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Abstract— Emotion recognition Analysis has been an active 

field of research over the past several decades. This work 

aims to classify physically disabled people (deaf, dumb, and 

bedridden) and Autism children’s emotional expressions 

based on facial landmarks and electroencephalograph (EEG) 

signals using a convolutional neural network (CNN) and 

long short-term memory (LSTM) classifiers by developing 

an algorithm for real-time emotion recognition using virtual 

markers through an optical flow algorithm that works 

effectively in uneven lightning and subject head rotation (up 

to 25), different backgrounds, and various skin tones. Six 

facial emotions (happiness, sadness, anger, fear, disgust, and 

surprise) are collected using ten virtual markers. Fifty-five 

undergraduate students (35 male and 25 female) with a 

mean age of 22.9 years voluntarily participated in the 

experiment for facial emotion recognition. Nineteen 

undergraduate students volunteered to collect EEG signals. 

Initially, Haar-like features are used for facial and eye 

detection. Later, virtual markers are placed on defined 

locations on the subject’s face based on a facial action 

coding system using the mathematical model approach, and 

the markers are tracked using the Lucas-Kande optical flow 

algorithm. The distance between the center of the subject’s 

face and each marker position is used as a feature for facial 

expression classification. This distance feature is statistically 

validated using a one-way analysis of variance with a 

significance level of p < 0.01. Additionally, the fourteen 

signals collected from the EEG signal reader (EPOCP) 

channels are used as features for emotional classification 

using EEG signals. Finally, the features are cross-validated 

using fivefold cross-validation and given to the LSTM and 

CNN classifiers. We achieved a maximum recognition rate 

of 99.81% using CNN for emotion detection using facial 

landmarks. However, the maximum recognition rate 

achieved using the LSTM classifier is 87.25% for emotion 

detection using EEG signals. 
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I. INTRODUCTION 

Emotions often mediate and facilitate interactions among 

human beings. Thus, understanding emotion often brings 

context to seemingly bizarre and/or complex social 

communication. Emotion can be recognized through a 

variety of means such as voice intonation, body language, 

and more complex methods such electroencephalography 

(EEG) . However, the easier, more practical method is to 

examine facial expressions. There are seven types of human 

emotions shown to be universally recognizable across 

different cultures: anger, disgust, fear, happiness, sadness, 

surprise, contempt. Interestingly, even for complex 

expressions where a mixture of emotions could be used as 

descriptors, cross-cultural agreement is still observed. 

Therefore a utility that detects emotion from facial 

expressions would be widely applicable. Such an 

advancement could bring applications in medicine, 

marketing and entertainment 

II. METHODS AND MATERIALS:  

Fig. 1 shows the structure of the proposed system in this 

study. As illustrated in Fig. 1, we used two approaches to 

detect the subject’s emotion: emotion detection using facial 

landmarks and emotion detection using EEG signals. 2.1. 

Emotion detection using facial landmarks 2.1.1. Facial 

landmarks database Regarding emotion detection using 

facial landmarks, data collection occurred on the same day 

after informed consent was obtained from each subject 

volunteered in this study. Thus, two facial expression 

databases were developed: one with a total of 30 subjects 

(15 male, 15 female) for automated marker placement, and 

another with a total of 55 subjects (25 male, 30 female) for 

testing and validating the proposed system. All subjects 

were chosen from a mean age domain of 22.9 years. They 

were mixed males and females and healthy undergraduate 

university students with a history free from any cognitive, 

muscular, facial or emotional disorders. The subjects were 

requested to sit in front of a computer that had a built-in 

camera, and express six different emotional expressions 

(happiness, anger, fear, sadness, surprise, and disgust) in a 

video sequence for the purpose of data collection. They 

were requested to express particular emotion in a controlled 

environment (room temperature: 26’c, lighting intensity: 50 

lux; the distance between the 
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Fig. 1: System structure 

Facial expression for each emotion lasted 60 s and was 

performed once by each subject. Therefore, each subject 

required 6 min to express the emotions, as illustrated in Fig.  

2.  However, each subject took approximately 20 min as a 

total time, including instructions and base-line state. The 

total input virtual distances collected from each subject on 

all emotions is 2284 on average, saved in a format of CSV 

file, and the total  virtual distance collected from  all 

subjects on  all emotions is 125,620. 2.1.2. Face feature 

extraction in this study, an HD camera was used to capture 

the subjects’ faces and create a grayscale image. This 

simplified the facial image process in facial expression 

recognition. Then, by using a grayscale image, the subject’s 

eyes are detected, and ten virtual markers (action units) are 

placed on the subject’s face at defined locations using a 

mathematical model, as shown in Fig. 3. The Lucas-Kande 

optical flow algorithm is used to transfer each virtual marker 

position to track its position during the subjects’ emotional 

expression. The ten features are derived as the distance be-

tween each marker and the point as depicted in Fig. 4. In the 

current study, all the distance data were calculated using the 

Pythagorean the-orem [24]. Then, they are stored in CSV 

format during the data acqui-sition process for further 

processing. In Fig. 5, in the right mouth column, line m1 is 

the hypotenuse of a right triangle, wherein the line parallel 

to the x-axis is dx [the difference Fig. 1.System structure.  

