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Abstract—Multi-stability risk assessment (MSRA) is more
practical than singular stability risk assessment in power system
operation considering increasing uncertainties, e.g., renewable
power generation and system faults. In this paper, a real-time
MSRA method based on a graph neural network (GNN) is
proposed to effectively address multiple stability problems,
including (small-disturbance and transient) rotor angle, (short-
term and long-term) voltage, frequency, and converter-driven
stability. An operating graph and a disturbance graph are
developed as input features of GNN to completely characterize
complex operating conditions and disturbances. In the GNN, the
topology correlations in the inputs can be learned by graph
convolutional layers via initial residual identity mapping, resulting
in informative high-order features for MSRA. A GraphNorm
method is employed in the GNN to tackle over-smoothing
problems and improve generalizability effectively. Then, based on
real-time data, the risks of the multiple types of stability can be
simultaneously and continuously predicted by the GNN, and the
stable and unstable operation regions (SURs) can be visualized
based on alpha shapes. The effectiveness of the proposed method
is verified in the IEEE 39-bus system, the 179-bus western
electricity coordinating council (WECC) system, and the Great
Britain (GB) system. The comparison results of SURs associated
with multi-stability are demonstrated and discussed to prioritize
major types of stability problems.

Index Terms—Multi-stability, stability risk, renewable power
generation, uncertainty, graph neural network.

1. INTRODUCTION

A. Background

An increasing amount of renewable energy, e.g., wind and
solar energy, is integrated into power systems to tackle the
climate crisis. As a result, growing uncertainties and decreasing
inertia would cause multiple power system stability problems
[1]-[3], e.g., (small-disturbance and transient) rotor angle
stability, (short-term and long-term) voltage stability,
frequency stability, and converter-driven stability according to
the updated stability classification in [4], which are named as
“multi-stability” for convenience in this paper. Transmission
system operators (TSOs) face unprecedented challenges in
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evaluating the multi-stability risk and improving the security of
power system operation with massive uncertainties.

B. Motivation for Multi-stability Risk Assessment (MSRA)

Stability risk assessment (SRA), also called probabilistic
stability assessment/analysis [5], [6], is the most widely used
stability analysis approach that can assess the effects of
uncertainties  [5]-[10]. Compared with conventional
deterministic stability assessment, SRA can provide not only
the probability of different stability margins but also stable and
unstable operation regions (SURs) [6], [7]. On this basis,
planners and operators can mitigate the stability risks by
comprehensively considering the severity and probability of
incidents. Hence, the SRA is popular and effective for power
systems with high penetration of renewable energy.

The conventional SRA mainly focuses on singular stability
[6]-[14]. The effects of various uncertainties, e.g., wind power
generation [6], [7], [9], [11], [14], photovoltaic generation [6],
[10], loads [12], and plug-in electric vehicles [13], have been
considered for the SRA of singular stability, e.g., rotor angle,
voltage, frequency, and converter-driven stability. However,
the existing studies of singular stability have specific
assumptions (e.g., component models) and scenarios. In this
case, their study results are fragmented and limited. The
impacts of an improvement measure derived based on singular
stability may be different or even opposite for other types of
stability. By contrast, MSRA aims to study multiple stability
problems using the same assumptions and under the same
scenario, thereby providing comprehensive analysis results that
are all valid for multiple aspects of stability [15], [16]. Actually,
different types of stability problems have occurred
simultaneously in real power systems. Both frequency
instability and short-term voltage instability have been
observed in the 2016 South Australia blackout event [1]. In the
2006 Pakistan blackout event, small-disturbance rotor angle
instability and short-term voltage instability have been recorded
[2]. In these events, the stability risk cannot be completely
perceived only based on the SRA of singular stability. In
addition, the relationship between different types of stability
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risks (e.g., stable region size/location and priority) is crucial for
understanding the multi-stability mechanisms in essence, and
hence, is of deep interest to researchers. According to the
analysis above, the study of multi-stability risk is in great
practical and scientific demands.

