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Abstract. In this paper different randomness scenarios for the recently
developed direct particle swarm controller for repetitive processes are
investigated and compared. The proposed controller employs the particle swarm optimizer (PSO) to solve in on-line mode the dynamic optimization problem (DOP) designed to shape the control signal in the
constant-amplitude constant-frequency (CACF) voltage source inverter
(VSI) with an LC output filter. The controller is of a stochastic nature.
The DOP at hand is of αD dimensionality, where α denotes the number
of control signal samples per each period of the reference voltage signal.
Originally, the PSO requires pseudorandom number generators (PRNG)
to be run throughout the iterative search to get a new set of numbers
in each sample time. In DOP scenarios the swarm has to be kept alive
during the operation of the inverter. This in turn implies that the pseudorandom numbers are to be generated in real-time using digital signal controller (DSC) resources. Four different randomization schemes have been
tested: the dimension-and-particle-wise one, the dimension-wise one, the
particle-wise one and an almost-deterministic one (also known as a listbased PSO). The last approach does not employ any PRNG in real time
and as such establishes an appealing alternative in terms of its low computational burden. The effectiveness of such a scheme, when applied to
the direct swarm controller, has been studied numerically in the paper.
Keywords: repetitive control, particle swarm optimization, dynamic
optimization problem, voltage-source inverter, repetitive disturbance rejection, optimal control
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Introduction

In various applications of power electronic converters the repetitiveness of a process to be controlled is clearly apparent. The CACF VSI with an LC output
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filter may serve as an example. This kind of converter is a common part of systems that are designed to deliver high-quality AC voltage despite low-quality line
voltage and nonlinear loads. Possible applications include, but are not limited
to, uninterruptible power supply (UPS) systems, power electronic transformers
(PET) and off-the-grid electricity systems such as remote area power supply
(RAPS) systems. There are three main approaches to control repetitive processes in CACF VSIs. Nowadays, still the most common method is to neglect
the repetitiveness of a reference signal and usually constant, over many periods
of the reference signal, frequency spectrum of a disturbance current. This in turn
inevitably reduces quality of the output voltage waveform under nonlinear loads.
The second method, by contrast, utilizes the internal model principle (IMP) and
introduces oscillatory terms into the controller which makes selective harmonic
rejection possible. The main limitations of multi-oscillatory controllers are related to problematic implementation of oscillatory terms near controller bandwidth and a computational burden growing with number of harmonics needed
to be rejected. It has been also identified that they are sensitive to phase lags
and in high-performance converters it is required to take special measures to
compensate these delays [8, 9]. Moreover, multi-resonant controllers are truly
challenging in tuning and no optimal synthesis methods are available, except
derivative-free stochastic search algorithms. The third method is also derived
from the IMP, but instead of selective oscillatory terms, one universal model of
any repetitive signal is being built into the feedback controller. This results in
only one additional gain to be tuned and the resulting scheme can be analyzed
in the uniformed framework for iterative learning control (ILC) and repetitive
control (RC). However, the main obstacle in practical implementation is that
most of ILCs suffer from long term stability problems and consequently a lowpass filtering with a cut-off frequency much below the Nyquist limit has to be
implemented to ensure sufficient robustness [11, 16, 14, 15]. Even the very basic
P-type control law has to be modified into


u (p, k) = Q z −1 u (p, k − 1) + kRC L z −1 e (p, k − 1) ,

(1)

