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Abstract Emotion recognition from facial images is an
important and active area of research. Facial features are
widely used in computer vision for emotion interpretation,
cognitive science, and social interaction. To obtain accu-
rate analysis of facial expressions (happy, angry, sad, sur-
prised, disgusted, fearful, and neutral), a complex method
based on human—computer interaction and data is required.
It is still difficult to develop an effective and computa-
tionally simple mechanism for feature selection and emo-
tion classification. In this paper, an emotion recognition
model using adaptive neuro-fuzzy inference system opti-
mized with particle swarm optimization is proposed. The
proposed model was compared with many classification
algorithms (ANNs, SVMs, and k-Nearest Neighbor (k-NN)
and their subcomponents). The confusion matrix was used
to evaluate the performance of these classifiers. The pro-
posed model was evaluated using the MUG database. The
model achieved a prediction accuracy of 99.6%.

Keywords Facial expression - Emotion recognition (ER) -
Adaptive neuro-fuzzy inference system (ANFIS) - Machine
learning (ML) - Particle swarm optimization (PSO)

1 Introduction
Facial expressions are one of the most effective nonverbal

means by which people communicate their feelings and
intentions. Automated facial expression analysis is a
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fascinating and challenging topic that has significant
implications for several industries, including human—
computer interaction and data-driven animation. In recent
years, automated facial expression recognition has attracted
considerable attention due to its wide range of applications
[1-4] Despite significant progress [5-18], recognizing
facial expressions with high accuracy remains challenging
due to the subtlety, complexity, and diversity of facial
expressions. Obtaining an accurate facial representation
from original facial images is a crucial step for successful
facial expression recognition. There are two basic methods
for extracting facial features: methods based on geometric
features and methods based on appearance [19]. The shape
and position of the retrieved facial components are repre-
sented by geometric features to produce a feature vector
that reflects the facial geometry [20, 21]. Mouth, nose, etc.
are structural geometric features. They are derived from the
measurements used to create the organ movement points.
Ekman and Friesen [22] used the Facial Action Coding
System (FACS) to create derived geometric features. This
is a recognition technique that relies on human observers to
detect minute changes in facial features. Face Action Units
(FAUs) are fully controlled face models that can be used to
assign specific facial movements. FAU has gained accep-
tance as the basis for recognizing seven different emotional
facial expressions (happy, angry, sad, surprised, disgusted,
fearful, and neutral) and has contributed to the develop-
ment of intelligent systems in this area [23, 24]. It is based
on the fact that vectors constructed from landmark coor-
dinates belong to different expressions. The machine
learning approach (ML) is used for emotion categorization
and prediction [25-27]. This strategy involves the devel-
oping algorithms that can extract patterns from known data
to create a model, which is then applied to unknown data to
predict the outcome [28].
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In this paper, facial emotions are studied objectively by
using the properties of FAUs to identify facial expressions
independent of the person. The most important properties
of FAUs are their adaptability to changing lighting condi-
tions and their computational simplicity. The approach
proposed in this study attempts to classify emotions based
on facial movements, known as Action Units (AUs),
described with the FACS [11]. FACS is the most popular
and well-known technique developed for human observers
to characterize facial activity based on visually visible
facial muscle movements (AUs) [29, 30]. To evaluate a
facial expression, we use four machine learning classifiers
including ANFIS [31-36], ANNs [28, 37], SVMs [38, 39],
and k-nearest neighbors (k-NN) [40].

The emotion recognition process consists of three steps:
face tracking and identification, facial feature extraction,
and facial feature classification [26]. Here, we focus on the
process of facial feature classification. The first two pro-
cesses are obviously very important to improve the accu-
racy of classification [41-43]. Conditions such as face
recognition and feature extraction, application conditions,
changing facial expressions over time, and environmental
factors such as light intensity have a significant impact on
accurate emotion recognition. For the first two processes
and their implementation, there are some databases that are
publicly available. One of them is the database MUG [44].
This dataset was used in this study. Developing robust and
automated facial emotion estimation with a high degree of
accuracy and minimal processing complexity is critical.
Based on this logic, we propose the ANFISPSO classifi-
cation model to improve classification performance, which
is the third component of accurate emotion recognition.
The proposed model was used with different classification
techniques such as ANN, SVM, and k-NN and their sub-
components. ANFIS is a soft computing technique that
combines fuzzy inference mechanisms with the capabilities
of ANN to enable fast and accurate learning and a high
degree of generalization [45]. Although conventional
ANFIS techniques perform well, they have the problem of
overfitting and parameter optimization. Therefore, it was
used with PSO to improve the prediction accuracy and
compensate for the limitations of the model
[31, 33, 46, 47].

Numerous methods have been developed to properly
train the parameters [48—51]. These approaches can update
the parameters deterministically or probabilistically.
Unlike deterministic techniques, which are inertial and do
not converge under certain circumstances, metaheuristic
algorithms are population based, so anyone capable of
performing a global search could be a candidate solution.
Since standard ANFIS training techniques use the gradient
descent method (GD), there are multiple local optima at
each step due to the calculation of the gradient by the chain
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rule. Numerous optimization solutions have been devel-
oped to solve these problems [52-54].

The main objective of this study is to categorize seven
facial emotions (happy, angry, sad, surprised, disgusted,
fearful, and neutral) using a model developed with the
ANFISPSO method. The ANFIS models were developed
using the Fuzzy C software (function FCM or genfis3).
ANFIS applications use “and,” “or,” and “not” as logical
operators. However, based on the generated fuzzy logic
rules, any operator can be used to accommodate the
structure of the input data. In this study, only the logical
operator “and” was used.

In addition, PSO was used to improve the performance
of the model. Several statistical criteria, including the
complexity matrix, F-score, percentage of correctness, and
ROC curve, were used to evaluate the performance of the
developed models. The general view of the proposed
architecture is shown in Fig. 1.

