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Abstract: The development of phasor measurement unit (PMU) in the power
network and availability of real-time communication in wide area monitoring
system has enabled the proactive blackout prediction and possibility of
mitigation against blackout events. The objective of this paper is to provide a
wide area monitoring protection and control (WAMPAC) model which can
predict cascade failure and minimise the risk of massive blackout. The
proposed model is a combination of simulation and a measurement-based
approach. The key contribution of this paper is a topological analysis of grid
using graph theoretic approach, blackout prediction using machine learning
technique and the mitigation plan against blackout by combining graph
theoretic approach and change in voltage phase angle at different buses. The
proposed methodology is validated using IEEE 30 bus system.
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1 Introduction

Events like cascade failures in power grid pose severe social and economical problems
world wide (‘The enquiry committee on grid disturbance in Northern region on 30th July
2012 and in Northern, Eastern and North-Eastern region on 31st July 2012’
htttp://www.cea.nic.in/reports/articles/god/grid_disturbance_report.pdf; Andersson et al.,
2005). Early detection and mitigation of such events is of immense significance for
realising smart grid vision. Motivated by this need many researchers have contributed
towards highlighting importance of real-time monitoring, analysis and control in complex
power grid operation (Zhang et al., 2010; Siano et al., 2012; Lu et al., 2013; Cirio and
Lucarella, 211; De La Ree et al., 2010). Resilient grid operation against such cascade
failures can create direct economic benefit for customers (Durand, 2013).

The technological advancement in communication, control and computation (Sauter
and Lobashov, 2011; Yang et al., 2011; Zhabelova and Vyatkin, 2012) enables the smart
grid (Zhang et al., 2010) to utilise the real-time wide area information fully and
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dynamically. Protection and control techniques have been proposed by the researchers to
achieve system level objectives such as prediction and mitigation of cascade link failure.
The overall framework of future smart transmission system, such as substations, control
centres, and transmission networks have been introduced by Li et al. (2010). In smart grid
concept, synergetic combination of wide area monitoring system (WAMS), control, and
communication technology is named as wide area monitoring protection and control
(WAMPAC).

The WAMS provides global information through phasor measurement unit (PMU)
which monitor the dynamic properties of the grid such as transmission line, transformer,
generators and load buses in real-time. The WAMS global information of rotor angles,
generator speeds, voltage magnitudes and phase angles can be utilised to develop a
blackout mitigation model along with intelligent control, adaptive protection relays and
remedial action scheme such as forced line outage, load shedding, and controlled
islanding. Load shedding (Ding et al., 2013; Sun et al., 2011) and controlled islanding
(Xu et al., 2011) for preventive action against cascade failure is a matured technology
among researchers. In power systems, a WAMS-based adaptive strategy for controlled
islanding was introduced by Song et al. (2014). Sun et al. (2011) developed a scheme for
controlled power system islanding using synchronised PMU measurements.

The proposed scheme in this paper is divided into three stages. Initially, the grid data
is converted from deterministic to probabilistic data for analysis of cascading link failure.
In the second stage, a historical blackout database has been created on the basis of
probability distribution of power flow from base case to cascading failure. The higher
order moments of historical data are used to train an artificial neural network (ANN) in
second stage of proposed model. Once ANN is trained it can predict the critical line
which can cause cascading failure by providing online data. Based on early warning
signal of cascade link failure, a mitigation plan has been proposed in stage three. Where
forced line outage plan is used as a preventive action against early warning of cascade
failure. Line selection for outage based on the maximum phase angle difference and
topological connectivity of the grid.

Key contribution of this paper is to propose a data centric WAMPAC model with an
aim of prediction and mitigation against blackout. A neural network (NN)-based early
warning system for blackout prediction has been proposed in our earlier attempt (Gupta
et al., 2015) where, a machine learning (ML) technique along with probabilistic model
(Gupta et al., 2014) was used for prediction of emerging blackout. Prediction was based
on offline analysis of past blackout events and online data which is assumed to be
available from WAMS. The present paper uses early warning, generated from Gupta et
al. (2015), as a precursor of blackout prediction. Based on early warning, a mitigation
plan is proposed to protect the grid against blackout. The concept of phase angle
difference and the grid topology has been used for faster grid protection.

