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I.	 Introduction

Face recognition and subsequently classification of emotional state 
is a very important research area of learning process in recent days. 

This fact was confirmed in study [2], where result of this study shows 
that emotions may have a significant effect on human trust because the 
necessary part of social communication between people is the skill to 
correctly express their emotions. Expressions in face are for all people 
not only easy movements of face parts but also are the most efficient 
means to express emotion [10], [16]. In the mutual communication we 
need correct understanding of emotional state. Therefore we need not 
only perceive correctly change of muscles in face. We must also know 
how decode this ostensible movement of muscle in the right way for the 
following classification of the emotion that is represented by the facial 
expression. [17], [20], [42]. In present face recognition is an important 
area not only in research but also in various applications using human-
computers interface. For normal human is not a problem to recognize 
various expressions in face (without delay), however recognition 
expression of face by computer in real time is still a big problem [32], 
[28]. The past decade has witnessed many new developments in facial 

expression analysis due to its wide application in robotic vision [37], 
[24], forensics [5], affective computing, man-machine interaction 
[29], [18] and even medical diagnosis [24]. Therefore we can say 
that the correct classification of emotional state is an important role 
in various applications and industries of our life, for example: robust 
tools for behavioral people research, speech processing and speech 
recognition or access control of people by building monitoring, etc. 
[25]. Expression of emotions in face is the most natural way for people 
to express not only their emotions but also their intentions. This is a 
relatively simple task for a human from view point of detection in real 
time. However, for a computer, as automatic recognition system, this 
task is not simple [36]. We can identify the emotional state in several 
ways, also on the bases of voice analysis, gesture analysis, analysis of 
handwritten texts, etc. The different studies in last years have shown 
that many characteristic features needed to classify the emotional state 
are expressed especially by the expressions of the face [28] in real time 
or emotion recognition from facial images, e.g. [6]. [34] and [41]. In 
these research studies researchers reported on significant differences 
of examined subjects. Recently “EMOTHAW” (EMOTion recognition 
from HAndWriting and drAWing) was designed and created. 
EMOTHAW is a first publicly available database (https://sites.google.
com/site/becogsys/emothaw) for recognition of emotional states on the 
basis handwriting [27]. Recognition and classification of emotional 
state by using multiple ways (so-called as multimodal recognition of 
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emotions) is currently considered in the research area as a perspective 
area, especially because of the big amount of data that can be acquired 
concurrently on the basis of different physiological signals. These 
physiological signals are a natural expression of the human body and 
therefore they can be successfully used to classify the emotional state. 
Such physiological signals may be electroencephalogram (EEG), 
temperature or electrocardiogram (ECG). Through them, we can 
classify an emotional state such as happiness, sadness or anger [39]. 
On the basis of different sensors we can capture these signals and we 
can identify individual difference factors. These factors significantly 
affect the ability to classify emotions (see e.g. [21] for an overview).

Multimodal face recognition is based on capture of individual facial 
features and observing of each difference. The parts of the face that 
can be captured are: facial features, eyelids, eyebrows, lips, nose, chin, 
etc. For this purpose, we can use the so-called “multi-point masks”. 
Individual points on this mask represent the extracted areas from which 
the classification of the emotional state is performed [7]. Because 
of the amount of individual parts on this mask that can be scanned 
simultaneously and the amount of output data thus produced, there 
have been developed various methods for detecting, extracting and 
subsequently classifying the emotional state either in real time or using 
stored face images. The effectiveness of these methods is evaluated 
using facial image databases with different expressions [25]. The 
first step to be able to respond to emotions is affect recognition that 
focuses on identifying emotions and other affective phenomena on the 
subject. The evaluation of the affective state is usually done according 
to an emotional model that suits the particular application. One of the 
simplest models is the one described by Ekman, which is composed of 
six discrete primitive emotions, namely anger, fear, sadness, surprise, 
disgust and happiness [12]. Other alternative models include Plutchik’s 
Wheel of Emotion [35] and Russell’s Circumplex Model [38], which 
locates emotions in a 2D space defined by the arousal (or activation), 
and valence (or positiveness). The latter was extended in [31] by 
adding a third dimension (dominance) to avoid overlapping of certain 
emotions [3]. 

