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Abstract: Numerous online methods for post-fault restoration have been tested on different types of
systems. Modern power systems are usually operated at design limits and therefore more prone to
post-fault instability. However, traditional online methods often struggle to accurately identify events
from time series data, as pattern-recognition in a stochastic post-fault dynamic scenario requires fast
and accurate fault identification in order to safely restore the system. One of the most prominent
methods of pattern-recognition is machine learning. However, machine learning alone is neither
sufficient nor accurate enough for making decisions with time series data. This article analyses the
application of feature selection to assist a machine learning algorithm to make better decisions in order
to restore a multi-machine network which has become islanded due to faults. Within an islanded
multi-machine system the number of attributes significantly increases, which makes application of
machine learning algorithms even more erroneous. This article contributes by proposing a distributed
offline-online architecture. The proposal explores the potential of introducing relevant features from
a reduced time series data set, in order to accurately identify dynamic events occurring in different
islands simultaneously. The identification of events helps the decision making process more accurate.
Keywords: self-healing grid; machine-learning; feature extraction; event detection

1. Introduction
Self-healing is a lucrative feature in the service restoration process of a power system which in
turn improves system resiliency. Power system resiliency often refers to the capacity of a system to
maintain stability after a high impact events with minimum interruptions [1]. Such resiliency is key
to achieve the objectivity of developing a Self-healing structure [2]. In the recent studies, under the
category of post-fault islanding scenarios, self-healing mechanism is getting significant attention [3].
The prominent trend in addressing self-healing is established through the local or distributed control.
It is because distributed control is quite effective in faster decision making. However, applying local or
distributed control is quite dependent on the dynamic characteristics of the network under analysis.
On the other hand, dynamic characteristics are heavily influenced by the pre-contingent stochastic
parameters, fault analysis, demand response (DR) and also the performance of the algorithms assessing
power system security [2,4].
In previous studies, different methods and systems have been investigated for fault detection,
isolation, and service restoration (FDIR). Some of these methods are Central Controller, Distribution
Automation System (DAS), Automatic Controlled Switching (ACSs), Fault Passage Indication (FPI),
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Corrective Voltage Control (CVC), Emergency Demand Response Program (EDRP) and more [5].
Most of these approaches are data-intensive programs. On the top of that, in a modern grid, the
integration of renewable energy makes it quite impossible to comprehend the security of a system,
on an online basis for all possible scenarios. Thus self-healing function can be considered a prime
candidate by the systems based on machine learning algorithms, such as Artificial Neural Network
(ANN), Support Vector Machine (SVM), Random forest. If the underlying events during any critical
contingency are properly identified [6], the identification can lead towards developing intelligent
self-healing strategies. The process can be developed through expert systems, with a large scenario
based dataset. However, machine learning systems are affected by processing time and memory.
Which, in a fast restoration system is not desired, especially for those grids that require adaptive
online decision making. Besides, for a large network, performing the dynamic security assessment
(DSA) is an increasingly complex problem affected by numerous criteria [7,8]. Under these contexts,
the traditional applications of machine learning algorithms are progressively being less effective.
The modern trend dictates that the machine learning algorithms should be trained offline basis
and implemented online [9]. But multi-machine systems generate large scale data. For many online
DSA programs, this approach is unattractive. Therefore, previous studies often recommend alternate
solutions such as dimensionality reduction, feature selection [10–12]. Feature selection process is
implemented to modify a data set to increase the accuracy of prediction [13,14]. However, it adds
redundancy in the algorithmic steps [15]. In a large-scale power system, such redundancy will be
affected by the curse of dimensionality [12]. Reference [14] mitigates this problem using an energy
function based feature selection. The proposed method outperforms the method that uses raw
inputs to train the machine learning algorithms, considering a smaller dataset for both the cases.
This strategy proves to be highly effective, but a smaller dataset is insufficient while addressing
multiple stochastic scenarios. Because in a hybrid grid, stochastic parameters make it challenging to
assess dynamic security using analytical approaches. One solution to address this challenge is a Monte
Carlo-based simulation method. This approach can establish the stability boundary of a grid with
multiple stochastic parameters [16]. Once the stability boundary is established for a coherent group of
stochastic parameters, a limited data set can be used for online DSA programs. Another approach to
address the curse of dimensionality is to implement dimensionality reduction based event detection
methods [10]. This method can successfully differentiate oscillatory and non-oscillatory scenarios.
However, the loss of other valuable information, makes it difficult for such a simplistic approach alone
to address the problem of event-detection in a hybrid system [9,17].
Due to such reasons, this work proposes a method of adding a layer of extracted features
from the reduced data set. The underlying motivation is to bridge this gap between dimensionality
reduction and loss of information. The power system data is collected from the available generators
and transmission lines under different contingencies. The data is then reduced and features are
extracted. The features are then used as attributes to train a machine learning algorithm. These features
help the machine learning algorithm make accurate classification under those stochastic scenarios.
The performance of the algorithm has been tested through an event-based decision making process to
restore a segmented grid that significantly improves system reliability. The novelty of the process has
been further justified by comparing the proposed algorithm with some existing methods. In summary,
the overall contributions of this work are as follows:
1.

