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This paper proposes leveraging an intelligent control strategy for controlling the power of industrial induction heating systems
with series resonant inverters. Brain emotional learning based intelligent controller (BELBIC) is the proposed intelligent
controller. It is based on the model of amygdala-orbitofrontal system of mammalians, which isa region in brain responsible for
emotional learning process. The paper also compares the performance of BELBIC with that of the conventional PID controller
for induction heating systems to illustrate the performance of this control strategy. System modeling and controller simulation

have been accomplished through MATLAB/ SIMULINK.

1. INTRODUCTION

Induction heating has been emerging as one of the preferred
heating technologies in domestic, industrial, and medical
applications these days [1]. It uses power semiconductor
devices with high-frequency switching [2, 3]. The advancement
in domestic and industrial induction heating technologies
demands efficient control algorithms and strategies that are
capable of providing robust performance against induction
load variations. Over the last few years, induction heating
has been focusing on development of control strategies by
applying high switching frequencies with series resonant
inverters, parallel quasi resonant inverters to eliminate the
switching loss of semiconductor devices through soft
switching, viz., zero current switching (ZCS) or zero-
voltage-switching (ZVS) [4, 5].

The output power of the inverters is controlled through
various control schemes. The proportional-integral-derivative
(PID) controller is used in induction heating systems
widely. PID controllers are tuned mostly based on small
amount of information about the dynamic behavior of the
systems and sometimes do not provide good tuning which
results in poor control. Thus, to control the power of the
induction heating systems more effectively, an intelligent
controller has been analyzed.

Researchers in cognitive science and artificial intelligence
have developed models to simulate the processes that are
involved in human intelligence leading to bio-inspired
algorithm development to replicate human intelligence [6].
Moren and Balkenius introduced brain emotional learning
(BEL), the computational model of emotional learning in
mammalian limbic system. Lucas et al. introduced a novel
intelligent controller called brain emotional learning based
intelligent controller (BELBIC) that comprises the BEL
model [7]. BELBIC is being utilized in various control
problems like speech emotion recognition [8], emotional
control of inverted pendulum, intelligent controller applied
to permanent magnet synchronous machine drive [9], speed
control of induction motors [10], etc. In such applications
the BEL controller resulted in on-line adaptability, robustness
and small computational cost. Most of the induction heating
systems use PID controllers in their controlling units. Such
controllers result in higher overshoots, longer settling times,
etc. leading to difficulties in designing and stabilizing the

system. Previous research in other areas has shown that
BEL controllers lead to good stability, strong robustness
and small computational cost [8-10]. However, there is no
research on BELBIC for induction heating systems, so the
feasibility and performance of BELBIC with induction
heating systems have not been explored yet. So BELBIC or
the BEL controller has been selected here as the intelligent
control strategy for power control in induction heating
systems. This paper aims at studying the feasibility and
evaluating the performance of BELBIC with induction
heating systems. The paper also contributes towards the
comparative analysis of BEL controller with a conventional
PID controller. The controllers have been designed and
tuned using MATLAB/SIMULINK.

The paper is organized into the sections that follow.

Section 2 describes the system modelling of the induction
heating system. Section 3 covers the design of the controllers.
Section 4 discusses about the simulation and results.
Finally, this paper is concluded in Section 5.

2. SYSTEM MODELLING

The prototype of an induction heating system is shown in
Fig. 1. The main power source supplies energy to induction
coil. The ac input voltage is usually rectified by the
uncontrolled rectifier having four diodes and it converts an
alternating current (ac) to the direct current (dc). This direct
current gets filtered by the dc link capacitor and is fed to
the resonant inverter. The induction coil generates an
alternating magnetic field after receiving high-frequency
current from the inverter and the field induces eddy currents
and causes hysteresis effect to heat up the work-piece.
Figure 2 shows the load circuit which comprises the work-
piece and coil modeled as a transformer with a single turn
secondary winding with an equivalent circuit consisting of
a resistor R, and an inductor L.. Different parameters such
as shape of the coil, diverse work-piece materials, spacing
between induction coil and work-piece, temperature,
excitation frequency, etc. may result in variations in
equivalent load.
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Fig. 1 — Prototype of an induction heating system.

Fig. 4 — Simplified inverter circuit.

A full bridge resonant inverter with series resonant
circuit has been considered for the induction heating system
to be studied in this paper since it is popular and offers
more control options [11]. A serially compensated inverter
topology is shown in Fig. 3. It comprises four IGBTs as
controllable switches (S; to S4) with ultrafast anti-parallel
soft recovery diodes (D, to D4) and a series resonant circuit
load with equivalent inductor (L.), resistor (R.) and resonant
capacitor (C). The topology is fed by a voltage source V
which can be variable or fixed. The switches are operated at
a high switching frequency with switching period T;. The
series resonant circuit load represents an inductive load in
this case. Figure 4 shows the simplified inverter circuit. It
will be considered to calculate the voltage transfer function
since it is related to the power injected to the heating
system directly.