C. Motivation for Introducing Graph Neural Network into
MSRA

Recently, the multiple stability problems under uncertainties
have been addressed by some researchers [15], [16]. In [15],
two composite stability indices are proposed to assess the multi-
stability, including small-disturbance rotor angle, transient
rotor angle, and frequency stability. The composite stability
indices curves in a day can be calculated through Monte Carlo
simulation (MCS). In [16], considering the uncertainty of
renewable energy and loads, the operational boundaries of
multi-stability, including small-disturbance and transient rotor
angle, long-term voltage, and frequency stability, are
established based on MCS. The MSRA in [15] and [16] relies
on MCS and time-domain simulation (TDS) / eigenvalue
analysis, which is accurate but time-consuming. Conventional
solutions to improving the efficiency of SRA include two
approaches. One approach is to use analytical methods, e.g.,
point estimate methods [17], cumulant-based methods [9], and
probabilistic collocation methods [10]. However, the accurate
analysis results strongly rely on accurate uncertainty modeling
and sensitivity terms [5]. The other approach is to use improved
MCS-based methods, e.g., Quasi-MCS [13] and Latin
hypercube sampling [18]. Compared with the analytical
methods, the MCS-based methods are easier to implement and
can process scenarios with complex uncertainties. However, the
required computational cost is still high [5]. In conventional
power systems, planning uncertainty is much higher than
operational uncertainty due to the low penetration of renewable
energy. In planning duties, it is possible to derive accurate
expressions of uncertainty models or provide enough time for
MCS and its variants. Hence, the conventional MSRA methods
are mainly considered in planning duties. However, it is
predicted that the penetration of renewable energy will become
even higher [5], resulting in stronger uncertainty of power
generation in the short term. In addition, for the sake of system
robustness and an increasing requirement of transmission
capacity, the topology of a power system will become
increasingly complex [19], resulting in stronger uncertainty of
faults. Hence, the operational uncertainty will be increasingly
strong and cannot be ignored in future power systems.
Extremely high assessment efficiency and adaptability to time-
varying uncertainty distributions are required by the MSRA of
power system operation. The conventional MSRA methods
may become inapplicable due to the high computational cost
and the difficulty in obtaining accurate expressions of
operational uncertainties. Thus, there is an urgent need to find
a new method for the MSRA of real-time power system
operation with uncertainties.

Emerging deep learning (DL) methods have the advantages
of strong fitting ability and high computation speed, which have
demonstrated strong power in the SRA of singular stability
[20], [21]. The main idea of DL-based SRA is to count the
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deterministic results of various potential scenarios given by DL
methods, thereby calculating the stability risk. Ref. [20]
introduces a stacked denoising auto-encoder (SDAE) model for
the SRA of transient stability, considering the uncertainty of
wind power generation and loads. In [21], a debiased neural
network is proposed to predict the cumulative distribution
function and probabilistic density function of a transient
stability index considering the uncertainty of wind power
generation and loads. The existing work verifies that
informative and accurate probability of singular stability can be
provided by DL methods. Thus, DL methods are considered to
have the potential to break out the existing bottleneck of high
computational cost in MSRA.

In order to achieve real-time MSRA, massive potential
scenarios should be determined in real time by considering the
possible values of uncertainties and be assessed by DL methods.
Different from conventional real-time pre-fault deterministic
stability assessment based on DL [22], the features of the
potential scenarios (i.e., steady states) cannot be obtained from
a wide-area monitoring system directly. Hence, it is crucial to
avoid time-consuming power flow calculation, so that the pre-
fault features of the massive potential scenarios can be
generated in real time. In existing SRA based on DL, Ref. [21]
selects steady state variables, including the active and reactive
power of PQ buses and the active power of PV buses, as input
features. Ref. [20] supplements the voltage magnitudes of PV
buses on the basis of [21]. By assigning the possible values of
uncertainties, the features of massive potential scenarios can be
generated immediately, and the stability risk can be assessed in
real time. Although the above features can be generated directly
without power flow calculation, complex scenarios can hardly
be represented by these features correctly since topologies and
disturbances are also crucial for stability analysis but are
seldom considered. Given a group of the features above (i.c.,
steady states), the stability can be different due to the changes
in system topologies and disturbances. Thus, the information of
topologies and disturbances also should be considered and be
properly represented by the features in the DL-based MSRA.