2.

Development of a feature selection based event detection algorithm for a multi-machine based
grid, that can be sectionalized under duress. The proposed algorithm is prepared for the
segmented power system used in this study. Despite not being a generic solution for all types of
grids the algorithm introduces novelty in the decision making process.
In larger systems, the curse of dimensionality poses a bigger threat in applying machine learning
algorithms, specially for making decisions. The proposed method, by implementing feature
extraction on a reduced data set, addresses those challenges and enables an effective decision
making scheme.
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2. System Under Consideration
An IEEE-39 bus 10-machine test system as shown in Figure 1 is used in this study [18]. During a
rotor angle instability the 39-bus test system can be divided into several independent islands. In this
study these islands are considered as independent and locally controlled multi-machine systems when
disconnected. In order to establish a relationship between the generator model and the constant
impedance load model, classical energy functions were used [14];
Mi

m
d2 δi
dδi
+
D
=
P
−
i
i
∑ (Cij sin δi j + Dij cos δij ),
dt
dt2
j=1,j6=i

(1)

where Pi is the active power of the i-th machine, Mi is the moment of inertia of the i-th machine, Di is
the damping co-efficient, m is the number of synchronous generators. δi is the rotor angle of the i-th
generator. Cij and Dij are the function of transfer conductance and susceptance of the reduced network.
The per unit inertia constant of each of these generators is H = 12 Mω, where ω is the synchronous speed.

Figure 1. The sectionalized grid model. By disconnecting the transmission lines multiple areas can
be created.

The proposed power system does not to have any energy storage. It considers a conventional
droop characteristics for the primary frequency and voltage control. The primary control in a
standalone grid that does not have any storage unit, may cause frequency deviation even if the
system remains at a steady state condition. Therefore, a secondary control is also imposed that acts on
the deviations observed over the primary control and tries to balance the system. The secondary control
has a slower dynamics than the primary control, the idea behind that is to introduce a decoupling
mechanism between these two [19].
In order to do data analysis the dynamic data is produced from the synchronous generators.
The generators are controlled by a multi-band power system stabilizer (PSS) model and a
governor [20,21]. The governor of each generator is modeled as a tandem-compound steam prime
mover system. The overall simulation is carried out using Matlab-Simulink [22,23]. PSS are the local
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controllers on synchronous machines. These are quite effective in eliminating system oscillations.
However, tuning the set-points for a PSS, is usually carried out via analytical calculations. In a
hybrid system, where the distributed energy generation and consumption are rapidly varied, a critical
three-phase fault can easily disrupt the process of damping the oscillation. It is because analytical
calculations often do not capture the stochastic nature of standalone system. Therefore, a three tier
hierarchical control, where the top layer deals with the probabilistic nature of a system, can bring
significant improvement [19]. In this study, a supervised secondary control scheme is implemented
that modifies the reference for active power generation in the turbine governor. This action helps
reducing the rotor speed deviation, which is crucial for the pre-tuned set-points of the multiband-PSS,
to yield result in a post-contingent scenario. The proposed supervised controller is based on machine
learning algorithms. The supervised secondary controller has been implemented on each generator
through a distributed architecture. This distribution is based on the machine data available in a
post-contingent segment. The initial feedback data to trigger the supervised secondary control is taken
from the deviation in rotor angle of the individual machine [24].
The system is designed to have rotor angle instability during a critical contingency. When such
a contingency is noticed, the system can be divided into multiple operation-autonomous islands,
which is necessary to eliminate the instability [25]. The method applies an unsupervised machine
learning based controlled islanding mechanism that utilizes coherency based grouping from historical
database. The method is further discussed in the later sections of this study.
The synchronous generators in each area implement real power frequency and reactive power
voltage droop control. To represent non-dispatchable energy generation, a wind power plant based on
an induction generator is considered and connected in bus-36, which is closer to the Generator-7 [26].
The system considers two types of loads, critical invariant and non-critical variable load which can
be shed if required. The wind power generation and the non critical loads are considered as the key
stochastic parameters. The variable load is lumped in buses-8, 24, 32 [27]. In order to create a system
wide rotor angle instability, a critical short circuit fault have been introduced close to the bus-16 and
bus-17 [28]. It makes the generators, swing against each other in groups. The event is captured in
Figure 2. The top half of Figure 2 shows the rotor angle in one of the generators, during the occurrence
post fault instability. The bottom half of Figure 2 shows the generator speeds right after the short
circuit fault.
The energy function dictates that if a critical disturbance occurs in the system, mechanical and
electrical power go out of balance. Depending on the disturbance, the change in rotor angle may
introduce a rotor angle instability. In turn, the rotor angle instability introduces large voltage fluctuation
in the transmission lines. The transmission line voltage fluctuations can also be spotted from the
terminal voltage of the generators affected by this instability. In this study, the terminal voltage data
has been used to develop an optimized active power corrective control (CC) to eliminate the rotor
angle instability in each of the islands. The corrective control parameters or the active power from
different generators varies with the available wind power and load [29–32].
The machine learning algorithm developed is based on different power system events associated
to FDIR. Within the time-line of different events, by analyzing the dynamic data collected from the
G
generators, a distributed supervised secondary control scheme is developed; to achieve dE
dt → 0 (EG =
Generator terminal voltage); after a major disturbance. The supervised secondary machine control
is a process that includes the above mentioned CC technique. The proposed method is a modified
and extended approach carried out in Reference [33]. The modification is brought by introducing
a feature extraction method. The system is designed to have both normal operating mode and self
healing mode, in this study only the self healing mode is considered. The self healing mode is invoked
once a rotor angle instability is observed, right after a critical fault is cleared. After a large number of
offline simulations, for this model it is observed that, the rate of change in between −5◦ / to +5◦ /s in
rotor angle deviation indicates a critical rotor angle instability where the grid has to be operated in
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Rate of change in degrees

