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A novel approach for efficient automatic voltage regulation (AVR) control using hybridized artificial
neural network (ANN) model has been proposed in this research work. The novel automatic voltage regula-
tor tuning using an improved neural network has been proposed in this paper. Artificial neural network
has been used as focused time delay neural network (FTDNN). Validation is performed by comparing with
the methods of feed-forward backpropagation neural networks, cascade-forward backpropagation neural
networks, Elman-recurrent neural networks, focused time-delay neural networks and Distributed Time
Delay Neural Networks (DTDNN). This hybridized ANN model incorporated a metaheuristic method
namely Slime Mold Algorithm (SMA) for obtaining improved result on AVR control. SMA has characteris-
tics that uses adaptive weights to simulate the process to generate feedback from the movement of bio-
oscillator-based slime molds in foraging, exploring, and exploiting areas. The performance of the proposed
method is focused on speed and rotor angle. The proposed method is compared with other neural network
methods in a broad set of benchmarks to verify system efficiency. Promising results were obtained in tun-
ing the AVR under 30 %, 60 % and 90 % loading conditions at slime mold count of 50.
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1. INTRODUCTION

The diversity of electricity grid loading has re-
ceived more attention in recent years. Electrical sys-
tem load is a function of the demand for active and
reactive power which depends on various variables
including time, weather, geography, and economy.
This is influenced by the increase in renewable re-
sources and increasing number of electric vehicles that
are widespread. The complexity of power systems
caused by interconnection and high demand for charg-
ing through transmission and distribution networks
[1]. Stability has been a major problem in the perfor-
mance of the operation of the power system. Instability
results in island formation, voltage drop, and blackout.
This often occurs due to overloads, lightning strikes,
faults etc. [2]. Controllers with high stability perfor-
mance are designed to maintain stable operation in
various operating conditions. This is useful to reduce
unwanted conditions. Electrical power systems display
unfamiliar patterns when experiencing major disrup-
tions. This depends on the loading conditions of the
system structure and the location of the disturbance.
The modern electric power systems have a high multi-
variable character that used to be dynamic with differ-
ent response rates [3]. Electrical system is designed to
operate at a specified value. Changes in the system
have been allowed with tolerance limits [4].

A constant output voltage on a generator is very im-
portant to produce the expected power supply. Changes
in the output voltage of a generator are influenced by
various kinds of interference factors, one of which is a
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change in load. Therefore, a special regulator equip-
ment is needed to keep the generator output voltage
constant even when the generator is affected by these
interference factors. In addition, with the aim of main-
taining the stability of the system, this regulator must
be able to regulate the production or absorption of reac-
tive power from the network at every change in load.
This voltage regulator can be controlled both manually
and automatically. In large-scale interconnection sys-
tems, manual regulators have never been used. Moreo-
ver, an automatic regulator device called an Automatic
Voltage Regulator (AVR) has been installed in each
generator. AVR is set under certain operating condi-
tions. AVR is useful for maintaining the frequency and
magnitude of the voltage within its limits. Small chang-
es depend on changes in rotor angle and speed [5].

In several recent research works, the researchers
have updated methodologies to improve AVR control
more efficiently such as Particle Swarm Optimization
(PSO) [6-8], Salp Swarm Optimization algorithm
[9, 10], Teaching-Learning-Based Optimization (TLBO)
[11, 12], Cuckoo Search Algorithm [13-14], Sine-cosine
algorithm [15-16], and neural network [17-19].

An automatic voltage regulator tuning using an im-
proved neural network has been proposed in this paper.
The method to improve the neural network is slime
mold algorithm. Artificial neural network has been
used in this study of focused time delay neural network
(FTDNN). The generator is modeled using Heffron-
Philips. This work mainly focuses on rotor speed and
rotor angle to find out the best suitable performance of
the proposed method.

The results were presented at the International Conference on Innovative Research in Renewable Energy Technologies (IRRET-2021)
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Validation is performed by comparing with the
methods of feed-forward backpropagation neural net-
works, cascade-forward backpropagation neural net-
works, Elman-recurrent neural networks, focused time-
delay neural networks and Distributed Time Delay
Neural Networks (DTDNN).