Graph neural networks (GNNs), as a kind of emerging DL
method, can learn non-Euclidean structure data (i.e., graph data)
effectively compared with other DL methods, e.g., SDAE [20],
recurrent neural networks (RNNs) [23], [24], and convolutional
neural networks (CNNs) [25]. Compared with the non-graph
features employed in other DL methods, complex topologies
and operating conditions can be represented by graph-based
features more intuitively and correctly. Compared with
conventional DL methods, the topology correlation contained
in the graph data can be learned by GNNs effectively, thereby
improving the performance of MSRA. In addition, the GNNs
have been employed in the field of deterministic stability
assessment for singular stability and have demonstrated
powerful effects [26]-[30]. Hence, the GNNs are considered to
have great application potential in MSRA.

D. Contributions of The Proposed MSRA Method

According to the analysis above, a real-time MSRA method
based on GNN is proposed in this paper. The contributions of



this paper are summarized as follows.

1) It is the first time to realize MSRA for real-time duties
rather than planning duties concerned by conventional MSRA
methods, which can benefit the risk control of system operation
with increasing uncertainties. The real-time MSRA is enabled
by an emerging GNN, in which graph convolutional layers
(GCLs) via initial residual identity mapping and a GraphNorm
method are employed to effectively mine topology correlations,
tackle over-smoothing problems, and improve generalizability.

2) The risks of multiple types of stability (i.e., rotor angle,
voltage, frequency, and converter-driven stability) can be
simultaneously and continuously assessed by the proposed
method. On this basis, dominant stability problems with high
risks can be detected and prioritized in real time, thereby
making targeted decisions timely by TSOs. The relationship
between the multiple types of stability risks can also be
provided to help understand multi-stability mechanisms in
essence.

3) The SURs associated with multi-stability can be
visualized in real time, which can intuitively reveal the stable
operation ranges of uncertainties. Dominant types of instability
at potential fault locations can also be visualized in a power
network representation, thereby indicating the critical fault
locations accurately.

This paper is organized as follows. Section II elaborates on
the concept of MSRA and stability indices. Section III
introduces the proposed MSRA method. Case study results are
shown in Section I'V. Conclusions are drawn in Section V.

II. PROBLEM DESCRIPTION

A. Concepts of Multi-stability Probabilistic Assessment

Given a specific operating condition, stability indices may
change due to uncertainties in a power system, e.g., wind power
generation and system faults. It means that a seemingly secure
operating condition may become insecure once the states of
uncertainties change. MSRA is to calculate the potential risk of
multi-stability (i.e., probabilities and margins) under a given
operating condition, which can be regarded as a pre-fault
stability assessment. Then, a rule should be provided to guide
the optimization of the current operating condition. In this paper,
the guidance rule is provided by a commonly used approach [7],
[16], [31], i.e., visualizing SURs in a space composed of
uncertainties. The SURs can not only indicate stable/unstable
regions but also provide how close to the stable/unstable
regions and which direction to move.

B. Employed Stability Indices

In this paper, the considered multi-stability includes small-
disturbance and transient rotor angle, short-term and long-term
voltage, frequency, and converter-driven stability. Different
types of stability should be analyzed based on different indices.
The small-disturbance rotor angle stability and converter-
driven stability can be analyzed together using the same
eigenvalue-based index, and hence, are collectively named
small-signal stability for convenience in this paper. The voltage
stability is further divided into (large-disturbance) short-term
and (small-disturbance) long-term voltage stability since they
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should be analyzed based on different indices. The index of
long-term voltage stability can also be calculated using
eigenvalue analysis, which is derived from a different matrix
compared to the small-signal stability. The short-term and long-
term frequency stability can be analyzed using the same index,
and thus, are not differentiated and uniformly referred to as
frequency stability in this paper. The indices of the different

types of stability are briefly listed in TABLE 1.
TABLEI
DEFINITION OF STABILITY MARGIN LEVELS OF MULTI-STABILITY
Stability margin level

