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Abstract: The smooth working of the power system is essential for the
economic and technological development of the country. But the power system
experience low-frequency oscillations (LFOs) due to various disturbances.
These LFOs if not controlled, grow and cause the system to collapse. The
stability of the system has been analysed with Heffron-Phillips model based on
six K-constants with the synchronous generator (SG) model no. 1.0. In the
present work, a higher-order SG model 1.1 is used for designing a novel and
improved model for damping oscillations in the system and is called an
advanced Heffron-Phillips model (AHPM). Three different cases and
algorithms are considered. It is concluded that the system is stable, safe, and
secure with PSS based on snake optimisation technique. The optimisation and
artificial intelligence techniques produced excellent damping results. This
model is also capable of meeting the challenges of grid integration with
renewables.
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1 Introduction

The synchronous generator (SG) dynamics is based on Park’s voltage equations. The
coordinate system consists of d- and g-axis with a field winding ‘f” on the direct (d)-axis.
The dynamics of the single machine infinite bus system (SMIBS) is studied using the
Heffron-Phillips model based on six K-constants. This model is based on SG model
no. 1.0 which is the third order model. SG model no 1.1 is a fourth-order model and is
called a two-axis model in references. This model includes the field winding dynamics on
the d-axis and one damper winding dynamics on the g-axis. This is a detailed model and
it is used in the present paper for the design of a novel advanced Heffron-Phillips model
(AHPM) of SMIBS for stability studies. This AHPM is based on ten K-constants to
represent the dynamics of the system instead of six K-constants in the old
Heffron-Phillips model (OHPM). This SG model 1.1 is a better model as the dynamics of
exciter can be easily incorporated here, it is a detailed model, the dynamics of d-axis
internal voltage are not neglected here and it gives a better damping analysis of the
system. In this paper the small signal stability (SSS) analysis of SMIBS is done using
AHPM (Padhy and Panda, 2021; Sahu et al., 2021).

For studying the stability of OHPM the system’s linearisation is essential with the
consideration of a small disturbance. The disturbances create low-frequency oscillations
(LFOs) in the system whose frequency range is from 0.1 to a few Hz. These oscillations
if not controlled will grow and cause the system separation. These oscillations are
manifested in the form of movement of the generator’s angular position in the system.
Between the 1970s and 1980s, the LFOs were manifested in the power transmission
system from Scotland to England in Great Britain. It was due to the heavy loading of
lines. In 1984 the oscillations were observed in the Taiwan network when a big amount
of power was transferred on some high-voltage line. In 1996 there was an outage of the
WSCC network which created power oscillations. The prime cause of these oscillations is
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the negative/poor damping of the electromechanical oscillation modes of the system.
After a disturbance, there is a change in the electromagnetic torque of SG. This torque
can be resolved into two components the synchronising (Ts) and damping torque (Tq)
components. The lack of these torques lead to non-oscillatory instability and LFOs
respectively. Automatic voltage regulator with high gain and fast action provided the
necessary (Ts) but not the required (T4). The AVRs were added to eliminate the voltage
variations at the terminals of the generator. But fast-acting AVRs produced negative
damping to the oscillations hence the need for a supplementary damping controller PSS
was identified. The PSS was introduced in the system with AVR to provide the
necessary. The role of PSS was to dampen out these LFOs and to improve the system
stability. The conventional PSS was designed based on fixed parameters and hence was
not suitable for changing operating conditions. The PSS was designed using pole
placement, pole assignment, variable structure control, etc. For dealing with the problem
of changing operating conditions the PSS was designed then using optimisation
techniques and neural networks. These PSS were designed using various algorithms like
genetic algorithm, particle swarm optimisation, artificial bee colony, ant colony, Harris
Hawk, cuckoo search, etc. (Panda, 2009; Mahapatra et al., 2019, 2020).

