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Time Series Prediction Using Emotional Neural
Networks
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Abstract— Time series forecasting is important in many fields
including energy management, power market, and engineering.
Therefore, it is vital to introduce new algorithms that can predict
time series with high accuracy. Emotional networks have recently
been introduced based on emotional processes occurring in the
mammalian brain. They have shown desirable numerical
properties such as fast response, simple structure, learning
capability, and the ability to accurately approximate and address
time and complexity issues. However, their use in time-series
prediction is at the primary stages. Therefore, we are inspired to
use emotional models in the time-series prediction problems.
Specifically, we propose to use a continuous radial basis emotional
neural network (CRBENN) for time-series prediction. The normal
rules of the emotional brain are used to update the network
weights and the gradient descent algorithm is used to update the
radial basis parameters. The proposed method is compared with
two neuro and fuzzy methods in three benchmark problems. The
results show the lower prediction error of the proposed method.

Index Terms— Time-series prediction, emotional neural networks,
radial basis function, gradient descent algorithm.

I. INTRODUCTION

ime-series prediction is the process of establishing models

based on historical data and mining the dynamic
characteristics of nonlinear systems to predict future values
[1].[2]. It plays a crucial role in various fields such as economy,
energy load forecasting, and disease outbreak prediction.
Hence, introducing powerful algorithms with acceptable
accuracy in the presence of uncertainties provides valuable
insights for understanding and predicting real-world dynamic
phenomena. Emotional neural networks (ENNS) are a new kind
of neural network (NN) based on the emotional process in the
mammalian brain [3]. They have shown desirable numerical
properties such as fast response, simple structure, learning
ability, and robustness to uncertainties [4]. However, there are
only limited works on their employment in time-series
prediction. Here, we aim to evaluate the performance of
emotional models as time-series predictors and evaluate their
applications in forecasting some standard benchmarks.

Fuzzy systems and neural networks have illustrated
promising capabilities such as approximation property and
learning ability. They are employed in various decision-making
and control applications such as robot control [5]-[6], COVID-
19 spread control [7], and forecasting traffic congestion on the
roads [8]. Additionally, because of the excellent learning ability
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and uncertainty-handling property of neural networks and fuzzy
systems, they are employed in various time series prediction
methods. For instance, in [9], a two-stage prediction model is
introduced for multivariate time series prediction based on
evolutionary fuzzy cognitive maps (FCMs) enhanced by
genetic algorithms. In [10], the fuzzy wavelet neural network
system is developed for time series prediction. In [2], a new
time-series prediction method improves the traditional long-
short-term memory (LTSM) recurrent neural network, which
reduces the number of network parameters. In [11], a new
embedding convolutional block attention module is introduced
based on a temporal convolutional network. This network is
used for the prediction of chaotic time series and shows more
stable training and better parallelization compared with the
LSTM network and hybrid Convolutional Neural Network-
LSTM (CNN-LTSM). There are also other fuzzy/neuro-based
time-series forecasting methods such as fast adaptive gradient
RBF (GRBF) network [12], repetitive fuzzy systems [13],
second-order Takagi Sugeno Kang (TSK) fuzzy systems using
Adaptive Neuro-Fuzzy Inference System (ANFIS) [14], echo
state networks (ESNs) [15]-[17], and fuzzy neural networks
(FNN) [18].

According to LeDoux's argumentation, emotional stimuli
such as fear can bring about quick reactions, usually when there
is no chance for the rational mind to process the danger
[19][20]. In the emotional nervous system of mammals, there
are two types of excitatory and inhibitory mechanisms. The
amygdala is responsible for stimulus learning and consists of
several sensory nodes and a learning input. The orbitofrontal
cortex (OFC) is responsible for the inhibitory task that controls
the output. Inspired by this emotional nervous system, the
Brain-Emotional Learning (BEL) model is proposed by Moren
and Balkenius [21] as a class of computational intelligence
models that mimic the structural and functional aspects of the
emotional brain. This model consists of four main parts: the
amygdala, the thalamus, the sensory cortex, and OFC. The
additional connection from the thalamus to the amygdala was
later omitted in [22] due to harsh simulation results and would
interfere with normal learning.