2. PROPOSED METHODOLOGY
2.1 Slime Mold Algorithm

Slime Mold Algorithm (SMA) method is an optimi-
zation algorithm that duplicates the changing habits
and morphology of the slime mold physarum polyceph-
alum in finding food. Slime mold is eukaryotes that
occupy cold and damp areas. The main stage of the
slime mold namely plasmodium, which is the stage of
organic matter in the slime mold finding for food, twin-
ing it, and detaching enzymes to eat it. Slime mold has
unique patterns that can grow more than 900 square
centimeters if there is an excess of food resources in
the surrounding environment. Slime mold has the
ability to optimize for finding food. Slime mold can
choose the most food sources. On the other hand, slime
mold also takes into account speed, accuracy and risk
in finding food [20].

Slime mold with inadequate information must de-
cide when the right time to move to other areas when
looking for food. When slime mold occupies areas of
high food supply, the pressure to move decreases. Slime
mold has unique characteristics that can utilize a vari-
ety of food sources simultaneously. The adaptability of
slime molds can adjust search patterns based on food
quality. Slime molds will search in restricted areas
when food supplies are plentiful. However, the slime
mold will enlarge the search area when the food supply
in the area is little. The slime mold algorithm generally
consists of following parts:

Phase 1: Approach food

Slime mold searches for and recognizes food from
odors through the air. This method can be modelled as
follows:

Py(0) + vl (W Pa(®) — P5 (D)), 7 < p

P(t+1) = A e
vd-P(t),r=p

p =tanh|H() —BF| i€1,2,..,n, ()]

vl =[~a,al, 3

a = arctanh (— (mai t) +1), 4)

where, the unique spot with the best smell concentra-
tion currently established is PT, , vl is measurable varia-
ble with a limit [—a,a], linearly decreased variables
ranging from 1 to O is Wi), tis the current iteration, the
position of the slime mold is ﬁ, two values chosen ran-
domly are P, and PT;), W is the weight of slime mold.
H(i) is the fitness of P, BF is the best fitness obtained
in all iterations.
The formula of W is listed as follows:
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W (Smellindex (1))
(1 +7-log <bF_—H(l) + 1> condition
B J bF — wF ’ (5)
B bF — H(i)
ll —7r-log <m+ 1), others
Smelllndex = sort(S), 6)

where condition parameter is indicating that H(i) oc-
cupies the top of the population, R is a random value
between 0 and 1, bF is the best fitness measure in the
current iteration process, wF is the lowest fitness value
in the currently iteration process, Smelllndex is the
series of fitness parameters sorted.

Phase 2: Wrap food

The phase is to duplicate the contraction mode of
the slime mold structure mathematically when looking
for food. The more food supply that is touched by the
slime mold network. The signal generated by the bio-
oscillator is getting stronger, the faster the cytoplasm
flows and the thicker the net.

SP*
rand - (ub — Ib) + lb,rand < z
={ B +vl- (W P - (@), r <p @
vd-P(t),r=p

where b and ub are the lower and upper limits of the
seeking, rand and r are the random values with range 0
to 1, zis an experiment to parameter settings.

Phase 3: Grabble food

Slime mold is very dependent on the information
signal sent by the biological oscillator. This will make
the slime mold in the best position. For the duplication
of variant widths of the slime mold parameters are
used W, ﬁ, and vd.

w represents a duplication of the slime mold oscil-
lation frequency when at different food concentrations.
This makes slime mold reach food faster. On the other
hand, when the concentration of food is low from the
position of the slime mold. Slime mold will slow down.
So that the movement of the slime mold is more effi-
cient. The selective character of the slime mold is du-
plicated in vl and vd to find the latest food sources. If
the slime mold finds the latest food source. Slime mold
still have organics that can be used to explore the lat-
est and highest quality food sources.

vl process that duplicates the behavior of the mold
slime to provide information whether to approach the
food or find other food sources. The period will be influ-
enced by environmental factors. On the other hand,
this will increase the impulse of the slime mold to find
high-quality food and avoid local traps.

2.2 Focused Time Delay Neural Networks
(FTDNN)

Focused Time Delay Neural Networks (FTDNN) are
dynamic ANN types. FTDNN has a topology consisting
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of forward feed which has a time delay. This is placed
on the network through which the input is passed.
FTDNN was developed primarily to process temporary
patterns [19]. Time delay placed on topology will sup-
port in predicting and controlling problems effectively
and efficiently in dynamic ANN, the results have sev-
eral variables that can be used to maintain the contex-
tual part of the input unit. The part is available in local
memory in the form of tapped time delay. The basic
FTDNN topology consists of memory structures and
non-linear associations [21]. The FTDNN architecture
can be seen in Fig. 1.