In the present paper, the parameters of PSS are tuned using a novel meta-heuristic
snake optimisation algorithm (SOA) having the key benefits of exploration and
exploitation for SMIBS. This SOA has been tested on various functions like Zakharov,
Rosenbrock and Rastrigin’s cigar, hybrid, and composition functions. The different
statistical results the average, mean, median, and standard deviation has been compared
with other algorithms and they are found to be better with SOA. The SOA maintains a
perfect balance between exploration and exploitation which is important and essential for
any algorithm. Despite the promising results of other algorithms, SOA is implemented for
tuning the parameters of PSS. This is due to the belief of the no free lunch (NFL) theory
which mentions that there is always a scope for improvement and learning. NFL theory
mentions that it is not possible for any optimisation algorithm to solve all the problems.

In order to validate and analyse the different algorithms and technologies the
following three cases are discussed here.

Casea Damping performance comparison with GOA, MFOA and SOA algorithms with
AHPM.

Case b Damping performance comparison between the traditional PID and PSS both
based on SOA with AHPM.

Case ¢ Damping performance comparison between the traditional PID and artificial
neural network (ANN)-based controller with AHPM.

The novel contributions of the paper are:

1 Implementation of higher order SG model 1.1.

2 Five state variables in state matrix instead of earlier 4.

3 Considering the dynamics of internal voltage along d-axis.

4 The use of fourth order model instead of earlier third order model.
5

Using recent algorithm SOA proposed in knowledge-based system.
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6  The eigenvalue analysis of the system with GOA, MFOA and SOA.
7  The participation factor analysis of the system with three algorithms.

8 The time domain simulation analysis of the system and comparison of three
algorithms.

9  The design of PID controller with AHPM.
10 The comparison between PID and PSS both based on SOA.
11 The comparison between PID and ANN-based controller.

2 Materials and methods

2.1 SG modelling

Synchronous machines (SM) are the most important element of the power system. These
machines are represented by the d and g-axis park model. The SM has three-phase
armature windings on the stator which are the ‘a’ winding, the ‘b’ winding and the ‘c’
winding. There are four windings on the rotor which are ‘f, ‘h’, ‘g’, and ‘k’. The field
winding is ‘f’. The ‘h’, ‘g’, and ‘k’ are the damper coils. The traditional, or OHPM, is
based on SG model 1.0, which is a third-order model known as a one-axis flux decay
model and has six K-constants. In the present paper, a higher-order SG model 1.1, a
fourth-order model, is used for the development of the Heffron-Phillips model for
stability analysis, and it is called an AHPM. In the present paper, the fourth-order model
is used for the design of a novel AHPM instead of the third-order model in OHPM and is
based on the following equations (Jyothi et al., 2021; Das et al., 2022).

2.2 Old Heffron-Phillips model

A single machine connected to infinite bus with a transmission line shown in Figure 2. It
is checked for the stability analysis under small disturbances/perturbations with SOA in
this paper. The mathematical analysis of the model is based on system equations and six
K-constants which are derived after linearising the system around an operating point. The
derivation of these six constants was done firstly by Heffron and Phillips and hence this
model is popular as Heffron-Phillips model (Nie et al., 2019). The transfer function
model of OHPM with six K-constants is given in Figure 1.

_ dP, JP, oE oE oV Vv

KZ:_’K3=_?’K4=_°‘ Ks=—,K¢ =

Kl - s 7 s s B
9 3E, 3E, R 3% 3E,

2.3 The AHPM

For including the dynamics of internal voltage along d-axis there is one more state
variable in state matrix. In OHPM the state vector X is [AS Ao AEy AEy ™. In AHPM
the state vector X is [AS Ao AEy AEy AE% ™. The system equations including ten

K-constants are:
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Figure 1 The OHPM (see online version for colours)
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2.4 The SMIBS with PSS and exciter

The PSS is added in SMIBS to mitigate the problem of oscillations created due to
negative torque produced by AVR. An additional voltage stabilising signal (Vs) is added
as an input signal to the system. This signal is generated by PSS whose input is rotor
speed deviation (). The different input signals to the PSS can be frequency, rotor speed,
electrical power, or some combination of these signals. Figure 2 shows the diagram of the
SMIBS with PSS included. G stands for SG.

