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Abstract

In mammalians, brain Limbic System is responsible for emotional
process. An important part of motor learning as well as attention is
formed by the system. Brain Emotional Learning (BEL) process of
mammalians has been mathematically modeled. Based on the model,
a controller architecture called Brain Emotional Learning Based
Intelligent Controller (BELBIC) has been developed. Emotional
Learning is a powerful methodology in real time control and
decision systems due to low computational complexity and fast
training where the gradient based methods and evolutionary
algorithms are hard to be applied because of their high
computational complexity. In this paper, the emotional processes
and the Limbic System will be reviewed. In addition, the utilization
of BELBIC model in variety of applications of control system will be
examined. The results of simulations demonstrate control systems
based on BELBIC have good performances.
Keywords: Limbic System, Emotional Learning, BELBIC, Control System
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Introduction

The design of intelligent systems has received considerable attentions in recent
years. Control techniques based on Artificial Neural Networks [1], Fuzzy Control
[2] and Genetic Algorithms [3] are among them. Emotional Learning is a
psychologically motivated algorithm which is a family of intelligent algorithms
[4].
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Recently, biologically motivated intelligent computing has been successfully
employed for solving different types of problems [5, 6, 7, 8, 9]. The greatest
different of an intelligent system from a traditional one is the capability of
learning. A common attribute of the learning process is the adaptation of the
system parameters to better tackle the changing environment. An evaluation
mechanism is necessary that any learning algorithm assesses the operating
condition of the system. One type of evaluation is based on emotional cues, which
evaluate the impact of the external stimuli on the ability of the system both to
function effectively in the short term and to maintain its long term prospects for
survival [10]. Emotional learning is one of the learning strategies based on
emotional evaluations. In mammalian brains, this learning process occurs in the
brain Limbic System [11].
Moren and Balkenius [12, 13] presented a neurologically inspired
computational model of the Amygdala and the Orbitofrontal Cortex in the Limbic
System. Based on this model, a control algorithm called Brain Emotional
Learning Based Intelligent Controller (BELBIC) has been suggested [14]. There
are two approaches of applying the brain emotional learning model into control
systems, direct approach and indirect approach. The former uses BEL model as
the controller block, while the latter utilizes BEL model to tune the controller
parameters.
In [10], the model was adapted for applications in control systems and the
applicability of the model is verified by simulating it in controlling different
systems with increasing complexity. The results of designing a BEL and a PID
controller showed that the responses of the BEL controller were faster with lower
overshoot when compared with the PID responses. In addition, the robustness of
the BEL controller with respect to changes in the system parameters and the input
disturbances was much more robust to these variations rather than the PID
controllers.
In real time control and decision systems, Emotional Learning is a powerful
methodology due to its simplicity, low computational complexity and fast training
where the gradient based methods and evolutionary algorithms are hard to be
applied because of their high computational complexity [15, 16, 17, 18, 19, 20].
Lately, many engineering systems are proposed by BELBIC such as power
system [21], active queue management [22], washing machine [23], aerospace
launch vehicle [24], interior permanent magnet synchronous motor system [25],
micro-heat exchanger [26], flight simulation servo system [27], delayed systems
[28] and other uncertain nonlinear systems [29]. The BELBIC has been designed
for SISO1 applications and for MIMO2 systems, we must employ each controller
for generating one control output [10, 30, 31]. The relevant researches have
indicated that BELBIC has a good robustness and performance. Particularly, it is
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very powerful in disturbance handling and robust with respect to parameter
changes because of its appropriate learning ability [14].
In this paper, we introduced an intelligent controller, BELBIC, based on
mammalian limbic Emotional Learning algorithms. The performance of BELBIC
in several applications is demonstrated. Taking into account the short introduction
given in Section 1 above, this paper, furthermore, tries to have a look into the
following sections: In section 2, the architecture of the Limbic System is briefly
reviewed. The problem formulations will be explained in section 3. In section 4,
Brain Emotional Learning Based Intelligent Controller will be described. Control
system applications are illustrated in section 5 and finally in section 6, summary
and conclusion are presented.