ANFIS is a very effective tool, but it is computationally
intensive. This tool provides a solution to the problem of
computational complexity by incorporating PSO in the
estimation of the relevant parameters. With PSO, ANFIS
can achieve a better result and converge faster. This study
introduces the hybrid structure of ANFIS with PSO, a well-
known metaheuristic optimization approach for describing
facial emotions. To our knowledge, previous studies have
not used the ANFISPSO framework for FER based on
AUs. The proposed model is considered a new framework
with a new hybrid approach used for FER using AUs.

These are the aims of this study:

e To experimentally analysis of the recognition proper-
ties of facial expressions in AUs and in-depth analysis
of the facial features extracted from the database and
application of different learning techniques for their
classification.

e To build a fuzzy neural network-based FER model
using AUs

e To explore the possibilities of improving the perfor-
mance of the conventional ANFIS model, a nature-
motivated metaheuristic optimization algorithm, the
PSO algorithm, is used to fine tune the ANFIS
parameters.

e To compare the performance of ANFISPSO with that of
ANN, KNN, and the SVM model to determine its
applicability in the FER estimation process.

e The proposed ANFISPSO classifier is intended to
achieve better classification performance compared to
the other classifiers.

The organization of this paper is covered in four dif-
ferent sections. Section 2 presents the materials and the
method. This section discusses the different modeling
techniques used, the selection of input data, and the process
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of model development. The experimental results are pre-
sented in Sect. 3. Finally, the conclusion is presented in
Sect. 4.

2 Material and Methods

In this section, an overview of the database used in this
study is provided, followed by a detailed description of the
classifiers proposed to classify the extracted features from
facial images to apply the emotion estimation system.
Then, the metrics used to evaluate the performance of the
classifiers, the confusion matrix technique, are evaluated.
Figure 2 shows the primary flowchart of the model, the
graphical representation of the algorithms working toge-
ther, and the interaction between the data processing
operations required to achieve the desired result. The fol-
lowing sections provide information about each phase.

2.1 Database

The database MUG was used for this research [44]. This
database contains 86 subjects (51 males and 35 females).
All subjects are between 20 and 35 years old. There are
only 52 subjects accessible to Internet researchers. The
images were taken with a camera and two 300 W light
sources. The subject is sitting on a chair in front of a blue
background. 19 frames per second were taken with a res-
olution of 896 x 896 pixels in JPEG format. Each subject
has seven facial expressions, and each emotion is stored in
many image sequences (often three to five), with 50-160
photos per sequence. Each subject contains an average of
over 1462 photos. This database contains 260 angry, 255

disgusted, 240 fear, 260 happy, 260 neutral, 2445 sad, and
260 surprised images. In total, there are 1780 images.

2.2 Adaptive Neuro-Fuzzy Inference System (Anfis)

ANFIS is a practical artificial intelligence method devel-
oped by Jang [34] that mimics human reasoning. The
philosophy of the structure is based on how neurons work
in the human brain. The studies of these neurons are
transferred to computers and converted into algorithmic
models. Using fuzzy “IF THEN” principles and specified
inputs and outputs, it converts the inputs and information
links from highly interconnected neural networks into the
desired output. Inputs and outputs are used to generate the
membership function of ANFIS, which is then combined
with the database through a rule-based combination.
ANFIS can manage nonlinear and complex problems in a
unique structure by using both ANN and fuzzy inference
methods. As shown in Fig. 3, ANFIS consists of nodes and
routed paths, and all input—output values can be adjusted
by varying the parameters described in the network design.
ANFIS systems can be used with various optimization
algorithms to reduce the final errors in the training phase.
The situation implemented in this study also served this
goal [55].

The ANFIS is divided into two phases, each with its own
learning algorithm: The first phase uses offline learning,
often known as Forward Least Squares, while the second
phase uses gradient descent. The FIS structure consists of
five layers of sensory neurons. The sensory neurons in each
layer are identical and their functions are shown below
[56-58].
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Layer I (fuzzyifying layer): The neurons in this layer are
adaptive membership functions containing antecedent
parameters. A membership function, i.e., a linguistic label
or fuzzy set, can be a generalized Bell, trapezoidal, trian-
gular, or Gaussian function. The trapezoidal membership
function is shown in the following figure.

0§4> = X§4>fi = WilpX + q;y + ri. 4)

Here x§4> is the input of layer 4, while the output is 0§4>.

P;,q;, r; are parameter set.
Layer 5 (combination layer): The output of this layer
contains a single neuron that combines all the outputs of

Ol
1 X—a
Oi(l) =T(x;a,b,c,d) = 1
d—x
0 a b d % d—c’

Defined by its lower bound (a) and its upper bound (d),
and the lower and upper bounds of its core, b and c

respectively. oV

;~ represents the output of this layer.
Layer 2 is the product layer. Each node in this layer is
denoted by m and represented by a circle. The nodes in this
layer accept input from their respective fuzzy neurons and
decide the firing intensity of the rule they represent
depending on the incoming signals. The output value is

calculated using Eq. (2).

2 ro@
o =T[5 (2)

2
Here x;i )

and the output O;” is for each neuron i in the product layer.

Layer 3 (normalization layer): Each neuron in this layer
is denoted by a circle and labeled N. It receives feedback
from all neurons. It receives feedback from all neurons in
the product layer and measures the weighted firepower of a
given rule. Equation (3) is used for the result of the neurons
in this layer.

is the layer input from layer 1(j) to layer 2(i),
@

i

o) x)

3 i —

0" = (3 Wb (3)
Zj:l Xji

where xj(? ) represents the input to neuron i in the normal-

ization layer from the product layer according to neuron j,
while O®) represents the output of layer 3.

Layer 4 (defuzzification layer): The neurons in this layer
are actually adaptive or modifiable neurons that contain
outcome parameters. The formula used for the defuzzifi-
cation layer is shown in Eq. (4).

the previous layer. The formula used for the defuzzification
layer is shown in Eq. (5).

6) N, 2wl
0; —Zwi-fi—W' (5)

The ANFIS learning process is two-stage and includes
hybrid gradient descent (GD) and least-squares error (LSE)
method, changing parameters both forward and backward.
The least-squares method is used to compute the result
parameters in the forward pass of the node outputs from
layer 1 to layer 4, which occurs between layers 1 and 4.
During the backward pass, the error signals are sent from
the output layer to the input layer, and the GD algorithm
changes the values of the previous parameter values.