the self-healing mode. The observation is shown in Figure 3. After 1-second or 50 samples of the fault,
the breach in threshold is clearly visible in the figure.
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Figure 2. Top figure: Rotor angle instability observed once the critical fault is cleared. Bottom figure:
Rotor speed fluctuation observed right after the three phase fault
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Figure 3. Top figure: High fluctuation in rotor angle due to the critical fault. Mid figure: K-means
cluster of two groups of generators. Bottom figure: K-means cluster of three groups of generators.

The model in Figure 1 is used to generate time series dynamic data for training and testing the
machine learning platform for the proposed supervised secondary controller. The proposed model is a
modified IEEE-39 bus system, which is suitable for stability analysis. The demand and wind speed
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are randomly varied in order to do a Monte Carlo based simulation to prepare a stability database
with the synchronous generator data. The dynamic parameters chosen are in per unit quantity and
these are rotor speed ω, rotor angle deviation dδ, active power generated PE , and terminal voltage
EG . For simplicity, only the cases where the system can be stabilized and restored by dividing it
into two segments are considered. During any contingencies these parameters from the generator,
affected nodes is collected. These parameters are timeseries in nature. During the contingency from
their dynamic behaviors, patterns in form of features are extracted. For example, the magnitude of a
generator terminal voltage is considered dynamic during the contingency. Feature extraction is applied
on that time series data in order to develop training and testing data for the next phases. A matrix of
444, 037 × 36 is developed from the nine synchronous generators. Generator-2 is considered as the
reference bus for calculating dδ, therefore, the supervised control is not applied on this generator.
3. The Proposed Supervised Control
3.1. Controlled Islanding
Controlled islanding mechanism can be an effective way to mitigate system-wide instability and
help restoration [25]. The method proposed in this study, applies an unsupervised machine learning
algorithm on rotor-speed data in order to develop a coherency based grouping [25,34]. Power system
can be modeled as a set of coupled differential algebraic equations as functions of rotor speed. Due to
the nature of such coupling, rotor speed can often be used as an indicator for detecting coherent groups.
An unsupervised clustering can be used as a tool to detect such groups [17]. At first, the process
randomly selects centers for each cluster. The number of clusters is pre-defined. The membership of
each data point is decided based on the objective function, that minimizes the Euclidean distance of
each data point yik with the corresponding centroid zi . Through this objective function the sum of all
the Euclidean distances between every data point to their cluster-centroids.
d

D (yik .zi ) =

C

∑∑

q

( y k − z i )2

(2)

k =1 i =1

Here, d is the number of data points, C = 1, 2, 3 depending on the number of islands or no islanding
required, zi is the centroid of i-th cluster and yk is the k-th data point. Once the D is calculated the
centroids are re-selected and the objective function is repeated.
Ci =

1
ni

∑

yp

(3)