Figure 4 shows the PSS lead lag structure (PSSLLS). The PSSLLS has a gain block
with constant, washout block (WOB) which acts as a high-pass filter and two stage lead-
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lag compensator block to compensate for the phase lag between the output and input
signals. When the operating conditions change the conventional PSSLLS may or may not
produce the adequate/required damping for SMIBS hence alternatives or algorithms are
needed to add in OHPM (Anantwar et al., 2019; Mallikarjunaswamy et al., 2020).

Figure 2 The novel AHPM (see online version for colours)
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Figure 3 SMIBS with PSS (see online version for colours)
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Figure 4 The PSS lead-lag structure (see online version for colours)
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2.5 State space representation of the SMIBS with model 1.1

There are now five state variables instead of four state space variables in old HP model.
The equations involving the state space model are: X = AX+BU and Y = CX + DU,

where A, B, C, D are the constant matrices and X, Y, U are the state, input and output
vectors (Gandhi and Joshi, 2013). Figure 5 shows the AHPM with PSS.

Figure 5 The AHPM with PSS (see online version for colours)
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2.6 Development of state matrix A based on PSS parameters

The various equations involving the development of A matrix are (Gandhi and Joshi,
2019):

AEy = - 228 A5 - A AR, - A0 AR, + —2 AV,
TA TA TA TA
1 K (6)
——AEg +—2 Vpss
Ta Ta

. 1 K
Erp = —Epp +—(Vier — Ve + Vpss) @)

Ta Ta
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Figure 6 The PSS with three more state variables (see online version for colours)
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There are now three more state variables given in equations:

KK DK K,K . Ki3K , 1
Ay = —10PSS A5 PSS Agy,, — - 2PSS AE, - 3PS AR L Ay, ®)
2H 2H 2H 2H Tw
AV; =—a1A8 —a,A0, —a;AE; —asAE ] —asAv; +agv, )
A\'/pss =-bAd—brAw, — b3AE,q - b4AE,d +bsAv; +bgv, + b7Vpss (10)
The A matrix based on above equations is
0 op 0 0 0 0 0 0 ]
kD K _K o 0 o0
2H 2H 2H 2H
_I,<5 0 —— ! 0 L 0 0 0
Tqo Ta0K4 Tao
X 0 0 — 0o 0 0 0
T, T40Ks
KKy, KK KaKe 1 o o Ka
Ta Ta Ta Ta Ta
_KiKpss _DKpss _KoKpss _KsKess o _ 1 4
2H 2H 2H 2H Tw
a7l an a3 a4 a7s a76 a77  agg
L asi ag asg3 ag4 ags age dg7  asgg j

Here the values of elements of a are based on time constant parameters of PSS and
machine parameters. Here the state vector is

. . ., ., ., o, o . T
X=[AS Aon AE, AE, AEy AV, AV, AVpss] .

The detailed explanation of the terms is explained in Padiyar (2008).

2.7 Schematic block diagram with three algorithms

The different types of PSS are shown in Figure 7. The parameters of PSS are tuned using
three different algorithms which are the genetic optimisation algorithm (GOA), the
moth-flame optimisation algorithm (MFOA), and the novel SOA (Hesham et al., 2021).
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Figure 7 The schematic block diagram (see online version for colours)
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2.8 Development of AHPM with PID controller

Different controllers are used in power system. The proportional term in the controller
produces an output that is proportional to the present error value. The response can be
adjusted by multiplying the error with a constant which is called the proportional gain
constant Kp. The value of Kp should be neither too high nor too low else the control
action will be too small and the system may become unstable respectively. The integral
term corresponds to the accumulated errors from the past. The integral term includes both
the magnitude and duration of the error. The proportional integral (PI) controller is a
special type of proportional integral derivative controller. In the proposed work the PID
controller is used for the robust design of the damping controller for a power system. PID
controllers generally provide acceptable control with default tunings. The performance
can be improved by properly and carefully tuning the parameters of the controller. The
rotor speed deviation signal is taken as the input here. Figure 10 shows the system with a
PID controller (Hesham et al., 2021; Panda et al., 2011). In the present work, the PID is
tuned by a novel SOA algorithm and these constants found are as under:

P=1.0000 1=0.2916 D =1.0000

The output of PID is given by

K
AV]J[D = |:Kp +—I+ KDS:I A(Om
S
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Figure 8 The AHPM with PID controller (see online version for colours)
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2.9 The ANN technology

The ANN is a branch of artificial intelligence that is based on a biological network of
neurons. Neurons are interconnected in various layers of the network. ANN helps in
solving real-world problems. It has remarkable computational capabilities and mimics the
process of the brain. In the present work, the traditional PID controller is replaced by the
ANN controller after feeding the parameters in the custom neural block (Dodangeh and
Ghaffarzadeh, 2022). The results of PID and ANN-based SMIBS are compared and
shown in various figures. The different activation functions used are tansig, logsig and
purelin. The network training function used is trainlm. This function updates the values
of weights and biases according to Levenberg-Marquardt optimisation. This algorithm is
the fastest backpropagation algorithm, it is the highly recommended first-choice
supervised algorithm. The other parameters such as learning rate, epochs, and goals are
fed for developing the custom neural network block. Then PID is replaced by that ANN
block in the system (Kashki et al., 2010).

3 Problem formulation

3.1 Problem formulation

The time multiplied by absolute error (ITAE) is chosen as the objective function (OF)/
performance index. The parameters of PSS, TCSC and CPT are obtained by SOA. The
deviation in rotor speed signal has been chosen as feedback signal for the PSS and TCSC
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stabilisers. The objective is to minimise the performance index over time (Acharya and

tsim
Shah, 2018). The OF is j t|Am(t)|dt. The different constraints are given by:
0

Kpsscoa < Kepsscoa < Kppsicoa

MIN
TPSSGOA < Tipsscoa < TIPSSGOA TZPSSGOA < Topsscoa < T2PSSGOA
TMN

spsscon < Tipsscoa < Tipsscon  Tapsscoa < Tapsscoa < TiBsscoa

Kppssmroa < Kepssmroa < Kpbsdviroa
MIN
TlPSSMFOA < Tipssmroa < TIPSSMFOA TZPSSMFOA < Topssmroa < TZPSSMFOA

MAX
Tipssmroa < Tapssmroa < Tipgsvron  Tapssmroa < Tapssmroa < TiBssuroa

Kppsssoa < Keesssoa < Kppsssoa
MIN
TPSSSOA < Tipsssoa < TIPSSSOA TZPSSSOA < Topsssoa < TZPSSSOA

Tipsssoa < Tapsssoa < Tipagson  Tapsssoa < Tapsssoa < Tipssson

3.2 Different parameters

Table 1 The parameters of GOA, MFOA and SOA

Parameter Value
Population_Size GOA (N) 20
Maximum Number of Generations GOA 100
Lower Bound KPGOA 1
Upper_Bound KPGOA 50
Lower Bound PSSGOA T1 to T4 0.01
Upper Bound PSS GOA T1toT4 1.00
Type of crossover (arithmetic) 2
Dimension_ GOA 5
SearchAgents MFOA 20
Max_Iteration 50
Function Name MFOA F24
Dimension. MFOA 5
Lower Bound KPMFOA 1
Upper Bound KPMFOA 50
Lower Bound PSSMFOA T1 to T4 0.01
Upper_Bound PSS MFOA Tl1toT4 1.00
Population_Size SOA (N) 20
Mxaimum_ Number of Iterations SOA (T) 50
Dimesion_SOA (dim) 10
No. of variables for PSS _SOA 5

Upper_Bound PSS SOA 1.00
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Table 1 The parameters of GOA, MFOA and SOA (continued)

Parameter Value
Lower Bound PSS SOA 0.01
Simulation Time SOA 10 seconds
T_W for PSS_SOA 10 seconds
T W for PSS MFOA 10 seconds
T W for PSS_SOA 10 seconds

4 Results and analysis

Casea Damping performance comparison with GOA, MFO and SOA algorithms.

4.1 Gain and time constants

Figure 9 shows the simulation diagram of the AHPM with ANN controller. For the
models with PSS based on SOA and PID based on SOA the ANN block is replaced by
respective controller (Gandhi and Joshi, 2014b).