- ZOo--A»<--H0>
“cv-Hco

INPUT LAYER HIDDEN' LAYER OUYPUT‘ LAYER
Fig. 1 — Focused time delay neural network: different layer

topologies

The memory structure functions are to store records
of related past information and the associator functions
is to predict future events with the help of memory
structures. Memory structure contains a time delay
signal that originates from the input. Whereas the
associator contains a conventional network of feed-
forward. The main structure of FTDNN is to have a
special memory structure that is in the input layer. The
advantage of FTDNN is having a simple topology.
Where L is the length of the delay path memory, unit
input is I,(t), the network processes is I,(t), I,(t — 1),
I,(t—=2) .. and I,(t — L), Therefore, the input signal
X1(t) to neuron i (Fig. 1) is given as:

4O =) Wyh(t—1)+b, ®

Output X, (t) is the result of processing X; (t)using a
non-linear activation function. A function that is often
used is the sigmoid activation function

X, () = f(X1(t)) =

1
1+expX1’

9)

At layer 2 there is no time delay. Output X,(t) is be-
comes input at layer 2. It becomes output X;(t). The
results are then activated using the activation function

k
BO=),  Wika(® +by, 10)

X(®) = f(Xs(0) = —— 1)

1+expXs’

One of FTDNN's features is a topology that has not
backpropagation to calculate network gradients. The
tapped time delay is only in the input layer and does
not contain a feedback loop.

2.3 Automatic Voltage Regulator

The generator control consists of two parts, namely

JJ. NANO- ELECTRON. PHYS. 13, 03038 (2021)

Automatic voltage regulators (AVR) and power system
stabilizers (PSS). AVR and PSS have functions to
maintain generator stability [22]. AVR functions to
regulate the terminal voltage at a predetermined value.
Simple AVR is composed of four components, namely
amplifier, exciter, generator and sensor. The schematic
of AVR can be seen in Fig. 2. For mathematical model-
ing, components are assumed to be linear. This takes
into account the main time constant and ignores non-
linearity. The control of the generator is composed of
the AVR and PSS. An automatic voltage regulator
(AVR) and power system stabilizer (PSS) are used to
repair the transient stability.

Voltage Error
Amplifier Comparator
Voltage
Reference
Exciter Rectifier &
- Fliter
Exciter —

. Power

Power
I Transformer

Fig. 2 — Automatic voltage regulation control schematic dia-
gram

3. PROPOSED SMA-FTDNN MODEL

The application of SMA and FTDNN in the tuning
of AVR can be illustrated as shown in Fig. 3. The first
step is to model the generator in a single machine type
Heffron-Philips. The simulation results of the modeling
are data speed and rotor angle. This data is used as
input in a neural network. Random initial weight data
from FTDNN is sampled. The results are processed
using SMA which has three phases. It is a food ap-
proach, wrapping food and garbled food. SMA results
will be a potential weight for FTDNN that can be used
in the network.

4. RESULTS AND DISCUSSION

The proposed method was applied to optimize con-
ventional controller in order to see the enhancement
stability of the power system. The application for the
SMA-FTDNN was written in MATLAB. The dynamic
and transient condition of the proposed regulator was
compared with the operation of the other method con-
troller under three different loading conditions: 30, 60
and 90 %. The validation of the proposed method will be
carried out by comparing it with the FFBNN, CFBNN,
Elman-RNN, FTDNN and DTDNN methods. Each of
these was investigated for speed and rotor angle.

The variables of SMA are also required to be set up
before optimization of the FTDNN model, including the
number of Slime Mold (Search Agent), maximum num-
ber of iterations, and lower-upper limit of the optimiza-
tion (L). Fig. 4 is the performance of search agent with
100 iterations. The use of the highest search agent gets
the best score for fitness. The peak value is 0.2093.
Meanwhile, the settling time value is 15.581. The de-
tailed results can be seen in Table 1.
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Fig. 3 — Proposed SMA-FTDNN model flowchart

—— 30 Seareh Agent
o ——40 Search Agent ||
50 Search Agent

Fig. 4 — Convergence graph of various search agents used for
SMA-FTDNN process

Table 1 — Parameter values for various search agents

Search agent | Rise time | Settling time | Peak
30 24.32 52.298 0.3406
40 13.78 26.723 0.2380
50 07.09 15.581 0.2093

The lower-upper parameter also needs to be set to
get a value that can be used for optimization. The test
uses a random range value, namely the range [-1, 1],
[-5, 5], [~ 10, 10] and [- 20, 20]. Fig. 5 shows the con-
vergence curve value for each lower-upper using the
SMA-FTDNN method. In Fig. 5, it can be seen that the
lower-upper value quickly converges when using the
value [-1, 1]. Testing of slime mold and lower-upper
parameters uses 100 iterations.

