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Abstract: This paper proposes training improvement methods of artificial neural networks (ANN)
trajectory predictors. First, a dynamic power system time-series trajectory is split into several
different segments to simplify the original ANN training problem. Moreover, the time-derivative of
the trajectory is included to obtain an augmented loss function. Compared to previous studies which
mainly focused on increasing the prediction accuracy, the aim of these novel techniques is to reduce
the computational burden where the ANN output performance is still acceptable. The effectiveness
of the developed methods is validated based on the WSCC three-machine nine-bus and IEEE 39-bus
system models. The mean absolute error (MAE) and trajectory prediction results are analyzed, in
which the numbers of neurons, hidden layers, and training epochs are constrained during the ANN
training process. Rotor-angle difference between generators and the system frequency are
investigated as the dynamic trajectories of the power system models. It is revealed that when the
ANN architecture and epochs are constrained, the MAE results can be reduced, and the ANN
training results can better reflect the original trajectory using the improvement approaches.

Keywords: augmented loss function; artificial neural network; piecewise segment; power system
dynamics; training improvement; trajectory prediction

1. Introduction

1.1. Background and Motivation

Recently, Phasor Measurement Units (PMU) have been widely adopted by many power system
operators for monitoring their systems. The PMU measurements are gathered at a high sampling
speed between 30 and 240 samples per second [1,2]. In addition to the bus voltage magnitude, phase-
angle data can also be obtained from PMU measurements [2]. The installation of PMU units is
globally popular for new substations to utilize this data [3]. For example, PMU data can be used for
real-time frequency-stability monitoring, state estimation, disturbance analysis, and wide-area
control. Considering the installation of large-scale renewable energy sources with high output
fluctuations, the importance of real-time power system monitoring and rapid analysis by PMU units
should be emphasized.

One of the interesting fields is the effort to apply these PMU measurements to artificial
intelligence (AI) models. Many studies have focused on developing models that predict the power
system stability using Al techniques. For instance, local frequency measurements using PMU devices
are gathered and used to train an Al model that predicts the global short-term system frequency. In
addition, phase angle measurements from different buses can be applied to rotor-angle stability
prediction models.

Most previous studies have focused only on increasing the accuracy of these prediction models.
In general, it is required for the prediction models to have complicated architectures with large
hyperparameters to obtain good accuracies. This inevitably results in significant calculation burden
and increased memory resources during the training stage. In this context, the application of these
Al skills is limited to computers with very high performance.

© 2024 by the author(s). Distributed under a Creative Commons CC BY license.
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Unlike the aforementioned approaches, training improvement methods are proposed in this
article to relieve the huge computational burden during the training stage. The aim is to extend Al
applications with reduced training difficulty and an acceptable output performance.

1.2. Literature Review

The majority of previous studies on Al prediction models have focused on improving prediction
outputs. These outputs are evaluated based on either classification accuracy or regression error.
Large-scale training, validation, and testing data are required to train and assess the models. The
prediction accuracy improvement of the transient stability assessment in the IEEE 39-bus system
models is examined in [4]. Based on long short-term memory (LSTM) and support vector machine
(SVM) methods, a fault detection model after a transmission line trip is developed in [5]. The transient
rotor-angle behaviors of power system models can be trained using physics-informed neural
networks (PINN) [6,7]. Predictions of power system frequency dynamics by PINN are studied in [8—
10].

The implementation of Al techniques is also popular for time-series data prediction in the field
of power system engineering. The hourly output predictions of renewable energy sources, such as
photovoltaics and wind power plants, are discussed in [11-15]. The effectiveness of the LSTM model
for short-term industrial load demand forecasting is validated in [16]. The prediction of time-series
frequency data in the US for one second is formulated by a state space model in [17]. A prediction
model of the frequency trajectory for three minutes is proposed in [18] using a Bayesian network. An
artificial neural network (ANN) model is adopted to train the time-series frequency trajectory on an
hourly time-scale [19]. The utilization of auto-regressive moving average (ARMA) models for the
prediction are also analyzed in [20,21]. Under-frequency load shedding by a wide-area-monitoring-
system (WAMS)-based short-term frequency trajectory prediction is explained in [22].

Moreover, proposals for Al-based time-series trajectory predictions have been examined in other
research fields. The predictions of the motion trajectories of a vehicle and vessel are assessed in
[23,24], respectively. Aircraft route trajectory prediction is discussed using hybrid neural network
models in [25,26]. Pedestrian path predictions based on bidirectional LSTM networks with automatic
trajectory clustering are proposed in [27,28]. A trajectory prediction model for autonomous air
combat vehicles is investigated in [29].