2

Architecture of the Limbic System

The Limbic System, as part of the mammalian creatures' brain, is mainly in charge
of the emotional processes. The Limbic System located in the cerebral cortex
consists mainly of following components: Amygdala, Orbitofrontal Cortex,
Thalamus, Sensory Cortex, Hypothalamus, Hippocampus and some other less
important areas.
In this section, we try to describe briefly these main components and their tasks.
Fig. 1 illustrates the anatomy of the main components of Limbic System [32]. The
first sign of affective conditioning of the system appears in Amygdala which is a
small almond-shaped in sub-cortical area. This component is placed in a way to
communicate with all other Sensory Cortices and areas within the Limbic System.
The Amygdala connections to/from other components are illustrated in Fig. 2
[13]. The studies show that a stimulus and its emotional consequences are
associated in the Amygdala area [33, 34]. In this region, highly analyzed stimuli
in the Sensory Cortices, as well as coarsely categorized stimuli in the Thalamus
are associated with an emotional value.
In a reciprocal connection, the Orbitofrontal Cortex, as of another component
of the brain system, interacts with the Amygdala. The main interrelated function
of this component is: Working Memory, Preparatory Set and Inhibitory Control
[35]. The current and recent past events are represented in the Working Memory.
The Preparatory Set is the priming of other structures in anticipation of impending
action. Inhibitory Control is the selective suppression of areas that may be
inappropriate in the current situation. More specifically, the Orbitofrontal Cortex
takes action in omission of the expected reward or punishment and control the
extinction of the learning in the Amygdala [34].
Another component in this area is Thalamus which lies next to the basal
ganglia. It is a non-homogeneous sub-cortical structure and a way-station between
cortical structures and sub-cortical. Moreover, various parts of the Thalamus also
relay the majority of sensory information from the peripheral sensory systems to
the Sensory Cortices [36]. Particularly, the Thalamic Sensory Inputs going to the
Amygdala are believed to mediate inherently emotionally charged stimuli as well
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as coarsely resolved stimuli in general [37]. The Thalamus signal going to the
Amygdala evades the processes involved in the Sensory Cortex and other
components of the system. Therefore, Amygdala receives a non-optimal but fast
stimulus from the Thalamus which among the input stimuli is often known as a
characteristic signal [36].

Fig. 1: The major brain structures associated with the Limbic System [32]
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Fig. 2: Connections of the Amygdala with other components of the Limbic
System [13]
The next component is the Sensory Cortex close to the Thalamus which
receives its input from the latter one. In fact, Sensory Cortex processes the
information from the sensory areas. The Sensory Cortex sends highly analyzed
input to the Amygdala and Orbitofrontal [33, 34, 38]. Generally, the mammalians
use these areas of their Limbic System for higher perceptual processing.
Below the Thalamus, lies another component named Hypothalamus which is
apparently in charge of regulation of the endocrine system, the autonomous
nervous system and primary behavioral surviving states [39]. The lateral region of
Hypothalamus is connected to various regions of the Amygdala and vice versa.
The connections are believed to have a major role in motivational control of the
Structures within the Hypothalamus [40].
Furthermore, one of the most complex and twisting components of the Limbic
System is Hippocampus which is located in the same area as the Amygdala. Its
main role is the mapping of the environment based on environmental cue. The
Hippocampus has other functions such as spatial navigation, laying down of the
long-term memory and formation of the contextual representations [41].
In addition to the components mentioned here above, there are other
components which have specific role in the Limbic System. To that extent,
components such as Basal Ganglia, Globus Pallidus, Substantia Nigra,
Subthalamic Nucleus and Periamygdaloid Cortex could be mentioned. Since in
this paper, biological description of the Limbic System is not under focus, it has
been tried to avoid detailed and comprehensive explanation of each component.
We deal with the key characteristics components in the System.

3

Problem Formulations

Moren and Balkenius [12, 13] developed a computational model that mimics
Amygdala, Orbitofrontal Cortex, Thalamus, Sensory Input Cortex and generally
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those parts of the brain thought responsible for processing emotions. Fig. 3 shows
the computational model of emotional learning [12]. The model is divided into
two parts: the Amygdala and the Orbitofrontal cortex. The Amygdala part
receives inputs from the Thalamus and from cortical areas, while the Orbitofrontal
obtains inputs from the cortical areas and the Amygdala. The system also receives
a reinforcing signal (Primary Reward) which has been left unspecified, as it is still
uncertain from where it comes.