2.3 Particle Swarm Optimization (PSO)

PSO is a metaheuristic stochastic population-based evolu-
tionary optimization algorithm developed by Eberhart and
Kennedy [59]. The algorithm was developed by mimicking
the movements of flocks of birds and fish to exploit the
group intelligence of a group of particles moving at a given
velocity in a search space. During each iteration, the
velocity and position of each particle are updated along
with the particle’s current solution, the particle’s individual
best solution, and the global best solution obtained by all
particles. Equations (6) and (7) were developed to perform
these calculations. The lower and upper bounds of each
particle size are represented by upper and lower in the
algorithm.

X =X Vi, )

@ Springer



International Journal of Fuzzy Systems

Diversification
Searches new solutions,
finds the regions with
potencially the best
solutions

Intensification

explores the previous solutions,
finds the best solution of given region

AL

f'

t+1 /* /‘l‘ * 7"1 (P b(i)

Inertia
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at the same velocity
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than the current one.

makes the particle return to
a previous position that is better

)‘+ * Tz * (G b(i) — X>

Social Influence
makes the particle
follow the best neighkors direction.

where V; is the velocity of the particle, w is the inertial
weight, ¢; is a cognitive constant, r; and r; are random
numbers, ¢, is a social constant, X; is the position of the
particle, P; is the personal best and G, is the global best,
respectively. When particles interact, their motion is influ-
enced by their social and cognitive behavior. The social
behavior is determined by the best solution of the swarm
(Gp), and the cognitive behavior indicates the best solution of
the particles so far (P,). As cognitive coefficients, these
factors are used to balance the exploration and exploitation
functions. The pseudocode is shown in Algorithm 1.

Algorithm 1 PSO
Input: & size (N), position of particle swarm (X),

inertia weight (W), and learning factors
{c1,c2}, number of iteration (Tmax), and the

solution dimension (d).

Output: & Optimal solution (gbest)

Begin
while t < Tmax
Particle swarm fitness evaluation
Fori=1:N
Find pbest
Find gbest
Forj=1:d
Adjust velocity by (6)
Adjust all positions by (7)
End for
Update W
End for
End
End
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2.4 Model Structure

The proposed models optimize existing ANFIS algorithms
using the PSO algorithm. The data file used was [44], a
dataset with a total of 1780 images, the details of which are
given in the database title. The inputs used for the system
consist of a set of facial features (AUs). The output of the
system consists of seven different emotion classes. The
general architectural framework of the proposed system is
shown in Fig. 4.

First, the training and testing data of the system are
determined. The training data were used to build a model
using FCM (genfis3) [60], and the mean and standard
deviation for Gaussian membership function were opti-
mized using PSO. The improved model was evaluated
against the test data, and the output of the model was used
to determine the emotion classes. The facial features (AUs)
extracted from the dataset were used as training and test
data for the classification algorithms presented. 70% of the
data were randomly selected for training and 30% for
testing. MATLAB program was used to simulate ANFIS
models. Numerous tests were performed to determine
whether the proposed ANFIS model provided an accept-
able outcome without overfitting. Overfitting is a common
phenomenon in ANFIS models [58, 61]. This is the result
of excessive ANFIS data training. Each ANFIS-trained
dataset can be constrained to a certain number of periods
before overfitting kicks in and the estimated output exceeds
precision. The optimum number of periods can only be
determined through experimentation. Overfitting can be
avoided by changing the number of training cycles in
ANFIS modeling. The number of periods for basic ANFIS
and iteration algorithms is 300. Table 1 shows the
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parameters of the algorithms used. Finally, clasification
performance was determined using test data.

In neuro-fuzzy networks, it is important to define the
appropriate network topology and to choose the parameters
of the membership functions. Moreover, the effectiveness
of these networks depends on the precision and efficiency
of the learning algorithms. Most learning techniques for
neural networks are gradient-based, especially post-prop-
agation error and least squares. Algorithms such as Hybrid
and Backpropagation Error are used for training neuro-
fuzzy networks. Although these algorithms are very
promising, the presence of significant errors in certain
cases can complicate the training process. Gradient-based
algorithms use local search strategies and are, therefore,
prone to trapping local optimal positions. Moreover,
algorithms such as the Levenberg—Marquardt algorithm
(LM) and hybrids have very high computational com-
plexity. Therefore, the use of gradient-based algorithms for
problem solving has been discussed for a long time. To
train the network, evolutionary algorithms such as PSO are

the most suitable. Evolutionary algorithms are very good at
performing exhaustive search and avoiding localized
locations.

3 Experiments

Different strategies allow to predict a related variable based
on one or more independent factors and to establish a
relationship between several variables. Linear regression,
neural networks, fuzzy inference systems, and a mixture of
fuzzy inference systems and neural networks are some
examples (called ANFIS). Based on the particle swarm
optimization (PSO) algorithm and adaptive neuro-fuzzy
inference system (ANFIS) for prediction, the performance
of the combined technique is investigated in this paper. The
method consists of using various machine learning algo-
rithms to investigate whether the face correctly classifies
the emotion class according to the emotion features.
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Table 1 Parameter setting for the selected ANFISPSO structure in
predicting facial emotion recognition

Algorithm  Parameters Values/types
ANFIS Error goal 0
Input membership function Gaussian
Output membership shape Linear
Max. Iteration 300
Minimum improvement le-5
FIS generation FCM
Step size Decrease Rate 0.9
Initial Step Size 0.01
Step Size Increase Rate 1.1
PSO w 1
wdamp (Inertia Weight Damping Ratio) 0.99
cl 1
c2 2
number of population 50
Max iterations 1000
Table 2 Confusion matrix
Predicted value Actual value
Positive Negative
Positive TP (true positive) FN (false negative)
Negative FP (false positive) TN (true negative)

3.1 Performance Evaluation

In this subtitle, we will discuss how to evaluate the pro-
posed model. The goal of the performance evaluation is to
assess the effectiveness of the algorithms used and to
validate the usability of the system. To validate a catego-
rization approach, output values must be compared to
observed values. The confusion matrix [62] is a perfor-
mance metric for the classification problem in machine
learning. The confusion matrix is shown in Table 2. There
are four different combinations of expected and actual
values in this table. Table 3 shows the formulas that can be
derived from the complexity matrix. The performance
evaluation was performed using these measures.