These studies have attempted to increase the accuracy of prediction outputs with well-designed
or optimized hyperparameters of the training models. In contrast, few studies have focused on the
efficiency of the training process with constrained training hyperparameters. No trial to reduce the
calculation burden during the training stage has been conducted.

1.3. Contribution in This Paper

The objective of this paper is to improve the training process of the ANN trajectory prediction
models. First, the original trajectory of the training data is split into several different segments based
on the minimum, maximum, and inflection points. Consequently, the original training problem can
be divided into sub-problems. This reduces the complexity of each training problem. In addition, the
time-derivative terms of the training data and ANN output trajectories are added to the loss function.
Inspired by physics-informed neural networks, ANN models can be trained with fewer calculation
resources by using this augmented loss function.

The main contribution of this paper is explained as follows:

1) The effectiveness of the training improvements is analyzed in constrained training conditions.
This aims to reduce the training calculation difficulty of the ANN models. The output performance
of the ANN models may not be optimal, but is still reasonable.

2) The ANN trajectory output is a closed analytic form and differentiable [30], and has better
applicability than discrete PMU data. Furthermore, the required number of parameters for the time-
series data calculation is much less than that in conventional numerical approaches, such as the
Runge-Kutta method [30].
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3) The proposed method can be adopted and extended to other trajectory predictors. In this
study, the validity of the training improvements is explained for the rotor-angle and frequency
trajectories in power system models. In addition to the applications in the field of power system
engineering, the proposed approaches can be used in many other research areas.

These methods have been validated in WSCC three-machine nine-bus and IEEE 39-bus system
models. To evaluate the effectiveness of the developed methods, the ANN outputs and original
training data are compared to calculate the mean absolute error (MAE) losses after the ANN training
process. It has been demonstrated that when ANN training hyperparameters such as the number of
neurons, hidden layers, and epochs are constrained, the ANN training results have lower MAE losses
and better reflect the original training data compared to the cases without the proposed methods.

This article is organized as follows. An overview of the ANN training improvement techniques
is provided in Section 2. The power system models are explained in Section 3. The effect of the
proposed improvement methods on the ANN model training is presented in Section 4, and the
conclusion is presented in Section 5.

2. ANN Trajectory Prediction Model

2.1. Concept Overview

The following variables are available from PMU measurements in phasor format: voltage,
current, active power, reactive power, frequency, and rate of change of frequency (ROCOF) [2,31].
These PMU devices are installed in substations of high-voltage transmission systems. Local PMU
measurements are transferred to the control center of the transmission system operator (TSO) using
a communication network. The PMU measurement data is sampled in discrete format. The PMU data
sampling speed is between 30 and 240 samples per second [1,2].

A continuous trajectory predictor can be trained using discrete PMU data. Unlike the original
discrete PMU measurements, this continuous trajectory is differentiable and has a closed analytical
form [30]. Thus, it can be said that the applicability of this continuous trajectory is better than that of
the PMU data. For example, a TSO can establish several trajectory predictors for representative and
frequent system disturbances. This helps the TSO predict the dynamic behaviors of the system and
take proper actions to minimize the impact of disturbances.

The principle of continuous trajectory prediction using an ANN model is described in Figure 1.
The initial value of the PMU data x(fo) is required as the input data for the ANN model. The output
data x’(t) consist of Nx time-series data, where N is the total number of output data-sets. If a short
time interval between t = Niz and Ni is selected, the output data of the ANN model can be handled
as a continuous time-series trajectory.

The ANN model training process is summarized as follows. The PMU discrete data x during t =
0 ~ Nx are gathered. Among all the PMU data, the initial value x(t) is used as the input data of the
ANN model. After calculating all hidden layers, the ANN output trajectory x’(t1) ~ x'(tn) is acquired.
The loss function value is evaluated to update the weight and bias parameters of the ANN model
based on their gradient values. Therefore, the definition of the loss function directly affects the
training stage. The manipulation of a loss function can be considered to improve ANN model
training. A detailed explanation of loss function manipulation is provided in the next subsection.
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Figure 1. Overview of the proposed ANN training improvement methods.

Generally, large-scale big data are used to train and evaluate Al-based prediction models. In
addition to the training dataset, validation and testing data are required. On the contrary, this paper
aims to improve the training process of ANN models. Hence, we only focus on the training stage of
the ANN model. The ANN training results can be evaluated by comparing the PMU training data
with the ANN outputs. No validation or testing data are necessary for this process.