Table 2 Parameters obtained from three algorithms
S. no. GOA MFOA S04
K 10 5.7 7.8
Tl 0.8 0.7 0.5
T2 0.9 1.0 0.4
T3 0.5 0.2 0.2
T4 0.1 0.5 0.3

4.2  The system A matrix without any PSS or PID

This is the SMIBS state matrix without any device. This is a 5 by 5 matrix due to 5 state
variables now instead of earlier 4 by 4 matrix in OHPM.
0.0000  0.0000  0.0000 0.0000 0.0000
—0.0375 —-0.0000 0.0000 0.0000 1.6000
ANODEVICE =1.0e+04 *| —0.0051  0.0000 —0.0003 0.0000 0.0000
—0.0251 -0.0000 —0.0001 0.0000 0.0000
0.0029 —0.0000 0.0001 0.0000 —0.0040

The A matrix with determined by GOA (including time constants)
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Oe+04

[0.0000 0.0314 0.0000 0.0000 0.0000
—0.0000 0.0000 —0.0000 -0.0000 0.0000
—0.0000 0.0000 —0.0000 0.0000 0.0000
—-0.0000 0.0000 0.0000 -0.0003 0.0000
0.1483 0.0000 0.6969 0.3578 —0.0040
-0.0003 0.0000 —0.0005 -0.0001 0.0000 -0.0000 0.0000
—0.0003 0.0000 —0.0004 —0.0001 0.0000

| —0.0002 0.0000 -0.0005 —0.0002 0.0000 -0.0000 0.0001 -0.0002 |

0.0000
0.0000
0.0000
0.0000
0.0000

0.0001

0.0000
0.0000
0.0000
0.0000
0.0000

—0.0001

Figure 9 The AHPM with ANN controller (see online version for colours)
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1.0e+04
0 0.0314 0 0 0 0 0 0 |
-0.0000 0  -0.0000 -0.0000 0 0 0 0
-0.0000 0  —0.0000 0 0.0000 0 0 0
y -0.0000 0 0 —-0.0003 0 0 0 0
0.1483 0 0.6969 0.3578 —0.0040 0.0000 0 1.6000
—-0.0001 0 -0.0001 -0.0000 0 —-0.0000 0 0
-0.0005 0  -0.0008 -0.0002 0 0.0009 -0.0009 0
| —0.0001 0 -0.0000 -0.0000 0 0.0003 —0.0002 —0.0001 |

The A matrix with SOA (including time constants)

1.0e+04
0 0 0 00000 0 0 0 0 0
-0.0375 —0.0000 0 0 0 0 0 0 1.6000
-0.0051 0  —0.0003 0 0 0 0 0 0
—-0.0251 —0.0000 —0.0001 0 0 0 0 0 0
0 0 0  0.0002 —0.0000 0 0 0 0
0 0 0  0.0002 —0.0000 —0.0003 0 0 0
0 0 0  0.0002 —0.0000 —0.0001 —0.0003 0 0
0 0 0 0 0 0 0 0 0
| 0.0029 —0.0000 0.0001 0.0002 —0.0000 —0.0001 0.0001 0 —0.0040 |
The A matrix with PID
1.0e+04
0 0 0 0.0000 0 0 0 0
-0.0375 —0.0000 0 0 0 0 0 1.6000
-0.0051 0  —0.0003 0 0 0 0 0
.| ~0:0251 -0.0000 —-0.0001 0 0 0 0 0
0 0 0 00000 0 0 0 0
0 0 0 00014 0 —0.01000 0
0 0 0 0 0 0 0 0
| 0.0029 —0.0000 0.0001 0.0014 0.0001 —0.0100 0 —0.0040 |