The ENNSs address the time and complexity issues associated
with computational intelligence models such as neuro/fuzzy
methods [23]. Hence, until now, emotional models have been
widely used in many areas of control and decision-making,
showing simplicity, a low computational burden, fast response
to changes, and higher accuracy. For instance, they are
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employed for a predictive alert system [24], aerospace launch
vehicles during atmospheric flight [25], controlling nonlinear
systems [26], electrically heated micro-heat exchangers [27],
and pattern recognition problems [28].

Different kinds of emotional neural networks are also
suggested. For instance, in [29] a prototype-incorporated
emotional neural network is introduced, which includes both
the prototype- and adaptive-learning theories into a unified
framework. In [30], a hybrid genetic algorithm-emotional
artificial neural network (GA-EANN) is designed and applied
in water quality index modeling. The method resulted in a
higher performance compared with two competing approaches.
In [31], a limbic-based artificial emotional neural network
(LiIAENN) is presented and demonstrates a higher accuracy
than other applied emotional networks in pattern recognition
problems, facial detection, and emotion recognition. Finally,
the study in [32], presents a control system based on an
evolutionary emotional neural network for active power filters
to improve power quality.

Recently, few studies have used emotional models for time-
series forecasting. In [33], the authors designed a winner-take-
all emotional neural network (WTAENN) approach with
universal approximation property. They use it for a wide variety
of problems, including function approximation, face
recognition, and time series problems. In [34], the authors
present an emotionally inspired architecture for chaotic time
series prediction that consists of one recurrent and two feed-
forward adaptive neuro-fuzzy networks. This model is
investigated to predict space storms. In [35], a network is
introduced that uses the radial basis emotional neural network
(RBENN) in [36] based on adaptive inertia weight
comprehensive learning and particle swarm optimization
algorithm. The model is then investigated in time series
prediction and a real wastewater treatment system. In [37], the
Neo-Fuzzy integrated Adaptive Decayed Brain Emotional
Learning (NF-ADBEL) network is presented. This network is
capable of predicting online time series with shorter update
intervals and offers features such as fast learning, accuracy,
simplicity, and less computational complexity.

Few of the works have investigated mathematical properties
of the emotional models such as the universal approximation
property and the continuity and differentiability of the network.
For example, the approximation property is proved for
WTAENN [25] based on a multi-layered perceptron. Also, the
radial basis emotional neural network (RBENN) [28] follows
the approximation property based on WTAENN. However,
both WTAENN and RBENN have discrete outputs. In [4], the
Continuous Radial Basis Emotional Neural Network
(CRBENN) is designed, which approximates the characteristics
of the Radial Basis Function Neural Networks (RBFNN). It also
provides the continuity and differentiation of the output related
to the network weights inherited from the RBFNNs.

Therefore, we aim to evaluate the emotional models’
capabilities in prediction problems and propose to use the
previously established CRBENN for time-series prediction.
The weights of the amygdala and OFC are updated using the
ordinary laws of emotional networks. The amygdala update

rules also include a forgetting factor. The parameters of the
RBFs (centers and the standard deviation) are updated using the
gradient-descent algorithm. The work is among the few studies
that use emotional models for time-series forecasting. In
particular, CRBENN has not yet been incorporated for time-
series forecasting problems. The proposed method is evaluated
on three time-series forecasting problems, and the results show
lower prediction error compared to the two neuro and fuzzy
approaches.

The rest of the paper is organized as follows: Section Il
introduces the preliminaries on CRBENN. Time-series
prediction method using CRBENN is presented in Section I11.
Simulation results are provided in Section 1V. Finally,
conclusions are drawn in Section V.