In the confusion matrix: TP (True Positive) represents
the number of correctly classified positive data, FP (False
Positive) represents the number of misclassified positive
data, TN (True Negative) represents the number of cor-
rectly classified negative data, and FN (False Negative)
represents the number of misclassified negative data (False
Positive). In addition, statistics on the sensitivity, speci-
ficity, accuracy, F-measure, and area under the curve
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Table 3 Performance metrics [63-65]

Abbreviations  Description Formula
_ ___TP4IN
ACC Accuracy ACC = st iren
_ PRE.RCL
FSC F-1 score FSC =2 * sppes
AUC Area under the AUC =1 .(RCL + SPC)
curve
‘o _TP_ 1P _ _
TPR True positive rate  TPR = 5 = 74w = 1 — FNR
PPV Positive predictive PPV = TPTfFP =1—-FDR
value
FM Fowlkes—Mallows  FM = \/PPV + TPR
index
; _FN _ _FN__
FNR False-negative rate FNR = T =ma+m=1—-TPR
e dis _ _FP_ _
FDR Fdlsetz discovery FDR = 77 = 1 — PPV
rate

(AUC) of the proposed techniques were used. The formulas
for the performance criteria used in this study can be found
in Table 3.

Key performance indicators consisting of ACC (accu-
racy), F-score, terminology, and derivatives of the confu-
sion matrix with TPR (true-positive rate), FM (Fowlkes—
Mallows index), PPV (positive predictive value), FNR
(false-negative rate), FDR (false discovery rate), and area
under the ROC curve (AUC). These are scoring metrics
that subtract the desired number from the classifier’s results
and report the result as a percentage of the classifier’s
number. In a classifier, the ROC curve can be used to
evaluate the tradeoff between the rates of true positives and
false positives. AUC is a graphical representation of the
false-positive rate (FPR) and the true-positive rate (TPR) at
different confidence levels.

3.2 Experimental Results

This research paper presents a hybrid classifier for emotion
classification and a performance comparison between this
hybrid classifier and machine learning-based classifiers.
The proposed approach consists of three main steps: facial
emotion dataset (MUG), feature normalization with Pro-
crustes analysis (GPA), proposed ANFISPSO, and 18 other
different classifiers. Emotion recognition accuracy, ACC,
F-score, ROC area (AUC), FM, TPR, FNR, PPV, and FDR
statistics were used to systematically evaluate the effec-
tiveness of the proposed technique. The results obtained are
presented in Table 4.

Table 4 shows the results of the different classifiers. The
tests were performed 10 times and the average values of all
measurements were taken into account. Figure 5 shows the
result data obtained visually.
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Table 4 The criteria and results for evaluating facial emotion recognition performance

ACC  F-score ROC area FM TPR FNR PPV FDR
(%) (AUC)
Neural network classifiers Narrow neural 99.3 96.4571 0.99 13.8893 96.4285  3.5714285 96.4857 3.51428
network
Medium neural 88.3 96.6928 0.99 13.9063 96.6714  3.3285714 96.7142  3.28571
network
Wide neural 89.5 97.0357 0.99 13.9309 97.0285 2.3285714 97.0428 2.95714
network
Bilayered Neural 93 96.7928 1.00 13.9135 96.7857  3.2142857 96.8 32
Network
Trilayered Neural 94.3 96.5642 0.99 13.8970 96.5428  3.4571428 96.5857  3.41428
Network
Nearest neighbor classifiers Fine KNN 64.5 87.2498 0.91 13.2098 87.1428 12.857142  87.3571 12.6428
Medium KNN 72.1 78.6177 0.97 12.5396 78.0857 21.914285 79.1571 20.8571
Coarse KNN 60.7 65.7313 0.95 11.4673 64.6428 35.357142  66.8571 33.1428
Cosine KNN 65.5 71.2424 0.96 11.9367 71.0714 28.928571  71.4142 28.6
Cubic KNN 68.6 78.4767 0.97 12.5282 78.1 21.9 78.8571 21.1428
Weighted KNN 72.1 84.8637 0.98 13.0279 84.6428 15.357142  85.0857 14.9142
Support vector machines Linear SVM 95.546  97.9999 1.00 14 97.9857  2.0142857 98.0142  1.98571
(SVM) classifiers Quadratic SVM 9551  98.4571 0.99 14.0326 98.4571  1.5428571 98.4571  1.54285
Cubic SVM 91.7 97.2928 0.99 13.9493 97.2714  2.7285714 97.3142  2.68571
Fine Gaussian 71.1 76.7724 0.96 12.4309 71.1 28.9 83.4285 16.5714
SVM
Medium 814 93.0855 0.99 13.6444 929571  7.0428571 93.2142  6.78571
Gaussian SVM
Coarse Gaussian  80.7 85.6044675 0.98 13.0848 85.1285 14.871428 86.0857 13.9142
SVM
ANFISPSO 99.6 99.5570 1.00 14.1107 99.4714  0.5285714 99.6428  0.35714

B ACC(%) mFscore mROCarea(AUC) FM ETPR ®mFNR ®EPPV HEFDR
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Fig. 5 The Performance of classifier with different emotions
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The proposed model performs well in terms of accurate
emotion recognition. The results where ANFISPSO out-
performed the other classifiers used are shown in bold in
Table 4.These results show the feasibility of the proposed
approach.

