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Abstract— This work proposes the application of a Gaussian Adaptive PID (GAPID) to a power electronic
converter in order to enhance its performance. The Gaussian function used to define the adaptive gains have some
desired characteristics: it is lower and upper bounded and is smooth with smooth derivatives. A smooth function
helps avoiding problems related to abrupt changes in the gains. However, there aremno algebraic methodology to
design such controller. In this sense, the PSO algorithm is employed for optimization of the GAPID parameters.
These parameters are linked to the linear PID parameters in order to preserve the same design constraints and,
in addition, to present better robustness to load variations. Simulations and experimental results show that

significant performance improvements can be achieved.
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1 Introduction

For several years, power electronics have achieved
its enhancements (lower losses, higher efficiency
and so on) by means of new topologies ((Romaneli
and Barbi, 2000) (Ceglia et al., 2004) (Costa
et al., 2013)). It is still true that new topolo-
gies will continue to be explored, but actually sev-
eral improvements have been reached by means
of better control techniques applied to already
known topologies ((Hwu and Yau, 2010) (Chen
et al., 2013) (Ledén-Aldaco et al., 2015)).

In this sense, the present work proposes the
application of a Gaussian Adaptive PID to a
power electronic converter in order to enhance its
performance (Kaster et al., 2015). The Gaus-
sian function used to define the adaptive gains
has some desired characteristics: it is smooth with
smooth derivatives and lower and upper bounded.
A smooth function helps avoiding problems re-
lated to abrupt changes in the gains. It can be
shown that for nonsmooth adaptive functions and
depending on the specific design of the controller,
the ”equilibrium” state of the output can lead to
chattering around the treshold point of the non-
smooth function. This can affect the circuit op-
eration and reduce components lifetime (Kaster
et al.,, 2011). A partially similar approach was
used by (Isayed, 2007) in position control of a hard
disk drive servosystem, where a hyperbolic secant
function was used to adapt the proportional gain
and a double gaussian-like function for the adap-
tive integral gain.

There are still no algebraic methodology to
design such controller. To overcome this prob-
lem, metaheuristics may be employed in order to
optimize the Gaussian function parameters. In
this work, was used the particle swarm optimiza-
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Figure 1: Schematics of the converter and the con-
trol system.

tion method (PSO), a bio-inspired methodology
based on the collective movement of a group of
particles. The PSO algorithm is one of the most
frequently candidates to solve optimization and
search problems, having many examples of its ap-
plication in the literature (Castro, 2009; Kennedy
and Eberhart, 2001). It is important to remark
that in previous experiments the genetic algorithm
(Castro, 2009) was evaluated achieved good re-
sults, but PSO solve the task demanding consid-
erably less computational effort.

2 Application circuit

The step-down converter with its control circuit is
presented in Figure 1.

The converter can be described by the state-
space equations

LdZ—L = —v. +uV
Cdvc _. 1
a0 TR

where L is the converter inductor, C' is the capac-
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Figure 2: Gaussian function: upward (left) and
downward (right).

itor, R is the load, V; is the supply voltage, i1, and
v, are the state variables for inductor current and
capacitor (output) voltage, and wu is the control
input. This system presents the following control
input-to-voltage output transfer function

Vi
§) = ——F—F——
LCs? + %s+1

(2)

which is discretized using ZOH method as

K z—1 b a
GU(Z):% {1+a—b (z—e“T _z—ebT)]

(3)
where a and b are the roots of the characteristic
polynomial of eq. (2) and K =V;/LC.

3 Gaussian Adaptive PID

In this work, a nonlinear adaptive PID controller
is used, where the adaptive rule is based on a
Gaussian function defined by

F(8) = ki — (ky — ko)e™ @ (4)

where kg and k; are the upper and lower bounds of
the function and ¢ defines the degree of concavity.

Depending on which kg or k; is greater defines
the shape of the function, as seen in figure 2.

The definition of parameter ¢ is not straight-
forward. Indeed, the very notion about scaling
and the range of reasonable values and its impli-
cations are difficult to stablish. A more under-
standable form comes by defining its value as a
function of the percentage A of the range from &y
to kg and the expected reference error §, in that
point, given by

0)—k1
m(%%ﬁ) In(1 — A)

For example, one can choose that for a ref-
erence of 20V, a reference error §,, = 18V cor-
responds in the gaussian function to 10% of the
range from ky to ko (A = 0.1), yielding (1 — X)) =
0.9.

As mentioned before, the Gaussian function
represents a smooth function with smooth deriva-
tives and is upper and lower bounded. Being
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smooth, it avoids abrupt changes in the gains
that can lead to problems in some systems, like
the occurrence of chattering due to fast repetitive
changes in the gains. Being bounded, the designer
can establish clear limits for the gains in the whole
error range.

An important assumption is to define the
value of kogq as zero. This constant represents the
derivative gain when the set-point is achieved, i.e.,
when the error is null. In this situation, the con-
troller presents only Proportional-Integral actions
helping avoiding noise amplification issues.