4.3 The participation factor analysis

The participation factor is used to find out the influence of different states on the different
modes of the system. The higher the value of elements of participation matrix the higher
is the relation between the state variable and corresponding mode. It means the
contribution of that state variable is more to that particular eigenvalue or oscillatory
mode. For the development of participation matrix right and left eigenvectors are
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required. The SSS assessment of the system is done using eigenvalue and participation
factor analysis of the system. For the stable and secure system, it is essential that all the
eigenvalues (EVS) all the modes of the system are stable (Patel and Gandhi, 2018). The

participation factor by GOA is

0.0011
0.0002
0.0499
0.0000
2.0681
0.0004
0.0005

| 0.0000

0.5274
0.0829
5.1102
0.0056
304.2952
1.3096
2.5869
0.3315

0.4079
0.0086
0.5318
0.0000
0.5988
0.0026
0.0045
0.0000

2.3685
0.0106
1.0629
0.9467
4.3572
0.0527
0.0069
0.0000

The participation factor by MFO is

[0.0013
0.0000
0.0131
0.0000
6.5385
0.0003
0.0000

| 0.0000

0.2172
0.0084
1.9930
0.0069
327.5902
0.1483
0.0117
0.0011

8.2717
0.1673
0.0405
0.0087
5.0344
0.0477
0.0012
0.0000

4.4629
0.0721
0.0375
0.0081
13.3363
0.1262
0.0865
0.0000

0.1088
0.0002
0.0102
0.0000
0.0023
0.0001
0.0003
0.0000

0.0171
0.0001
0.0002
0.0000
0.0224
0.0001
0.0000
0.0000

The participation factor by PID based on SOA is
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The values of elements in participation matrix by PSS based on SOA are the least. This
shows that the contributions of different state variables to the oscillatory modes are least
with PSS based on SOA. Hence the best damping is achieved by PSS based on SOA.

4.4  Time domain simulation analysis

Figures 10 to 16 show the results of simulation of models without any controller or no
controller (NC), PSS with GOA and PSS with MFOA and PSS with SOA. The variation
of rotor angle, rotor speed, field voltage, internal voltage along d-axis and internal
voltage along g-axis, power and voltage are shown in various figures. The system
response is checked for a 10% step increase in input mechanical power at time t = 1 sec
for a loading condition of P = 0.6 pu and Q = 0.0224 pu. From the figures it is observed
that the best results are obtained with SOA. The oscillations take less time to settle and
overshoot is also less. The system reaches to stable state is a very less time. The control
effort is less with SOA. The PSS based on SOA shows the optimum performance.
SOA-based PSS is the robust and excellent damping controller.

Figure 10 Rotor angle (case a) (see online version for colours)
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Figure 11 Rotor speed (case a) (see online version for colours)
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Figure 12 Field voltage (case a) (see online version for colours)
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Figure 13 Internal voltage (g-axis) (case a) (see online version for colours)
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Figure 14 Terminal voltage (case a) (see online version for colours)
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Figure 15 Accelerating power (case a) (see online version for colours)
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Figure 16 Internal voltage (s-axis) (case a) (see online version for colours)
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Case b Damping performance comparison between the traditional PID and PSS.

4.5 Time domain simulation analysis with PID and PSS both based on SOA

Figures 17 to 23 show the comparison of the system with NC with the models based on
PID and PSS. The various parameters are rotor angle, rotor speed, the internal voltage
along the g-axis, the internal voltage along d-axis, field voltage, power, and terminal
voltage. From the various figures, it is seen that the results are better with PSS than with
PID controller. Both PID and PSS are tuned by SOA. The turning of the PID controller in
the presence of disturbances is difficult hence the results are better with PSS based on
SOA. The input signal to the PID controller is the speed deviation of the generator. This
error is minimised using PID based on SOA.

Figure 17 Rotor angle (case b) (see online version for colours)
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Figure 18 Rotor speed (case b) (see online version for colours)
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Figure 19 Accelerating power (case b) (see online version for colours)
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Figure 20 Terminal voltage (case b) (see online version for colours)
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Figure 21 Field voltage (case b) (see online version for colours)
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Figure 22 Internal voltage g-axis (case b) (see online version for colours)
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Figure 23 Internal voltage (d-axis) (case b) (see online version for colours)
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Figure 24 Convergence (see online version for colours)

-3
8.38 <10 -

8.36 1

8.34 |- T

8.3 b

Convergence

8.26 [ i

8.24 I I 1 1 I I I I L
0 5 10 15 20 25 30 35 40 45 50

Generation



84 N. Agrawal et al.

The open loop system is highly unstable. The settling time with PID based on SOA is
more than six seconds. The settling time with PSS based on SOA is 2.5 seconds for rotor
angle variations.