From academic year 2016/2017 in our department of computer 
science a project has been realized: Modeling the behavior of users 
based on data mining with support from IBM Bluemix. Our aim in this 
project is the design and creation of a complex automatic system for 
detection, face features extraction and classification of the emotional 
state. In this moment our final application is capable of detecting face 
in real time, to extract various face features on the basis of the use of 
multi-point mask and the classification of the emotional state by Ekman 
scale. The data obtained from the web camera (using data mining 
techniques) is used as a basis for user behavior modeling in Moodle 
environment. According to the literature analysis of the evaluation 
of the emotional state, there are various solutions to this problem; 
however, all solutions allude to the fact - evaluating the amount of 
mined data of various participants in real time. In this publication, we 
point out the results of the solution that has significantly influenced our 
further research direction.

In the section Material and methods, we are focusing on researches 
dealing with face recognition using real-time webcam, followed 
by extraction of individual facial features and classification of the 
emotional states of students. In the Calculation chapter, we describe 
the methodology of the two experiments we used. In Experiment 
1, we focused primarily on determining the degree of classification 
success using constructed expressions found in the Japanese models 
database called Jaffe. This is the most used database for determining 
emotional states due to precisely tagged images with facial expressions 
of individual subjects. The results of Experiment 1 are listed in the 
Results and Discussion section of Experiment 1. Based on the results 
obtained and their evaluation, we have come to the realization of 

Experiment 2, which evaluates real-life expressions of emotion. Results 
and recommendations are listed in the Results and Discussion section.

II.	 Methodology

In  our  daily  life,  during  performing  various  activities,  we  create  
and  generate  different  types  of  data  in  a  large  quantity.  This  data  
contains  an  important  information  regarding  our  activities,  style  
of  living,  our  behavior  in  different  situations  and  our  emotions.  
Psychologists have gradually classified different types of emotions, 
such as love, joy, surprise, anger, sadness and fear. The classification 
model of Paul Ekman is considered a reference model. It contains 
emotional states as happiness, anger, disgust, fear, sadness, surprise. 
Later on, the neutral state was included in these six emotional states 
[23]. Certain facial expressions are recognizable signals of emotion: a 
smile signals happiness, crying signals sadness, a nose scrunch signals 
disgust [14], [15], [9], [26] is the cornerstone of a dominant theory of 
emotion. These facts are an important prerequisite for various emotion 
research, or in affective neuroscience, and in a range of applications. A 
survey of emotion researchers found that a large majority accepted the 
thesis that certain faces signal specific emotions [13], [11]. 

In 1975 a method of coding for the face using the action units 
(FACS) was proposed [16]. FACS was containing 46 points within the 
geometric face model. These facial parts were the basis for the design 
and implementation of multi-point masks. These facial parts and facial 
points have been designed not only for the detection and extraction of 
the necessary areas of interest, but with their changes, it was possible to 
classify the emotional state. Each emotion was defined on the basis of 
a facial point change. Over time, this extraction-classification method 
was enhanced by the Gaussian classifier, by the Hiden Markov Model 
(HMM) or the Bayes classifier [8]. The detection phase has been 
progressively improved. Instead of the robust Viola-Jones detector, 
the use of the Support Vector Machine (SVM) method has begun. 
This method completely replaced all three phases of the recognition 
process: detection, extraction, and classification [40], [43].

These three phases of the recognition process are important for 
various area researches. The results from recognition process can 
be used in various fields of our life as investigation of impact of 
some products on human behavior (neuromarketing), impact of 
advertisements on human choosing, etc. Emotion recognition accuracy 
(ERA) from faces has been conceptualized as a performance measure 
of emotional intelligence [29]. Currently for classification of emotional 
state, several research groups use in most cases various databases 
of human faces. However these databases contain only instructed 
emotional state [22]. These images are organized to individual 
databases and contain people’s faces, which differ depending on the 
lighting, the angle of the face rotation, the noise in the images and 
others. These differences are the basis for determining the percentage 
of success rate of face recognition and subsequent classification of the 
emotional state [33]. The problem is often the low count of images 
in the database. Therefore, it is questionable whether the standard 
algorithms used would work in a realistic situation and then emotional 
state would be classified with the same percentage of success rate. We 
can claim that, basing on the fact that a lot of research uses a method 
in which users mimic the emotional state of a person in the picture 
from the database, certain face expressions are highly consistent with 
images that contain databases and achieve a very high percentage of 
success classification [11]. The software then does not recognize the 
real states, but the states that are artificially induced. Several experts 
have pointed out this problem in their work [1], [11].