where u denotes the control signal, e is the control error, kRC is the controller
gain, k is the iteration (pass, trial, cycle) index, p is the time index along the pass
(1 ≤ p ≤ α, where α is the pass length) with Q and L being usually non-causal
low-pass zero-phase-shift filters, to stabilize the system. These filters compromise
considerably the bandwidth of the controller. Moreover, there are no analytical
design methods to determine Q and/or L. However, probably the most serious
obstacle in incorporating (1) into CACF VSIs lies in the fact that there are no
formal proofs that a given pair of Q and L will stabilize the system against
any repetitive load current, including disturbance currents with high absolute
values of their derivative, in the infinite time horizon. The idea behind (1) is to
cut-off totally the learning for higher frequencies. It should be noted that this
control law constitutes integration of a control error in the k-direction. Due to
a limited DC-link voltage in any VSI, the control error cannot be forced to zero
for any shape of the disturbance current. If the system is then disturbed using
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such a “prohibited” frequency, it can have a destabilizing impact in the long
run. This phenomenon has been already widely acknowledged by practitioners.
Moreover, there is a sneaking suspicion that low-pass filtering merely postpones
a destructive buildup of oscillations because of the finite attenuation in the
stopband of any practical digital filter. It has been tested in our laboratory that
the control law of the form (1) may produce correct control signal, e.g., for
hundreds of thousands of passes and then, after tens of millions of passes the
system clearly manifests divergent behavior. The ILC gained some acceptance
in robotics because the long-term stability issue may not be observed in many
applications. Note that a robotic arm moving repeatedly at 1 Hz for one day
makes less than one hundred thousand passes whereas the controller in a VSI at
50 Hz will make more than 4 million passes during the same time. That is why
this scheme has not gained much (if any) acceptance among power electronics
practitioners.
There is one more emerging family of solutions for repetitive process control.
Their development is animated by the belief existing in the control practitioners
community that performance index on-line optimization based controllers are
strong candidates for future control schemes [10]. The feasibility of such solutions has already been demonstrated in the case of repetitive neurocontrollers
for CACF VSIs [5, 20, 17]. Also the development of the proposed plug-in direct
particle swarm repetitive controller (PDPSRC) [19, 18] has been motivated by
unsatisfactory results obtained using the classic ILC scheme.
PSO is a stochastic optimization method and it requires, in its original version, the implementation of a pseudorandom number generator (PRNG). Two
such numbers would have to be generated in each controller sample time. To
reduce computational burden of the developed PDPSRC several different scenarios have been tested: the dimension-and-particle-wise randomization, the
dimension-wise randomization, the particle-wise randomization and two almostdeterministic ones. The term almost-deterministic is used to indicate that the
algorithm requires only an off-line generated list of pseudorandom numbers
(PRNs). The list is then used in the cyclic mode during the on-line operation
of the controller. It should be noted that from the puristic point of view only
PSOs with a hardware true random number generator (TRNG) can be regarded
as stochastic ones. The distinction between PRNG and TRNG is crucial for
cryptography whereas in stochastic evolutionary optimization algorithms such
as PSO it is enough to implement a decent PRNG. The PRNGs are deterministic, i.e. a given sequence of numbers can be reproduced if the seed is known.
Most (if not all) evolutionary optimizers are somewhat sensitive to a distribution
of numbers but their true-randomness is of no importance. Moreover, many such
optimizers, if real-time implementation is needed, are able to effectively operate even if a predefined pool of PRNs is used cyclically [3]. Nevertheless, these
choices can affect the performance of the optimizer [2] and are always problemspecific. Therefore, our main goal is to verify if a list-based PDPSRC can be
similarly effective as the basic one.
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Fig. 1. Schematic diagram of the CACF VSI with the direct swarm repetitive path
(dark gray background ) and the supporting non-repetitive paths (light gray background )
— an exemplary load in the form of a diode rectifier depicted for clarity (the Load
block ).

2

Plug-In Direct Particle Swarm Repetitive Controller

The main idea behind the PDPSRC is to store control signal samples uPSO
directly in particles. As the plug-in repetitive controller works only in the kdirection, it is essential to support it with a controller active in the p-direction.
In this study, there are three paths that constitute the non-repetitive part of
the controller as shown in Fig. 1. The full-state feedback (FSF) has been implemented to increase damping in the highly underdamped plant (compare Rf with
Rcrit in Tab. 1). This gives control signal
m
uFSF = −(k11 im
L + k12 uC )

(2)

additive to uPSO . Also, the reference feedforward (RFF) path
uRFF = (1 + k12 )uref
C

