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Abstract

Due to the uncertainty associated with the structure and electrical elements of DC-DC converters and
the nonlinear performance of these modules, designing an effective controller is highly complicated
and also technically challenging. This paper employs a new control approach based on Type-2 fuzzy
neural controller (T2FNC) in order to improve the dynamic response of an ultra-lift DC-DC converter
under different operational conditions. The proposed controller can rapidly stabilize the output voltage
of converter to expected values by tuning the converter switching duty cycle. This controller can tackle
the uncertainties associated with the structure of converters, measured control signals and measuring
devices. Moreover, a new intelligent method based on firefly algorithm is applied to tune the
parameters of T2FNC. In order to demonstrate the effectiveness of the proposed control approach, the
proposed controller is compared to Pl and fuzzy controllers under different operational conditions. The

simulation and comparison results validate the flexibility and efficiency of the proposed T2FNC.
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1. Introduction

During recent years, applications of renewable energy resources have attracted significant attentions
of researchers [1-6]. It is noted that DC-DC converters play a particularly important role in renewable
energy generation systems [7]. This converter can provide different levels of DC voltages for various
applications [8-10]. Having a constant rated output voltage under various operational conditions is the
most vital requirement for DC-DC converters. In other words, the output voltage of DC-DC converter
should be fixed at a constant value in steady state and transient state when the supply voltage and/or
load current are changed. Therefore, optimized controllers are needed to achieve this target.

In this regard, the utilization of Pl or PID controllers is considered as the most common approach to
derive a simple solution. These controllers have the advantage such as simple structure, robust
performance, high speed of operation and ease of implementations; however, their performances are
not desirable in case of non-linear systems (such as ultra-lift DC-DC converter). Generally, the
implementation and design of an efficient controller is a challenging task for nonlinear systems. This
problem becomes more complicated when uncertainties of structure and electrical components of
converters are considered. Therefore, it is necessary to develop a new control approach which is able
to tackle the nonlinearity of systems and also to handle uncertainties associated with the converter [9].

A literature review on existing control methods for converters is shown in Table 1.

Table 1. A literature review of used control method for converters.

References Type of converter Control method
Ref. [8] Dc-DC boost converter Sliding mode control
Ref. [9] Boost converter Robust regression
Ref. [10] DC-DC boost converter FPGA-base:rgeprticrgiltrr;tlJ:rst minimal-
Ref. [11] Half-bridge isolated DC-DC converter Fuzzy controller
Ref. [12] DC-DC power converters Fuzzy logic controllers
Ref. [13] Boost converter Fuzzy controller
Ref. [14] Boost converter Sliding mg?gfggﬁgcﬁ(l)grtroller and
Ref. [15] DC-DC converters Adaptive fuzzy logic controller

According to Table 1, several control approaches, such as robust control, fuzzy control, intelligent
control and combined methods, are used to improve the performance of converters; however, none of
them is able to handle uncertainties.

Nowadays, the intelligent control methods, especially type-2 fuzzy neural controller (T2FNC) and
type-2 fuzzy controller (T2FC), are used in many areas of industrial applications [16-21]. The
capability to handle the uncertainties from elements and structure of converter, measured control
signals and measuring devices is the main advantage of these intelligent controllers comparedmto other
controlling methods [16-21]. Considering the fact that all real world systems have certain degrees of

uncertainty in their structure, the utilization of some methods like T2FNC is necessary to reduce




uncertain effects generated by instrumentation elements, environmental noise and other external
disturbances.

In this paper, we employ a new control approach based on T2FNC in order to improve the transient
stability and dynamic response of an ultra-lift DC-DC converter under different operational conditions
when natural system noise and uncertainties associated with electrical elements and structure of
converter, measured control signals and measuring devices are considered. In additions, a novel
optimization approach based on firefly algorithm is used to train the proposed T2FNC. In order to
assess the performance of the T2FNC, it is compared with a fuzzy controller and a conventional PI
controller in five different operating conditions. The results of simulations demonstrate higher
efficiency of the T2FNC than previous methods in terms of faster transient response, less peak
overshoot and better rejection of disturbances.

A summary of proposed method innovations are presented as follows:

1- We present a new control approach based on T2FNC to improve dynamic performance of an ultra-
lift DC-DC converter.