Stability type Index (Rsss, Rps, Rsvs, RLVS; RTS)
2 (Stable)
Small-signal (rotor angle and
converitger—dr(iven) sta%)ility <% >0 <0
Frequency stability furp / Hz <0.5 >0.5
Short-term voltage stability Vr/pau. <0.2 >0.2
Long-term voltage stability Ay min >0 <0
Transient (rotor angle) stability  y/p.u >0 <0

In TABLE 1, a larger stability margin level indicates a higher
stability margin. For each type of stability, the stability margin
level (i.e., Rsss, Rrs, Rsvs, Rivs and Rts) with value 2 denotes
the stable state of this type of stability. The stability margin
level with value 1 denotes the unstable state. The stability
margin levels are determined by 5 indices {, fmrp, Vr, A1min and
y, respectively, which are calculated as follows.

1) Small-signal (rotor angle and converter-driven) stability

The small-signal stability can be uniformly analyzed by
eigenvalue analysis. The index damping ratio ¢ can be
calculated by

- % . 100% - 1
g Ny 100% (D
where a and  are the real and imaginary part of concerned
conjugate eigenvalues, which can be derived from a state
transition matrix of system. The concerned -conjugate
eigenvalues can be associated with rotor angle stability and
converter-driven stability [13], [32]. Thus, these two types of
stability can be analyzed together. The small-signal stability
margin level (i.e., Rsss) can be defined according to {[13], [32],
as shown in TABLE 1. When {>0%, activated oscillations will
decay and the system is stable. Otherwise (i.e., (<0%), activated
oscillations will diverge and the system is unstable. In this paper,
the minimum ¢ is employed to determine Rsss.
2) Frequency stability
The maximum frequency deviation furp is the index for
frequency stability [7], which can be calculated by
Jwirp :max(f;nax_f;’f;_f;mn)’ 2
where fmnax and fmin are the maximum and minimum frequency,
respectively, during TDS; and f; is a nominal frequency.
According to [7] and [33], 0.5 Hz can be used as the threshold
of furp to define the frequency stability margin level (i.e., Rs).
3) Short-term and long-term voltage stability
The short-term voltage stability can be evaluated by the
restored voltage level after a large disturbance, which can be
indicated by

Ve =max |V, =1,V 1)), (3)

where Vmax and Viin are the maximum and minimum restored
bus voltage, respectively, during TDS. A power system can be



regarded as short-term voltage stable once a certain voltage
level can be restored. In the existing work, 0.2 p.u. is usually
employed as the threshold for Vr to assess the short-term
voltage stability [26]. It means that the system is short-term
voltage stable if all bus voltage can be restored to the range from
0.80 p.u. to 1.20 p.u. Accordingly, the short-term voltage
stability margin level (i.e., Rsvs) can be defined in TABLE 1.

Different from the short-term voltage stability, the long-term
voltage stability can be analyzed based on eigenvalue
decomposition of a reduced Jacobian matrix [14]. Given
linearized steady-state voltage equations as

AP [Af
AQ| AU @)

where AP, AQ, A@, and AU are the variation vectors of bus
active, reactive power injection, bus voltage angle, and voltage
magnitude, respectively; and J is the reduced Jacobian matrix
of concerned buses. The index Ajmin 1S a real number and can be
derived by calculating the minimal eigenvalues of J. A system
is long-term voltage stable if all eigenvalues of J are positive,
i.e., Aymin > 0. Otherwise, the system is long-term voltage
unstable. Then, the long-term voltage stability margin level (i.e.,
Rivs) can be defined in TABLE 1.
4) Transient (rotor angle) stability
The index y is a widely used index for transient stability [6],
[34], [35], which can be calculated by
360-0,.
y=— Cmax
360+ 0

max

%100, (5)
where dmax is the maximum rotor angle difference between any
two generators at the same moment during TDS. A widely used
criterion for transient instability is to judge whether dma>360°,
ie., y<0 [6], [34], [35]. Accordingly, the transient stability
margin level (i.e., Rrs) can be defined in TABLE 1.