4 Conclusion and Future Work

In this paper, we propose a study on automatic analysis of
facial expressions from facial images. An ANFISPSO
classifier recognition model is used to develop reliable
decision support systems with fully automatic, fast, and
robust face recognition from facial images. Using the
proposed approach, GPA-based normalization and a vari-
ety of classifiers based on AU features, the performance of
the classifiers was compared. The ANFISPSO algorithm
combines the detection and exploitation capabilities of
particle swarm optimization (PSO) with the ANFIS algo-
rithm. The proposed ANFISPSO-based classifier achieved
a classification accuracy of 99.6%. In summary, this study
proposes a novel framework and highly accurate classifi-
cation algorithm based on AUs for emotion recognition.
The effectiveness of the proposed model was evaluated
using several criteria. Compared to previous methods, the
proposed model showed superior performance (99.6%).
This research has the disadvantage that face recognition is
performed on static images without considering the tem-
poral behavior of facial emotions. We can currently only
detect and track facial features in frontal images. We have
not considered changes in head position and occlusions,
which we will investigate in future research. We will also
investigate the effects of ambiguous facial poses on face
recognition results.

Funding No financial support was received for this work.
Declarations

Conflict of interest The authors declared no conflict of interest.

References

1. Ekman, P., Rosenberg, E.L.: What the face reveals: basic and
applied studies of spontaneous expression using the facial action
coding system (FACS). Oxford University Press, Oxford (2012).
https://doi.org/10.1093/acprof:0s0/9780195179644.001.0001

2. Pantic, M., Rothkrantz, L.U.M.: Automatic analysis of facial
expressions: the state of the art. IEEE Trans. Pattern Anal. Mach.
Intell. 22(12), 1424-1445 (2000). https://doi.org/10.1109/34.
895976

3. Abdurrahim, S.H., Samad, S.A., Huddin, A.B.: Review on the
effects of age, gender, and race demographics on automatic face

@ Springer

10.

11.

12.

13.

15.

16.

17.

18.

19.

20.

recognition. Vis. Comput. 34, 1617-1630 (2018). https://doi.org/
10.1007/s00371-017-1428-z

. Murugappan, M., Mutawa, A.: Facial geometric feature extrac-

tion based emotional expression classification using machine
learning algorithms. PLOS ONE (2021). https://doi.org/10.1371/
journal.pone.0247131

. Hu, T., de Silva, L.C., Sengupta, K.: A hybrid approach of NN

and HMM for facial emotion classification. Pattern Recognit.
Lett. 23(11), 1303-1310 (2002). https://doi.org/10.1016/s0167-
8655(02)00079-x

. Lien, J.J.J., Kanade, T., Cohn, J.F., Li, C.C.: Detection, tracking,

and classification of action units in facial expression. Robot.
Auton. Syst. 31(3), 131-146 (2000). https://doi.org/10.1016/
$0921-8890(99)00103-7

. Boughida, A., Kouahla, M.N., Lafifi, Y.: A novel approach for

facial expression recognition based on gabor filters and genetic
algorithm. Evol. Syst. 13(2), 331-345 (2022). https://doi.org/10.
1007/S12530-021-09393-2/TABLES/12

. Hussein, H.I., Dino, H.I., Mstafa, R.J., Hassan, M.M.: Person-

independent facial expression recognition based on the fusion of
HOG descriptor and cuttlefish algorithm. Multimed. Tools Appl.
81(8), 11563-11586 (2022). https://doi.org/10.1007/S11042-022-
12438-6/TABLES/S

. Ge, H., Zhu, Z., Dai, Y., Wang, B., Wu, X.: Facial expression

recognition based on deep learning. Comput. Methods Programs
Biomed. 215, 106621 (2022). https://doi.org/10.1016/J.CMPB.
2022.106621

Fang, H., et al.: Facial expression recognition in dynamic
sequences: an integrated approach. Pattern Recogn. 47(3),
1271-1281 (2014). https://doi.org/10.1016/J.PATCOG.2013.09.
023

Lien, J.J, Cohn, J.F, Kanade, T, Li, C.C.: “Automated facial
expression recognition based on FACS action units.” In: Pro-
ceedings—3rd IEEE International Conference on Automatic Face
and Gesture Recognition, FG 1998, pp. 309-395 (1998). https://
doi.org/10.1109/AFGR.1998.670980.

Tian, Y.L., Kanade, T., Conn, J.F.: Recognizing action units for
facial expression analysis. IEEE Trans. Pattern Anal. Mach.
Intell. 23(2), 97 (2001). https://doi.org/10.1109/34.908962

Tian, Y., Kanade, T., Colin, J.F.: “Recognizing action units for
facial expression analysis.” pp. 32-66, (2002). https://doi.org/10.
1142/9789812778543_0002.

. Donate, G., Bartlett, M.S., Hager, J.C., Ekman, P., Sejnowski,

T.J.: Classifying facial actions. IEEE Trans. Pattern Anal. Mach.
Intell. 21(10), 974-989 (1999). https://doi.org/10.1109/34.799905
Essa, L.A., Pentland, A.P.: Coding, analysis, interpretation, and
recognition of facial expressions. IEEE Trans. Pattern Anal.
Mach. Intell. 19(7), 757-763 (1997). https://doi.org/10.1109/34.
598232

Fasel, B., Luettin, J.: Automatic facial expression analysis: a
survey. Pattern Recogn. 36(1), 259-275 (2003). https://doi.org/
10.1016/S0031-3203(02)00052-3

Su, Y.S., Suen, H.Y., Hung, K.E.: Predicting behavioral compe-
tencies automatically from facial expressions in real-time video-
recorded interviews. J. Real-Time Image Proc. 18(4), 1011-1021
(2021). https://doi.org/10.1007/S11554-021-01071-5/TABLES/5
Revina, I.M., Emmanuel, W.R.S.: A survey on human face
expression recognition techniques. J. King Saud Univ.—Comput.
Inf. Sci. 33(6), 619-628 (2021). https://doi.org/10.1016/J.
JKSUCI.2018.09.002

Dornaika, F., Moujahid, A., Raducanu, B.: Facial expression
recognition using tracked facial actions: classifier performance
analysis. Eng. Appl. Artif. Intell. 26(1), 467-477 (2013). https://
doi.org/10.1016/j.engappai.2012.09.002