Fig. 3: Graphical depiction of the Brain Emotional Learning (BEL) process
[12]
The vector S shows stimuli inputs to the system. There is one A node for each
stimulus S. Ath is another input to the Amygdala part which is the maximum of
stimuli inputs(S):
Ath = max (Si)

(1)
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There is a plastic connection weight V for each A node. The output of each
node obtains by multiplying any input with the weight V.
Ai = Si Vi

(2)

The Vi is adjusted proportionally to the difference between the activation of the
A nodes and the reinforcement signal Rew. The α term is a constant used to adjust
the learning speed:
∆Vi= α (Si max (0, Rew - ∑j Aj))

(3)

The weights V cannot decrease. It is good reasons for this design choice
because once an emotional reaction is learned, this should be permanent and
cannot be unlearned. It is the task of the Orbitofrontal part to inhibit this reaction
when it is inappropriate. The Orbitofrontal learning rule is very similar to the
Amygdala rule but the Orbitofrontal connection weight can both increase and
decrease. The O nodes behave analogously, with a connection weight W
employed to the input signal to create an output.
Oi = Si W i

(4)

β is another learning rate constant. ∆Wi is calculated as:
∆Wi= β( Si (E' –Rew))

(5)

The E node simply sums the outputs from the A nodes and then subtracts the
inhibitory outputs from the O nodes. The result is the output from the model. The
A nodes give outputs proportionally to their contribution in predicting the reward
Rew, while the O nodes inhibit the output of E as necessary. The E' node is sums
of the outputs from A except Ath and then subtract from inhibitory outputs from
the O nodes.
E = ∑iAi -∑iOi(including Ath)

(6)

E' = ∑iAi -∑iOi (not including Ath)

(7)

4 Brain Emotional Learning Based Intelligent Controller
Based on the cognitively motivated open loop model, BELBIC- Brain Emotional
Learning Based Intelligent Controller- was introduced by Lucas et al [14]. The
intelligent controller has been utilized by several industrial applications and
control purposes [23, 42]. The model of Fig. 3 is illustrated as control blocks in
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Fig. 4 [14]. The BELBIC is essentially an action generation mechanism based on
sensory inputs and emotional cues (Reward signals). The BELBIC equations are
the mentioned formulas of (1) - (7).

Fig. 4: Basic block structure of emotional controller [14].
Fig. 5 demonstrates a reasonable candidate for embedding the BELBIC model
within a typical feedback control block diagram [14]. The implemented functions
in emotional cue and sensory input blocks should be defined for each application
[14].

Fig. 5: Control system configuration using BELBIC [14]

5

Control System Applications

The rationale for using emotional learning in control engineering has been
previously established [9, 43]. The main issue in using the model for different
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applications is defining the sensory and emotional signals in such a way that
properly represent the state and objectives of the system. Some of researchers
have developed intelligent systems based on BELBIC which in this section some
of the designed applications are briefly introduced and the results of simulation
are demonstrated in some applications.
Rouhani and co-workers [26] used BELBIC in a neuro-fuzzy model of microheat exchanger. First, a locally linear learning algorithm called Locally Linear
Mode Tree (LoLiMoT) was applied to build the neuro-fuzzy model. Then, the
BELBIC based on PID control was adopted for the micro-heat exchanger plant.
The performance of presented controller was compared with classic PID
controller. Fig. 6 and Fig. 7 show the closed-loop system response using BELBIC
and PID controller respectively. As shown the performance of the system using
BELBIC is much better than that of PID controller.