The Gaussian function defined by eq (4) is
used in all the three components of GAPID. As
the function has three parameters, kg, k1 and q,
and considering the assumption that kgy = 0, the
overall design problem consists of eight parame-
ters to be defined. There is no methodology to
solve the problem algebraically, so an optimization
algorithm based on metaheuristics is employed in
order to find an optimized solution to the prob-
lem, which allows to achieve the faster response
with low overshoot.

There are two paths for the solution: the first
considers all eight parameters free; the second con-
siders the parameters linked to linear PID param-
eters following the rules defined in (6).

k’op =X - kp 5 k‘lp = 1/90 . k'p
koi=y-ki , ku=Yy ki (6)
kiq =z - kq

When using free parameters for optimization,
it is possible extract the maximum performance of
the control system. However, experimental results
have shown that such system perform very well
only for the designed circuit parameters, lacking
necessary robustness to perform reasonably with
different loads or input voltages.

The linked parameters case presents some ad-
vantages, like better robustness and being refer-
enced to a PID design (user can easily design by
employing traditional design procedures).

In this sense, the linked parameters case was
choosen in this work. Therefore, the parameter
set used in the optimization process comprises six
elements: (z, y, 2, 0p, §; and dq), where 6, §; and
04 refers to the previously defined reference error
constant J,. of each of the three gaussian functions.
These parameters will be obtained by employing
the PSO algorithm, which will be described in the
next section.

4 PSO Optimization strategy

Particle swarm optimization (PSO) is a bio-
inspired optimization methodology based on the
collective movement of a group of particles, which
forms a swarm. The PSO has exploration and ex-
ploitation capabilities which means it presents the
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conditions to explore the search space and, at the
same time, explore the neighborhood of the solu-
tions in order to refine them. The main important
behavior present in the algorithm is that each par-
ticle travels around the search space according to
two forces: the first attracts a single particle with
random magnitude to the best location found by
itself (pbest) and the second force attracts to the
best location found in its neighborhood (gbest)
(Kennedy and Eberhart, 2001). The speed and
dynamic position of the particles are updated at
each iteration until the swarm converge, according
to egs. (7) and (8) respectively (Castro, 2009):

vz(ft*l) :wvéit) +ei- rcmdgit) [pbestp — CE;,”)] +

+ ¢y - rand$” [gbestp - .I‘I(jt):| (7)

x}(}it-‘rl) — .TZ()Zt) + v}()it—&-l). (8)

where:
w is the inertia weight factor;
c1,co are acceleration constants;
pbest), is the personal best;
gbest,, is the global best;

rand, is a random number between 0 and 1;
(it+1)

T, is the current position of particle.

As can be seen, a single particle moves in the
search-space, being its speed and its position dy-
namically updated according to its self-experience
and collective experience. When better positions
are discovered, they guide the movements of the
swarm (do Nascimento et al., 2013). Thus, the
movement evolution will flow until achieve the tar-
get, or, the convergence (Castro, 2009).

In optimization tasks it is necessary to de-
fine a cost function in order to promote a simula-
tion procedure, in which the free parameters are
chosen. In this work some methods were tested:
setling-time by enveloping functions, Integral Ab-
solute Error (IAE), Integral Square Error (ISE)
and Integral Time Square Error (ITSE). The IAE
function, presented in eq. (9), achieved the bet-
ter results — small settling time and overshoot —
and was selected. Its mathematical expression is
given by:

_ME:/ 15(¢)dt )
0
where §(t) is the function of the error.

However, the computational intelligence field
usually defines other function called fitness which
has to be always increased. The biological inspira-
tion in this area is that particles with high fitness
find better positions in the search space during
the collective movement. So, the fitness function
is given by

fit = 1/cost. (10)
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Table 1: PSO parameters

Description Value
Population size 20
Interactions 30
Initial inertia weight factor 0.9
End inertia weight factor 0.4
Acceleration constant (c1 and ¢2) 2.0

| phest
I gbest

Velocity

Particle

Solution

Figure 3: Organization of the swarm of particles

Therefore, the cost function defined in eq. (9)
must be minimized, it means that we have to max-
imize the fitness defined in eq. (10).

As discussed, the choice of parameters for
the PSO has a great impact on the optimization
performance. Based on previous tests and using
the above definitions, the selected parameters are
shown in table 1.

The simplest structure for this application is
a three-dimensional array, as shown in Figure 3,
where every solution have six search spaces (z, y,
z, 0;, 04, 0p), each search space has a set of par-
ticles and each particle has its own characteristics
(velocity, pbest and gbest).

The basic PSO easily converges to a local min-
imum but this premature convergence is not in-
teresting and may result in a vicious swarm. To
circumvent this difficulty, random particles were
spread along the search space in such a way to
garantee some distance between them (they must
not be concentrated).

In the PSO discussed in this work, the self-
experience of each of the n-th solution (., yn, zn,
Oim, Odn, Opn) Was used to achieve the collective
solution for the parameters of the GAPID.

The evolution of the particles in each search
space is presented in figure 4. It is easy to per-
ceive the convergence of the swarm towards a com-
mon value after some iterations in all search spaces
(more than 80% of the particles converge in up to
15 iterations).