Il. THE STRUCTURE OF CRBENN

In this section, CRBENN is briefly described. The overall
structure of CRBENN is shown in Fig. 1. As can be seen,
CRBENN has four main subsystems: the thalamus, the
amygdala, the sensory cortex, and OFC. The input first enters
the thalamus, where the main functions are constructed, as
follows:

@j = exp (— [%D, j=1..k 1)
J

Where x € R™ is the input vector, o; and u; € R™ are the
corresponding smoothing factor and mean of the j** neuron,
respectively, and k € N denotes the total number of nodes.

The sensory cortex then receives vector input from the
thalamus and distributes it into the amygdala and OFC. The
outputs of the amygdala and OFC are calculated through the
sensory cortex path as (2) and (3), respectively:

E,= ) vip; = ET@ 2
Jj=1
K
E, = Z wip; =w'p, (3)
=1

where v; (j = 1,..., k) is the weight of the j*" node in the
amygdalaand w; (j = 1, ..., k) is the weight of the 7" node in
OFC. The weight vectors are denoted as v = [V1, V2, ..., Vk]T €
R¥ and w = [W1, Wy, ..., w]T € R¥ and Q=
[©1, 2, -, Px]T € R¥ is the vector of radial basis functions. As
can be seen, in CRBENN the amygdala does not have the extra
thalamic connection of RBENN in [28] and both the amygdala
and OFC have the same number of nodes.

The output of CRBENN is calculated as follows:

E=E, —E,. 4)

This subtraction implements the inhibitory task of OFC in
preventing the inappropriate responses of the amygdala. Using
(2) and (3), the output of CRBENN, is calculated as follows:
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Remark 1 [4]: CRBENN has the universal approximation
property, which states that for a given ¢ € R and a sufficiently
large number k, any smooth nonlinear function f(x): R" - R
on the compact set Q € R™, there exists the ideal CRBENN
weights v* € RF and w* € R¥ such that:

f=v"p-wp+e (6)

The universal approximation property of CRBENN is easily
established using the similar property of RBF networks. This
proof is not limited to a specific kernel function and includes
any symmetric radial basis kernel that can be considered as a
Thalamus node [4].

Remark 2: The CRBENN has some properties that
distinguish it from the ordinary RBF networks. First, CRBENN
has two paths from the input to the output. One is through the
sensory cortex to the OFC and the other is through the
amygdala. The amygdala indeed reacts to the input signal, while
OFC, functioning as an inhibitor, eliminates the unsuitable
portion of the response. The OFC exclusively processes
mapped data and adjusts its weights in a manner akin to
RBFNN. The situation differs for the Amygdala. There exists a
limitation on the adaptation rules governing the weights of the
amygdala, requiring them to remain non-decreasing. These
differences lead CRBENN to have a higher level of accuracy
compared to RBFNN as is stated for similar emotional networks
in [31][23]. CRBENN also omits the extra connection from the
thalamus to the amygdala because of the harsh results reported
in [22] resulting in a continuous and differentiable output of
CRBENN concerning the weights.
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Fig. 1. The structure of CRBENN [4].

I1l. TIME-SERIES PREDICTION USING CRBENN

a. Preliminaries

A time series is a sequence of data points collected over
successive time intervals. It represents the evolution of a
variable or phenomenon over time.

Let x(i) (i = 1,2,3,...) be the time series generated by the
appropriate equation. Givenx(i—n+1), x(i—n+
2),...,x(i), where n is a positive integer, the task is to
determine a mapping from [x(i—n+1),x({—n+

2),..,x(0)] € R™ to [x(i +1)] € R. Therefore, the input
vector to the emotional network can be represented as:

x=[x(-n+1),x@G—-n+2),..,x0]". @)

b. Adaptive rules for CRBENN parameters

Here, the updated rules are made for CRBENN parameters.
The first update rules of the emotional brain are used for the
network weights (i.e., amygdala and OFC), and the gradient-
descent algorithm is used for the RBFs parameter in the
thalamus.