5) Overall stability

Based on the stability margin levels of the multiple stability
above, an overall stability margin level Ros is defined by

Rog = min (R‘ Rys> Ryys» Rivs» Ryg ) > (©)
where Rsss, Rrs, Rsvs, Rivs and Rrs are the stability margin
levels of different types of stability determined according to
TABLE 1, respectively. The Ros is conservative, which is
determined by the lowest stability margin level of multi-
stability.

Actually, the stability indices, margin levels, and standards
above are employed to demonstrate the effects of the proposed
MSRA method. Operators can select the concerned indices,
develop suitable standards, and define more stability margin
levels based on the practical situations of their grids.

SSS 2> “MFS

C. Uncertainty Sources

Considering different analysis targets and time scales,
different uncertainties should be considered [5]. Two types of
uncertainties are considered as examples to demonstrate the
proposed MSRA method, including @) wind power generation
(wind speed) change and ) N-k contingencies including three-
phase-to-ground fault at critical transmission lines and
synchronous generator (SG) trip without faults. It should be
pointed out that the uncertainties in a power system are not
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limited to the above two. In this paper, the above two are

selected as representative uncertainties. The proposed method

is also available for other types of uncertainty if necessary. By
combining the above uncertainties, the following two types of
disturbance cases can be generated.

o Disturbance case 1: the steady state is changed due to the
uncertainty of wind power generation first, and then a three-
phase-to-ground fault occurs at a transmission line randomly.

o Disturbance case 2. the steady state is changed due to the
uncertainty of wind power generation first, and then an SG
is tripped randomly.

Both the disturbance cases 1 and 2 consider the
superposition of two types of uncertainty. For the above
disturbance cases, the margin levels of small-signal stability
(i.e., Rsss) and long-term voltage stability (i.e., Rpvs) are
derived by eigenvalue analysis, respectively, at a steady state.
The stability margin levels of frequency, short-term voltage,
and transient stability (i.e., Rrs, Rsvs, and Rrs) are derived by
TDS.

For power system operation, the distribution of wind power
generation in the near future (e.g., 15 minutes) can change in
real time, and thus can hardly be described by a specified
distribution function widely used in power system planning,
such as a Weibull or Gaussian distribution. Fortunately, the
distribution of wind power generation in the near future can be
easily derived in real time by ultra-short-term nonparametric
probabilistic wind power forecasting technologies without
assuming specified distributions [36]. The probabilistic
distributions of fault lines and tripped SGs can be obtained from
historical statistics [5].

The multi-stability under serious faults, e.g., N-k
contingencies (k>2), are less affected by operational
uncertainties and usually prevented by pre-set emergency
control measures. Thus, these contingencies are not considered
in this paper. Actually, the proposed method is available for the
N-k contingencies (k>2) if necessary.

III. PROPOSED MSRA METHOD BASED ON GNN

A. Risk Level Assessment based on Graph Neural Network

Both a steady state and a disturbance condition are crucial
for stability results. In this section, two graph representations
are proposed to represent various operating conditions of a
power system and disturbances caused by different
uncertainties. Then, the two graphs are regarded as the inputs
of a GNN to predict the margin levels of multi-stability.

1) Operating graph: representation for various operating
conditions of a power system

A power system can be described by a graph G = (V, &), as
shown in Fig. 1 as an example.

Fig. 1 Graph representation of a power system
In Fig. 1, buses and connection lines can be represented by



nodes and edges, respectively, in the graph. On this basis, the
operating condition of the power system can be represented by
an operating graph Gop = (Vop, Eop)- Vop € RVB** is a matrix
of buses. Egp € R¥*?N. is a matrix of connection lines,
including the connection relationship between any two buses.
Vop and Egp are defined by

Vor = [vop,lv' "5 Vop, N, ]T ) (7

Eop = I:eOP,l"“’eOP,ZNI :| > (®)

where Np is the number of buses; each bus has 4 features, i.e.,
vop.=[Vop..1, ..., vopr,4]T; NL is the number of connection lines;
and eop,=[eop.1,, eop2]T includes the start bus and end bus of
the i-th connection line. Considering the two-way flow of
power in a connection line, each connection line is represented
by two edges with interchanged bus numbers.