The existing power system control centres typically performs steady state
contingency analysis, where each contingency event is analysed by power flow
studies. The proposed prediction and mitigation model are based on simulation and
measurement-based approach and can analyse online contingency which is the key
characteristic of the smart grid proactive blackout prediction and mitigation planning.

This paper is organised as follows: Section 2 presents proposed WAMPAC
methodology for blackout prediction and mitigation. Section 3 is a gist of blackout
prediction using ANN ML technique. A blackout mitigation plan proposed in Section 4.
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Section 5 is a case study to validate the mitigation plan where IEEE 30 bus system is
used as prototype power system. Some open research issues are discussed in Section 6
along with conclusions.

2 Proposed methodology

The traditional supervisory control and data acquisition system (SCADA) is based on
steady state power flow analysis, which is unable to observe dynamic characteristics of
the power system at a required resolution. Whereas the dynamic measurements become
possible with PMUs which precisely monitor the voltage and current phasors through a
timing reference generated by global positioning system (GPS).

PMUs at substations measures voltage and current phasors generally at a rate of
20-60 times a second and compute MW/MVAR and frequency in very precise
synchronisation, with ps accuracy. Hence, they are capable to track grid dynamics in
real-time compared to SCADA system.

As shown in Figure 1, we assumed that PMU at substation measures time
synchronised dynamical data online and send it to phasor data concentrator (PDC). The
PDC gather data from several PMUs with identical time tags, align the time tag and
create a record of data from wide area network. Hence, at PDC, PMUs data are available
for analysis and processing.

Figure 1 Proposed scheme of WAMPAC system for blackout prediction and mitigation
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The measured data can be analysed in real-time at control centre PDC where the data
format has been changed from deterministic to probabilistic (Gupta et al., 2014) for
blackout prediction purpose.
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2.1 Probabilistic data from Gaussian distribution

Let X be a random variable which is symmetrically distributed in a Gaussian distribution
under normal working of the grid. In static power flow network, parameters can be
calculated in terms of mean, variance, standard deviation, probability density function
(PDF) and cumulative distribution function (CDF). The mean of X is a measure of the
centre of distribution and the variance of X is a second moment of X about the mean
which measures the spreads of random variable X,

Vi (X) = E(%j (1)

where X is a random variable, o is standard deviation of random variable. Variance is ¢*
and y is the mean value of the random variable.

Under the steady state mode of normal power grid where all the transmission lines are
working within their rated capacity, the Gaussian probability distribution has to be
symmetrical about its mean. In dynamical state, power flow is not fixed all the time, it
changes with time according to loading. Hence, in dynamical power flow such as
cascading link failure, these Gaussian curves start shifting from Gaussian to
non-Gaussian distribution (Gupta et al., 2014). In this situation, higher order moments are
required to analyse dynamical changes in load flow. The higher order moments have been
used in Gupta et al. (2015) to extract the dynamics of cascading link failure.
Approximately 45 complete blackout scenario has analysed with probabilistic model and
used as historical database. The higher order moments of historical data is used as a
feature vector for training and testing of ANN in Gupta t al. (2015).

As shown in Figure 1 at prediction centre, a scaled conjugate gradient (SCG)
feedforward supervised ANN is used to train prediction model using historical blackout
data (Gupta et al., 2015). Once ANN trained, it classify whether power flow in the grid is
normal or blackout may happen by simply giving online input data to ANN model (Gupta
etal., 2015).

Precise and accurate historical database is very important and key characteristic for
training and testing of ML tools. In WAMPAC, high resolution time synchronised
historical PMU data can improve blackout assessment capability and accuracy of
historical database. Training of ML with such data sets can further improve accuracy of
blackout prediction.