2- The proposed controller can properly handle the uncertainties from converter elements and structure,
measured control signals and measuring devices

3- A novel approach based on firefly algorithm is used to train the proposed T2FNC.

This paper is organized as follows. The state space modeling of ultra-lift DC-DC converter is
presented in Section 2. In Section 3, the structure of T2FNC and the firefly algorithm are described. In
Section 4, the control approach based on T2FNC for dynamic performance improvement of ultra-lift
DC-DC converter is presented. Section 5 includes simulation results and detailed discussion. Finally,

conclusions are outlined in Section 6.

2. State space modeling of ultra-lift DC-DC converter

As one of the most important types of non-isolated DC-DC converters, ultra-lift converter has
different applications in various industrial fields, particularly in renewable energy systems [7]. Existing
research shows that efficiency and performance of this converter is better than non-isolated DC-DC

converters [22].

Designing and implementing an efficient closed-loop controller for this kind of ultra-lift converter is
a difficult task; because a small change in duty ratio of converter switching will lead to significant
changes in output voltage [23]. The formulation of converter mechanism is the first step for designing
an efficient controller. The state space model is a common method to mathematically describe a
physical system. It can describe dynamic performance of a system (such as switching converter) using
computer simulations, which is very efficient in the implement and design of efficient controller. In this
section the state space average model of an ultra-lift DC-DC converter is proposed. It should be noted

that the state space formulation of ultra-lift DC-DC converter is taken from [7].



ic2

Fig. 1. Ultra-lift DC-DC converter.

As it can be seen in Fig. 1, the ultra-lift DC-DC converter performance can be described with two

linear state space modes. In the first mode of the converter, switch S is ON while in the second mode
the switch S is OFF.

Mode 1: In this mode the state equations can be described as follow:
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Mode 2: In this mode the state equations can be described as follow:
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The state space model in matrix form is given in Eq. 4:
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In order to compute the state space average model of the ultra-lift DC-DC converter, Eq. 2 and Eq. 4

are combined. Hence, the state space average model of an ultra-lift DC-DC converter is obtained

following reference [7]:

X =AX+BYV, when switchisON (duringdxT,) ®)
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where X is a matrix including the state variables, Ts is the switching period of the converter, and d is the
duty cycles of the converter switch.

It should be mentioned that Eq. 1 and Eq. 3 are linear ordinary differential equations. Equation. 1
describes the converter behavior when the switch is ON and Eq. 3 describes the system when the
switch is OFF. Since the state space average equation of the converter depends on the state of the

switching element (duty cycle), state space equation of the ultra-lift DC-DC converter is nonlinear (Eq.

8).



Therefore, due to the nonlinear behavior of the ultra-lift DC-DC converter, we need a nonlinear
controller for better performance. In this paper a T2FN controller is used.
3. 1. Type-2 Fuzzy Neural Network

The detail of a Type-2 fuzzy Gaussian membership function is illustrated in Fig. 2.
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Fig. 2. The structure of a Type-2 Gaussian membership function.

In Fig. 2, ﬁ/s‘ (%), ;A\ (Xi) [o,0] and m are the lower membership function (LMF), upper

membership function (UMF), standard deviation and the mean values of Type-2 fuzzy Gaussian
membership function, respectively. The distance between superior membership function and inferior
membership function determinates the footprint of uncertainty (FOU). The value of membership degree

can be computed as follows:

_ 1 (x—m)?

Ha(X) = eXp(—E(XU_—zm)) 9)
1 _ 2

0 =exp(—2 U 10)

The data processing method and structure of the type-2 fuzzy neural network is shown in Fig. 3.
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Fig. 3. Structure of the type-2 fuzzy neural network.
According to Fig.3, the proposed Type-2 fuzzy neural network is a combination of a type-2 fuzzy

linguistic process and a neural network. The IF-THEN rule for this network can be obtained as follow:

R, :IFx'isM, ,and xt isM/f,and ...and X} is M (11)
THEN y, is[w;‘f,wff]

where I\ﬁr; , x; and [wa, ,w ] are type-2 fuzzy sets, number of rules, the inputs of the network
and set of weights, respectively. The data processing in type-2 fuzzy neural network can be explained
by the following steps:

Step 1 (Input layer): For input variable i in this layer, the output can be computed as follows:

net!(N)=x,u? = f1(net'(N))=net'(N )i =1,2 (12)

where N is the number of iterations.
Step 2 (Membership layer): There is a type-2 fuzzy set in this layer dose. For the jth input in this step,
the output can be computed as Eqg. 13.

u? =M (x?)= sz(netjz(N )):exp(netjz(N)):

j i

(13)

where s, My and oy are the number of the linguistic values, the mean and the standard deviation

values of the Gaussian membership function, respectively.