Applying Kirchhoff’s law to the circuit of Fig. 4 and
taking the Laplace transform, we find the following

V(9 -2 o el(9-Rel (9 -0 (1)
Vre(S) = Rel(s). )

From (1) and (2) we get the following equation
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L
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The roots of the denominator of (3) are expressed as

“

The system will have an oscillatory (under-damped)
response as the control system locks it to this natural
frequency. So, the roots must be complex and should meet
the condition in (5).

2
& < ! . &)
2Le L.C
Under this condition, (3) can be expressed as
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The voltage transfer function is given by (9):
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The quality factor (Q), angular resonant frequency (®;)
are expressed as

Q= m;e , (10)
o
Or LC (11)

The series CLR circuit acts as a filter which will
eliminate the impact of all the harmonics except the first
one, so only the first harmonic will be considered for analysis.
Thus the source voltage can be defined as

V(t) =Vjsino't, (12)
here V; is the source peak voltage and @' is the angular
frequency. In frequency domain we get (13)

0)'
V(S)—Vim- (13)
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The voltage across resistance R, can be used as the
system variable for controlling the heat over the load.
Equation (6) will result in (14) after we use (13)

Re

- Le : (14)
Ve ((s+ o) + o’ st + oa’z)vl .

V(t) is going to provide the energy to compensate the
energy dissipated in the resistor. The generated heat has a
linear relation with the power injected to the load. In order
that the oscillations don’t damp out and the controller
operates around resonant frequency as the system is driven
to resonance, we must have ® = ®'. As a result, the
switching loss is zero because the current through the
switches is zero at resonant frequency. So (14) can be
written as

&D‘
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Doing the partial fractions expansion of (15) and taking
inverse Laplace transform, we get (16).
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Now (16) includes the oscillatory and exponential parts.
The oscillatory part will contribute to steady state response
whereas the exponential part to transient response. The
power is proportional to square of the peak voltage that can
be obtained from the envelope function represented by (17).
So (17) will contribute to the transient response and will
lead to transfer function calculation.
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Arranging the terms of (17) and factorizing it we find
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Equation (18) can be expressed as
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Now power is given by (22) and (23).
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The Laplace transform of (23) results in (24).
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Equation (24) expresses the power over the load as a
response to a step u(s)=1/s.

Hence the plant’s transfer function will become

P(s) = sW(s) (25)

P(s) =
V2 By’ L(szz -2B\ +1)52 + (3—4l3v2 +Byo” )0(5+ 202 ] (26)
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The transfer function in (26) provides the system

information required to design the control strategy. The
controller will be designed using P(s).
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Fig. 5 — Typical PID controller.

3. CONTROLLER DESIGN

3.1. PID CONTROLLER

The proportional-integral-derivative (PID) controller is a
feedback controller which drives the plant (induction heating
system) to be controlled by a weighted sum of the error
(difference between the output and desired set point) and
makes the plant less sensitive to changes in surrounding
environment and small changes in the plant [12].

Figure 5 represents the PID controller, a widely used
controller, which is used for improving the dynamic
response and for reducing the steady state error of the
induction heating system. The derivative controller will add
a finite zero to open loop plant transfer function and will
improve the transient response. The integral controller will
add a pole at the origin to increase system type by one
through reduction of steady state error to a step function to
zero. The PID controller consists of proportional, integral
and derivative controls with the output given in (27).

det)
dt

t
uy(t) =| Kpe(t)+ K, [e(t)dt+ Kp—=|. (27)
0
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Here Kp, K; and Kp are proportional, integral and
derivative gains [17]. For designing the PID controller, a set
of Kp, K;, Kp is determined that improves the transient
response of a system by overshoot reduction and decrease
in settling time. The transfer function of the PID controller
can be written as

C(s)z{Kp+K—S'+SKD] (28)

For the induction heating system, the PID parameters,
viz., Kp, K|, Kp are tuned using pid-tuning functionality of
MATLAB/SIMULINK.

3.2. BRAIN EMOTIONAL LEARNING BASED
INTELLIGENT CONTROLLER (BELBIC)

Bio-inspired intelligent computing is applied these days
to solve various complex problems [13, 15]. The learning
capability makes the intelligent methods superior in terms
of adaptability. Cognitive studies include modelling,
describing memory and emotion in animals and these
cognitive studies are based on contemporary artificial
intelligence (AI) philosophy that emphasizes on thinking
and acting humanly [16]. Brain emotional learning (BEL)
model was developed by Balkenius and Moren in 2001 as a
computational model that mimics the amygdala, orbitofrontal
cortex (OFC), Thalamus, and Sensory input cortex responsible
for emotional learning and processing [14].