3 Blackout prediction

The aim of training the ML strategy is to arrive at a model based on blackout historical
data for predicting the blackout by providing online data attributes. As shown in Figure 1
and Figure 2, once ANN trained by historical database it can predict whether the grid is
in normal state or blackout may happen by giving only the online data as an input. The
early warning information can be generated based on output of SCG-ANN to prepare a
mitigation plan against future blackout.
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3.1 Historical database

A historical database has been generated from IEEE 30 bus test system using MATLAB
and PowerWord simulator. We assumed that grid data monitored by PMU and received at
PDC as shown in Figure 2. At PDC, it is first converted into probabilistic data using
normal or Gaussian distribution and from the distribution curves the variables such as
mean, variance, and higher order moments were calculated. A historical database of
normal grid operation as well as blackout case are generated from these variables using
probabilistic framework (Gupta et al., 2014) of cascading failure. As shown in Figure 2,
higher order moments of various normal and blackout cases are calculated and stored in
historical database.

The proposed model requires these historical data as an input to train and validate
SCG-ANN for future blackouts prediction. Predicted output is further given to system
protection centre for emergency action such as operation of system protective relays,
breaker or forced line outage.

Figure 2 ANN prediction model
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3.2 Blackout prediction with SCG-ANN technique

As shown in Figure 2, the blackout prediction model was proposed in our earlier work
(Gupta et al., 2015) using probability theory (Gupta et al., 2014) and SCG-ANN
technique to identify critical link, responsible for possible blackout. The paper (Gupta
et al., 2015) used ANN ML tool for early warning of blackout where probabilistic feature
vector was used for training and testing of ANN.

The input feature vector to ANN was selected from offline historical database
(45 blackout cases). Out of 45 blackout cases data, 75% of the data was used for training
15% for validation and 10% data used for testing using feed forward network and fast
supervised SCG ANN learning algorithm (Gupta et al., 2015).

4 Blackout mitigation plan

The present paper takes early warning signal as an indication for the onset of blackout
and proposes a mitigation plan based on grid topology and phasor angle monitoring.
Phasor angle analysis at substation PDC identifies high angle displacements, to select
suitable line for forced outage. In 2010, Dobson and Parashar, reported in Dobson et al.
(2010) that, simulations of the grid just before the Northeast blackout of August 2003
showed an increasing angle differences between the Cleveland and West Mahican, which
indicate that large phase angle differences could be an indication of emerging blackout
(Cummings, 2005). In WAMPAC system, PMU directly provide the accurate phase
angles at the high sub-second rate (100 to 200 samples per second) compare to traditional
slow (typically every 5 minutes) state estimation model in SCADA system. Hence, with
the use of PMUs in WAMS the most sensitive phase angles can identify in real-time for
each iteration of cascading link failure.

Consider a power network where generator and load buses as nodes and transmission
lines forming links connecting the nodes as per the network topology as shown in
Figure 3. According to Sullivan and Lee (1977) and Wang et al. (2008), the DC
power-flow contingency analysis for a load flow from node i to node j, the injected active
power p; can be expressed by

Vil|V;
pPi=-pj= msin(d —5/) (2)

i

where, |V}, |V)| is respective voltage magnitude at node i and j. p; and p; is a injected
active power, X; is an impedance of the transmission line connecting to i and j. d; and d;
is a voltage phase angle at node i and j, respectively.

For DC power flow, the voltage magnitude at all nodes is maintained at 1 per unit
(pu). Further, as the system synchronisation is always maintained under normal operating
conditions the angular difference between two neighbouring nodes is very small. Hence,
(0; — 9,) being very small sin (J; — J;) is approximately equal to the angle difference and
can be replace by (6; — 6;) which will modify (2) to

_(9-9;)
p= G)
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The total load flow from the node i to node j is mathematically represented as

(6-)
P= A 4
2% 4)
J
The same can be written in matrix form
AS = KAP (5)

where Ad, represents change in phase angle at system bus due to change in power
injection of AP and the K matrix element is a function of line admittance. Hence, in the
power grid, we can get bus voltage phase angle as a function of power injection.

According to (5), for a fixed set of power injections p, tripping of one line will change
both the AP and the K matrix element from their base value. The above equations will
provide information of changes in the bus voltage angle due to network topology
changes.