Step 3 (Rule layer): In this layer, for the kth rule node can be written:



u3(N)= f3(net(N))= net}(N - k=1..,n (14)

u(N)=T [ wju;

j=1
where x? , W?k and n are jth input to step 3, weights between the membership layer and rule layer and

>

number of rules, respectively.
Step 4 (Type-reduction layer): In this step, the Karnik—-Mendel (KM) algorithm [24, 25] is applied for

dimension reduction. The output value in this step can be written as:
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Step 5 (Output layer): In this step the values of uf, and ué, are combined in order to compute the

output value. The output value in this step can be computed as:
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where ug’ is the type-2 fuzzy neural network output.

The Type-2 fuzzy neural network requires the adjustment of its parameters for all the layers such that
the output of the network can approach desired output. There are several algorithms such as gradient
descent, Levenberg-Marquardt and resilient back-propagation for training the intelligent neural
network systems. Hence, selecting an efficient training algorithm is essential for desirable performance
of Type-2 fuzzy neural network. In this paper we use a new training method based on firefly
optimization algorithm to train Type-2 fuzzy neural network more accurately. Details of the proposed
method are described in next sections. The target function for training process can be defined by Eq.
18:

1

J= E(yd -y) (18)

The firefly algorithm is applied to minimize the target function (Eq. 18) in order to achieve expected

performance of T2FNC.

3. 2. Firefly algorithm:

During recent years, a large number of optimization algorithms have been presented for different
aspects of power system research [26-29]. The firefly algorithm that has firstly been presented in [**],
is a nature-inspired searching algorithm. In fact, this optimization algorithm is inspired by mating
manner of firefly [30]. Fireflies have the capability of generating a cold light (bioluminescence
phenomenon) owing to their particular photogenic capabilities. This light simplifies the task for
drawing their potential prey, finding mates and defending themselves. The fireflies have tendency to
waggle toward brighter locations. This fact is similar to find efficient optimal solutions in optimization
problems. The brighter firefly in the population attracts other fireflies. The speed or traction a firefly
towards another firefly appertains to the attractiveness of destination firefly. Besides, the attractiveness
appertains to the comparative interval between fireflies which is a function of fireflies’ brightness. The

firefly attractiveness function can be computed as follows [30]:

B(r)= g, xexp(—r™), with m>1 (19)



d
f :HXi - Xj” = \/kz_;,(xi,k - Xj,k)z (20)

where r, y and g, are distance between any two fireflies, absorption coefficient and the initial

attractiveness at r =0, respectively. The brightness and location of the fireflies are updated in each
algorithm iteration when the fireflies move towards the brighter area. The ith firefly motion which is

engrossed by a more absorbing (i.e. brighter) firefly j is described as follow [30]:
X =X + e (% —X;) +a(rand - 0.5) (21)

where X;, Be" i (X, —X;), a(rand —0.5)and « are firefly current position, the firefly attractiveness
seen by adjoining fireflies, firefly’s random motion and a randomization parameter ( « <[0,1]),
respectively. The attractiveness and brightness of each firefly are calculated at each iteration of the
algorithm. For each firefly, the value of brightness is compared with that of other fireflies; then
fireflies’ location are updated using Eqg. 21. After an enough number of algorithm iterations, the
optimization process is terminated and the best available solution is returned [30]. The flowchart of

firefly algorithm is illustrated in Fig. 4.
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Fig. 4. Flowchart of the firefly algorithm.

4. Proposed method based on Type-2 Fuzzy Neural controller
The main purpose of this section is to design an efficient controller for an ultra-lift DC-DC converter.
In addition, the designed controller should be able to handle the uncertainties from electrical elements

and structure of converter, measured control signals and measuring devices.

The detailed structure of T2FNC is illustrated in Fig. 5.
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Fig. 5. Proposed Type-2 Fuzzy Neural controller (T2FNC).