Orbitofrontal
Cortex

Model
Output

Sensory
Input

Sensory
Cortex

Thalamus

Emotional
Cue ] Amygdala

Fig. 6 — BEL model.

Based on the BEL model, Lucas €t al. (2004)introduced the
brain emotional learning based intelligent controller
(BELBIC) which can be used for direct adaptive feedback
control. BELBIC is basically an action-generation system
based on sensory inputs and emotional cues (reward/punishment
signal) [7]. It is also known as the BEL controller. Figure 6
illustrates the BEL model.

Thalamus is simply the model of real thalamus of human
brain. In thalamus, pre-processing on sensory input signals
like noise reduction, filtering are done. Sensory cortex receives
the inputs from thalamus, and this part is responsible for
subdividing and discrimination of coarse inputs from
thalamus. OFC will inhibit inappropriate responses from
amygdala based on the context given by the hippocampus.
Amygdala, a small structure in the medial temporal lobe of
brain, is responsible for emotional evaluation of stimuli.
This evaluation is used as the basis for emotional states and
emotional reactions. It is leveraged for attention signal and
laying down long-term memories.

BELBIC gets sensory input signals through thalamus.
After preprocessing on sensory input, processed input signal
is sent to amygdala and sensory cortex [8]. Amygdala and
OFC compute the outputs based on emotional signal received
from environment. Final output is calculated by subtracting

amygdala’s output from OFC’s output. The thalamic
connection can be calculated as the maximum overall
sensory input S and this is nothing but another input to
amygdala. Unlike other inputs to amygdala, the thalamic
input is not projected into the orbitofrontal part and cannot
be inhibited by itself.

BELBIC structure is shown in Fig. 7. The vector S
represents stimuli inputs to the system. The output of each
node in amygdala A is obtained by multiplying j" input §
with corresponding weight Vj (amygdala adaptive gain for
node j) as given by

A =SV,

j IME 29

Similarly, the output of each node in orbitofrontal cortex
O; is obtained by multiplying | input § with corresponding
weight W (OFC adaptive gain for node j) as given by

0 =S;W;. (30)
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Fig. 7 — Structure of BELBIC.

If multiple sensory inputs are needed for controller
design, thalamus output will be maximum of those sensory
inputs, else single sensory input will directly be sent to
amygdala. The thalamic connection is determined as the
maximum over all stimuli S and it is another input to the
amygdaloidal part. If Ay, is the input to the amygdala part
which is the maximum of stimuli inputs S and Vj, is the
corresponding amygdala adaptive gain, then we can write

Sh = max(S;) (31

Ah =ShVih -

BELBIC parameters are divided into two different
groups, viz., the learning rates in amygdala and OFC; and
the coefficients that appear in sensory input and primary
reward signal formulation. The reward function Rwd is
selected with the objective of minimizing the difference
between the desired and measured signals. This function
plays a vital role in BELBIC and it tends to increase the
reward, minimizing the sensory input.

The learning rule of amygdala can be expressed as

(32)
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AV, = a(sj max(O,Rwd—ZAj B (33)
J

Here a is the amygdala learning rate, AV, the variation of
V; and Rwd the reinforcing (reward) signal. The weights V
will not decrease since once an emotional reaction is
learned it should not change. It is the task of OFC part to
inhibit the reaction when it is inappropriate. Similarly, the

learning rule in OFC can be expressed as
AW, =bS, (ZA -2.9 —Rwdj. (34)

J

]

Here b is the orbitofrontal learning rate. The A nodes
generate their outputs proportionally to their contribution in
predicting the reward or stress signal, while the O nodes
inhibit the output of E when required. The feedback
element E” is defined as the subtraction of OFC inhibitory
outputs (O;) from the summation of Amygdala nodes (A))
excluding the Ay, node.

E=2A-20.
J J

The E node simply sums outputs from the A nodes and
then subtracts the inhibitory outputs from O nodes. The
output E of the closed-loop emotional controller is obtained
from (36).

(35)

E=E +Ay. (36)

Architecture of BEL controller or BELBIC is shown in
Fig. 8. Amygdala acts as an actuator and OFC a preventer.

¥
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Model ) ontroller u

Reward
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Fig. 8 — BEL controller.

The sensory input and reward signal can be arbitrary
functions of reference output yr, controller output u, error
signal e, and the plant (induction heating system) output yp.
BELBIC has only one output, so for systems with multiple
control inputs need one BELBIC for each control input.