The updated rules of the amygdala also include a forgetting
factor based on [30]. Hence, the learning rules for the amygdala
and OFC weights are considered respectively as follows:

v (i+1) =1 —-y)v(Q) + a max(x(i) — Eq(0),0) ¢, ()
j=12..k

w; (i +1) = w; (D) + BE(D) — x(D)) ¢,
j=12..k

where a and S are the learning rates and y is a small positive
constant indicating the forgetting factor that happens in the
amygdala [38]. The terms E (i) and x (i) represent the output of
CRBENN and the desire value of time-series in the previous
step, respectively. Note that in (7) the max operator causes the
monotonic learning of the basic update rules of the emotional
brain.

The gradient-descent algorithm also updates the mean and
the standard deviation of the RBFs in (1). First, the error is
defined as follows:

(9)

1
e(i) =5 (E(D) — x(D)* (10)

Using the chain rules in partial derivative, the update rules
are attained as follows:

i+ 1) = 1) = L(EQ) - x®) () -
(1)

w (D) ¢ %’(Sf“)) =12k
0j(i + 1) = ;D) — 2, (E() — x(®) (v () -
(12)

. 2(x(@)-p@)* .
W](l))(p](o_gi(!;)): ] = 1,2 ...,k,

where 4; and A, are the learning rates of the mean and
smoothing factor, respectively.

IV. SIMULATION RESULTS

In this section, we evaluate the performance of the proposed
method on three time-series forecasting problems: sinusoidal,
Mackey-Glass, and Lorenz time series. The proposed method
is compared with RBFNN-based and fuzzy-based methods.
Similar to the proposed method, RBFNN and fuzzy parameters
are updated using the gradient-descent algorithm. We use the
Mean Squared Error (MSE) index as the measurement criterion,
which is calculated as follows:
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N
1 . N2
MSE = NZ(T@) _E@)?, 13
i=1
where N shows the number of samples. Also, T and E
indicate the target value and predicted value of the network,
respectively. For a fair comparison, all experiments are
programmed in MATLAB R2013a by using a PC with Intel(R)
Core(TM) i3-2330M CPU @ 2.20GHz and 10 GB RAM.
A. Example 1: a sinusoidal time-series example
In this example, the predictive capability of the proposed
system is investigated by identifying the nonlinear dynamics
system as follows:

y(i+1)=03y@{) + 0.6y —1)+ glu(@)], (14)
where the unknown function g[u(i)] is defined as:
g) = 0.6 sin(mu) + 0.3 sin(3wu) + 0.1 sin(57w), (15)
and u is defined as:

i
u(i) = smrf(l). (16)

For this example, we take 1000 data samples, 70% of which
are used for the training and the remaining 30% for the testing.
Also, y(i) and y(i — 1) are used to predict the value y(i + 2).
The parameters of CRBENN are setat k = 10, = 0.001,y =
0.001, a« =0.025, 4; =0.06, and A, = 0.001. The initial
values are w(0) = 0, v(0) = 0, and g; (0) = 1. Also, u; (0) is
evenly spaced in [0,1] for all the nodes. All the corresponding
parameters of the fuzzy-based and RBFNN-based methods are
set the same as CRBENN for a fair comparison. The number of
fuzzy sets in each dimension is set to 3 so there are 32=9 fuzzy
rules.

The outputs of CRBENN and the competing methods for
step 200 to step 1000 are shown in Fig. 2. It can be seen that
CRBENN has better accuracy than the fuzzy and RBFNN-
based methods. As shown by the absolute testing errors in Fig.
3, CRBENN has the lowest error. In addition, the MSE is
presented in Table I, which shows the lowest training and
testing errors of the proposed method.

T
Proposed =====" Desired [

[

fuzzy RBF

Prediction

% : : c : : : :
200 300 400 500 600 700 800 900 1000
time (s)

Fig. 2. (a) A sinusoidal time-series prediction

TABLE I
the Results of Mse for the Proposed Method and the Competing
Approaches. Bold Numbers Show Better Performance.