Fig. 6: Closed-loop system response using BELBIC with LoLiMoT identifier [26]

Fig. 7: Closed-loop system response using PID with LoLiMoT identifier [26]
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Lucas et al. [23] modified BELBIC and proposed an intelligent control of
washing machine using Locally Linear Neuro-Fuzzy (LLNF). They employed two
techniques: First, they applied a neuro-fuzzy locally linear model tree system for
data driven modeling of the machine. Then, they used the modified BELBIC
model. In this version, they reduced the large control signal which was the main
disadvantage of BELBIC. The model was simulated and the results were
compared with another intelligent controller based on fuzzy expert rules. The
results showed that the proposed controller consumes 21% less energy than the
fuzzy controller.
In [44], a method of dynamic power management based on BELBIC has been
introduced. The proposed learning algorithm predicted idle times around TBE.
Break Even Time (TBE) is an important parameter in dynamic power management
algorithms. TBE is the time whether the system is off or on. Table 1 demonstrates
the result of normalized power consumption of all algorithms. As seen BELBIC
has the lowest power consumption among the others.
Table 1: Normalized power consumption of all approaches [44]
Algorithm
Power Consumption
Timeout
1
Lshop
0.84
AT0
0.96
AT1
0.81
Competitive
0.86
Exponential
0.75
Probability
0.80
Anfis
0.74
BELBIC
0.71
Rahman and co-workers [45] implemented an Interior Permanent-Magnet
Synchronous Motor (IPMSM) drives based on BELBIC for the first time. To
validate this emotional controller and, hence, established the effectiveness of the
proposed BELBIC scheme, the performances of the IPMSM drive based on the
proposed control scheme were investigated both in simulation and experimental
investigations at different operating conditions. The speed control loop of the
drive system was also designed, simulated, and experimentally implemented with
an industry standard proportional–integral–derivative (PID) controller to compare
the performances of those obtained from the proposed emotional-controller-based
drive system. To make a fair judgment, the PID controller was tuned at rated
conditions to give the quick and smooth response (settling time and
undershoot/overshoot). Digital simulations had been carried out using
Matlab/Simulink. The proposed emotional controller had four gains which gave
good freedom for choosing desired responses in terms of overshoot, settling time,
steady-state error and smoothness. This made the emotional controller effective
and flexible in high-performance drive applications. Moreover, it was strongly felt
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that an algorithm for optimum tuning of the emotional controller could make it so
much more efficient.
In [46] a controller based on BELBIC for a PWR nuclear reactor during load
following operation has been designed. For inputs, a neuro fuzzy system with
power error and its derivative were applied. The controller could simulate an
expert operation in reality and learning rules were very simple and its
independence from the system model. In addition, the computational speed was
high. The simulation was performed on the presented reactor model using Matlab
software to evaluate the performance of the controller. The reactor power tracks
the demand power with no overshoot and oscillation and maximum control rod
was reduced considerably. Besides, this work showed that the emotional
controller can control the reactor in any state when the reactor core parameters
change.
Gholipour et al. [47] utilized the BELBIC to provide an intelligent predictor for
geomagnetic activity index: Kp which is mainly applied in warning and alert
systems for satellites. The proposed learning algorithm inherently emphasized to
learn the behavior of system during geomagnetic sub-storms, which are more
important for satellites and space missions. Fig. 8 shows the predicted and
observed values by BEL based predictor. According to Fig. 8 the prediction errors
of low Kp indices are not so high to be able to significantly increase the
probability of false detections in alert systems. In comparison with the results of
other methods, the prediction accuracy of high Kp values and the rate of correct
warning messages issued on the basis of these predictions are satisfactorily good.

Fig. 8: Prediction of Kp index by BEL algorithm; (A): Observed and Predicted
values, (B): prediction error [41]
Jafarzadeh et al. [30] proposed an intelligent autopilot for a 2-DOF helicopter
model based on BELBIC. The majority of previous systems were based on the
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linearization model or through several linearization techniques for helicopter that
made the proposed controls unreliable. The designed model used a BELBIC
controller and feedback linearization technique to a nonlinear model of a
helicopter. In this method, the states of the system have been separated into two
parts, and each part has been controlled by one of the control inputs. The
performance of the two mentioned controllers simulated the in Simulink. The
simulation results of controller system by BELBIC controller and feedback
linearization controller have been demonstrated in the Fig. 9, and in Fig. 10, the
control inputs of the system has been shown.