 Based on their opinion, we are inclined to solve the proposed pilot 
project by submitting the realized evaluation solution, both from the 
point of proper facial detection under different lighting conditions, the 
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distance of the subject or the rotation of the subject’s face, as well as 
determining the rate of success of the emotional state classification of 
the subject.

The success rate of the face detection in the image was discussed 
in the paper titled “Real Time Facial Expression Recognition Using 
Webcam and SDK Affectiva” [44], where the proposed solution was 
able to detect the face in real time with 100% success rate in frontal 
face situations. We are having problems only in the case when face is 
rotated in left or right, having a total average success rate of 84,27%. 
Detection was tested using 6 robust databases on a total of 9252 frames:
•	 Bao Face Database,
•	 CMU/VASC Image Database, 
•	 Caltech Faces 1999 Database,
•	 NIST Mug-shot Images Database,
•	 Yale Face Database, 
•	 Vision Group of Essex University Face Database.

In the following section, we present an experiment that determined 
the success rate of the emotional state classification of the subject 
under study (Jaffe database).

III.	Measures and Procedure of Experiment 1 – 
Determining the Degree of Success of the Emotional 

Status Classification Using the Jaffe Database

The methods that we can use to analyze emotional states have a 
same basis as methods used for face recognition. Analysis of emotional 
state is standard divided into three basic phases [18]: detecting the face 
or face part on the image, extracting the area of interest, and classifying 
the emotional state. The use of a suitable classifier always depends on 
what the desired output will be. Classifiers may not be priority designed 
for phase of classification of the emotional state. We can use these 
classifiers appropriately also to filter the properties we are interested. 
At present there are a lot of different methods for detection, extraction 
and classification (about 200) and for the experienced programmer 
their use is not an easy process. On the other hand, however, we 
can use available libraries, apps and SDKs that are already verified, 
when we are designing and creating an automatic recognition system. 
Such a SDK solution is also a library from Affectiva. Face detection 
is performed using the Viola-Jones detector. Histogram of Oriented 
Gradient (HOG) is extracted from the image area of interest defined 
by the face orientation points. Support Vector Machine Algorithm 
(SVM), trained on 10,000 manually encoded face images collected 
from around the world is used to generate a score from 0 to 100 for 
each face action. For details on the training and testing system, see 
[44]. The use of such a solution brings the advantage that in the final 
phase of the recognition process (classification) we do not have to 
deal with the so-called “training set”. A variety of methods are used 
to verify the overall functionality of the systems and also to determine 
the degree of classification success. The most commonly used method, 
however, is when the subject has to emulate the emotional expression 
and then the system must correctly classify it. This is done using 
images from available facial databases with corresponding emotional 
expressions (according to Ekman’s classification). The entire testing 
process is performed under the supervision of a psychologist to rule 
out the possibility of incorrect classification or incorrectly instructed 
expression. More about this classification can be found in [4].

The biggest problem of different solutions is in the listed databases. 
Researchers often use only one database to determine the percentage 
of success rate of the recognition system, which ultimately results 
comparable to other top-level systems. Such testing is quite trivial and 
inconsistent [6].

We realized the solution may be evaluating using individual 
databases. These databases contain various images with different 
light conditions, face rotation, or with several captured faces in the 
image. This result is for us a comprehensive assessment of the rate 
of face detection success [44]. The percentage of success rate of the 
proposed solution was verified as follows (Fig. 1): on one side of a 
table, we placed a monitor on which the individual images from the 
respective databases were gradually displayed; on the other side of 
the table, we placed a laptop with an application for face recognition 
and classification of  emotional state at a distance of 1m; the laptop 
contained a webcam that captured the image of the monitor; the distance 
of 1m is the standard distance to capture the object by a webcam. 

Fig. 1. Verification of the percentage of success rate of the proposed solution.

To simplify the entire detection process and subsequent classification, 
we removed the step in which the subject would have to emulate 
emotions. Because these databases contained only the different faces of 
the subjects without the precisely defined type of emotional state, we 
were looking for a database that would contain the rated images. Such 
database is Jaffe, which contains 214 Japanese model photos (marked 
KA, KL, KM, KR, MK, NA, NM, TM, UY, YM). It is important to 
note that these models were asked to reproduce the desired emotion: 
anger, disgust, fear, happy (joy), neutral, sadness and surprise (Fig. 2). 
For this reason, we can say that those were forced expressions of the 
face where the monitored subject (in this case the Japanese model) 
was fully aware of the emotion she was trying to imitate according 
to instructions. The test set of images includes 10 people who were 
photographed during a particular emotion expression 3 to 4 times.