Method Fuzzy RBF-based (géoggs’\?ﬁl)
Case train test train test train | test
Exalmp'e 0351 | 0.1013 | 03029 | 0.1787 |0.2771 |0.0686
Exa;“p'e 00213 | 0002 | 0.009 | 0.0046 | 0.0076 |8.96e-4
Exasmp'e 269 | 1244 | 1650 | 1874 | 1462 | 0.945

— fuzzy
= RBF
15k = Proposed
=== = Desired

Prediction

- 740 745 750 755 760 765 770
time (s)

Fig. 2. (b) The zoom view of Fig. 2 (a)
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Fig. 3. The absolute error of the testing of the nonlinear dynamics system

B. Example 2: Mackey-glass time-series

One of the standard benchmark models to evaluate the
performance of prediction algorithms is the Mackey-glass time
series. The series can be defined as follows:

dx(t)  ax(t— 1)
dt  b+x1°t— 1)

—cx(t), (7)
Wherea=0.2, t=20,b=1,and c=0.1. Whent > 17,
the equation shows the chaotic behavior. In this experiment,
T = 20 and the total number of data points generated is 1000.
We used 70% of the data for the training and the remaining data
for testing to validate the identified model. Here, y (i) and y (i —
1) are used to predict the value of y(i + 2). The parameters of
CRBENN are determined by trial and error to achieve the best
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output for prediction. They are set at k = 10, 8 = 0.0015,
y =0.1, a = 0.015, 4; = 0.02, and A, = 0.025. The initial
conditions are w(0) =0, v(0) =0, and 0;(0) =1. The
centers u; (0) are evenly spaced in [0,1] for all the nodes. The
fuzzy and RBFNN-based methods are constructed the same
way with the same similar parameters. The fuzzy sets in each
dimension are 3, hence there are 32=9 fuzzy rules.

To demonstrate the prediction performance of CRBENN, the
outputs of fuzzy test data, RBFNN, and the proposed method
are compared and shown in Fig. 4. The absolute prediction error
is also shown in Fig. 5. As can be seen, the proposed method
has higher accuracy than the fuzzy-based and RBFNN-based
methods. Moreover, the resulting MSE in Table | shows a
higher test accuracy for the proposed methods.

fuzzy
RBE
Proposed
""" Desired

12

Mackey-Glass Prediction
n

o
®

o
@

0.4

0.2 c r r c c
700 750 800 850 900 950 1000
time (s)

Fig. 4. Prediction of Mackey-Glass time-series

absolute error

0
700 750 800

time (s)

Fig. 5. The absolute error of the testing of the Mackey-Glass time-series

C. Example 3: Lorenz time-series
The Lorenz time series is generated by solving the
following equations:

*_ I I
& = a(-x() + $0)

W ha) — x(Dz) — 5 (D). (18)

dt
k d_’f = —cz(D)+ 2Dy

The parameters are set to the standard values a = 10, b =
28, and ¢ = 8/3. Solutions to this system of three differential
equations exhibit a sensitive dependence on initial conditions,
which is the characteristic of chaotic dynamics. The initial
values are setto x(1) = 3, ¢(1) = 2,and z(1) = 1.

The parameters of CRBENN are determined by trial and

error to optimize the predicted output. Hence, the parameters
are set at k = 10, § = 0.001, y = 0.0075, a« = 0.025, 1, =
0.1, and A, = 0.005. The initial values are w(0) = 0, v(0) =
0, and g; (0) = 1. The centers u; (0) are evenly spaced in [0,1]
for all the nodes. The number of data samples for this prediction
is 1000. Here, y(i) and y(i — 1) are used to predict the value
y(i + 2). The data is split into two parts: 700 points are used
for training and the remaining 300 for assessing the
generalization capability of the network. For a fair comparison,
all the parameters of all methods are chosen the same. There are
3 fuzzy sets in each dimension with 32=9 fuzzy rules.