Fig. 2.Data acquisition protocol for facial emotion detection.  

 

Fig. 2: Data acquisition protocol for facial emotion 

detection. 

Between coordinates of p_m1 (xp_m1) and the 

point (xc)], and the line parallel to the axis is dy [the 

difference between y-coordinates of p_m1 (yp_m1) and the 

point (yc)]. Thus, the formula for the computation of 

distance is given in Equation (1):  

 
Facial landmarks classification a convolutional 

neural network was used in our system to obtain improved 

facial emotion detection as it is applied to other computer 

fields such as face recognition [25] and object detection 

[26]. In addition, predictions are based on information given 

at a particular time [27]. Fig. 6 shows the network structure 

that is used for emotion detection using facial landmarks. 

This network takes an input image and attempts to predict 

the output emotion. It has eight stages, including 

convolutions, pooling and fully connected layers with 

rectified linear unit (RELU) operations, which preserve 

good quality while making convergence much faster [28]. 

The number of filters was 32, 64, and 128 with a filter size 

of 5 - 5 for the convolutional layers, and the number of 

output nodes in the fully connected layer was 6 with the 

“Adam” optimizer and a dropout rate of 0.3. 2.2. Emotion 

detection using EEG signals 2.2.1. EEG database Regarding 

emotion detection using EEG signals, data collection took 

place on the same day after written consent was obtained 

from each subject volunteered in this study. For the purpose 

of EEG data collection, a video was created from six main 

clips to obtain the best reaction of the brain in terms of 

electrical activities. In the beginning, video clips were 

created using emotional images from the International 

Affective Picture System [29] and mu 
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III. LITERATURE SURVEY  

A detailed study on the facial emotion recognition is 

discussed in [9] which exposes the properties of dataset, 

facial emotion recognition study classifier. Visual features 

of image is examined and some of the classifier techniques 

are discussed in [10] which is helpful in the further 

inspection of the methods of emotion recognition.This paper 

[11] examined the prediction of the future reactions from 

images based on the recognition of emotions, using different 

classes of classifiers. Some of the classification algorithms 

like K-Nearest Neighbour, Random Forest are applied in 

[11] to classify emotions. Neural network arises 

tremendously which attempts to solve problems in data 

science. Deep RNN like LSTM, Bi-directional LSTM 

modelled for audio visual features are used in [12]. Various 

range of CNN, modelled and trained for facial emotion 

recognition are evaluated in [13]. Facial emotion 

Recognition is drawing its own importance in the research 

field. Facial emotion recognition is inspected and analysed 

on all research areas [14]. Emotion is identified from facial 

images using filter banks and Deep CNN [15] which gives 

high accuracy rate with which we had an inference that deep 

learning can also be used for emotion detection. Facial 

emotion recognition can be also performed using image 

spectrograms with deep convolutional networks which is 

implemented in [16]. All the above methods mentioned used 

some of the conventional methods of feature selection from 

MFCC’s, wave parameters such as pitch are used in the 

paper [6]. This paper [17] studies different database used for 

facial emotion recognition, features selected from facial 

expression images, classifiers used to classify different 

classes of emotions. As the amount of data array is taken 

and the method of bottleneck is used, Long Short-term 

Memory (LSTM) is used for Facial emotion 

recognition[18]. Though speech emotion recognition is done 

and desired results are shown, research real time facial 

emotion is still ongoing. Real-time facial emotion 

recognition is done through RGB image classification using 

transfer learning methodologies in which knowledge gained 

from solving one problem and that is implemented for the 

another problem [19]. Emotion has been recognized from 

facial expressions using hidden markov models and deep 

belief networks with unweighted average recall (UAR) of 

about 56.36%(~) [20]. Different image types and emotions 

were examined for detecting expressions from the facial 

expressions using different classifiers such as KNN, HMM, 

GMM, SVM [21]. This paper [22] explains about learning 

significant features such as Support vector machine training, 

local invariant feature learning, salient discriminative 

feature analysis for facial emotion recognition. Various 

significant features are examined and trained to detect 

emotions using Convolution neural networks in which 

dataset is obtained from various emotional databases such as 

SAVEE, Emo-DB, DES, MES. This paper describes Facial 

emotion recognition using Deep neural Networks .Although 

Probabilistic method of identifying emotion is conventional, 

that is used to recognize emotion changes [24]. 