As illustrated in Fig. 5, the T2FN controller fixes the output voltage of converter by tuning the
converter duty cycle of switching. A voltmeter is used to compute the value of converter output
voltage. The measured output voltage of converter is compared with a reference voltage in order to
calculate the value of error signal (€). Then, a derivative block is applied to compute the value of
change in error signal (Ae). The values of error signal (&) and change in error signal (A€) are used
for tuning the converter duty cycle of switching.

According to Fig. 5, the control scheme is composed of two main blocks. The first block is a Type-2
fuzzy neural controller. This block has two inputs (the error signal (€) and the change in error signal
(Ae)) and an output which is the switching duty cycle. In our proposed control method, the T2FNC
uses the inputs control signals (€ and A€) in order to regulate the converter output voltage by tuning
the switching duty cycle. The operation detail of this block has been explained in the pervious section.

The second block is a training block. In this block, a new method based on firefly optimization
algorithm is used for tuning the parameters of T2FNC by using the error signal (€ ). The input signal of
training block is the values of error signal (€ ) and its output signals are the weighting interval factors
and also the mean and standard deviation of the T2FNC.

It is noted that the values of measured output voltage (V,) and control signals (€ and A€) have
some degrees of uncertainty and noise. These uncertainties associated with V,, € and Ae are

illustrated bygvo, &, and &,, in Fig. 5, respectively. The T2FN fuzzy neural network can properly

handle such uncertainties. The mechanism of T2FN controller to handle uncertainties with control

signals (e and Ae) is illustrated in Fig. 6.
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Fig. 6. The mechanism of T2FN controller in orders to handle uncertainties with control signals.
According to Fig. 6, the proposed T2FN controller is composed of two parts including a set of Type-
2 Fuzzifiers and a neural network. The Type-2 Fuzzifiers are used to model the uncertainties of inputs.
The Type-2 Fuzzifiers transform the control signals along with their uncertainties into Type-2 fuzzy
sets. The outputs of Type-2 Fuzzifiers are values of /_JA (x;) and /_JA (Xi) . Then, the values of

EA (x;) and /_JA (Xi) are applied as inputs of neural network. In other words, the intelligent systems

use fuzzified control signals (EA (Xi) and /_JA (Xi)) instead of control signals (€ and Ae) that

contain uncertainties.
Hence, the T2FNC controller can properly handle the uncertainties associated with converter’s
structure, measured control signals and measuring devices and improve dynamic performance of an

ultra-lift DC-DC converter.

5. The simulation results of T2FN PI controller
In this section, the proposed controlling method in pervious sections is simulated, then the simulation
results \ are compared with other conventional controlling approaches (i.e. fuzzy controller and P1).
The first step is to simulate ultra-lift DC-DC converter and proposed T2FN controller. In this paper,

the MATLAB software is used to achieve this goal. The simulated system is illustrated in Fig.7.
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Fig. 7. The simulated system in MATLAB.
The value of converter circuit elements are given in Table 2 [22].
Table 2. The values of converter circuit element [31, 32].
circuit parameter value circuit parameter value
V1 (input voltage) 10V Ly, Lo 1 mH
Vet (reference voltage) 60 V C1,Co 1 uF
fs (switching frequency) 50 KHz R 3 KQ

The design process of T2FNC is explained in the following steps:

Step 1: Determine input variables. In this paper, values of the error signal (€) and the change in
error signal ( Ae) are used as input variable of T2FNC.

Step 2: According to Step 1, four type-2 fuzzy sets are assumed for each input variable of T2FNC.
Here, Gaussian membership functions are chosen for these input variables.

Step 3: Firefly algorithm is applied for optimal parameter tuning in T2FNC. These parameters
include the weighting interval factor as well as values for mean and standard deviation of the T2FNC.

The parameters for firefly algorithm are shown in Table 3.

Table 3. The supposed parameters for firefly algorithm.

FA parameter value FA parameter value

Number of f”:eﬂ'es or 20 Randomization parameter o 0.25
population

Iterations or generations 400 Attractiveness Po 0.20
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The performance and effectiveness of the proposed T2FN controller to improve dynamic response of
the ultra-lift DC / DC converter is investigated. The performance of T2FNC is simulated in five
different operating points as Table 4. In addition, the T2FNC is compared with fuzzy controller [11]
and PI controller in order to demonstrate the efficiency and accuracy of the proposed methodology.