Figure 3 Power flow between bus i to bus j

Vil

4.1 Graphical model

The graph theoretic model consider the generator and load buses as a node (vertices) and
transmission line, transformers as a link. In equation (5), £ matrix (admittance matrix)
represents node to node connectivity. For a fixed set of power injections P, if a line or
lines are removed, both the K matrix and the ¢ vector will change from their base case
values (Sullivan and Lee, 1977) by an amount AK and AJd. Hence, topological line state
information of K matrix and change in bus angle from normal to cascading state can be
calculated at PDC using online PMU data. The relative changes in voltage phase angle
can be analysed as;

A5 = A5prmm - Aé[mse (6)

At time ¢ for the m™ sample of PMU data the difference in phase angle from the base
value can be calculated as:

AS = A5, — Abpuse (7

Here, for mitigation plan the current grid topology information from K matrix can be
combined with early warning signal at critical link along with real-time PMU phase angle
measurements to identify the critical angle and outage line. Then, these quantities can be
monitored, reported and visualised according to dynamic changes in the power system for
selection of forced line outage to prevent emerging blackout.
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Forced line outage may result in formation of cluster in the grid. Generators in one
cluster may run with over-frequency, while those in other cluster run with
under-frequency, sensed by corresponding relays. The temporary survival of the clusters
under this condition can be taken care of by either shedding load or providing extra load,
as the case may be, till the line between the clusters is restored.

5 Case study and simulation analysis

The IEEE 30 bus test-bed system (Gnanadass, 2011) has been built in Powerworld
Simulator and used in this paper as a prototype power network. The one line diagram of
IEEE 30 bus system and parameters are shown in Figure 4 and Table 1, respectively. To
understand the topology of power network a graph theoretic model of test-bed system has
been created by graphical model.

Figure 4 One line diagram of IEEE 30 bus test-bed system

Table 1 IEEE 30 bus test bench parameter

Parameter Description
No. of buses 30
Slack bus no.

Generators 6
Loads 21
Lines/transformers 42
Load 283.4 MW

Generation 289.1 MW
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5.1 Graphical model of IEEE 30 bus system

A model (G) can be represented in the form of nodes and link as
G=W,E,W) (®)

where V, vertices or node (buses) of the graph, E is edges (transmission line or
transformers) of the graph and W is the weight function (line impedance) of the edges.

Figure 5 Graphical model of IEEE 30 bus system (base case) (see online version for colours)
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A weighted directed tree T = (V, E, W) of the test-bed system along with maximum
capacity link connectivity (red colour link) is shown in Figure 5. The number across
transmission line representing the line numbers and values along with lines indicating
line impedance. Minimum impedance line carries maximum power flow. Information of
maximum power flow links for complete grid helps in contingency analysis of
transmission line during cascading failure. As chances of line tripping and amount of
power redistribution after line tripping is more with high capacity (low impedance) lines,
hence, monitoring of these lines are more important. Keeping this in mind, PMU
placement for proposed model considered on minimum spanning tree (MST) algorithm.
The MST algorithm gives information of local to global connectivity and provides
feasible solution of power flow in the power grid with minimum impedance (maximum
power flow) transmission lines of a network.
The MST is a sub-graph of G and defined as

W)=Y W, J) ©)

1,JeT

where W(T) is a shortest path of the grid network and W(I, J) is transmission line
impedance between node / and J. MST algorithm is used in the literature (Manousakis
et al., 2012; Denegri et al., 2002; Kamwa and Grondin, 2002; Nuqui and Phadke, 2005)
for optimal PMU placement.

The secure PMU placement for the IEEE 30 bus system according to Kim and Poor
(2011) are bus number 2, 4, 6, 9, 12, 10, 15, 25 and 27. MST of IEEE 30 bus system
using Kruskals method has been calculated for this paper which is shown in Figure 5
where red lines are showing maximum load bearing lines starting from reference node
(slack bus) 1 to all other nodes (buses). Figure 5 contains all (n — 1) nodes are showing
local to global connectivity of grid without looping. Figure 5, covers all the neighbouring
nodes (buses) and provide shortest path to connect other nodes. Hence, we consider the
best PMU placement for IEEE 30 bus system (Kim and Poor, 2011) are bus no. 2, 4, 6, 9,
12, 10, 15, 25 and 27, for this paper.