∀ y p ∈ si

Here Ci is the center of the i-th cluster, ni is the number of data points which in this case is the
rotor-speed observed within an 1-second data window after an instability is detected. y p is the data
vector after p − th iteration. 1-second data window is observed to be sufficient, to detect the coherency.
The group is prepared, once the three phase fault is cleared but no restoration process or islanding
has been implemented yet. In the Figure 3, the clusters are shown in three colors with their centroids.
In middle section of the figure it is shown that, based on the coherency observed, two sets of generators
have been prepared. cluster-1 consists of {G1-G3, & G8-G10}, represents Area-1 and cluster-2 consists
of {G4-G7}, represents Area-2. The areas are created by disconnecting the transmission lines between
node-(16&17) and node-(14&15). Similar clustering is also shown in the bottom part of the figure,
with three groups of generators. The number of clusters are selected based on the available empirical
data. During the training phase the clusters are prepared based on the coherency observed.
3.2. The Corrective Control
The primary control in an isolated grid may not be sufficient as it may cause frequency deviation
after a non critical fault. Therefore, the secondary control is required, which implements a slower
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dynamics to fine tune the control parameters and prevents the frequency fluctuations. However,
under a critical fault when the system wide rotor angle instability is observed, a secondary control
often fails to stabilize the system [30,31]. This study implements a machine learning driven supervised
secondary control during the post fault scenarios, where secondary control cannot maintain stability
after a critical fault. The supervised secondary control is considered as the topmost part of a hierarchical
control scheme [19,33,35].
The conventional droop characteristics satisfies the condition DPi PNi = ∆ωmax and DQi Q Ni =
∆Emax [3]. Where, i is the i-th stochastic scenario, N is the number of synchronous generators, P and
Q are the generated active and reactive power, ∆ωmax and ∆Emax are angular frequency and voltage
deviations allowed. This study only considers scenarios where the allowed ∆ωmax is exceeded.
The dynamic response can be further understood through a linearization of the active and reactive
power equations through a set of small signal models.
∆P(s) =

G
∆ω ∗ (s)
s + DP G

(4)

∆Q(s) =

H
∆E∗ (s)
1 + DQ H

(5)

Here, the coefficients, G and H depend on the nominal terminal voltage and the rotor angle of
the generators and the transmission line voltages where power is transmitted. The secondary control
scheme is evoked if the threshold of the ∆dθmax is crossed after a short circuit fault, as shown in
Figure 3. At steady state conditions, under different stochastic scenarios, the voltage magnitudes
and the angular differences between one generator and the point of common coupling is kept within
a boundary by the PSS and governors. It results in a list of ∆P and ∆Q. Therefore, a Monte Carlo
based simulation strategy is developed to prepare a stochastic database of the aforementioned PNi ,
Q Ni , ∆P and ∆Q. During a rotor angle instability the supervised controller changes the active power
references and keeps the active power generation fixed through the turbine governor. Due to this
action the ∆ω decreases and ∆P falls within the boundary suitable for the pre-tuned PSS. The database
for optimized active power reference for different stochastic scenarios, is developed using genetic
algorithms [2]. Overall this process is considered as the Corrective Control (CC). The CC is based on
the following objective function:
M

Objective : min(eV f ault =

∑ [Vpre f ault − Vpost f ault (i)]2 ).

(6)

j =1

If the steady state eV f ault ≤ ethreshold , the supervised control scheme is stopped. Here, j is the
current data sample and M is the total number of data samples in that segment. For this study
M = 300 equivalent to a five-second data window has been chosen. The objective function is subject
to the constraint 0 ≤ PN ≤ PN,max , 0 ≤ Pls where, N refers to the number of synchronous generators.
Pls refers to the minimum temporary load shed. The overall system load is divided into two parts,
variable demand and fixed demand. The temporary load shedding is carried out from the variable
ng
n
demand to maintain the energy balance; ∑i=1 pgi + ∑i=wind
1 pwindi = Pdp f l + PTloss + Pls . Where, Pdp f cl
is post fault load, PTloss is the transmission line loss, pwindi power generated from the wind power
plant, n g is number of synchronous generators, nwind = 1. Once the system becomes stable the load
is also restored. In this study, island area-1 requires temporary load shed when the wind power is
relatively high. The overall workflow for the CC based control is shown in Figure 4. The workflow is
divided into two phases, offline and online. The offline phase is based on a test and trial approach.
The process initially starts with different stochastic scenarios. The CC is then applied to stabilize each
segment and restore the grid. The CC is an optimization technique and the dynamic data obtained
from the generators after CC has been applied is used for feature selection. These features represent
different events and also the optimized decision parameters under that stochastic scenario. Once the
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machine learning algorithm is trained, it is then used in the online phase for making decisions for the
CC. Being stochastic in nature, some of the predictions yields misclassification errors. Those data are
used for further training.

Figure 4. Workflow of the proposed method. This method is applied in a distributed architecture on
each of the synchronous generators

Figure 5 shows the proposed model of the secondary control system. The supervised control is
based on machine learning algorithms trained under different stochastic scenarios on the feature data
to perform the proposed corrective control (CC) followed by islanding. The features are introduced in
the consequent sections.

Figure 5. The governor and exciter control with an added functional block for the proposed
secondary control.