The simulation results are shown in Figs. 8-12.

Table 4. Five different operating points for performance evaluation

Condition number Operating condition Vin (V) lo (MA) R (KQ)
1 Nominal condition 10 3.33 3
2 Max Vi, and Max lo 13 8.66 15
3 Max Vi, and Min lo 13 2.16 6
4 Min Vi, and Max lo 6 4 15
5 Min Vi, and Min lo 6 1 6
Condition 1 (nominal condition)
80 ‘
70

(2]
o

(53]
o

T2FN Controller
---------- PI controller
.......... Fuzzy controller

Qutput Voltage (V)
w I
o o

20

R LI L T T T T —"

0 | I |
0 2 4 6 8 10
Time (ms)

Fig. 8. Response for condition 1 (Vin=10v, 1,=3.33mA, R=3KQ)

Condition 2 (Max \/”1 & Max IO)

(42

——— T2FN controller
---------- PI controller
sewesseses Fuzzy controller

Output Voltage (V)
w B
o o

0 2 4 6 8 10
Time (ms)

Fig. 9. Response for condition 2 (Vin=13v, 1,=8.66mA, R=1.5KQ)
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16



According to Figs. 8-12, the proposed T2FN controller can provide significant improvements in case
of dynamic response of ultra-lift DC/DC converter comparing to Pl controller and fuzzy controllers
under all given operational conditions. In addition, it has more stable dynamic response than other
employed controllers.

In Fig. 10, dynamic response of T2FNC is stable and suitable for this ultra-lift DC/DC converter;
while the response of fuzzy controller is a damped oscillation. Moreover, it can be seen that the Pl
controller is totally unstable for this case and the corresponding dynamic response is an undamped
oscillation, which is because that the small signal approach is used to design PI controller for nonlinear
system. In this small signal approach, the nonlinear system is linearized at an operation point around
nominal conditions. Hence, the parameters of Pl controller are computed according to nominal
conditions. It is obvious that the performance of Pl controller is undesirable when real operational
condition is completely different from nominal condition (such as condition 3).

Moreover, the value of overshoot and settling time for three proposed controllers in five assumed

operating conditions are compared in Table 5 and Table 6.

Table 5. The value of %overshoot for three proposed controllers under five operating conditions.

Condition number T2FNC Fuzzy controller P1 controller
1 2.11% 8.03% 17.96%
2 3.09% 17.90% 21.03%
3 4.32% 25.21% Non
4 4.17% 11.03% 23.12%
5 3.15% 15.12% 17.06%

Table 6. The value of settling time (ms) for three proposed controllers under five operating conditions.

Condition number T2ENC Fuzzy controller Pl controller
1 48 5.4 8.7
2 6.7 8.8 10.3
3 6.2 15.2 Non
4 55 6.1 11.5
5 3.9 14.1 10.7

According to Table 5 and Table 6, overshoot and settling time for dynamic response of T2FNC are
less than that of the fuzzy and PI controllers under the five assumed operating conditions. Therefore,
the T2FN controller has more desirable performance than other proposed controllers and it can improve

transient stability and dynamic responses of the ultra-lift DC/DC converter.
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6. Conclusion

Due to the uncertainty in structure and electrical elements of ultra-lift DC-DC converter and also
nonlinear performance of this converter, designing an effective controller is a challenging task. This
paper employs a T2FN controller to improve the transient stability and dynamic response of an ultra-
lift DC-DC converter under different operation conditions. Moreover, a new evolutionary optimization
technique called firefly algorithm has been applied for tuning the T2FNC parameters.

The performance of T2FNC has been investigated at different operating points. In addition, it has
been compared with fuzzy and PI controllers in order to demonstrate its effectiveness.

The obtained results have shown that the T2FN controller has more desirable performance than other
proposed controllers in terms of faster dynamic response, better rejection of disturbances and less
settling time and peak overshoot. Thus the proposed methodology can improve transient stability and
dynamic respond of the ultra-lift DC/DC converter. Moreover, the T2FNC controller can properly
handle uncertainties associated with structure of converter, measured control signals and measuring
devices. Hence, it is useful to improve the performance of ultra-lift DC-DC converters in many

renewable energy applications.
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