5.2 Nodal analysis and mitigation

This paper has considered the intimation from early warning (Figure 2) and prepared a
forced line outage plan based on voltage phase angle difference, as an emergency action
against onset of blackout.

e  Under the normal working of the grid load flow on transmission lines are under their
rated capacity. This scenario considered as base case (normal) power flow. IEEE 30
bus power system has developed in Powerworld simulator and the same is shown in
Figure 6. Figure 6 is a base case scenario. Figure 7 is a graph of voltage phase angles
at different buses under base case of the grid, for graph simplicity we have taken
absolute phase angle.

e Consider an SCG-ANN-based blackout prediction model for early warning system
proposed in the previous paper (Gupta et al., 2015) and shown in Figure 2. Consider
at time t an early warning signal indicating onset blackout after tripping of link L.22
of test-bed system. As shown in Figure 5, graphically this link is connected between
node no. 10 to node no. 22 and closely monitored by PMU installed at node no.10.
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Figure 6 Normal load flow in IEEE 30 bus system (base case) (see online version for colours)
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e Figure 8 is a scenario of perturbed grid on receiving of early warning signal which is
reflecting the over loaded lines in the grid. The overloaded line is indicated by %
loading with solid circle which is reflecting stress in the grid.

e Analysis of perturbed grid on receive of early warning is shown in Figure 9.
Figure 9 is a graph of bus numbers verses phase angle at respective bus. The
stress has increased with increase in phase angle difference on the bus from normal
grid to perturbed grid. Analysis of Figure 9 shows that maximum phase angle
difference from base case (Figure 7) to perturbed case (Figure 9) has occurred
on bus number 21 and 22.

e Power systems under perturbed condition showing large voltage phase angle
differences compared to base case and the same is analysed and shown in Figure 9
where marker is indicating maximum phase angle difference on bus 21 and 22 at the
time of early warning signal. In WAMPAC system (Figure 1), the PMU monitors
and measures these synchrophasor phase angle with time tag and maximum phase
angle difference calculated at control centre PDC. Topological analysis from
Figure 5 indicating that the link between bus 21 and 22 is L3 1. Hence, maximum
stressed buses can be separated by outage of line L31.

Figure 7 Voltage phase angle corresponds to bus number (base case) (see online version
for colours)
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e Figure 10 is a simulation graph showing the power flow on transmission line from
base case to perturbed case. Analysis of topological model of IEEE 30 bus system in
Figure 5, provided information of bus connectivity.

Phase angle analysis from Figure 9 indicating the highly stressed area of test-bed
system, i.e., the buses 21 and 22. Graphically, this can be separated from the entire
grid by forced outage of line L31 via protection relay.
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Figure 8 Load flow on onset of early warning (perturbed condition of the grid) (see online

version for colours)
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e Forced outage of line L31, released stress in the grid which is clearly reflected in
Figures 9 and 10 with green colour. Figure 11 provides status of power flow in IEEE
30 bus system after forced outage of line L31. The temporary survival of this forced

outage which is shown in Figure 11 can be handled by providing extra load, till the
line between the buses is restored.

Figure 9 Maximum power angle analysis under perturbed grid (see online version for colours)
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Figure 10 Power flow on transmission lines from base case to perturbed case and after forced line
outage (see online version for colours)
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Figure 11 Load flow after forced line outage (see online version for colours)

HAW T
MK

€T

aB8ejnQ paoiog

+T

HAKW 0E
AW T M 0F




Augmenting WAMPAC with machine learning tools 99

6 Conclusions

This paper is an attempt to propose a blackout prediction and mitigation model for
upcoming WAMPAC technologies. The proposed model can be used for proactive
cascade prediction and mitigation in planning of smart grid early warning system. The
proposed model can be generalised with the higher order bus system or with real-time
system. This work can be further extended for smart relays which can help for load
shedding or controlled (pre-planned) islanding on prediction of blackout. The future
scope of the proposed model is in the field of real world complex power networks that
demands real-time contingency analysis with the robust control system and self-healing.
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