Measurement of the performance of the generator is
the speed and rotor angle. The first test is carried out
by overloading the generator with a loading of 30 %.
The results of the loading can be seen in Fig. 6 and
Fig. 7. From Fig. 6, the undershoot values of the
FFBNN, CFBNN, FTDNN and SMA-FTDNN methods
are obtained the same value. The value is —0.53: the
worst score for undershoot belongs to the E-RNN
method. Value - 0.53: meanwhile, the overshoot value
of the CFBNN, FTDNN and DTDNN methods has the
same value, namely 0.39. the worst score belongs to the
E-RNN method. The value is 0.42.
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Fig. 7 — AVR rotor angle response with 30 % load

Fig. 7 is the result of the rotor angle with a loading
of 30 %. In Fig. 7, the worst values for the overshoot
and undershoot are 0.7965 and —2.961. This value
belongs to the E-RNN method. Meanwhile, the under-
shoot value of the FFBNN, CFBNN, FTDNN and
DTDNN methods obtained the same value that is equal
to —2.919.

In Table 2, it can be seen that the undershoot, over-
shoot and settling time of the rotor angle in the SMA-
FTDNN method is the best. The values are —2.913,
0.6367 and 86.944. The undershoot value of speed in
the SMA-FTDNN method is the same as for the
FFBNN, CFBNN and FTDNN methods. Meanwhile,
the overshoot value is slightly better than the E-RNN
method. The value is 0.404.

Experiments with a load of 60 %, the results of the
SMA-FTDNN method obtained the best overshoot and
undershoot values of the rotor angle. The values are
0.7050 and - 3.1524. Meanwhile, the speed results get
the best score in the undershoot section. The value is
—0.5687. The details of the results of the 60 % loading
can be seen in Table 3.
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Table 2 — Speed and rotor angle response at 30 % of load

Speed response Rotor angle response
Methods Under- | Over- Rise Settling | Under- Over- Rise Settling
shoot shoot | time (s) time (s) shoot shoot time (s) time (s)
FFBNN —0.5317 | 0.3987 0.453 86.783 —2.919 0.6685 2.82-10-7 84.427
CFBNN —0.5317 | 0.3986 0.5475 86.849 —2.919 0.6688 2.91-10-7 84.453
E-RNN —0.5371 | 0.4223 0.6947 86.744 —2.9861 0.7965 2.91-10-7 84.453
FTDNN —0.5317 | 0.3986 0.444 86.844 —2.919 0.6688 2.90-10-7 84.451
DTDNN —0.5317 | 0.3986 0.444 86.844 —2.919 0.6688 2.90-10-7 84.45
SMA-FTDNN | —0.5314 | 0.4043 | 1.23-10-1° 86.944 —2.913 0.6367 0.7659 84.302
Table 3 — Speed and rotor angle response at 60 % of load
Speed response Rotor angle response
Methods Under- | Over- Rise Settling | Under- Over- Rise Settling
shoot shoot time (s) time (s) shoot shoot time (s) time (s)
FFBNN —0.5711 [ 0.4296 0.4819 88.144 —3.1694 0.7161 2.61-10-7 85.671
CFBNN —0.571 0.4294 0.5937 88.17 —3.1692 0.7165 2.77-10-7 85.692
E-RNN —0.5795 | 0.4555 0.6714 88.001 —3.2385 0.8592 2.48-10-6 83.886
FTDNN —0.571 0.4294 0.3998 88.172 —3.1692 0.7164 2.76:10-7 85.692
DTDNN —0.571 0.4294 0.6879 88.176 —3.1693 0.7164 2.77-10-7 85.694
SMA-FTDNN | —0.5687 | 0.4338 | 6.76-:10-10 91.243 —3.1524 0.705 0.1695 87.361
Table 4 — Speed and rotor angle response at 90 % of load
Speed response Rotor angle response
Methods Under- Over- Rise Settling Under- Over- Rise Settling
shoot shoot time (s) time (s) shoot shoot time (s) | time (s)
FFBNN —0.6319 0.4793 0.6236 88.557 — 3.4696 0.7743 3.32-10-7 86.004
CFBNN —0.6319 0.4792 0.6678 88.651 — 3.4696 0.7748 2.89-10-7 86.009
E-RNN —0.6425 0.5084 0.6283 88.408 —3.5531 0.9341 3.05-10-7 84.194
FTDNN —0.6319 0.4792 0.3231 88.66 — 3.4696 0.7747 2.91-10-7 86.012
DTDNN —0.6319 0.4792 0.6527 88.659 — 3.4696 0.7747 2.89-10-7 86.01
SMA-FTDNN | —0.6164 0.4743 0.8365 96.784 —3.4159 0.7821 2.76-10-8 91.093