3.3. Power System Events
Based on different wind power, loads, fault locations and number of faults; several cases have
been observed. In each of these cases one or multiple critical three phase faults and consequently
system wide rotor angle instability have been introduced. Based on these criteria the system has been
either divided into two, three islands or no island at all. Table 1 shows a list of probable contingencies
leading to three different islanding schemes.
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Table 1. List of stochastic contingencies
Decisions Wind Speed (m/s)

Variable Demand (MW)

Contingencies

1

10

546

Loss of Genearator-4.
segmentation is required

No

2

12

609

Loss of Genearator-9.
segmentation is required

No

3

8

405

Three phase fault at Bus-16. Two
area segmentation

4

12

35

Three phase fault at Bus-19. Two
area segmentation

5

8.2

662

Three phase fault at Bus-16 and
Bus-25. Three area segmentation

...

...

...

...

...

...

...

...

n

11.2

408

Three phase fault at Bus-25 and
loss of Generator-4. Three area
segmentation

Each of these cases has further been divided into multiple events namely, Fault, Post fault rotor
angle instability, Supervised control and Post restoration. If the proposed system, fails to restore the grid,
then the scenario-data is fed back to the offline training stage.
From the four above scenarios three time-lines are chosen, time-line for detecting post fault rotor
angle instability, time-line for CC to stabilize the islanded network, and time-line representing the post
restoration period. The two latter periods can either be stable or unstable. In Figure 6, all the different
time-lines have been shown. Time-line-1 data is the candidate for decision making, time-line-2 is for
applying CC and time-line-3 is the candidate data for evaluating the performance of the algorithm.
Here, for a better understanding, terminal voltage of generator-7 has been chosen to demonstrate
the events.
Furthermore, Figure 7 shows an example of the terminal voltage at Generator-7 under different
scenarios (wind power and load), during the rotor angle instability. The similarity in the time series data
is overwhelming, and that makes the application of a machine learning algorithm quite difficult [36].
However, each scenario has its own events and therefore, features can be used for distinguishing those
events in each scenario.
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Figure 6. Top three figures are showing the three different time-lines. The bottom figure represents
time-line-2&3 in the case when the proposed algorithm successfully restores the system.
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Figure 7. Top figure: Time series data of Generator-7 under different scenarios. Bottom figure:
Normalized 1st principle component of ‘timeline-1’under three different contingencies.

Like Figure 7, a similar variation in the phasor-signals is also observed in rotor speed and rotor
angle from each synchronous generator. Such similarities in data makes it difficult to select a candidate
for feature selection. Therefore, to retain information that can be crucial for the feature selection
process, principle component analysis is carried out on these three types of phasor time series data [6].
The Principle Component Analysis (PCA) finds out the first component accounted for the most of the
variations in generator data matrix. The variability is around 75%. The data matrix X has m number
of observations with n = 3 number of attributes. The m-number of orthonormal basis functions are
represented by W which is of n ∏ n dimensions. The data matrix is then represented as X = TW 0 ,
where T is (t1,i .....tm,i ), which is used to form the coherent clusters for identifying principle components.
Figure 8 shows that a significant variation in signal magnitudes and widths can be spotted in the
reduced data (1st principle component) among different events. It further justifies that, the use of PCA
for reducing the generator data and using that data for extracting features, is meaningful.
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Figure 8. Variation Observed in the normalized 1st-PCs obtained from different events in generator-1
data. Each PC shown here, represents the near-end stage of one power system event

3.4. Available Observed Features
As shown in Figure 8, the principle components have unique distinction in their shapes under
different events. However, due to the nature of time series data, overlapping magnitudes confuses
the learner. One solution is to use a large dataset for training. On the other hand this problem can
significantly be overcome with the use of features [14,37]. Base on the discussion presented in earlier
section, in this study three features, distinguishing each event, have been chosen. The selection
process is mostly inspired by the observed variations in magnitude. Another motivation is drawn
from the fact that, the inherent properties of a power system can provide significant information
on a set of dependent variables based on a set of argument variables. This understanding is quite
effective in detecting online phenomenon such as sensitivity. For example, active power can be
used as a dependent-variable and node-voltage can be used as argument-variable to understand
the voltage stability of a system [1]. Therefore, sensitivity data holds useful information. Moreover,
feature extraction is a computationally expensive mechanism [37]. Thus, a set of simple and predefined
features based on domain knowledge can reduce the computation burden. Keeping these issues in
mind, this study selects the following three features:
1.
2.
3.

Prominence of local maxima in terminal voltage [38–40]
Available frequencies in the time series voltage data [41]
Sensitivity ∂PE /∂Vf . Where, Vf is the voltage at the fault bus and ∂PE is the active power
generation from the subject generator [16].