Fig. 2. Faces selected from the tested images with an instructed emotional state 
(Left to Right - Anger, Disgust, Fear, Happiness, Neutral, Sadness and Surprise)

We’ve continuously recorded the output from our classification 
software, which expressed the intensity of the classified emotion 
in percentage (the classifier is considered successful if it reaches a 
recognition rate of more than 50%). Testing for each of the Japanese 
models (Fig. 3) was repeated 5 times (but we have always achieved the 
same result, confirming that the software correctly detected the face 
in the same way and also classified the emotional state with the same 
result).
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Fig. 3. Demonstration of facial expression classification (emotional state - fear).

IV.	Results and Discussion – Experiment 1

As we can see from Tables I and II, the software often classified 
a completely different emotional state with high percentage, as was 
expected.

TABLE I. The Rate of Success of Classification (in Percentage) of the 
Emotional State of the KM Model

Recognized Emotion by the Software

An Di Fe Ha Ne Sa Su
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An 0,00 1,75 1,34 0,00 94,32 0,00 2,59

Di 0,00 61,78 0,00 0,00 34,46 0,00 3,76

Fe 0,00 16,00 33,61 0,00 32,97 5,43 11,99

Ha 0,00 0,14 0,38 92,16 0,07 0,23 7,02

Ne 0,00 1,09 31,12 0,00 50,84 0,00 16,95

Sa 0,00 1,47 11,72 0,00 72,63 1,40 12,78

Su 0,00 0,00 0,00 0,00 100,00 0,00 0,00

Explanation of Table I:
An – Anger 
Di – Disgust,
Fe – Fear,
Ha – Happy (Joy),

Ne – Neutral, 
Sa – Sadness,
Su – Surprise.

When classifying the model labelled as KM, the software rated an 
emotional state anger as a neutral expression (94.32%), also incorrectly 
determined the emotional state of sadness (72.63%) and surprise 
(100%) as neutral. However, after consulting with a psychology 
specialist, we have come to the conclusion that these expressions are 
problematic to interpret by the model KM, and that’s why the software 
classified them as another type of emotional state (Fig. 4). 

Fig. 4. Example of a problematically instructed emotional state (left Anger, right 
Sadness).

The situation was similar with the model labelled MK. The software 
classified anger as very neutral (97.48%), also misinterpreted disgust 

(91.14%), sadness (97.93%) and surprise (100%) as neutral expressions 
(Table II).

TABLE II. The Rate of Success of the Classification (in Percentage) of 
the Emotional State of the MK Model

Recognized Emotion by the Software
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An 0,00 1,45 0,00 0,00 97,48 0,00 1,07

Di 0,00 2,66 0,00 0,00 91,14 4,03 2,17

Fe 0,00 0,53 50,29 0,00 42,05 0,36 6,77

Ha 0,00 0,00 0,00 99,84 0,05 0,00 0,11

Ne 0,00 1,56 0,00 0,00 97,03 0,00 1,41

Sa 0,00 1,19 0,00 0,00 97,93 0,00 0,88

Su 0,00 0,00 0,00 0,00 100,00 0,00 0,00

After consulting a specialist in the psychology department, we also 
came to the conclusion that these expressions are misinterpreted by 
MK models and therefore classified by the software as another type of 
emotional state (Fig. 5).

Fig. 5. Example of a problematically instructed emotional state - Sadness.

For the model labeled UY (See Table III), the software has always 
evaluated (albeit to a minimal extent) each of the expressions as 
disgust (0.43-0.45%). Anger was classified as neutral state (87.31%), 
disgust as neutral state (80.16%), sadness as neutral state (87.76%) and 
surprise as neutral state (51.82%).

TABLE III. The Rate of Success of Classification (in Percentage) of the 
Emotional State of the UY Model

Recognized Emotion by the Software

An Di Fe Ha Ne Sa Su
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An 0,00 0,43 11,84 0,00 87,31 0,00 0,42

Di 0,00 0,44 18,97 0,00 80,16 0,00 0,43

Fe 0,00 0,43 49,73 0,00 49,28 0,00 0,56

Ha 0,00 0,43 33,60 64,33 0,11 0,98 0,55

Ne 0,00 0,43 35,76 0,00 63,27 0,00 0,54

Sa 0,00 0,43 11,44 0,00 87,76 0,00 0,37

Su 0,00 0,45 47,10 0,00 51,82 0,00 0,63

After consulting a psychology specialist, we also came to the 
conclusion that these expressions are misinterpreted by the model 
labelled as UY, and therefore classified by the software as another 
type of emotional state. As an example, we are showing the type of 
emotional state –anger, which was supposed to be expressed by the 
model (Fig. 6). However, according to the psychologist, this is a neutral 
expression, which is also confirmed by the recognition results.
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Fig. 6. An example of a problematically induced emotional state - Anger.