Loconsole, C., Miranda, C.R., Augusto, G., Frisoli, A., Orvalho,
V.: Real-time emotion recognition: novel method for geometrical


https://doi.org/10.1093/acprof:oso/9780195179644.001.0001
https://doi.org/10.1109/34.895976
https://doi.org/10.1109/34.895976
https://doi.org/10.1007/s00371-017-1428-z
https://doi.org/10.1007/s00371-017-1428-z
https://doi.org/10.1371/journal.pone.0247131
https://doi.org/10.1371/journal.pone.0247131
https://doi.org/10.1016/s0167-8655(02)00079-x
https://doi.org/10.1016/s0167-8655(02)00079-x
https://doi.org/10.1016/s0921-8890(99)00103-7
https://doi.org/10.1016/s0921-8890(99)00103-7
https://doi.org/10.1007/S12530-021-09393-2/TABLES/12
https://doi.org/10.1007/S12530-021-09393-2/TABLES/12
https://doi.org/10.1007/S11042-022-12438-6/TABLES/5
https://doi.org/10.1007/S11042-022-12438-6/TABLES/5
https://doi.org/10.1016/J.CMPB.2022.106621
https://doi.org/10.1016/J.CMPB.2022.106621
https://doi.org/10.1016/J.PATCOG.2013.09.023
https://doi.org/10.1016/J.PATCOG.2013.09.023
https://doi.org/10.1109/AFGR.1998.670980
https://doi.org/10.1109/AFGR.1998.670980
https://doi.org/10.1109/34.908962
https://doi.org/10.1142/9789812778543_0002
https://doi.org/10.1142/9789812778543_0002
https://doi.org/10.1109/34.799905
https://doi.org/10.1109/34.598232
https://doi.org/10.1109/34.598232
https://doi.org/10.1016/S0031-3203(02)00052-3
https://doi.org/10.1016/S0031-3203(02)00052-3
https://doi.org/10.1007/S11554-021-01071-5/TABLES/5
https://doi.org/10.1016/J.JKSUCI.2018.09.002
https://doi.org/10.1016/J.JKSUCI.2018.09.002
https://doi.org/10.1016/j.engappai.2012.09.002
https://doi.org/10.1016/j.engappai.2012.09.002

M.

Dirik: Optimized Anfis Model with Hybrid Metaheuristic Algorithms...

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

facial features extraction. VISAPP 2014 -Proc. 9th Int. Conf.
Comp. Vision Theory. Appl. 1, 378-385 (2014). https://doi.org/
10.5220/0004738903780385.

Ekman, P., Friesen, W.V.: Constants across cultures in the face
and emotion. J. Pers. Soc. Psychol. (1971). https://doi.org/10.
1037/h0030377

Jones, A.C., Gutierrez, R., Ludlow, A.K.: Emotion production of
facial expressions: a comparison of deaf and hearing children.
J. Commun. Disord. 92, 106113 (2021). https://doi.org/10.1016/j.
jeomdis.2021.106113

Clark, E.A., et al.: The facial action coding system for charac-
terization of human affective response to consumer product-based
stimuli: a systematic review. Front Psychol. 11, 1-21 (2020).
https://doi.org/10.3389/fpsyg.2020.00920

A. C. Network (2021) “Deep-emotion: facial expression recog-
nition using” pp. 1-16 (2021).

Rabhi, Y., Mrabet, M., Fnaiech, F.: A facial expression controlled
wheelchair for people with disabilities. Comput. Methods Pro-
grams Biomed. 165, 89-105 (2018). https://doi.org/10.1016/].
cmpb.2018.08.013

Dirik, M., Castillo, O., Kocamaz, A.F.: Emotion recognition
based on interval type-2 fuzzy logic from facial expression.
J. Soft Comput. Artif. Intell. 1(1), 1-17 (2020)

Laskar, B.Z., Ashutosh, Majumder, S.: Artificial neural networks
and gene expression programing based age estimation using
facial features. J. King Saud Univ.—Comput. Inf. Sci. 27(4),
458-467 (2015). https://doi.org/10.1016/j.jksuci.2014.06.017
Ekman, P.: Facial expression and emotion. Am. Psychol. 48(4),
384-392 (1993). https://doi.org/10.1037/0003-066X.48.4.384
Valstar, M., Pantic, M.: “Fully automatic facial action unit
detection and temporal analysis,” In: Proceedings of the IEEE
computer society conference on computer vision and pattern
recognition. (2006).https://doi.org/10.1109/CVPRW.2006.85.
Basser, H., et al.: Hybrid ANFIS-PSO approach for predicting
optimum parameters of a protective spur dike. Appl. Soft Com-
put. 30, 642-649 (2015). https://doi.org/10.1016/j.as0c¢.2015.02.
011

Zanganeh, M.: Improvement of the ANFIS-based wave predictor
models by the particle Swarm optimization. J. Ocean Eng. Sci.
5(1), 84-99 (2020). https://doi.org/10.1016/j.joes.2019.09.002
Shamshirband, S., Hadipoor, M., Baghban, A., Mosavi, A.,
Bukor, J., Varkonyi-Kdczy, A.R.: Developing an ANFIS-PSO
model to predict mercury emissions in combustion flue gases.
Mathematics (2019). https://doi.org/10.3390/math7100965

Jang, J.S.R.: ANFIS: adaptive-network-based fuzzy inference
system. IEEE Trans. Syst. Man Cybern. 23(3), 665-685 (1993).
https://doi.org/10.1109/21.256541

Rathnayake, N., Dang, T.L., Hoshino, Y.: A novel optimization
algorithm: cascaded adaptive neuro-fuzzy inference system. Int.
J. Fuzzy Syst. 23(7), 1955-1971 (2021). https://doi.org/10.1007/
S40815-021-01076-Z/FIGURES/20

AbuHassan, A., Alshayeb, M., Ghouti, L.: Detection of design
smells using adaptive neuro-fuzzy approaches. Int. J. Fuzzy Syst.
(2022). https://doi.org/10.1007/S40815-022-01248-5/FIGURES/8
Igbal, M., Raza, S.A.: Artificial neural network based emotion
classification and recognition from speech. Int. J. Adv. Comput.
Sci. Appl. 11(12), 434-444 (2020)

Cortes, C., Vapnik, V.: Support-vector networks. Mach. Learn.
20(3), 273-297 (1995). https://doi.org/10.1007/bf00994018
Valstar, M.F., Patras, 1., Pantic, M., (2005) “Facial action unit
detection using probabilistic actively learned support vector
machines on tracked facial point data.” In: IEEE Computer
Society Conference on Computer Vision and Pattern Recognition
Workshops. https://doi.org/10.1109/CVPR.2005.457.