The test data results in Fig. 6 show that CRBENN is more
accurate than other methods. As shown in Fig. 7, the absolute
test error of CRBENN is lower than that of competing
approaches. Due to the many errors in the initial steps of the
training, for a better comparison, the training errors for
computing MSE in Table | are calculated from step 200 to step
700. In addition, based on the data in Table I, CRBENN shows
the lowest errors in training and testing compared to the other
methods. This suggests that CRBENN may provide more
accurate and reliable forecasts when applied to time series
prediction problems.
= P ==]

——— CRBEN
----- Desired

20 L 1 1 1 !
700 750 800 850 900 950 1000
Number of Sample

Fig. 6. Prediction of the Lorenz time series.

fuzzy

7 RBF H
Proposed

Absolute Error

time (s)

Fig. 7. The absolute error of the testing of Lorenz time-series

V. CONCLUSION

With the emergence of the information age and a large
volume of data, the use of new methods to predict and analyze
data is more important than before. Time-series forecasting
plays a fundamental role in various real-world engineering
applications. The promising features of emotional models, such
as fast response, simple structure, and the ability to accurately
approximate and address time and complexity issues inspired
us to utilize the emotional neural networks in time-series



12

Volume 2, Number 4, February 2023

prediction problems. Hence, we use CRBENN for time-series
prediction. Network weights are updated using the basic
emotion laws. The RBF parameters in the thalamus are updated
using the gradient descent algorithm. Then, the proposed
method is evaluated on the prediction of three time-series
problems and shows lesser training and testing errors compared
to the two fuzzy and neuro approaches. However, the number
of nodes in the network is fixed and must be determined through
trial and error, which can affect the network's performance.
Therefore, we hope that appropriate methods such as self-
organizing structures to select the appropriate number of nodes
for the network will be investigated in future works.

VI. REFERENCES

[1] M. Ragulskis and K. Lukoseviciute, ‘Non-uniform attractor embedding
for time series forecasting by fuzzy inference systems’, Neurocomputing,
vol. 72, no. 10-12, pp. 2618-2626, 2009, doi:
10.1016/j.neucom.2008.10.010.

[2] J.Hu, X. Wang, Y. Zhang, D. Zhang, M. Zhang, and J. Xue, ‘Time Series
Prediction Method Based on Variant LSTM Recurrent Neural Network’,
Neural Process. Lett, vol. 52, no. 2, pp. 1485-1500, 2020, doi:
10.1007/s11063-020-10319-3.

[3] C.Balkeniusand J. MorEn, ‘Emotional Learning: A Computational model
of the amygdala’, Cybern. Syst., vol. 32, no. 6, pp. 611-636, Sep. 2001,
doi: 10.1080/01969720118947.

[4] F. Baghbani, M.-R. Akbarzadeh-T, M.-B. Naghibi-Sistani, and A.
Akbarzadeh, ‘Emotional neural networks with universal approximation
property for stable direct adaptive nonlinear control systems’, Eng. Appl.
Artif. Intell., vol. 89, no. June 2020, p. 103447, Mar. 2020, doi:
10.1016/j.engappai.2020.103447.

[5] S. M. Tahamipour-Z., M. R. Akbarzadeh-T., and F. Baghbani, ‘Interval
type-2 generalized fuzzy hyperbolic modeling and control of nonlinear
systems[Formula presented]’, Appl. Soft Comput., vol. 123, 2022, doi:
10.1016/j.as0c.2022.108859.

[6] C.J.Lin, S.Y.Jeng, H. Y. Lin, and C. Y. Yu, ‘Design and verification of
an interval type-2 fuzzy neural network based on improved particle swarm
optimization’, Applied Sciences (Switzerland), vol. 10, no. 9. 2020, doi:
10.3390/app10093041.

[7] H. Rafiei, A. Salehi, F. Baghbani, P. Parsa, and M. R. Akbarzadeh-T. ,
‘Interval type-2 Fuzzy control and stochastic modeling of COVID-19
spread based on vaccination and social distancing rates’, Comput.
Methods Programs Biomed., vol. 232, 2023, doi:
10.1016/j.cmpb.2023.107443.

[8] M. Gollapalli et al., ‘A Neuro-Fuzzy Approach to Road Traffic
Congestion Prediction’, Comput. Mater. Contin., vol. 73, no. 1, pp. 295~
310, 2022, doi: 10.32604/cmc.2022.027925.