2.2. Augmented Loss Function

The loss function of an ANN model is the difference between the target value and ANN output.
It is desirable to minimize this loss function value to achieve a good ANN prediction performance.
The weight and bias values are adjusted based on the gradients to reduce the loss function. This
training process can be handled as an optimization problem which minimizes the loss function by
adjusting the weight and bias parameters.

It has been reported that the output prediction accuracy can be increased by incorporating the
physical and dynamic characteristics in the loss function. For instance, the swing equation of a power
system model is included in the loss function for the identification of state parameters [32]. An
augmented loss function containing the Karush-Kuhn-Tucker (KKT) condition in optimal power flow
(OPF) analysis is proposed to reduce the training time and test error [33].

In this paper, the time-derivative term of the dynamic trajectory is added to improve the ANN
model training. Consequently, the weight and bias parameters can be updated by considering not
only the training data itself, but also the time-derivative characteristics. The augmented loss function
L for the ANN training improvement is defined as follows:

L=L(x,))+ AL (x,1) (1)
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where L is the total augmented loss function which is composed of two loss terms L: and L:. L1 is the
common mean absolute error (MAE) value. It is calculated as the mean of the absolute values of the
error between the ANN trajectory prediction output x” and the original training data x in (2). In
addition, the time-derivative terms of the ANN prediction output x” and training data x are evaluated
in L2 loss function. This L: is obtained by the mean of the absolute values of the error between the
time-derivatives of x” and x. A is the regularization parameter of L2 loss function.

2.3. Piecewise Segment Training

In many cases, the transient behavior of time-series trajectories in power systems is nonlinear. It
is difficult to train a trajectory predictor model if the trajectory is nonlinear or irregular. To overcome
this barrier, a data simplification method is proposed in this paper. The original training data are
divided into several segments. The segments can be divided based on the local minimum, maximum,
and inflection points of the training data. Each training data segment is used to train its respective
sub-predictors. The difficulty of each sub-predictor training problem can be reduced compared with
the original training problem. Hence, the number of hyperparameters and the model architecture
complexity of a sub-predictor can be reduced. The concept of this data segment division is described
in Figure 1, in which the original PMU training data are divided into three segments: 51, 52, and S3.

2.4. Training Process of ANN Model

The time-series ANN trajectory prediction model has a single input layer, a single output layer,
and 7 hidden layers. The computational burden can be reduced with low hidden layer n. However,
the nonlinear behaviors of the training data cannot be effectively reflected by this shallow ANN
structure.

Hyperbolic tangent functions are used as the activation function. The original PMU data x are
normalized by the min-max normalization xuor in (4). Therefore, the training data x.r have a value
between zero and one.

The input data of the ANN trajectory prediction model are the initial value x(to) of the time-
series data. The dlode45 function in MATLAB is adopted to obtain the ANN output trajectory x'(t).
The ANN model can be incorporated as a user-defined new function ‘odeModel” in the dlode45
function (5). To-~ is the time duration during =0~ N.

_ x(t;)—min(x)
e —— @)
x,’W(tl.) =dloded5(@ odeModel, T, _,,x(t,)) (5)

The ANN training procedure is illustrated in Figure 2. After the PMU data acquisition and min-
max normalization, the ANN weight and bias parameters are initialized. For the numerical analysis,
a time-domain simulation is performed based on the Runge-Kutta method. Among all the time steps
of the Runge-Kutta calculation, the data which are consistent with the PMU sampling period are
adopted as the training data. The ANN trajectory output, xwr is obtained from (5). Based on the ANN
output x’wr and normalized training data xur, the MAE loss L: in (2) is calculated. The loss function
of L2 in (3) can also be considered if necessary. When the gradients of the total loss function L in (1)
are obtained, the ANN weight and bias values are updated using the Adam optimizer to minimize
the loss function (1). This process is repeated until the number of iterations reaches the maximum
number of training epochs.
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Figure 2. Training process of an ANN model.

3. Power System Models

3.1. WSCC 3-Machine System Model

The WSCC 3-machine power system model is shown in Figure 3. The three generators are
equipped with their respective automatic voltage regulator (AVR) and turbine-governor (GOV)
models. The IEEE Type 1 excitation model [35] in Figure Al is adopted for the AVR model. The
saturation effect of the AVR model is neglected. The reheated steam turbine model [36] in Figure A2
is applied to the turbine-governor system. The detailed configurations of the generators, AVR, and
GOV models are provided in the Appendix. PMU devices are installed at all generator buses for the
frequency and bus voltage measurements.

