body sections of the picture are often used in skin areas aside from the face and 

neck portions. 

 

Segmentation 

 
Unnecessary skin region are removed by the column wise total for the entire 

columns is obtained. The non-zero columns are identified by clustering the 

neighboring columns with a value of non-zero columns. The latest image is done 

in a similar manner to display the full row which depends on non-zero-row sum 

values. This eliminates bugs and unwanted skin spots. 

 
Principal component analysis 

 

Their own faces are the primary part  of a facial detection. It is conscious that 

image are incredibly broad and that working with the picture vector dimension of 

its own space is a computationally costly activity. Therefore PCA (Principal 
Component Analysis) is used to minimize the data dimension taking into 

consideration the different dependencies that occur in the function vectors. This 

is required to reflect it in a way that does not lose any detail. It helps in 

identifying the K main axes that capture variations of data by specifying an 

orthogonal coordinate, and K is sufficiently huge to hold more details in order to 

construct the space. Each image is estimated from the subset of individual faces 
with the highest values of their own. 

 

The number of the weights of the mask thus represents the facial image. The PCA 

preparation is used to create the facial image. For the creation of an individual, a 

database is developed consisting of 30 photographs of faces depicting the 
emotions like surprise, rage, terror, sorrow and happiness. The covariance matrix 

of these 30 images generates MxN dimension space that was reduced by PCA into 

k-dimension. 15 photos from the expressions training dataset. The protocol for 

the formation of the data collection is as follows: 

 

 Phase 1: Each face image is converted into dimensional vectors (hxw, 1) 
where h is the height of image, w is the width of the face image and value 1 
denote a single face image. 

 Stage 2: Medium function vector computing. 

 Step 3: Each vector is subtracted from the mean vector.  

 Step 4: Its own path and its vector are calculated from the covariance 
matrix. 

 Step 5: k own vectors are chosen to reflect the largest k own values in each 

class. 
 

Projecting test image upon Eigenspace 

 

The test picture is expressed by the linear mixture of these orthogonal pictures 
are obtained by the own faces. Equation (3) used to obtain the K elements weight 

vector for all individual image. 

 

W=𝛾𝑇xI          (3) 
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Where W is the individual emotion weight matrix, Ţ is the individual face vector 

matrix and I is the vector for testing images. T is the dimension of hwx30, where h 

reflects the heights of the props, w the width of the props, and 30 the number of 

props. I dimension is hwx1, resulting in the vector length K x 1 that is the weight 
matrix in the test case. 

 

Emotion classification 

 

The main goal of this work is to classify the people emotions into one of the 

essential emotions like pleasure, sadness, anxiety, surprise, etc. The Euclidean 
distance is determined from the average of the training dataset properties after 

the image has been chosen. And the distance between Euclides is related to its 

own values, i.e. the distances between the particular aspects of the training image 

data set and their image dataset. The difference in image distance are measured 

with different kinds of emotions such as happiness, grief, fear, surprise and anger 
in training period. Euclidean images and the average images matches the 

distances between the average images and training date set, the emotion is 

categorized and named according to the marked pictures. Equation for the 

calculation of euclidean distances of two points p and q in euclidean n-space (4). 

 

√∑ (𝑞𝑖 − 𝑝𝑖)
2𝑛

𝑖=1         (4) 

 
The Euclidean distance from the mean image of the test images given as input. 

The training dataset matches the test image chosen, by calculating the Euclidean 

length of the training dataset is a minimum of the 25th place in the X-axis from 

the 30 pictures. 

 

Result analysis 
 

This work is analyzed for different kind of emotions like surprise, sadness, anxiety 

for validation. The algorithm has been validated and applied, and fits well for 

emotions like Surprise, Sadness, Anxiety, Rage and Satisfaction.   

 
Table 1 

Result Matrix represent the outcomes of the testing images represented in 

percentages 

 

Test Image Surprise Sorrow Fear Anger Happiness 

Surprise 93 0 0 1.2 6.4 

Sorrow 0 76.5 9.2 6.3 0 

Fear 0 18.6 74.2 4.2 0 

Anger 1.1 3.5 3.8 91.7 0 

Happiness 7.5 0 0 0.77 94.2 

 

The above table (table 1) represents the individual’s happiness rates best at 
94.2%, surprise at 93%, sorrow at 76.5%, fear at 74.2% and anger at 91.7%. 
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Conclusion 

 

Detection of Facial expression is a complex challenge in the image processing area 

that gained much research in recent years because of its multiple uses within 

different fields. This paper proposed a model for the recognition of facial 
expression based on the Euclidean distance between the input image and the 

mean properties. The testing dataset contains photographs of numerous 

individuals and provides adequate outcomes when checked, but there is a 

resemble between sorrow and anxiety that can be used as a potential job and 

strengthened by many training dataset. In future, speech recognition can be 

processed to identify the emotions from the tone of their voices. 
 

Reference 

 

1. S. L. Happy, A. George and A. Routray, "A real time facial expression 

classification system using Local Binary Patterns," in IEEE 4th International 
Conference on Intelligent Human Computer Interaction, 2012. 

2. C. Juanjuan, Z. Zheng, S. Han and Z. Gang, "Facial expression recognition 

based on PCA reconstruction,“ in International Conference on Computer 

Science and Education, 2010. 

3. M. Chuang, R Chang and Y. Huang “Automatic Facial Feature Extraction in 

Model-Based Coding” Journal of information Science and Engineering 16, 
447-458 (2000). 