Event detection and decision-making based on time-series data is not a predictive, rather a
prescriptive analysis. In order to associate a feature with the underlying events in the time series
data, a frame of reference has to be used. In this study the frame of reference is developed by using
a sliding window technique on the time series data and recording the features. To do so, a 1-second
transition-window is selected to extract features and then those features are converted to different
‘factors.’ By ‘factors’ this study refers to a quantity that can represent a window using only one
number. This action is necessary to represent the sliding windows using row vectors. After calculation,
those factors are stored in the data-table. As mentioned earlier, each row signifies one attribute window.
This table is later used to train the machine learning algorithm.
To prepare the features in each data window, sixty samples per second have been considered.
The variation in magnitude of the first principle component has been considered as the first feature.
The method followed here is inspired by Reference [40]. A normalized window of 1-second duration in
the time series data is chosen to carry out the feature extraction.
First, a lowest contour line in the 1-second data window circulating a local maximum point has
been detected. Then the height of that point is measured and a ratio is prepared in terms of that contour
line. Figure 9 shows the method of finding prominent local maxima from a normalized window of the
principle component of one of the generators. For clarity of vision a 2-second data window is selected
for Figure 9. Once several prominent peaks are detected, the maximum available prominent peak is
considered as a feature-factor for that data window and stored in the training data table.
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Figure 9. Peak prominence and width inside a predefined data window of the Terminal voltage
of Generator-1.

The second feature is based on the available frequencies in the first principle component,
observed in the 1-second data window. This feature is extracted through a Discrete Fourier
Transformation (DFT) technique; x [n] = ∑nN=−01 N1 X̃ [k]e− jk(2π/N )/n , K = 0, 1, ....N − 1. Here, X̃ [k]
is the amplitudes and x [n] is the linear combination of the complex exponentials with that amplitude.
Decision making based on frequency data has often been observed in the field of harmonics and power
quality analysis [41]. In this study, a frequency spectrum of the first 30 Hz has been chosen as the
featured attribute as shown in Figure 10 (with a small displacement in the X-axis for the purpose of
visualization). As the sampling rate used in this study is 50 samples/seconds, according to the so
called ‘Nyquist-theorem’ DFT can observe upto 30 Hz. Once the magnitudes of those frequencies
are calculated, the magnitudes are summed up to be used as a feature-factor for that data window,
∑30
i =1 Mi . It is called a frequency factor.
120
Event-1: Sum of the magnitudes is 199.438
Event-2: Sum of the magnitudes is 605.161
Event-3: Sum of the magnitudes is 04.8892

Magnitudes

100
80
60
40
20
0

0

5

10

15

20

25

30

Available Frequencies (Hz)

Figure 10. Available frequencies. The sum of all the available frequencies is presented as the
frequency factor.

A sensitivity data, based on the voltage at fault bus and the active power generation from the
subject generator is considered as the third feature [1].
In Figure 11, which is inspired by Liapunov’s direct method, three sensitivity curves of the
generators {G7, G1, G8} are shown in terms of the fault bus voltage at bus-16. It clearly shows the
aperture of the curve varies depending on the impact of fault. The figure refers to the idea that, less
sensitive relations have a larger aperture. To calculate the aperture, trapezoid method of numerical
integration is used. The limit of each response curve is considered between two extreme points over
the X-axis or the ∆Vf bus axis. Two extreme points develops a convex (Upper) and a concave (Lower)
perimeters. Then the area under the curves are calculated. The overall area of the aperture is then
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assumed by subtracting the area under the concave curve from the convex; Area = Aconvex − Aconcave .
This area of aperture is then used as the feature-factor that represents the data window.
Z V2
V1

Z V2
V1

f ( xconvex )dx ≡

V2 − V1 N
∑ ( f (xn ) + f (xn+1 ))
2N
n =1

(7)

f ( xconcave )dx ≡

V2 − V1 N
∑ ( f (xn ) + f (xn+1 )).
2N
n =1

(8)

Once the training data-table is prepared, it is used to train a multiclass classifier. Overall,
the training process only considers data that ensures system stability. It means the classification
algorithm is trained based on the concept of resiliency. The decisions leading towards post fault
stability that returns to pre-contingent state are considered accurate decisions.

Normalized Active Power

1

Most Affected Generator
Highly Affected Generator
Least Affected Generator

Area under the green curve is 0.4232
0.8
0.6
Area under the red curve is 0.0814
0.4
Area under the blue curve is 0.1108
0.2
0