This incorrect classification of the emotional states in these 3 models 
caused the average rate of classification to fall to 30.01% (Table IV). In 
other cases, we did not detect any errors or deviations and the software 
correctly detected the emotional states.

TABLE IV.  
Average Rate of Emotional Status Classification (in Percentage)

Recognized Emotion by the Software

An Di Fe Ha Ne Sa Su

R
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 An 0,00 1,42 1,32 0,00 95,37 0,07 1,82

Di 0,00 27,42 1,90 0,00 66,59 0,50 3,59

Fe 0,00 19,43 33,23 0,00 37,68 2,52 7,14

Ha 0,03 2,12 11,54 59,03 23,37 1,47 2,44

Ne 0,00 1,53 17,33 0,00 76,97 0,02 4,14

Sa 1,79 3,04 6,09 0,00 82,49 2,58 4,00

Su 0,53 17,70 22,20 8,74 38,27 1,72 10,83

The average value was achieved by adding values of the diagonal 
of the table and we divided this value with the number of emotional 
expressions (number 7). The emotional state of Anger was not 
classified. It had a very low classification value of less than 0.1%. 
Low values were also classified for sadness (2.58%), surprise (10.83), 
disgust (27.42%) and fear (33.23%). The classifier was successful in 
only two cases: happiness (59.03%) and neutral expression (76.97%). 
This result is very interesting, because even after repeating 5 times the 
measurement (to remove any classifier error) we have always achieved 
the same results. There are two explanations for us:

E1: While this test method allows for real-time trouble-free face 
detection, it does not provide an adequate evaluation option for 
determining the degree of success of the emotional classification. Such 
a method of evaluation results in the loss of information essential for 
determining the degree of success of a classification, in particular due 
to the ambient light conditions.

E2: Every person has the emotions written in the face (typical 
example is UY model testing, where disgust reaches 0.43-0.45%) 
and those, whether to a greater or lesser extent, cause a possible 
classification error and also act as a measurement deviation.

As with Japanese models we are talking about instructed expressions, 
in order to get a clear answer, we have set the following hypothesis.

H1: Between the instructed expressions and emotional states (naturally 
evoked) there are differences in the degree of classification success.

We conducted an experiment to accept or reject the hypothesis.

V.	 Measures and Procedure of Experiment 2 – 
Determining the Degree of Success of Classifying the 

Emotional State with the Help Of Students

The experimental sample consisted of 10 students (to preserve 
consistency with the original Jaffe sample), both men and women 
aged 20-25. Students have given us written permission so that we can 
capture them in different situations, thus enabling us to classify the 
natural emotional state. As a result, during the summer semester of the 
academic year 2016/2017, students were doing their natural activities 
while we could capture them from different camera distances (maximum 
distance when the system is capable of recognizing face of student and 
realizing classification of the emotional state is 7.5 meters) without 
the students having a clue about it.  So they were being monitored 
for example during test writing, test answering (Fig. 7), announcement 
of exam results etc. In this way, we were able to classify all 6 (or 7 - 
neutral states) emotional states several times, thus achieving the total 
number of 210 classified emotional states (explanation: 3 recurrent 
classification of 7 states with 10 students = 210 classification).

Fig. 7. Selection of student responses and classified emotional states during the 
test response.

We have chosen this method to be able to confront unequivocally the 
results obtained with the Jaffe classification results. The entire course 
of the experiment was under the supervision of a psychologist who 
subsequently determined whether or not it was actually a classified 
emotional state. Table V shows the desired emotions that we received 
by observing student emotions and classification by the software.