The 4 features include active power, reactive power, voltage
magnitude, and voltage angle. The active power and voltage
magnitude of a PV bus (i.e., generator), the active power and
reactive power of a PQ bus (i.e., load), and the voltage
magnitude and angle of a slack bus can be assigned according
to a specific scenario. The other features are set as zero.

Based on Eyp, a weighted adjacency matrix Agp € RVB*NB
is derived to describe the connections between buses, where an
element aop,;; at the i-th row and j-th column is derived by

. ..t

_ |Zi,j|’ if [l’f] E{eOP,ls""eOP,zNL}

Aop,i,j = .
0, otherwise

) (€]

where z;; is the admittance of the transmission line or
transformer connecting the i-th and the j-th buses; a non-zero
value of aop,;; indicates a connection between two buses; and a
zero value indicates a disconnection. The weighted adjacency
matrix Aop is similar to the concept of a branch admittance
matrix in power system theories.
Based on Gop = (Vgp, Egp) and Aop, operating conditions
with different topologies can be represented as follows.
e When the transmission line connecting the i-th and the j-th
buses is disconnected,

Aop,i,j = 0 and Aop,ji = 0. (10)
e When the i-th bus is disconnected,
Vop, =0
. 11
agp,; =0andag,,, =0, j=1,2,++, Ny (b

The time consumption of a large amount of power flow
calculation can hardly be ignored by real-time MSRA.
According to the principle of power flow calculation, operating
conditions cannot be reflected by Vgp only, which is employed
as input features by traditional neural networks like [20] and
[21]. In the proposed method, the operating conditions can be
accurately reflected by the graph Gop due to the supplemental
topology information in Aop. In addition, power flow
calculation can be avoided to generate the input features Gop
and Aop, thereby accelerating the assessment speed of MSRA.

2) Disturbance graph: representation for disturbances due
to different uncertainties

Similar to the operating graph defined above, a disturbance
graph Gp = (Vp, Ep) and a corresponding weighted adjacency
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matrix Ap can be defined. Various disturbances induced by

different uncertainties can be represented as follows.

e When a three-phase-to-ground short circuit fault occurs at
the line connecting the i-th and j-th buses and then the line is
cut off,

s (12)
where ar=0. The other types of faults, e.g., single-phase-to-
ground short circuit fault and double-phase-to-ground short
circuit fault, can be easily represented by defining a different ar,
e.g., 2/3 and 1/3, respectively.

e When a generator at the i-th bus trips,

ap, ; = |Z,-,,-| and ay,;, =a; |z

vD i = 0
. 13
ap,;=0anday;, =0, j=12,, Ny (13)
e When the output power of a generator or the consumed
power of a load at the i-th bus increases/decreases by Avp,
Vo =Vops TAV,. (14)

As for the other elements in Gp, they are the same as the
corresponding elements in Ggp. Then, Gp and Ap, together with
Gop and Aop, are used as the input of the proposed GNN.

It should be noted that, if necessary, N-k (k>2) contingencies
can also be represented by setting multiple disturbances in Gp.

3) Proposed graph neural network

A GNN has the ability to learn from non-Euclidean data Gop
and Gp. The structure of the proposed GNN is shown in Fig. 2.

T L T s —
Inputs } Operating graph G, } | Disturbance graph G |
| \
S A o _ &% j
v v
21 <L
B s A = |
GCLs with (v* o\ vy* *;v* MS?* o0 Vyi *v* .
s wi
GraphNorm > % . =¥ s dhf |
WV Hop V¥ Hp
Readout | Concatenate and flatten [Hop, Hp] |
layer -
777777 VHpr
FeLs D = =
L. __ _ & & &
N
| 5 independent Softmax classifiers L

Fig. 2 Structure of proposed GNN

Two independent channels of GCLs are deliberately
designed to extract the non-Euclidean structure information of
two graphs (i.e., an operating graph Gop and a disturbance
graph Gp ). The operating graph Gop with Aop and the
disturbance graph Gp with Ap are the input features and then are
extracted by the two channels, separately. Each channel
includes a fully-connected layer (FCL) and multiple GCLs with
GraphNorm. The calculation process in each channel is given
as follows.