(3)

is introduced to keep the unity gain for the zero frequency and the disturbance
feedforward (DFF) path is added to compensate the resistive voltage drop
uDFF = (R̂f + k11 )im
load ,

(4)

where R̂f is the identified resistance of the output LC filter. A significant identification error is assumed in this study (R̂f = 0.5Rf ) to make control errors
produced by the non-repetitive path more realistic.
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Table 1. Parameters of the converter
Parameter

Symbol

Value

Lf

300 µH

Filter capacitance

Cf

160 µF

Filter resistance

Rf

0.2 Ω

Filter resonant frequency

fres

726 Hz

Critical damping resistance

Rcrit

2.74 Ω

Reference frequency

f ref

50 Hz

Sampling/PWM frequency

fs

10 kHz

Pass length

α

200

DC-link voltage

–

450 V

Measurement noise (unfiltered)

–

ca. 1%

Rectifier power

–

ca. 6 kW

Rectifier current crest factor

–

ca. 2.5

Resistive load power

–

ca. 4 kW

Filter inductance

The optimization task is 200-dimensional – the reference frequency of 50 Hz
and the pulse width modulator (PWM) working at 10 kHz gives α = 200 samples per period of the output voltage – and has been divided evenly among 5
swarms to reduce dimensionality of the optimization landscape and speed up
responsiveness of the optimizer. The objective is to minimize in real-time
αn
X

J (k, n) = J0 +

2
m
uref
+
C (p) − uC (p, k)

p=αn−1 +1

|
+β

{z

penalty for control error
αn
X

}
2

(uPSO (p, k) − uPSO (p − 1, k)) ,

(5)

p=αn−1 +2

|

{z

penalty for control signal dynamics

}

where n denotes the swarm identification index, p is the sample identification
index and β is the penalty factor (specific values are provided in Tab. 2). It is a
model-free optimization as the plant itself serves a role of the critic (um
C denotes
a noise corrupted measurement). Particles obey speed and position update laws


v nj (i + 1) = c1 v nj (i) + c2 rpbest δp q pbest
− q nj (i) +
nj

+ c3 rgbest δp q gbest
− q nj (i)
(6)
n
q nj (i + 1) = q nj (i) + min{max{−vclmp , v nj (i + 1)}, vclmp } ,

(7)

where v nj and q nj are speed and position of the j-th particle within the n-th
subswarm, q pbest
stores the best solution proposed so far by the j-th particle
nj
from the n-th subswarm, q gbest
denotes the best solution found so far by the n-th
n
subswarm, c1 , c2 and c3 are the inertia, cognitive and social weights, respectively.
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A velocity clamping is implemented and the speed limit is vclmp . In the standard
(classic) PSO, the random numbers rpbest and rgbest are uniformly distributed
in the unit interval and are generated in each dimension for each particle in
each iteration, i.e. they are dimension-and-particle-wise. In what follows, four
less computationally expensive approaches will be tested:
 the particle-wise randomization, i.e. rpbest and rgbest varies from iteration to
iteration and from particle to particle but are kept constant for all dimensions
(also known as a linear PSO [22] because particle’s velocity becomes a linear
combination of the three components present in (6),
 the dimension-wise randomization, i.e. rpbest and rgbest varies from iteration
to iteration and from dimension to dimension but are kept constant for all
particles,
 the list-based PSO [3] with a memory-expensive table in which a list of random numbers is repeated every icycle swarm iterations (icycle to be specified
by the designer) – these numbers have to be stored using resources of a DSC,
hence icycle has to be selected with care,
 the list-based PSO with a memory-cheap table in which mcycle (at most
several hundred) of pseudorandom numbers are stored and if this pool is
depleted, the list is cyclically repeated.
For the sake of compactness, the above approaches have been labeled using
acronyms CPSO, LPSO, DPSO, ME-LBPSOicycle and MC-LBPSOmcycle , respectively. In all experiments described in this paper, the c1 , c2 and c3 factors have
been calculated using the constricted PSO formula [6, 7] and are 0.73, 0.73 · 2.05
and 0.73 · 2.05, respectively. The direction variable δp , having value of −1 or 1,
enables to switch between attract and repel modes and is chosen to be dimensionwise (p-wise), i.e. individual control of diversity is possible in each search dimension. The Euclidean radius has been selected as the diversity measure.
Table 2. Parameters of the swarm
Parameter