TABLE V. Required Emotions and Emotions Recognized by Software

Recognized Emotion by the Software

An Di Fe Ha Ne Sa Su

R
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An 96,30 5,30 6,30 1,90 0,60 0,30 1,20

Di 0,00 89,63 6,70 5,20 10,40 0,00 2,80

Fe 2,90 5,00 98,78 2,90 5,70 8,60 11,40

Ha 0,00 0,00 6,10 99,60 0,00 11,10 10,10

Ne 7,10 0,00 1,10 1,10 99,36 5,10 3,10

Sa 0,00 2,00 1,10 1,40 10,00 81,25 0,80

Su 3,00 3,40 8,10 1,10 1,50 0,10 97,12

The overall average classification score was 94.58%. We determined 
it as follows: We added all the percentage values of the results for 
the individual expressions on the diagonal in table V and divided the 
number of emotional expressions (number 7).

VI.	Results and Discussion – Experiment 2

As we can see from Table V, we have achieved completely 
different results than in the first experiment, where we subjected the 
classification of the emotional state of the subjects’ photographs from 
the Jaffe database to the instructed expressions. Experiment number 
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2 has shown that the software has been able to classify the faces of 
students under different lighting conditions (a total of 3 recurring 
classification) and therefore, if real-time face detection conditions 
are appropriate, the software can seamlessly classify the subject’s 
emotions as well. At the same time, we can accept the H1 hypothesis, 
because there is a demonstrable difference in classification between the 
instructed expressions and emotional states that are naturally induced.

As it has already been highlighted in the previous sections of our 
contribution, to verify the percentage of success rate of the proposed 
automatic emotional classification system a dataset of instructed 
expressions is often used. The question, however, is how really these 
instructed expressions are similar to the emotions of human that 
are expressed in real life (to the best knowledge of the authors, this 
assumption has never been tested). For this reason, Abramson [1] as 
well as we in this study examined the faces of the students in real 
situations. Our aim was classification and evaluation of the emotional 
state of fear and anger in real situations, and following, to compare 
them with the instructed expressions from dataset. From the results we 
can see the significant deviations between the requested (instructed) 
expressions and the expressions that were captured in the real situation 
and subsequently classified. In the case of classification of emotional 
states in real situations, it has been not only detected the faces of the 
students but also their emotional states, being classified with a high 
percentage of success. These results suggest that there are significant 
differences in classification between the instructed and emotional 
states in real time situation. Therefore, we propose searching for other 
(more sophisticated) options to determine the percentage of success 
rate of systems for recognition and classification of the emotional 
state and not to rely only on the traditional methods of comparing the 
instructed expressions. Our findings also point to the fact that in real 
life the classification of the emotional state is strongly dependent on the 
information that the human individual processes from the surrounding 
environment. From the results, it is clear that the most striking 
qualitative difference between the instructed and real emotional states 
is in the case of emotional state - anger. An emotional state of anger 
can be detected in a real facial situation with a 96.30% of success rate, 
while in the case of instructed expressions it obtained a 0% of success 
rate in classification from database Jaffe. Similarly, it was the case also 
of other classified emotions. This novel finding suggests that instructed 
stimuli (anger, disgust, fear, sadness or surprise)can convey substantial 
ambiguity in classification process from database pictures. 

VII.	 Conclusion

At present, recognition problematic (detection and extraction) is one 
of the fundamental areas of scientific research in the intelligent systems. 
The use is really wide - from access security (laptops, controlled 
entry to the room), through character recognition for document 
scanning (OCR) to virtual reality (Second Life game). However, the 
implementation of a recognition system, for example, in the education 
process, opens up a new area of pedagogical-scientific research - the 
classification of the emotional state of the user. Classification thus 
became the last (third) phase of the recognition system. Classifying a 
specific emotional state of the user brings us new opportunities, a new 
perspective on the issue, a better understanding of what is happening to 
the user within a particular stage of the learning process.

In the publication, we pointed out the determination of classification 
success degree with our proposed solution. Normally, the method of 
determining the classification level as described in Experiment 1 is 
used as a standard, as is the detection of the subject’s face and the 
subsequent classification of the instructed face expression. However, 
due to the negative results from Experiment 1, we were looking for 
another method of determining the classification level to confirm or 

reject the hypothesis. The hypothesis has not been confirmed, so we 
can conclude, based on the results of Experiment 2, that there really 
are large differences in the degree of classification between instructed 
(artificially induced) emotional expressions and natural (uncontrolled) 
emotional states. This is a positive finding for us because we intend 
to permanently link the system to the LMS Moodle e-learning 
environment and determine the emotional status of the students. In this 
way, we could then understand how students feel during the test period, 
determine what they are experiencing and look for a common solution 
to their problems together with them.
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