In each channel, the input graph is processed by an FCL by

HY =reLU(H* "W + BY), (15)

where H®D € RN ig an input matrix; H® is Vyp or
Vp; WK € RMCIxMO B g RNBXMO 04 (10 are the

)



weight matrix, bias vector, and set neuron number of the k-th
FCL, respectively; and ReLU(+) is a rectified linear unit. In this
part, one FCL is employed.

Then, H® € RV&*™™ is input into the following GCLs.
Given the input matrix of the k-th GCL H*=1 e RVexM™ 4pq
a weighted adjacency matrix A € RVB*NB  the output of the k-
th GCL with normalization can be calculated by

_ &) pygk-1) () 7 (0) Y.
((1 o) PH" + o H )
((lfﬂ(k))l+ﬂ(k)W(k))

bbb, (7)
where P € RV8*VB js a graph convolution matrix with a
renormalization trick; A=Aop or Ap; A=A+ 1 = [a;;] and T

H" =ReLU| [\ (16)

is an identity matrix; D € RVB*VB is a diagonal matrix and the
i-th diagonal element d;; = ¥;a;;; W® € R¥D g the
weight matrix of the k-th GCL; o® and A% are two
hyperparameters; and H© = H®, which is the input of the
first GCL. The employed GCL uses initial residual identity
mapping proposed in [37]. An over-smoothing problem can be
prevented, and better performance can be achieved by the
employed GCL compared with other variants of GNNs. In
addition, a graph normalization technique fgn(+) is introduced
into the GCL, named GraphNorm [38], which is defined by

I (x,-,,,-) _ Xij _P/E(x/) ; (18)
\/E((xnj _ij(xj)) )

where x;; is the element at the i-th row and j-th column in a
matrix; x; is the vector of the j-th column in a matrix; p; is a
learnable parameter that decides the information to be retained
in the mean; x;j and #; are affine parameters; and E(-) denotes an
expected value. Compared with other normalization methods,
e.g., BatchNorm, LayerNorm, and InstanceNorm, the employed
GraphNorm can make the proposed GNN converge faster and
achieve better generalization performance [38].

Then, the outputs of the final GCLs in the two channels (i.e.,
Hop and Hp) are input into a readout layer by

HFLT:fFLT([HOP’HD])’ (19)

where fpr () denotes flattening a matrix into a 1-dimensional
vector. The spatial correlation of the input graphs can be
captured into the flattened vector Hp p € RV2NB MY 1y the
GCLs. Then, Hgyp is input into multiple FCLs for the further
feature extraction of both operating and disturbance
information, which can also be calculated according to (14).
Finally, the output of the final FCL (i.e., the K-th layer) is
input into 5 SoftMax classifiers simultaneously to predict the
stability margin levels of the concerned multi-stability,
respectively. The output vector of the i-th SoftMax classifier

Kj +77j’

can be derived as Y; = [}7&1,371',2,-'-,37&,\,1.']1] € R™VNik| Ny is
the number of the defined stability margin level of the i-th type
of stability, which is 2 in this paper. Then, the stability margin
level of i-th type of stability, i.e., R;, can be judged by

R, =arg max()_/l.‘j)- (20)
j

The R; derived from the 5 SoftMax classifiers are the
predicted Rsss, Rrs, Rsvs, RLvs and Rrs, respectively, and can be
substituted into (5) to calculate the overall margin level Ros.

Based on the structure above, the Adam algorithm [39] is
utilized to optimize the parameters of the proposed GNN by

0" =arg min(
4
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where " is the optimal parameters of the GNN; Nain is the
number of training samples; the superscript (/) denotes the /-th

sample; and yi(j) is the j-th element of a true label vector Ygl) €

RNiR, yi(;) is 1 if the margin level of the i-th type of stability

is j and otherwise is 0. Based on (20), a well-trained proposed
GNN can be obtained when a set training epoch is reached.