Symbol

Value

Dimensionality of the problem

α

200

Number of particles

S

25

f ref S −1

2 Hz

Swarms’ update frequency
Number of subswarms

N

5

Points of division (with α0 = 0)

αn

α1 = 40, α2 = 80, α3 = 120, α4 = 160 and α5 = α

ρ

1.07

Evaporation constant
Diversity threshold
Penalty factor
Constant summand in cost function∗
Velocity clamping level
∗

Dthold

1.5

β

0.25

J0

0.01

vclmp

9.0

to enable knowledge evaporation also for zero sum of squares in (5).
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The optimization task at hand is dynamic due to varying load conditions.
The PSO has been therefore modified to tackle the DOP (dynamic optimization
problem). The first modification involves switching δp in (6) to −1 if the diversity
of the swarm drops below a given diversity threshold Dthold as proposed in [13].
-s and q gbest
by
The second modification handles the outdated memory of q pbest
n
nj
introducing gradual knowledge evaporation [4] in the following form:
#
"
ρP
(i)

nj

if J (q nj (i + 1)) ≥ ρPnj (i)


 
 q pbest
Pnj (i + 1)
nj
#
= "
(8)
q pbest

nj

J (q nj (i + 1))


if J (q nj (i + 1)) < ρPnj (i) ,

q nj (i + 1)
where Pnj stands for the particle’s best fitness and the evaporation constant ρ
has a positive value bigger than 1 for any positive-definite functional J and an
optimization task formulated as the minimization one.

3

Numerical Experiment Results

Selected parameters of the plant are collated in Tab. 1. All randomness strategies
have been tested in exactly the same load conditions to make results comparable,
and the proposed scenario is as follows:
a) the swarms are initialized with near zero uPSO
control vector (no pre-tuning,
0
e.g. for no load conditions, is assumed),
b) the resistive load of ca. 4 kW is applied for 150 s,
c) the resistive load is switched off and the diode rectifier (ca. 6 kW, current crest
factor ca. 2.5) is switched on for 150 s,
d) the diode rectifier is switched off and the initial resistive load is applied once
again.
It is assumed in this study that the performance of all controllers with a reduced
computational burden (due to reduced number of PRNs needed to be generated
in real time) is being compared to the CPSO-based controller. The CPSO requires two new random numbers to be generated each controller sample period.
This means that a PRNG routine is invoked twice per controller sample time.
It is also possible to use a TRNG to decrease computational complexity of the
code to be run on a DSC. However, this notably increases the overall cost of the
control system. Moreover, the needed entropy pool replenishment rate is challenging for off-the-shelf TRNGs [21]. For 10kHz-sampled controller and 16-bit
long numbers, a constant download speed for true random bits no lower than
320kbs is expected. Consequently, it is relevant to design evolutionary algorithms
in such a way that neither PRNG nor TRNG is needed in real time.
The performance of the CPSO-based PDPSRC is illustrated in Figs. 2, 3
and 4. The LPSO-based controller manifests substantially slower convergence
rate (Fig. 5). It has been observed that the DPSO has the success rate lower
than 100% and as such has been omitted in the comparison. The ME-LBPSO3 based repetitive controller has very similar performance (Fig. 6) to the one with
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Fig. 2. The evolution of the root mean square error (RMSE) for the CPSO-based
repetitive controller.
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Fig. 3. The evolution of the output voltage waveform after applying the diode rectifier
load in the CPSO-based repetitive controller case.
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Fig. 4. Steady-state output voltage quality under the diode rectifier load in the CPSObased repetitive controller case (vertical lines indicate transition points between subswarms).