IV. PROPOSED METHODOLOGY:  

This section explains the proposed methodology, emotion 

database used for research, Inception model. 

A. Emotion Database  

The two datasets we have used in our work are the Kaggle’s 

Facial Expression Recognition Challenge and Karolinska 

Directed Emotional Faces (KDEF) datasets.. Since this data 

is rarely used, this work explores significantly on this 

dataset. Corpus Data consists of fifteen actors in sessions 

with markers on the face, head, and hands, which provide 

detailed information about their facial expression and hand 

movements. The actors shows selected emotions and also 

improvised scenarios designed to express specific types of 

emotions (happiness, anger, sadness, frustration and neutral 

state). Database consist of twelve hours of audio-visual data. 

We chose video clips of various sessions. Based on certain 

actors, these video clips of 10 seconds (approx.) are 

classified into one of the emotions classes. All the audio-

visual data are divided into five sessions video data in .mp4 

format. When capturing the data, actor’s emotions are 

analysed by various actors into seven range of emotions. All 

the data are explored along with the database. 

B. Transfer Learning  

Transfer learning is one of the machine learning methods 

which uses the knowledge obtained from solving one 

problem to solve another problem. It is true that Transfer 

learning solves problems within short duration of time. 

Transfer Learning is implemented whenever the 

computation cost has to be reduced and to achieve accuracy 

with less training. Transfer learning is a frequently applied 

technique which works by taking the learned weights of a 

model (e.g. ImageNet) and implement those by fixing other 

layers and holding the rest of the layers in the network. In 

this project, we implement transfer learning by taking the 

learned weights from the Kaggle dataset, a larger dataset, 

and holding a few layers on the KDEF dataset, the smaller 

dataset. This approach is chosen as both the KDEF and 

Kaggle has similar data, images having one of the seven 

emotions. 

C. Inception Net v3 Model Inception Net v3  

Model is used to train and build an emotion recognition 

model which can be used in any applications. Inception is 

evolved from GoogLeNet Architecture with some 
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enhancements and advancements. Inception model is used 

for automatic image classification and image labelling. 

Inception-v3 is used for image classification in Google 

Image Search.  

V. EXPERIMENTAL RESULTS AND DISCUSSION: 

For emotion detection using facial landmarks, data were 

collected from 55 subjects for testing; their ages were 

between 20 and 25. They are undergraduate students (25 

males, 30 females). Then, the accuracy was found at 100 

epochs for the collected data in both cases of normalized 

and not normalized data, as illustrated in Table (1). The 

collected facial landmark data were normalized using 

Equation (2) to make all data values[0,1].  

 

 

 
Fig. 10 Accuracy VS. #Epochs (EEG). 
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1003728data wirelessly and collect the ten virtual landmarks 

placed on the subject’s face. The results show that the 

system can recognize emotion in 99.81% of facial 

landmarks and 87.25% of EEG signals. The cases that were 

used to collect the data were performed at Kuwait 

University. It was difficult to collect data from many 

subjects due to the student’s schedules and timings. Thus, 

only a few subjects were available for collecting the data. 

For future work, the system’s precision and accuracy can be 

improved by collecting more data from more subjects. 

Additionally, techniques can be used to extract more 

features from EEG signals [14]. In addition to improving the 

system techniques, putting the subjects in real situations to 

express the exact feelings can help to improve the system’s 

accuracy for the EEG.  

VI. RESULT & ANALYSIS: 

An accuracy rate of about 35.6% is achieved from the image 

data model for predicting the emotions from the expressions. 

The classification of the expressions from the image was 

challenging. It is evident from the below figure that 0.8 is 

the best accuracy rate achieved during validation of data and 

it can be more if it is classified and evaluated before 

conversion. 

VII. CONCLUSION AND FUTURE WORK  

An algorithm for real-time emotion recognition using virtual 

markers through an optical flow algorithm has been 

developed to create a real- time emotion recognition system 

with less computational complexity (execution time, 

memory) using facial expressions and EEG signals. This 

algorithm works effectively in uneven lightning and subject 

head rota-tion (up to 25%), different backgrounds, and 

various skin tones. The system aims  to  help  physically 

disabled people (deaf, dumb, and bedridden), in addition to 

its benefit for Autism children to recognize the feelings of 

others. Moreover, it can drive business outcomes and judge 

the emotional responses of the audience. Rather than helping 

to maxi-mize learning, it has a good benefit in personalized 

e-learning. The system can recognize six emotions in real 

time for facial landmarks and in offline settings for EEG 

raw data. Users of the system need to wear an 

EPOCþheadset and are faced in front of a camera to record 

the EEG raw Fig. 9.Accuracy vs. #Epochs (Facial 

Landmarks. 
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