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

Normalized Bus Voltage

Figure 11. Sensitivity ∂Pm /∂Vf bus Curve

3.5. Multiclass Classifier
The chosen Multiclass classifier is an ensemble of bagged decision trees trained using the stochastic
parameters and the features. The bagged decision trees weigh and reweigh the predictor variables
and their estimates. For example; a function estimate ĝens = ∑kM=1 ck ĝk (.) is obtained based on the
k − th reweighed data with the combined linear estimation co-efficient ck . This method is deployed
to eliminate classification error due to estimation variance and also statistical bias, specially in a
stochastic scenario [32,42]. The ensemble method implemented in this study is prepared using one
hundred fully grown trees by splitting the attribute data into one hundred training sets, D1 , D2 ,...,D100 .
This approach helps to obtain an improved composite model. Mi (1 ≥ i ≥ 100) classifiers vote by
predicting a class and the ensemble selects the final class from those votes. The overall technique
along with Random Forest and Random Subspace also includes Bagging and Boosting [36]. Depending on
the number of controlled islands observed in each contingency, different values of the features are
obtained. Three separate tables Table 2, Table 3 and Table 4 are shown below based on the number of
islands. Each table shows the attributes wind speed, Variable Demand, Snsvt which is the feature-factor
derived after sensitivity analysis, Prmn is the prominent maximam peak obtained from the principle
component, FF is the frequency-factor derived from the DFT of the principle component. The tables are
prepared from the data collected from generator-4. The classifier has a target attribute named Decisions.
The decisions are combination of active power reference (0-1 P.U.) for the governor of the generator
and the amount of temporary load shedding required in the Area-1. Both the information has been
collected from the offline simulation after conducting the CC on each of the generators. n-number
of decision combinations are observed and it is different for different generators, for example, for a
two-area solution; in case of generator-1 n = 4 and for generators-4&7 n = 7. The control parameters
are unique for each generator however the amount of load shedding required in each scenario is
considered through a voting based on statistical mode [2]. To synchronize the voting process the
load required to be shed is represented as segments of 100 MW, 200 MW, 300 MW up to 500 MW.
An example of the decisions is shown in Figure 12. The upper figure shows the combination of two
parameters observed in the decisions in a generator. The figure shows how the voting process and the
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Active Power P.U.

active power reference are related in one generator under multiple scenarios. Both the estimations are
carried out by the multiclass classifiers placed in each generating stations. The lower figure shows an
instance of the voting process from the 10 synchronous machines in one scenario. As segment-4 got
the maximum vote 4 × 100 MW load is temporarily shed from the Area-1.
0.8

Observed in one generator

0.6
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Figure 12. A set of example decisions: Observed from individual generator under different scenarios
and an instance of statistical voting observed from all the generators under one scenario.

The decision trees, prepared from the above mentioned method, are shown in Figure 13 with a
small example data set. The upper tree shows the decisions for selecting the amount of load shedding
required in Area-1 . Data of the right tree is collected from all the synchronous generators and is
used for the voting process for the purpose of load shedding, as shown in Figure 12. The left tree
shows the active power reference set in that generator. The trees are prepared using generator-4 and
time-line-1 data.

Figure 13. An instance of the proposed classification process in Generator-4. (a) The tree that selects
active power reference using features (b) The tree that carries out priority voting

The classification accuracy is measured against the system resiliency during low probability
high disruptive events. If the classification algorithm can predict decisions that lead towards a stable
pre-contingent state the algorithm is considered to be accurate.
Table 2. Distributed decision table for generator-4. Contingencies leading to a two area solution.
Decisions

Wind Speed (m/s)

Variable Demand (MW)

Snsvt (Sensitivity)

Prmn (Prominence)

FF (Frequency Factor)

1
2
3
..
..
n

12
6
8
..
..
11

35
145
405
..
..
790

0.1384
0.1333
0.1636
..
..
0.1424

34.1
0.659
0.0566
..
..
0.593

197.4
34.48
7.5878
..
..
25.2
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Table 3. Distributed decision table for generator-4. Contingencies leading to a three area solution.
Decisions Wind Speed (m/s) Variable Demand (MW) Snsvt (Fault-1) Snsvt (Fault-2) Prmn (Prominence) FF (Frequency Factor)
1
2
..
..
n

8.2
10
..
..
11.2

662
372
..
..
408

0.8770
0.9349
..
..
0.8515

1.0195
0.9910
..
..
0.2779

0.4374
0.7647
..
..
0.7099

13.7012
178.1212
..
..
32.4

Table 4. Distributed decision table for generator-4. Contingencies are not followed by multiple area
segmentation.
Decisions

Wind Speed (m/s)

Variable Demand (MW)

Snsvt (Sensitivity)

Prmn (Prominence)

FF (Frequency Factor)

1
2
..
..
n

9.9965
10
..
..
12

252
546
..
..
609

0.2192
0.2119
..
..
0.1547

0.0008
0.2541
..
..
0.1291

46.7454
46.8115
..
..
9.56

4. Results

Terminal Voltage P.U.

Terminal Voltage P.U.