[9] E. I Papageorgiou and K. Poczeta, ‘A two-stage model for time series
prediction based on fuzzy cognitive maps and neural networks’,
Neurocomputing, ~ vol. 232, pp. 113-121, 2017, doi:
10.1016/j.neucom.2016.10.072.

[10] R. H. Abiyev, ‘Fuzzy wavelet neural network based on fuzzy clustering
and gradient techniques for time series prediction’, Neural Comput. Appl.,
vol. 20, no. 2, pp. 249-259, 2011, doi: 10.1007/s00521-010-0414-4.

[11] W. Cheng et al., ‘High-efficiency chaotic time series prediction based on
time convolution neural network’, Chaos, Solitons and Fractals, vol. 152,
p. 111304, 2021, doi: 10.1016/j.chaos.2021.111304.

[12] T.Liu, S. Chen, S. Liang, S. Gan, and C. J. Harris, ‘Fast Adaptive Gradient
RBF Networks For Online Learning of Nonstationary Time Series’, IEEE
Trans. Signal Process.,, vol. 68, pp. 2015-2030, 2020, doi:
10.1109/TSP.2020.2981197.

[13] H. Gholizade-Narm and M. R. Shafiee Chafi, ‘Using repetitive fuzzy
method for chaotic time series prediction’, J. Intell. Fuzzy Syst., vol. 28,
no. 4, pp. 1937-1946, 2015, doi: 10.3233/1FS-141481.

[14] G. Heydari, M. Vali, and A. A. Gharaveisi, ‘Chaotic time series prediction
via artificial neural square fuzzy inference system’, Expert Syst. Appl., vol.
55, pp. 461-468, Aug. 2016, doi: 10.1016/j.eswa.2016.02.031.

[15] D. Li, M. Han, and J. Wang, ‘Chaotic time series prediction based on a
novel robust echo state network’, IEEE Trans. Neural Networks Learn.
Syst, vol. 23, no. 5 pp. 787-797, 2012, doi:
10.1109/TNNLS.2012.2188414.

[16] Z. Shi and M. Han, ‘Support vector echo-state machine for chaotic time-
series prediction’, IEEE Trans. Neural Networks, vol. 18, no. 2, pp. 359—
372, 2007, doi: 10.1109/TNN.2006.885113.

[17] X. Yao and Z. Wang, ‘Fractional Order Echo State Network for Time
Series Prediction’, Neural Process. Lett., vol. 52, no. 1, pp. 603-614,
2020, doi: 10.1007/s11063-020-10267-y.

[18] H. Zhou, Y. Zhang, W. Duan, and H. Zhao, ‘Nonlinear systems modeling
based on self-organizing fuzzy neural network with hierarchical pruning
scheme’, Appl. Soft Comput. J., vol. 95, p. 106516, 2020, doi:
10.1016/j.as0c.2020.106516.

[19] J. E. LeDoux, V. B. Mountcastle, and F. Plum, ‘Handbook of Physiology:
Section I. The nervous system’, 1987.

[20] R. Webb, ‘The Emotional’, in Agency, 2015, pp. 103-109.

[21] J. Morén and C. Balkenius, ‘A computational model of emotional learning
in the amygdala’, From Anim. to Animat., vol. 6, pp. 115-124, 2000.

[22] J. Moren, ‘Emotion and Learning- A computational model of the
Amygdala’, Lund University, Lund, Sweden., 2002.

[23] M. Parsapoor, ‘An introduction to brain emotional learning inspired
models (BELiMs) with an example of BELiMs’ applications’, Artif. Intell.
Rev., vol. 52, no. 1, pp. 409439, 2019, doi: 10.1007/510462-018-9638-y.

[24] T.Babaie, R. Karimizandi, and C. Lucas, ‘Learning based brain emotional
intelligence as a new aspect for development of an alarm system’, Soft
Comput., vol. 12, no. 9, pp. 857-873, 2008, doi: 10.1007/s00500-007-
0258-8.