The three-phase line-to-ground fault occurrence on the transmission line between buses 5 and 7
is considered as the disturbance type. The fault is cleared after 70 ms. In the WSCC 3-machine system,
ANN models are designed to predict the transient trajectories of the rotor-angle after the fault. Hence,
the pre-fault rotor-angle difference between the two generators is necessary as the input data for the
ANN models.

3.2. IEEE 39-Bus System Model

The modified IEEE 39-bus system model is described in Figure 4. All generators have their
respective AVR and GOV models, except for G10. The same IEEE Type 1 excitation [35] and reheated
steam turbine models [36] are chosen for the AVR and GOV systems, respectively. The generators
are equipped with PMU devices.
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Figure 4. Modified IEEE 39-bus system model.

In this modified model, it is assumed that the area near G6 and G7 has high renewable energy
sources potential. Thus, a new 600MW power generation source is installed in this area. For simplicity,
this source is modeled as a negative static constant power load with the unity power factor.

As the disturbance type, a sudden disconnection of this generation is simulated. In this case,
ANN models are responsible for evaluating the system frequency trajectory.

In a multi-machine power system model, the system frequency at the center of inertia (COI) fcor
is the global index for frequency analysis. fcor is defined in (6), where G and m indicate generator G
and the total number of generators, respectively. The inertia constant of the generator is represented
by symbol H. The pre-disturbance input data are always 1.0 p.u. for these frequency trajectory
prediction models.

S o H,
Jeor =5 (6)

2 H;
G=l

4. Simulation Results

Case scenarios are classified to demonstrate the effectiveness of piecewise segment training and
augmented loss function. Three cases are defined as follows:

Case 0 : No Piecewise Segment Training, L = L:

Case 1 : Piecewise Segment Training, L = L1

Case 2 : Piecewise Segment Training, L = L1 +AL:

Case 0 corresponds to the general ANN training method in which the proposed piecewise
segment training and augmented loss function are not applied. In Case 1, piecewise training is
adopted, but the time-derivative terms are not added to the loss function. The influence of piecewise
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training can be analyzed by comparing the results of Cases 0 and 1. Both piecewise segment training
and augmented loss function are considered in Case 2. The ANN output differences between Cases
1 and 2 indicate the impact of the augmented loss function.

To simulate the constrained training conditions, the following training scenarios are defined
depending on the number of training epochs and hidden layers:

Scenario 1 : Epoch 1000, Number of hidden layers : 2
Scenario 2 : Epoch 1500, Number of hidden layers : 3
Scenario 3 : Epoch 2000, Number of hidden layers : 4

The calculation burden is also affected by the number of neurons. Hence, sensitivity analysis on
the number of neurons is required. Four cases, with different numbers of neurons, are tested. Each
hidden layer has 9, 15, 21, and 30 neurons. For instance, an ANN model with 15 neurons means that
the hidden layer has 15 neurons. In this case, the total number of neurons in all four hidden layers is
60 in Scenario 3.

ANN models for Case 0 are designed as explained above. In contrast, the original ANN model
is divided into several sub-models in Cases 1 and 2. In such cases, each hidden layer in a sub-model
has five neurons. Consequently, the ANN models in all three Cases 0, 1, and 2 have the same number
of neurons.

4.1. Rotor-Angle Trajectory

After the fault occurs in the WSCC 3-machine system model, the trajectory of the rotor-angle 6
difference between G2 and G1 is adopted as the training data. The rotor-angle data from the initial to
the minimum values are analyzed. The training data and training results of the ANN models in
Scenario 3 are described in Figure 5. The trajectory can be divided into three segments S1, S2, and S3
based on the maximum and inflection points in Cases 1 and 2, respectively. The time interval between
t=Ni1and Niis set to be 1 ms. Due to the random characteristics of the initialization of the parameters,
each ANN model is trained five times, and the average result is analyzed.

In Case 0, without piecewise segment training, the ANN model cannot be trained; thus, it is not
plotted. In contrast, the training result in Case 1 is denoted by the solid green line. Therefore, it can
be inferred that piecewise segment training is valid for training the rotor-angle trajectory models.
Furthermore, it is noteworthy that the training result in Case 2 is closer to the original training data
than those in Case 1. Based on this difference, the effectiveness of the augmented loss function
method can be verified.