Figure 14 shows three scenarios of the three proposed solutions under multiple contingencies
and operational decisions as explained in the earlier sections. One interesting observation can be
made that, in different stochastic scenarios the duration as well as the sequences of the timelines
vary, specially for the scenarios where multiple faults lead towards a three area solution. The system
resiliency is considered based on the post restoration terminal voltages. If the consumers are restored
and the system voltage remains stable, the algorithm is considered to be improving resiliency.
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Figure 14. Three cases of grid restoration. (a) No segmentation solution, (b) Two-area solution,
(c) Three-area solution.
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Each of these time-lines has been assessed using Monte Carlo based simulation strategy by
randomly generating wind power and demand. Based on these randomly selected stochastic scenarios,
ni decisions have been identified in this study, where ni means n combination of decisions for the i-th
generator. These decisions can maintain a post restoration stability. For example; for the two-area
based solution, the Monte Carlo based simulation is carried out for a limited 1560 scenarios. Where,
1000 scenarios have been used for training the algorithm and rest of the 560 scenarios have been used
for testing. Figure 15 shows a comparison of the average prediction accuracy between the proposed
method with features as well as the prediction without features. Only the first principle component
has been used as raw data where no feature has been extracted. If the system is completely restored
the accuracy is considered ‘1’ else ‘0’. The overall performance shows around 95% prediction accuracy
with the features. With a limited 1000 scenarios, feature data has been proven to be quite helpful to
reach such high degree of accuracy. The proposed accuracy is also a marker for symbolizing system
resiliency. If the therefore, 95% accuracy also refers that in 95% cases the system remains resilient.

Accuracy of Prediction (%)

1 1

0.9

0.8

0.7

0.6

Average accuracy with raw data (only the first Principle Component)
Average accuracy with the extracted features

0.5

0

100

200

300

400

500

Number of Test Simulations

Figure 15. Prediction accuracy with the test data (two-area solution). The comparison shows a clear
improvement with the proposed feature-base method.

The rest of the 5% cases where the algorithm misclassified the decisions, the system recovery
could not be achieved. Once the areas are restored through the transmission line the overall system
became unstable.
The proposed algorithm has also been compared with the similar methods proposed for the
purpose of power system event detection in the previous literature [10,17]. Table 5, shows the
comparison of accuracies in identifying ‘timeline-1’ under three different scenarios. The three scenarios
are randomly selected among three-area solutions, two-area solutions and the no-segmentation
solutions. Due to having additional information in the form of features, the proposed algorithm
is demonstrating superiority. Figure 7 can be brought as a point of reference for explaining such
performance. The overlapping magnitudes of the principle components, makes it difficult to trace
out a linearized distinction between different events. The features introduces that linearity in data
segmentation for the decision trees.
Table 5. Comparison in accuracies for Timeline-1 in Percent %.
Generator

Proposed
Method

Ensemble of Clusters
and Decision Tree

ANN

PCA and Decision Tree

4
5
6
7
8
9
10

96.2
96.4
94.64
95.08
94.32
95.48
93.8

89.4
96.4
94.56
93.33
90.17
92.8
91.1

<40
<40
<40
<40
<40
<40
<40

83.71
82.02
84.2
65.72
67.23
66.49
89.7

The ramifications of voting for load shed has also been speculated. It has been observed that,
if the required load shedding is not carried out the system could not be fully restored. Figure 16 shows
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a comparison between these cases. In the top figure a comparison is shown, where in one scenario
the algorithm successfully identified the right decision and in the next the algorithm could not. In the
lower half of the figure, three incidents are shown where the load shedding is not carried out based on
the majority voting. In each of these cases the system has moved back towards instability.
In the Figures 14–16 the superiority of the proposed method can be observed. One critical
observation regarding the scenarios having multiple faults is that, only the faults occurring
simultaneously have been considered. In future studies different times of fault-occurrence can
be analyzed.

Line Voltage (P.U.)
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Figure 16. Ramifications of the ‘Classification Error’. Top figure: Misclassification in active power
referencing. Bottom figure: Misclassification in load-shedding; (a) Instability observed after grid
restoration, (b) Instability observed after islanding, (c) Instability observed after the load has
been restored.

5. Conclusions
The proposed method to predict suitable decisions for post fault restoration, has shown promising
results. The method works with high accuracy despite limited number of training data has been
provided. IEEE-39 bus test system, which is a large enough dynamic system, has been used to
demonstrate the capabilities of the proposed method. Furthermore, the proposed algorithm is tested
with high degree of stochastic influence in the network. This study is highly significant for a stand
alone system where multi-machine dynamics can be observed. Based on the data analysis carried out
in this study it can be concluded that, simplified features based on domain knowledge can be highly
effective for the purpose of service restoration.
One critical observation is that, with an increased number of faults, the system needs to be divided
into more than two areas. Under those cases the proposed algorithm heavily relies on the number
of training data set provided. It is because, the optimization process in this case has to consider the
sequence of operations. Thus, in case of new data sets with multiple fault scenarios, the accuracy of
the algorithm decreases compare to those of the single contingency scenarios. In the author’s future
experiments, the role of a centralized control scheme to address the problem of sequence control
would be analyzed and compared with the proposed distributed method. Overall it can be stated that,
the proposed method is showing significant promise in the filed of grid restoration techniques.
The algorithm is tested online basis. However, it is not tested on a real-time platform. Therefore,
the time consumption for the decision making process varies case by case. In future studies it would
be more comprehensive to apply the method on a real-time platform to address time-consumption by
the system and its impact on a real-time decision-making process.
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