4. Pushpaja V. Saudagare, D.S. Chaudhari, Facial Expression Recognition using 

Neural Network –An Overview, International Journal of Soft Computing and 

Engineering (IJSCE) ISSN: 2231-2307, Volume-2, Issue-1, March 2012. 

5. Hamit Soyel and Hasan Demirel Department of Electrical and Electronic 
Engineering, Eastern Mediterranean University, Gazimağusa, KKTC, via 

Mersin 10- Turkey, Facial Expression Recognition Using 3D Facial Feature 

Distances, M. Kamel and A. Campilho (Eds.): ICIAR 2007, LNCS 4633, pp. 

831–838, 2007.© Springer-Verlag Berlin Heidelberg 2007 

6. Nikunj Bajaj, S L Happy and Aurobinda Routray, Dynamic model of Facial 

Expression Recognition based on Eigen-face Approach, Proceedings of Green 
Energy and Systems Conference 2013, November 25, Long Beach, CA, USA. 

7. Mandeep Kaur, Rajeev Vashisht, Nirvair Neeru, Recognition of Facial 

Expressions with Principal Component Analysis and Singular Value 

Decomposition, International Journal of Computer Applications (0975 – 

8887) Volume 9–36 No.12, November 2010. 
8. P. Ekman and W. V. Friesen: “Unmasking the Face: A Guide to Recognizing 

Emotions From Facial Clues,” Englewood Cliffs, NJ: PrenticeHall, 1975. 

9. P. Ekman. Strong evidence for universals in facial expressions: A reply to 

Russell's mistaken critique. Psychology Bulletin, 115(2):268-287, 1994. 

10. Muid Mufti and Assia Khanam, Fuzzy Rule Based Facial Expression 

Recognition, International Conference on Computational Intelligence for 
Modelling Control and Automation, and International Conference on 

Intelligent Agents, Web Technologies and Internet Commerce (CIMCA-

IAWTIC'06) 0-7695-2731-0/06 © 2006IEEE 

11. P. Ekman and Friesen. Constants across cultures in the face and emotion. 

Journal of Personality and Social Psychology, 17(2):124–129, 1971. 



 

 

 

1315 

12. J.A. Russell. A circumflex model of affect. Journal of Personality and Social 

Psychology, 39(6):1161-1178, 1980 

13. Andrew Ryan, Jeffery F. Cohn, Simon Lucey, Jason Saragih, Patrick Lucey, 

Fernando De la Torre and Adam Rossi, Automated Facial Expression 
Recognition System, 978-1-4244-4170-9/09/$25.00 ©2009 IEEE. 

14. S. Baluja, Probabilistic modelling for face orientation discrimination: learning 

from labeled andunlabeled data, in: Neural Information Processing Systems 

(NIPS98), 1998, pp. 854–860. 

15. M.J. Black, Y. Yacoob, Tracking and recognizing rigid and non-rigid facial 

motions using localparametric models of image motion, in: Proc. Internat. 
Conf. Computer Vision (ICCV95), 1995, pp.374–381. 

16. J.T. Cacioppo, L.G. Tassinary, Inferring psychological significance from 

physiological signals, Amer.Psychologist 45 (1990) 16–28. 

17. L.S. Chen, Joint processing of audio–visual information for the recognition of 

emotional expressionsin human–computer interaction, Ph.D. Thesis, 
University of Illinois at Urbana-Champaign,Department of Electrical 

Engineering, 2000. 

18. C.K. Chow, C.N. Liu, Approximating discrete probability distribution with 

dependence trees, IEEETrans. Inform. Theory 14 (1968) 462–467. 

19. I. Cohen, Automatic facial expression recognition from video sequences using 

temporal information.MS Thesis, University of Illinois at Urbana-Champaign, 
Department of Electrical Engineering, 2000. 

20. T.H. Cormen, C.E. Leiserson, R.L. Rivest, Introduction to Algorithms, MIT 

Press, Cambridge, MA,1990. 

21. L.C. De Silva, T. Miyasato, R. Natatsu, Facial emotion recognition using 

multimodal information.in: Proc. IEEE Internat. Conf. on Information, 
Communications and Signal Processing (ICICS97),1997, pp. 397–401. 

22. G. Donato, M.S. Bartlett, J.C. Hager, P. Ekman, T.J. Sejnowski, Classifying 

facial actions, IEEETrans. Pattern Anal. Machine Intell. 21 (10) (1999) 974–

989. 

23. P. Ekman, Strong evidence for universals in facial expressions: a reply to 

Russells mistaken critique, Psychol. Bull. 115 (2) (1994) 268–287. 
24. P. Ekman, W.V. Friesen, Facial Action Coding System: Investigators Guide, 

Consulting Psychologists Press, Palo Alto, CA, 1978. 

25. I.A. Essa, A.P. Pentland, Coding, analysis, interpretation, and recognition of 

facial expressions, IEEETrans. Pattern Anal. Machine Intell. 19 (7) (1997) 

757–763. 
26. J.H. Friedman, On bias, variance, 0/1-loss, and the curse-of-dimensionality, 

Data Mining KnowledgeDiscovery 1 (1) (1997) 55–77. 

27. N. Friedman, D. Geiger, M. Goldszmidt, Bayesian network classifiers, 

Machine Learning 29 (2)(1997) 131–163. 

28. A. Garg, D. Roth, Understanding probabilistic classifiers, in: Proc. Eur. Conf. 

on Machine Learning,2001, pp. 179–191. 
29. D. Goleman, Emotional Intelligence, Bantam Books, New York, 1995.  