[25] A. R. Mehrabian, C. Lucas, and J. Roshanian, ‘Aerospace launch vehicle
control : an intelligent adaptive approach’, Aerosp. Sci. Technol., vol. 10,
pp. 149-155, 2006.

[26] C. Lucas, D. Shahmirzadi, and N. Sheikholeslami, ‘Introducing belbic:
Brain emotional learning based intelligent controller’, Intell. Autom. Soft
Comput, vol. 10, no. 1, pp. 11-21, 2004, doi:
10.1080/10798587.2004.10642862.

[27] H. Rouhani, M. Jalili, B. N. Araabi, W. Eppler, and C. Lucas, ‘Brain
emotional learning based intelligent controller applied to neurofuzzy
model of micro-heat exchanger’, Expert Systems with Applications, vol.
32, no. 3. pp. 911-918, 2007, doi: 10.1016/j.eswa.2006.01.047.

[28] E. Lotfi, O. Khazaei, and F. Khazaei, ‘Competitive Brain Emotional
Learning’, Neural Process. Lett., vol. 47, no. 2, pp. 745-764, Aug. 2018,
doi: 10.1007/s11063-017-9680-9.

[29] O. K. Oyedotun and A. Khashman, ‘Prototype-incorporated emotional
neural network’, IEEE Trans. Neural Networks Learn. Syst., vol. 29, no.
8, pp. 3560-3572, 2018, doi: 10.1109/TNNLS.2017.2730179.

[30] S. I. Abba et al., ‘Integrating feature extraction approaches with hybrid
emotional neural networks for water quality index modeling’, Appl. Soft
Comput., vol. 114, 2022, doi: 10.1016/j.asoc.2021.108036.

[31] E. Lotfi and M. R. Akbarzadeh-T., ‘Practical emotional neural networks’,
Neural Networks, wvol. 59, pp. 61-72, Nov. 2014, doi:
10.1016/j.neunet.2014.06.012.

[32] Y. Chu, S. Fu, S. Hou, and J. Fei, ‘Intelligent Terminal Sliding Mode
Control of Active Power Filters by Self-Evolving Emotional Neural
Network’, IEEE Trans. Ind. Informatics, vol. 19, no. 4, pp. 6138-6149,
2023, doi: 10.1109/T11.2022.3168654.

[33] E. Lotfi and M. R. Akbarzadeh-T., ‘A winner-take-all approach to
emotional neural networks with universal approximation property’,
Information Sciences, vol. 346-347. pp. 369-388, 2016, doi:
10.1016/}.ins.2016.01.055.

[34] M. Parsapoor and U. Bilstrup, ‘Chaotic time series prediction using Brain
Emotional Learning-based Recurrent Fuzzy System (BELRFS)’, Int. J.
Reason. Intell. Syst, wvol. 5, no. 2, pp. 113-126, 2013, doi:
10.1504/1JR1S.2013.057273.

[35] H. Zhang, C. Yang, and J. Qiao, ‘Emotional Neural Network Based on
Improved CLPSO Algorithm For Time Series Prediction’, Neural
Process. Lett., 2021, doi: 10.1007/s11063-021-10672-x.

[36] F. Baghbani, M. R. Akbarzadeh-T, and M. B. N. Sistani, ‘Stable robust
adaptive radial basis emotional neurocontrol for a class of uncertain
nonlinear systems’, Neurocomputing, vol. 309, pp. 11-26, 2018, doi:
10.1016/j.neucom.2018.03.051.

[37] H. S. A. Milad and J. Gu, ‘Expanded Neo-Fuzzy Adaptive Decayed Brain
Emotional Learning Network for Online Time Series Predication’, IEEE
Access, vol. 9, pp. 65758-65770, 2021, doi:
10.1109/ACCESS.2021.3076668.

[38] E. Lotfiand M. R. Akbarzadeh-T, ‘Brain emotional learning-based pattern
recognizer’, Cybern. Syst., vol. 44, no. 5, pp. 402421, Jul. 2013, doi:
10.1080/01969722.2013.789652.