The temporal evolution of the best, worst and
average fitness of the swarm until reaching the op-
timal is shown in figure 5.
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Figure 4: Evolution of the parameters of the PSO
optimization.
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Figure 5: PSO temporal evolution

5 Results

The prototype of the Buck converter that has been
built for experimentation is shown in figure 6. The
specifications of the converter are shown in table
2.

The controller was implemented in an Altera
Terasic DEO-nano development kit that runs at
50 MHz with eight 12-bit ADC channels and 5 pys
sample time. This converter delivers a 20V out-
put from a 50V source.

For programming and simulation, the Altera
DSP Builder tool has been employed. This tool
comprises Matlab/Simulink blocks that serve for
simulation and for code generation. The system
model in Simulink using DSP Builder blocks is
shown in Figure 7. After validating the operation
of the entire system by means of simulations, the
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Figure 6: Buck converter

Table 2: Buck converter parameters

Description Symbol Value
Capacitor C 100 pF
Max. capacitor voltage ripple | AV.% 10%
Capacitor resistance Rc 0,29
Inductor L 2,54 mH
Max. inductor current ripple AlL% 10%
Inductor resistance Ry, 0,81 Q
Switch on-resistance Ron 0,55 Q
Forward voltage Va 1V
Frequency f 50 kHz
Input voltage Vi 50 V
Output voltage Vo 20V
Load R 10 ©

same model can be compiled and generates the
proper code to be embeded into the FPGA.

The results obtained by simulations are pre-
sented next.

The designed PID control parameters are pre-
sented in Table 3 (left). Based on these parame-
ters, the PSO optimization was conducted result-
ing in the optimized parameters for the GAPID
control, presented in Table 3 (right).

As previously stated, the linked parameters
case were employed in order to comply with the
same design requirements of the linear PID.

In figure 8 the output responses of linear PID

NLPID

Ved]

TensAo de
Enfrada

Figure 7: Model of Buck controller using DSP
Builder in Simulink.
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Table 3: Control parameters

PID param. | Value GAPID Param. Value
kp 6.5E-3 T 7.37
ks 21.9 y 2.16
kq 6.5E-6 z 2.89
5p 13.4
di 55.2
854 6.12E-4
Table 4: Performance comparison.
Parameter? PID GAPID | Enhancement
Ts 1.82ms | 0.983ms 46%
M (%) 2.71% | 1.85% 31.7%

and GAPID are presented, for a rated load of 10 2.
A significant performance enhancement of 46%
over the linear PID was obtained, and with 31.7%
lower overshoot, which are summarized in table
4. The most important point to be noted here is
that this performance is achieved by GAPID with
parameters linked to the PID parameters. Other
PID designs can be done and then the optimiza-
tion process used to obtain the linked parameters
of the GAPID and, again, performance enhance-
ments can be obtained.

In order to achieve such enhancements, the
adaptive gains takes action during the startup
transient, as shown in the first three waveforms of
figure 9, and these gains induce the control action
shown in the fourth waveform, which is responsi-
ble for the GAPID output.

Experiments using a Buck prototype were car-
ried out with the view to verify the behavior of
the controller in a real-world system. The DSP
Builder model shown in figure 7 was compiled and
embedded into the FPGA.

The inductor current and output voltage
waveforms for the linear PID are presented in
figure 10. The measured setling-time is 1.82ms,
about the same obtained by simulation.
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Figure 8: Transient responses for the linear PID
and GANPID.
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Figure 9: Variation of adaptive gains k,(9), k;(¢)
and k4(0) and resulting control signal during the
startup transient.

The waveforms for the GAPID are presented
in figure 11. The measured setling-time is
0.936 ms, very close to the value obtainded by sim-
ulation.

Unfortunately, the visual comparison is not
possible because the waveforms were captured in
different horizontal time ranges.

The experimental results show that the model
built for simulation is very accurate. As a result,
the obtained results are very similar and demon-
strate the effectiveness of the GAPID in the Buck
converter.

6 Conclusions

This paper presented the proposal of a PID-
based nonlinear adaptive control strategy based
on Gaussian functions. The GAPID parameters
linked to the PID parameters case was choosen
because it presented better results related to ro-
bustness and a trend curve for load variations less
“randomic” when compared to the free parame-
ters case. Also, four alternatives for cost functions
were tested and the results were favorable to IAE.

The PSO algorithm were employed in order
to optimize the GAPID parameters.
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Figure 10: Output waveforms for the linear PID in
the prototype (Ch.1: 500mA /div; Ch.2: 3V/div,
Time: 500us/div).
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Figure 11: Output waveforms for the GAPID in
the prototype (Ch.1: 500mA /div; Ch.2: 3V/div,
Time: 500us/div).

The work presented the simulation and exper-
imental results using the optimized parameters.
The results obtained by GAPID showed signifi-
cant enhancements to PID (46% shorter setling-
time and 31.7% less overshoot). The results ob-
tained both in simulation and in experimenta-
tion demonstrate the efficiency of the new control
strategy.

As future works, the trend curves of converter
parameters variation can be performed in order to
suggest a design methodology using the GAPID in
Buck-like converters as well as explore the appli-
cation to other converter topologies.
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