4.6 Plot of EVS with NC, with GOA, MFOA, SOA and PID

EVS of state matrix A is determined using MATLAB and are known as modes of the
system. The damping ratio is calculated from the EVS for stability analysis The EVS may
be real or complex. Figures 25 to 29 show the plot of EVS without any controller, with
PSS based on GOA, with PSS based on MFOA, with PSS based on SOA, and with PID
controller. The real part of the eigenvalue is shown by the X-axis and the Y-axis shows
the imaginary part. The real eigenvalue shows the non-oscillatory mode and a negative
real eigenvalue shows a decaying mode. The complex eigenvalue occurs in conjugate
pairs which corresponds to an oscillatory mode. The real part of the eigenvalue shows the
damping and the imaginary part shows the frequency of oscillations (Patel and Gandhi,
2017; Gandotra and Pal, 2022).

Figure 25 EVS with NC (see online version for colours)
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Figure 27 EVS with MOFA (see online version for colours)
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Figure 28 EVS with SOA (see online version for colours)
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Figure 29 EVS with PID (see online version for colours)
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It is required that all the mode, i.e., the EVS should be stable for the robust system. For
stability the EVS should lie to the left half of s-plane. From the various figures, the
location of EVS with all the models can be compared. The EVS are left to the maximum
with SOA-based PSS.

Case ¢ Damping performance comparison between the traditional PID and with ANN.

4.7 Variation in rotor angle and rotor speed

In Figures 30 and 31 shows the variation of rotor angle and speed without any controller
and with PID based on SOA (Hashim and Hussien, 2022) and with ANN controller. The
open loop system is unstable. The settling times with PID based on SOA are more than
six seconds. The settling time with the ANN controller is 2.5 seconds for the rotor angle.
The results with ANN controller are similar to PSS based on SOA. Both the PSS based
on the optimisation technique SOA and the controller based on artificial intelligence
technique which is ANN produced excellent and similar results for damping profile
improvement of the system for case studies B and C. This shows that the AHPM with
PSS based on SOA and AHPM with ANN controller is both excellent damping
controllers as compared to the system with GOA, MFOA, or PID controllers.

Figure 30 Rotor angle (case c) (see online version for colours)
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This shows that optimisation algorithm-based controller and the artificial intelligence
technology-based ANN controller is excellent for damping control. The participation
matrix showed the relation or the degree of association between the EVS and the rotor
modes of the system. The value of elements of the participation matrix with SOA-based
PSS is less. Overall, the system is found to be robust with SOA-based AHPM. The
system performance with PID based on SOA is compared with PSS based on SOA and
with ANN controller. For case studies B and C, the controllers PSS with SOA and ANN
controller is found to be producing similar results.
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Figure 31 Rotor speed (case c) (see online version for colours)
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5 Conclusions

In the present paper, a novel AHPM is developed for designing the power system. This
model has five state variables instead of the four state variables used in the old HP model.
The study is performed on the detailed model of SG without neglecting the dynamics of
the d-axis internal voltage. The parameters are optimised by a novel SOA which has
excellent exploration and exploitation features. Robust power system is developed with
AHPM based on SOA and this is observed from the variation in various parameters
shown in various figures. The system EVS are shifted to the more left half of the s-plane
which indicates an improvement in stability. The damping ratios are higher with PSS
based on SOA model. The higher the damping ratio, the more is the stability of the
system. The oscillations are settled faster and system stability is improved with PSS
controller based on SOA and AHPM. It is suggested that both controllers (based on
optimisation technique SOA and ANN methodology) are excellent as compared to
systems based on GOA, MFOA, and PID controllers. The AHPM model is capable of
meeting the challenges of grid integration with renewables. There will be no interruption
in power supply and hence no obstacle in the growth and development of country.
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