Guo, X.: “A KNN classifier for face recognition.” In: 2021 IEEE
3rd International Conference on Communications, Information

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

System and Computer Engineering, CISCE 2021: 292-297
(2021). https://doi.org/10.1109/CISCE52179.2021.9445908.
Zebari, R., Abdulazeez, A., Zeebaree, D., Zebari, D., Saeed, J.: A
comprehensive review of dimensionality reduction techniques for
feature selection and feature extraction. J. Appl. Sci. Technol.
Trends 1(2), 56-70 (2020). https://doi.org/10.38094/jastt1224
Ghazouani, H.: A genetic programming-based feature selection
and fusion for facial expression recognition. Appl. Soft Comput.
103, 107173 (2021). https://doi.org/10.1016/j.as0c.2021.107173
Thanaraj, P., Alex, K., Joseph, N.: Emotion classification from
speech signal based on empirical mode decomposition and non-
linear features speech emotion recognition. Complex Intell. Syst.
(2021). https://doi.org/10.1007/s40747-021-00295-z

Aifanti, N., Papachristou, C., Delopoulos, A.: “The MUG Facial
Expression Database,” In Proceedings of the 11th International
Workshop on Image Analysis for Multimedia Interactive Services
WIAMIS 10, Desenzano del Garda, Italy. (2010). https://mug.ee.
auth.gr/fed/, Accessed 06 Jul 2019.

Yaseen, Z.M., et al.: Novel hybrid data-intelligence model for
forecasting monthly rainfall with uncertainty analysis. Water
11(3), 502 (2019). https://doi.org/10.3390/W 11030502

Ehteram, M., et al.: Performance improvement for infiltration rate
prediction using hybridized adaptive neuro-fuzzy inferences
system (ANFIS) with optimization algorithms. Ain Shams Eng. J.
12(2), 1665-1676 (2021). https://doi.org/10.1016/j.asej.2020.08.
019

Mahdevari, S., Bagher, M.: A hybrid PSO-ANFIS model for
predicting unstable zones in underground roadways. Tunn.
Undergr. Space Technol. Inc. Trenchless Technol. Res. (2021).
https://doi.org/10.1016/j.tust.2021.104167

Abualigah, L., Yousri, D., Abd Elaziz, M., Ewees, A.A., Al-
ganess, M.A.A., Gandomi, A.H.: Aquila optimizer: a novel meta-
heuristic optimization algorithm. Comput. Ind. Eng. (2021).
https://doi.org/10.1016/J.CIE.2021.107250

Abualigah, L., Elaziz, M.A., Sumari, P., Geem, Z.W., Gandomi,
A.H.: Reptile search algorithm (RSA): a nature-inspired meta-
heuristic optimizer. Expert Syst. Appl. 191, 116158 (2022).
https://doi.org/10.1016/J ESWA.2021.116158

Oyelade, O.N., Ezugwu, A.E.S., Mohamed, T.I.A., Abualigah, L.:
Ebola optimization search algorithm: a new nature-inspired

metaheuristic optimization algorithm. IEEE Access 10,
16150-16177 (2022). https://doi.org/10.1109/ACCESS.2022.
3147821

Agushaka, J.O., Ezugwu, A.E., Abualigah, L.: Dwarf mongoose
optimization algorithm. Comput. Methods Appl. Mech. Eng. 391,
114570 (2022). https://doi.org/10.1016/J.CMA.2022.114570
Caraveo, C., Valdez, F., Castillo, O.: A new meta-heuristics of
optimization with dynamic adaptation of parameters using type-2
fuzzy logic for trajectory control of a mobile robot. Algorithms
(2017). https://doi.org/10.3390/a10030085

Oliveira, M.V, Schirru, R.: Applying particle swarm optimiza-
tion algorithm for tuning a neuro-fuzzy inference system for
sensor monitoring. Prog. Nucl. Energy 51(1), 177-183 (2009).
https://doi.org/10.1016/j.pnucene.2008.03.007

Gaxiola, F., et al.: PSO with dynamic adaptation of parameters
for optimization in neural networks with interval type-2 fuzzy
numbers weights. Axioms 8(1), 14 (2019). https://doi.org/10.
3390/axioms8010014

Kardani, N., Bardhan, A., Kim, D., Samui, P., Zhou, A.: Mod-
elling the energy performance of residential buildings using
advanced computational frameworks based on RVM, GMDH,
ANFIS-BBO and ANFIS-IPSO. J. Build. Eng. 35, 102105 (2021).
https://doi.org/10.1016/j.jobe.2020.102105

Ehteram, M., et al.: Hybridization of artificial intelligence models
with nature inspired optimization algorithms for lake water level