Fig. 9: Height (left) and Collective rotor blade angle (right) of helicopter (Solid:
set point, Dashed: feedback linearization, Dotted: BELBIC) [30]

Fig. 10: First (left) and second (right) control input of helicopter (Solid:
feedback linearization, Dotted: BELBIC) [30]
It can be seen from these simulations that the tracking performance of BELBIC
controller for the height is better than Feedback linearization controller, but in the
sense of steady state the performance of both controllers is satisfactory. However,
stability guarantee is an important drawback for this controller.
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In [31] an intelligent control based on BELBIC has been introduced for speed
and flux control of an induction motor. It was a novel and simple model of
induction motor drives control which controlled motor speed and flux accurately,
without needing to use any conventional controllers and independent of motor
parameters. In order to evaluate this emotional controller, digital computer
simulations have been performed using Matlab/Simulink. The results showed that
the emotional controller had some gains, which gave good freedom for choosing
desired responses in terms of overshot, settling time, steady state error and
smoothness. These made the controller effective and flexible in high performance
applications. Moreover, Simple structure, fast auto learning and high tracking
potency of BELBIC have been made to present a new control plant that is
independent of motor parameters and controls speed and flux simultaneously.
Jafarzadeh et al [48] designed a PID and BELBIC controllers for path tracking
of a vehicle used in automated highway systems. In path tracking problem the car
should follow a moving point. A modified BELBIC controller had been applied to
a sixth order model of the vehicle which should track any normal path. A model
with the coupling terms between steering angle and traction force was considered
in order to avoid unstable situations. The task also has been done using PID
controllers. The performance of the two mentioned controllers for vehicle in a
normal path has been demonstrated in Fig. 11.

Fig. 11: Highway and vehicle controlled by PID and BELBIC [48]
As shown in Fig. 11 the vehicle tracked the highway perfectly when is
controlled by BELBIC. The BELBIC controlled vehicle’s trajectory and highway
are not distinguishable in Fig. 11. It can be seen from these simulations that the
tracking performance of BELBIC controller is better than PID controller.
During landing, aircrafts have to face low-altitude wind shear that can be fatal.
Most commercial aircrafts currently have optimal automatic landing systems, but
they are activated only if well-specified wind speed limitations are met. The
reason is that these autolanding systems are not designed to work in the presence
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of strong with gusts. Lucas and co-workers [49] applied a modified version of
BELBIC to the autolanding system which multivariable and non-minimum phase nature
made the task difficult. As the essential elements used in previous utilization of BELBIC
[50] proved inadequate, they used another model, which included delay elements to
handle the non-minimum-phase behavior [14]. By comparing the results with the results
derived from using a high-gain controller, the proposed solution could achieve robust and
satisfactory performance.

6

Summary and Conclusion

In this paper, the main components of Limbic System which are involved in
emotional processes were described. They are mainly known as the AmygdalaOrbitofrontal Cortex system. A computational model of the limbic system based on
these concepts was discussed. The model is used in the design of an intelligent
controller called BELBIC-Brain Emotional Learning Based Intelligent Controller.
Moreover, the utilization of BELBIC in different applications of control was
demonstrated. The results showed that BELBIC has satisfactory control
performance.
Although, the idea of using BELBIC for engineering applications and control
systems having advantages such as low computational complexity and fast
training, it can be said that different aspects of this problem are still in their
infancy stages. For future works, there are several suggestions that can be done
for improvement of this study. To that extent, the current computational models of
the Limbic System are simplified forms. Furthermore, in reality, some other
components function in the real Limbic System which can affect on the emotional
learning, but they are not considered in the current models. Moreover, BELBIC
structure has been designed for SISO systems, but in applications where the
system is MIMO, several different controllers each to generate one control output
must be used. Therefore, in case MIMO system is employed a new controller
needs to be designed. In addition, for each application, we need to obtain suitable
design parameters. In other words, current design procedure of the BELBIC does
not have a systematic routine. Thus, it is very useful to design a self-tuning
algorithm to determine the gains of the controller and corresponding weights in
the emotional and sensory signals.
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