dimension-and-particle-wise randomization scheme. The list of off-line generated
PRNs is cyclically used over each 3 iterations of the swarm, i.e. the list of 3·2 αS
N =
6000 PRNs is used which make the algorithm rather memory-expensive. The MELBPSO2 with shorter list occurs to deliver significantly less satisfactory results
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Fig. 5. The evolution of the root mean square error (RMSE) for the LPSO-based
repetitive controller — much lower convergence rate as for the CPSO (to be compared
with Fig. 2).
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Fig. 6. The evolution of the root mean square error (RMSE) for the ME-LBPSO3 -based
repetitive controller — similar convergence rate as for the CPSO (to be compared with
Fig. 2).

than the ME-LBPSO3 . The less memory-expensive approach introduces a list
of mcycle PRNs, where mcycle is smaller then the size of the pool needed for
a single iteration of the swarm. This means that the PRNs, which are picked
sequentially and cyclically, are repeated already before finishing a given iteration
of the swarm. This has been observed to be detrimental for the search if the list
has unsuitable length. For the moment, there are no sure ways to build an
effective relatively small list. A hint about the minimal length in relation to
the dimensionality of a problem has been given in [3], i.e. typically at most one
hundred of random numbers for a 10D problem is recommended. The discussed
controller operates in 200D search space subdivided into 40D subspaces. The list
of mcycle = 127 pseudorandom numbers has been used. To avoid early repetitions
of pseudorandom numbers for a given particle in a given dimension, it is advised
that the condition
αS
αS
LCM(mcycle , 2
) = 2mcycle
,
(9)
N
N
where LCM denotes the least common multiple, should be obeyed. The list has
been generated by dividing ]0, 1[ in mcycle equally long intervals, and by choosing
in each interval a number at random [3]. The performance of the MC-LBPSO127
is illustrated in Figs. 7, 8 and 9. It can be observed that the system demonstrates
very similar behavior to the CPSO-based solution. Obtained results suggest that
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Fig. 7. The comparison of the performance of three randomization strategies: the classical particle-and-dimension-wise approach (in blue color – copied from Fig. 2), the
memory-cheap list-based approach with moderate list of 127 pseudorandom numbers
(MC-LBPSO127 in green color ), and MC-LBPSO17 with relatively very(!) short list of
17 pseudorandom numbers.
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Fig. 8. The evolution of the output voltage waveform after applying the diode rectifier
load in the MC-LBPSO127 -based repetitive controller case.

the list-based PSO can be effectively used as a search engine in the PDPSRC.
No real-time RNG is then essential, which along with distributable PSO calculations [1] makes the algorithm feasible for the implementation in an off-the-shelf
industrial DSC. Shorter lists are also employable (see Fig. 7 for 17-number-long
LBPSO behavior), but too short list can visibly deteriorate the performance in
comparison to the original PSO algorithm. One should not generalize the above
findings over plants other than the discussed CACF VSI. Nevertheless, it seems
to be reasonable to assume that the strategies found to be good could be valid
also for other problems of a similar or related type.
It should be noted that a list based stochastic search algorithms can adopt
TRNG instead of PRNG without any additional hardware cost, because the
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Fig. 9. Steady-state output voltage quality under the diode rectifier load in the MCLBPSO127 -based repetitive controller case.

TRNG does not have to be built into the system. The performance of the
TRNG-list-based PDPSRC, with a list obtained at [12], has been also tested
and the results are almost identical to the ones presented for the PRNG-listbased controller. This only reinforces the claim that a decent PRNG is sufficient
for evolutionary optimizers.

4

Conclusions

The plug-in direct particle swarm repetitive controller for continuous repetitive
processes has been described. Different randomization schemes for the velocity
update rule have been tested. It has been verified that the list-based evolutionary
search can be effectively used, instead of a pseudorandom number real-time
generation, to synthesize the swarm-based repetitive controller. Therefore, the
computational burden of the control algorithm has been reduced noticeably.
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