@ Springer


https://doi.org/10.5220/0004738903780385
https://doi.org/10.5220/0004738903780385
https://doi.org/10.1037/h0030377
https://doi.org/10.1037/h0030377
https://doi.org/10.1016/j.jcomdis.2021.106113
https://doi.org/10.1016/j.jcomdis.2021.106113
https://doi.org/10.3389/fpsyg.2020.00920
https://doi.org/10.1016/j.cmpb.2018.08.013
https://doi.org/10.1016/j.cmpb.2018.08.013
https://doi.org/10.1016/j.jksuci.2014.06.017
https://doi.org/10.1037/0003-066X.48.4.384
https://doi.org/10.1109/CVPRW.2006.85
https://doi.org/10.1016/j.asoc.2015.02.011
https://doi.org/10.1016/j.asoc.2015.02.011
https://doi.org/10.1016/j.joes.2019.09.002
https://doi.org/10.3390/math7100965
https://doi.org/10.1109/21.256541
https://doi.org/10.1007/S40815-021-01076-Z/FIGURES/20
https://doi.org/10.1007/S40815-021-01076-Z/FIGURES/20
https://doi.org/10.1007/S40815-022-01248-5/FIGURES/8
https://doi.org/10.1007/bf00994018
https://doi.org/10.1109/CVPR.2005.457
https://doi.org/10.1109/CISCE52179.2021.9445908
https://doi.org/10.38094/jastt1224
https://doi.org/10.1016/j.asoc.2021.107173
https://doi.org/10.1007/s40747-021-00295-z
https://mug.ee.auth.gr/fed/
https://mug.ee.auth.gr/fed/
https://doi.org/10.3390/W11030502
https://doi.org/10.1016/j.asej.2020.08.019
https://doi.org/10.1016/j.asej.2020.08.019
https://doi.org/10.1016/j.tust.2021.104167
https://doi.org/10.1016/J.CIE.2021.107250
https://doi.org/10.1016/J.ESWA.2021.116158
https://doi.org/10.1109/ACCESS.2022.3147821
https://doi.org/10.1109/ACCESS.2022.3147821
https://doi.org/10.1016/J.CMA.2022.114570
https://doi.org/10.3390/a10030085
https://doi.org/10.1016/j.pnucene.2008.03.007
https://doi.org/10.3390/axioms8010014
https://doi.org/10.3390/axioms8010014
https://doi.org/10.1016/j.jobe.2020.102105

International Journal of Fuzzy Systems

56.

57.

58.

59.

60.

61.

62.

63.

prediction and uncertainty analysis. Alex. Eng. J. 60(2),
2193-2208 (2021). https://doi.org/10.1016/j.aej.2020.12.034
Cho, H.C., Choi, S.H., Han, S.J., Lee, S.H., Kim, H.Y., Kim,
K.S.: Effective compressive strengths of corner and edge concrete
columns based on an adaptive neuro-fuzzy inference system.
Appl.  Sci. (Switzerland) (2020). https://doi.org/10.3390/
app10103475

Armaghani, D.J., Asteris, P.G.: A comparative study of ANN and
ANFIS models for the prediction of cement-based mortar mate-
rials compressive strength. Neural Comput. Appl. (2021). https://
doi.org/10.1007/s00521-020-05244-4

Kennedy, J., Eberhart, R., (1995) “Particle swarm optimisation.”
In: Proc. of the IEEE Int. conference on neural networks 4:
1942-1948 (1995). https://doi.org/10.1007/978-3-030-61111-8_
2.

Mostafaei, M.: ANFIS models for prediction of biodiesel fuels
cetane number using desirability function. Fuel 216, 665-672
(2018). https://doi.org/10.1016/j.fuel.2017.12.025

Elzain, H.E., et al.. ANFIS-MOA models for the assessment of
groundwater contamination vulnerability in a nitrate contami-
nated area. J. Environ. Manag. (2021). https://doi.org/10.1016/].
jenvman.2021.112162

Deng, X., Liu, Q., Deng, Y., Mahadevan, S.: An improved
method to construct basic probability assignment based on the
confusion matrix for classification problem. Inf. Sci. 340-341,
250-261 (2016). https://doi.org/10.1016/j.ins.2016.01.033
Chicco, D., Jurman, G.: The advantages of the Matthews corre-
lation coefficient (MCC) over F1 score and accuracy in binary
classification evaluation. BMC Genomics 21(1), 61613 (2020).
https://doi.org/10.1186/s12864-019-6413-7

Powers, D.M.W.: Evaluation: from precision, recall and f-mea-
sure to roc, informedness, markedness & correlation. J. Mach.
Learn. Technol. 2(1), 37-63 (2011)

@ Springer

64. Fawcett, T.: An Introduction to ROC analysis. Pattern Recogn.
Lett. 27(8), 861-874 (2006). https://doi.org/10.1016/j.patrec.
2005.10.010

Springer Nature or its licensor holds exclusive rights to this article
under a publishing agreement with the author(s) or other rightsh-
older(s); author self-archiving of the accepted manuscript version of
this article is solely governed by the terms of such publishing
agreement and applicable law.

’ Mahmut Dirik received the
B.S. and M.S. in Electrical and
Computer Sciences from Firat
University, Turkey, in 2009,
2012, and the Ph.D. in Com-
puter Engineering from Inonu
University, Turkey, in 2020. In
2014, he joined the Computer
Engineering Department of
Inonu University as a teaching
and research assistant. From
2018 to 2019, she worked at the
University of Houston as a
researcher in the Department of
Electrical and Computer Engi-
neering. He is currently working as an professor in the Department of
Computer Engineering at Sirnak University. His research interests
currently focus on artificial intelligence, machine learning, robot
control, and image processing.


https://doi.org/10.1016/j.aej.2020.12.034
https://doi.org/10.3390/app10103475
https://doi.org/10.3390/app10103475
https://doi.org/10.1007/s00521-020-05244-4
https://doi.org/10.1007/s00521-020-05244-4
https://doi.org/10.1007/978-3-030-61111-8_2
https://doi.org/10.1007/978-3-030-61111-8_2
https://doi.org/10.1016/j.fuel.2017.12.025
https://doi.org/10.1016/j.jenvman.2021.112162
https://doi.org/10.1016/j.jenvman.2021.112162
https://doi.org/10.1016/j.ins.2016.01.033
https://doi.org/10.1186/s12864-019-6413-7
https://doi.org/10.1016/j.patrec.2005.10.010
https://doi.org/10.1016/j.patrec.2005.10.010

	Optimized Anfis Model with Hybrid Metaheuristic Algorithms for Facial Emotion Recognition
	Abstract
	Introduction
	Material and Methods
	Database
	Adaptive Neuro-Fuzzy Inference System (Anfis)
	Particle Swarm Optimization (PSO)
	Model Structure

	Experiments
	Performance Evaluation
	Experimental Results

	Conclusion and Future Work
	Funding
	References