Emotional cue (primary reward) and sensory inputs can
be expressed as

Rwd=F(S.ey,). (37)
Sj =F,lueyp. v ). (38)

In this paper, the functions F, and F, are given by
Rwd =K, e+K,, [edt+K,, j—te , (39)

Sj =Kgld.

where K, Ko, Ks and Kg constitute the controller
parameters along with the learning rate constants (a and b),
which characterize the controlled dynamic system behavior.
The BELBIC obtains maximum reward when the sensory
input, i.e., the error signal is minimum.

A controller will be robust if it tolerates certain amount
of change in the process parameters without driving the
feedback system towards instability. In order to increase the
robustness and improve system performance, the tuning
strategy aims at minimizing a suitably identified cost
function in time domain. The system performance is
indicated by the cost functions expressed below [18]:

a. Integral squared error (ISE):

(40)

Je =je2(t)dt. .
0

b. Integral absolute error (IAE):
e = [le®)|dt.
0
c. Integral time-weighted squared error (ITSE):

e = [1€0 (D) dL.
0
d. Integral time-weighted absolute error (ITAE):

Jimae = Jt le(t) |dt..
0

The BELBIC parameterization is one of the current
challenges confronting such a novel control structure. The
BEL controller for the induction heating system is designed
through finding an optimal solution set for which the cost

functions are minimal through simulation using
MATLAB/SIMULINK.
Tablel
Simulation parameters
Parameters Values
R [Q] 2
L. [uH] 47
C [uF] 0.47
f. [Hz] 33880
f, [Hz] 35000
V [V] 230
Table2
PID controller parameters
Controller parameters Values
Kp 1.0x10*
Ki 2.0
Ko 9.0x10"°
Table 3
BELBIC parameters
Learning Sensory input Reward function (Rwd)
rates function (S;)
a b Ksj Krl Kr2 Kr}
0.53 | 0.81 2x107 7%107 5x10° | 4x10°
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4. SSIMULATION RESULTSAND DISCUSSION

Performances of the conventional PID controller and
BELBIC have been simulated, analyzed and compared for
the induction heating systems with full bridge series
resonant inverter. The specifications and circuit parameters
for the design are mentioned in Table 1, where R, is the
equivalent resistance, L. the equivalent inductance, C the
capacitance, f, the frequency at resonance, f; the switching
frequency and V the inverter input voltage.
MATLAB/SIMULINK blocks are used to design and tune
the controllers.

The PID controller parameters obtained through simulation
and suitable for closed loop feedback operations on induction
heating systems, are mentioned in Table 2. Table 3 shows
the BELBIC parameters suitable for closed loop feedback
operations on induction heating systems.

Figure 9 displays the step response for the closed loop
induction heating system with PID controller, whereas Fig. 10
displays the step response for the closed loop induction
heating system with BELBIC.

Amplitude

0.2 - -
L

1 2 3 1
Tume (seconds) .10

Fig. 9 — Step response of the induction heating system
with PID controller.
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Fig. 10 — Step response of the induction heating system with BELBIC.
Table4

Performance parameters for PID controller and BELBIC

Controller t Overshoot Rise time Settling time
ontrofier type M, (%) t; (seconds) t; (seconds)
PID 1.49 9x10° 0.0245
BELBIC 0 2x10” 0.0012
Table5
Performance indices of PID controller and BELBIC
Performance index PID controller BELBIC
ISE 3.20x10” 2.28%10°
TAE 5.48x10° 2.81x10°
ITSE 3.20x10° 2.57x10°
ITAE 5.48x10° 7.59x10°

The performance parameters such as overshoot, rise time,
settling time for the induction heating system with PID and
BEL controllers are mentioned in Table 4. Table 5 shows
the values of ISE, IAE, ITSE, and ITAE for both the
controllers. The comparison gives an idea of the robustness
of the controller. From Table 4, it is found that the
overshoot is 1.49 % with the PID controller, while the
overshoot is eliminated with BELBIC. The step response
rises faster and settles faster for BELBIC. Thus, the
BELBIC or BEL controller will eliminate the overshoot and
oscillations. Hence the induction heating system can be
controlled more effectively and efficiently by brain
emotional learning based intelligent controller and it will
help achieve the set point for desired power level rapidly.

5. CONCLUSION

This study shows that the BEL controller or the BELBIC
can be used to control the output power of the induction
heating systems with full bridge series resonant inverter
indicating its feasibility for such systems. The closed-loop
system performance has been studied for the BELBIC and a
conventional PID controller for the same induction heating
system. The BEL controller has resulted in faster response,
lower overshoot, faster settling which signifies that BELBIC is
more suitable for the induction heating systems and it will
provide improved performance as compared to the mostly
used conventional PID controllers.

Future research work may include study on applicability
of this emotional intelligent control scheme to induction
heating systems with other inverter topologies.
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