Detailed results of 90 % loading have been por-
trayed in Table 4. With a system loading of 90 %, the
output value of overshoot and undershoot of the speed
respond for the SMA-FTDNN method provides highest
value. The values are — 0.6164 and 0.4743. On the other
hand, the results of overshoot and undershoot of the
rotor angle are different. The undershoot value of the
SMA-FTDNN method is the best.

5. CONCLUSIONS

The development of the latest hybrid methods based
on artificial intelligence techniques for controlling AVR
has been discussed in this paper. The comparison and
evaluation of the methods developed with other meth-
ods are carried out in this article. It can be concluded
that the metaheuristic method has a better perfor-
mance in optimizing artificial neural network. By using
the new method, the slime mold algorithm to optimize
HANN with the focused time delay, the best value is
obtained in automatic voltage regulation control.
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¥V po6oTi 3aIIpOIIOHOBAHO HOBUM MIAXiM A1 epeKTUBHOTO aBTOMATUYHOTO peryiaoBanda Hanpyru (AVR)
3a JI0IIOMOTroI0 TOpHUAM30BAHO0I Moes i mITyuHol HelpoHHOI Mepeski (ANN), a came 3amIpomoHOBAHO HOBE HAa-
namrysadus AVR 3 BUKOpHCTaHHAM BIOCKOHAJIEHOI HelipoHHoi Mepeski. ANN Oya BUKopHcTaHA SK HEM-
poHHa Mepeska 31 cdorycoBanow saTpumkoio dacy (FTDNN). ITepesipka mpoBogusIacs MIJISXOM IIOPIBHAHHSI
3 MeToZaMy HEHPOHHUX MEpesK 3BOPOTHOI'O IOIIMPEHHS 3 IPSIMUM 3B'SI3KOM, HEMPOHHUX MepPesk 3BOPOTHOTO
THOIIUPEHHS 3 KACKAIHUM 3B'SI3KOM, PeKyPeHTHUX HelpouHux Mepesk Envana, FTDNN i meitpoHHuX Mepesk
3 poanoainenomno 3arpumion yacy (DTDNN). I1s riopuausorana momens ANN BRiIIouaia MeTaeBpUCTUYHIHA
MeTO/, & caMe aJropurM cyn3oBol uBimi (SMA) nss oTpUMAaHHS MOJINIIEHUX Pe3yJIbTATIB 10 KOHTPOJIO
AVR. SMA mae xapakTepuCTHKH, SKi BAKOPUCTOBYIOTH aJAIITHBHI OAMHUII MACH JIJIsI MOJEJIIOBAHHS IIPOIIe-
Cy CTBOPEHHS 3BOPOTHOTO 3B'sI3KY BiJI IIEPEMIIIEHHS CJIM30BOI I[BLII HA OCHOBI 010-0CIHJIATOPA B MICIISIX BH-
IOOYTKY, JOCIKeHHS 1 eKcruryaTalrii. EdekTHBHICTS 3aIIpOII0HOBAHOIO METO/Ty OPIEHTOBAHA Ha IMBUIKICTH
Ta KyT poTopa. 3aIporoHOBaHUM METO/T IIOPIBHIOETHCA 3 IHIIMMU METOIaMU HEHPOHHUX MEPEesK y IIUPOKOMY
Ha0opi TecTiB A/ IepeBipKu edeKTUBHOCTI cucTeMu. Bysm orpumani mepCHeKTHBHI pe3ysIbTaTd IpH Ha-
namrysarui AVR mis masanrasensa 30, 60 ta 90 % 1 KijgbkocTi crua3oBoi 1B 50.

Kmiouosi cnora: Illtyuna meiiponna mepeska, Anroputm caus3oBoi 1Bijl, lltyunuit inTesnexr, Edexrusne
aBTOMATHYHE PEryJII0BAaHHS HApyry, Bioreneparop.
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