The performance of the training process is evaluated based on MAE loss values. The MAE losses
in the three training scenarios are listed from Figures 6-8. The values on the horizontal axis indicate
the number of neurons in a hidden layer. For example, the number 9" corresponds to an ANN model
with nine neurons in a hidden layer. In this case, the total number of neurons in all the hidden layers
is 18 in Scenario 1.

As shown in Figure 6, with nine neurons for each hidden layer, the ANN models cannot be
trained effectively in both Cases 1 and 2. Hence, the highest MAE losses are observed in both cases.
The MAE values can be reduced as the number of neurons increases.

It should be noted that in Scenario 1, when the neuron number increases, the MAE reduction
effect in Case 2 is larger than that in Case 1. This demonstrates the validity of the augmented loss
function method in Scenario 1. In particular, the impact of augmented loss function is the largest,
with 30 neurons in Scenario 1. Similar to these results, the MAE losses also decrease if the neuron
number increases, as notated in Figure 7 and Figure 8.
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Owing to the augmented loss function, the MAE values in Case 2 can be reduced compared to
the results in Case 1 in Scenarios 2 and 3.

Unlike Scenario 1, different tendencies are observed in Scenarios 2 and 3. In Scenario 2, the MAE
results show almost no difference between Cases 1 and 2 when the number of neurons in a hidden
layer is 30 in Figure 7. The MAE difference between Cases 1 and 2, with 21 neurons for each hidden
layer, is lower than that with 15 neurons. On top of that, the largest MAE reduction in Case 2 is
obtained by the model with 15 neurons for each hidden layer in Figure 8, Scenario 3. The MAE
differences in Scenario 3 are relatively insignificant compared with the results in Scenario 2.

These results imply that the augmented loss function method is effective in reducing the MAE
loss values when the training epoch and neuron numbers are constrained.

4.2. Frequency Trajectory

Considering the generation disconnection in the modified IEEE 39-bus system model, the system
frequency at the center of inertia fcor is used as the training data. The frequency data from the initial
value to the frequency nadir point is investigated. In Figure 9, the training data and the results of the
ANN training models with 15 neurons for each hidden layer in Scenario 1 are shown as representative
examples. The original training problem is split into sub-problems S1, S2, and S3 in Cases 1 and 2.
The boundaries of these sub-problems are determined by the two inflection points of the fcor trajectory.
The ANN models are trained with 1 ms time interval. Similar to the analysis in the WSCC 3-machine
system, all ANN models are tested five times considering the random initialization of the ANN
parameters.

It can be seen that the ANN model is not well-trained in Case 0. This implies that without
piecewise segment training and augmented loss methods, the training epoch and neuron number
constraints in Scenario 1 are severe conditions. On the other hand, the training results of the ANN
models in Cases 1 and 2 show relatively better performance. In particular, the best training result
among the three cases is obtained in Case 2. Therefore, the proposed methods are also valid for the
frequency fcor trajectory prediction.

The MAE losses of the ANN frequency trajectory prediction models in Scenarios 1 and 2 are
depicted in Figure 10 and Figure 11, respectively. The preliminary study revealed that in Scenario 3,
the lowest MAE value can be obtained in both Cases 1 and 2; thus, it is not discussed here.

In Scenario 1, the largest MAE losses are observed in Case 0 among all three cases. It should be
noted that in Case 0, there is almost no loss difference even when the neuron number increases.
Therefore, it can be inferred that the ANN frequency prediction model cannot be effectively trained
without the proposed piecewise segment training and augmented loss function in Scenario 1.

Compared with the results in Case 0, the MAE losses in Case 1 are reduced if the same number
of neurons is provided for ANN models. This validates the effectiveness of piecewise segment
training in the frequency trajectory prediction model. Similarly, the MAE values in Case 2 can be
decreased compared with those in Case 1, which indicates the validity of the augmented loss function.

Although the lowest MAE loss is calculated in Case 2, the result is 0.026, which is still not small
when the number of neurons in a hidden layer is nine. The MAE loss difference between Cases 1 and
2 is the largest with 15 neurons in a hidden layer. On the contrary, the difference is relatively not
significant with more than 21 neurons in a hidden layer. This implies that if the ANN models have
sufficient neurons, the Case 1 method is sufficient for training the ANN frequency prediction model.
In other words, the augmented loss method in Case 2 is the most effective when the number of
neurons for each hidden layer is constrained to 15.

In Scenario 2, the MAE losses in Case 0 have the largest values among all three cases. Even if the
number of neurons increases, these losses cannot be reduced, which shows a tendency similar to the
results in Scenario 1.
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Compared to these losses, lower MAE values are calculated for Cases 1 and 2. If each hidden
layer of the ANN model has more than 15 neurons, the lowest MAE loss of 0.003 is obtained.
Especially, the MAE loss in Case 1 is 0.005 with nine neurons in a hidden layer. These MAE results
indicate that the ANN models can be trained well in Case 1. This is because the numbers of training
epochs and neurons are increased in Scenario 2. In this training scenario, the piecewise segment
training method in Case 1 is sufficient to train the ANN model. The impact of augmented loss in
Scenario 2 is not as effective as that in Scenario 1.

5. Conclusions

ANN training improvement methods for trajectory prediction models are developed in this
paper. The original trajectory training can be divided into several sub-segments. The boundaries of
the segments are determined based on the maximum, minimum, and inflection points of the original
trajectory. Furthermore, an augmented loss function method is proposed. In addition to the MAE
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value, the time-derivative terms of the training data and ANN output are included in the augmented
loss function. The validity of the training improvement methods is verified for rotor-angle and
frequency trajectory predictions in power system models. The numerical analysis has shown that the
proposed techniques are effective and can reduce MAE losses when the training epoch and neuron
numbers are constrained. With the constrained training conditions, the impact of reducing redundant
connections among neurons and reshaping the structure of ANN models is valuable for the future
investigation. Based on these accomplishments, hybrid models consisting of an ANN and other Al
models can be studied in the future. The sensitivity analysis on different PMU data sampling
frequencies will also be covered.
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Appendix

Saturation
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Figure A1. IEEE Type 1 excitation model [35].
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Figure A2. Turbine-governor model (reheated steam type) [36].

Table A1. Generator Parameters of WSCC 3-Machine System.

Pgo Oco H (s)
Gl 1.18 0.382 2.63
G2 1.00 -0.0410 4.13
G3 1.00 -0.150 4.77

Table A2. AVR Parameters of WSCC 3-Machine System.

Tk (s) K4 Ti(s) Ke Tg(s) Kr Tr(s)

Gl 1 200 0395 1 0 0.0635 1
G2 1 200 0395 1 0 0.0635 1
G3 1 200 0395 1 0 0.0635 1
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Table A3. Turbine-Governor Parameters of WSCC 3-Machine System.

Ko Ti(s) T:s) Ts(s) Tu(s) Ts(9) F

Gl 20 02 0.4 03 0 10 0.3
G2 20 02 0.4 0.3 0 10 0.3
G3 20 0.2 0.4 0.3 0 10 0.3

Table A4. Generator Parameters of IEEE 10-Machine System.

Pgo Qaao H{s)
Gl 3.566 -0.4523 13.68
G2 3.169 1.334 22.06
G3 5.474 2.387 22.06
G4 8.350 -0.0167 22.06
G5 7.085 2431 22.06
G6 5.173 3251 22.06
G7 5.513 -0.4247 22.06
G8 4.010 -2.269 22.06
G9 7.545 0.2177 22.65
G10 6.052 2.381 22.65

Table A5. AVR Parameters of IEEE 10-Machine System.

1 ) T T}

g B oom B g g
Gl 1 200 0.358 1 0.004 0.0529 1
G2 1 400 0.0200 1 0.942 0.0300 1
G3 1 400 0.0200 1 0.942 0.0300 1
G4 1 400 0.0200 1 0.942 0.0300 1
G35 1 400 0.0200 1 0.942 0.0300 1
G6 1 400 0.0200 1 0.942 0.0300 1
G7 I 400 0.0200 1 0.942 0.0300 1
G8 I 400 0.0200 1 0.942 0.0300 1
G9 1 50 0.0600 -0.0393 0.440 0.0700 1

Table A6. Turbine-Governor Parameters of IEEE 10-Machine System.

Ka Ti(s) To(s) Ti(s) Tu(s) Ts(s) F

Gl 20 0.2 0.4 0.3 0 10 0.3
G2 20 0.2 0.4 0.3 0 10 0.3
G3 20 0.2 0.4 0.3 0 10 0.3
G4 20 0.2 0.4 0.3 0 10 0.3
G5 20 0.2 0.4 0.3 0 10 0.3
G6 20 0.2 0.4 0.3 0 10 0.3
G7 20 0.2 0.4 0.3 0 10 0.3
G8 20 0.2 0.4 0.3 0 10 0.3
G9 20 0.2 0.4 0.3 0 10 0.3
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