B. Visualization of SURs based on Alpha Shapes

In the online application stage of the proposed MSRA
method, massive samples (i.e., potential scenarios) are obtained
by sampling for uncertainties. Given the input features of such
Niest samples, i.e., {Xies”}, the proposed GNN can predict the
stability margin levels of multi-stability for each sample, i.e.,
{R"}={[Rsss, Rrs, Rsvs, Rivs, Rts, Ros]”}. By selecting
concerned features X, from X« as axes, each sample can be
represented as a point in the space consisting of X,. In [7],
convex hulls are employed to generate operation regions of
frequency stability effectively. Considering the nonlinear
characteristics of power systems, alpha shapes [40], which can
be non-convex, are more suitable for generating the SURs of
multi-stability.

In this paper, naive SURs are defined as the SURs
considering a single fault. By selecting Ny samples with the
same fault (e.g., the same fault line) from the set {Xies”, RV},
naive SURSs can be generated by Algorithm 1.

Algorithm 1: Naive SURs generation based on alpha shapes

Input: Concerned features {X,} and predicted stability margin levels {#"}
of N selected samples

Output: Naive SURs {S,s, Sou}

1: Forj=1:2 do

2:  Generate set Q,={X,"}, where [ satisfies 7*)=j;

3: Generate unstable region based on alpha shape S, for points in ,1;

4: Generate stable region based on alpha shape S, s for points in ,,;
5: End

In Algorithm 1, the generation of alpha shapes can refer to
[40]. The input r can be Rsss, Rrs, Rsvs, Ruvs, Rts, or Ros to
form the naive SURSs associated with the corresponding type of
stability.

Integrated SURs are defined as the SURs considering
multiple faults. Considering Nt types of faults (e.g., different
fault lines), Nr groups of naive SURs can be generated and
further integrated as integrated SURs by Algorithm 2.

Algorithm 2: Integrated SURs generation based on alpha shapes
Input: N; groups of naive SURSs {S,.", §,,™}, where n=1, 2, ..., N¢
Output: Integrated SURS {Ss, Siu}

1: Define alpha shapes of empty SURS {S., Siu};

2: For n=1:Nrdo

3:  AddS.,,™ into unstable regions Sy,; and add S, into S;

4: Delete the points of S that are in Sy,;

5: Reconstruct alpha shapes of the remaining points of S, 5 as stable regions;
6: End

Based on Algorithm 2, the naive SURs of minor faults with
small unstable regions can be integrated to control their risks



uniformly. As for serious faults with large unstable regions,
targeted control measures should be determined. In addition,
the dominant types of instability can be determined according
to the naive/integrated SURs associated with multi-stability.
Furthermore, the critical fault locations can be easily visualized
in a power network representation according to the
naive/integrated SURs of each potential fault. The types,
degrees, and locations of multi-stability risks can be
comprehensively and intuitively understood by operators
according to the visualized results, and hence, the most
effective control measures can be determined.

It should be noted that uniform sampling is employed to
generate samples for SURs visualization so that all uncertainty
space can be covered. If there are more than three uncertainties
concerned as axes, some of the uncertainties can be fixed as
constant values (e.g., the maximum and minimum) one by one
to visualize the SURs. Alternatively, the values of several
uncertainties (e.g., wind power generation) can be aggregated
as one variable, like [16].

C. Procedure of Proposed MSRA Method

The procedure of the proposed MSRA method is illustrated
in Fig. 3. The procedure can be divided into offline training,
online application, and offline update stages.
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Fig. 3 Procedure of proposed MSRA method

1) Offline training stage

In the offline training stage, massive possible scenarios can
be determined according to the comprehensive consideration of
operational plans, historical records, and concerned
uncertainties (e.g., disturbance cases 1 and 2 in this paper).
Eigenvalue analysis and TDS are utilized to derive the stability
margin levels of multi-stability (i.e., Rsss, Rrs, Rsvs, Rrvs and
Rrs) for each scenario. Then, a training dataset Q={Xiin, ¥irain}
can be established, where Xinin and Yiain are the features and
labels of training samples, respectively. Xuin consists of an
operating graph Gop and a disturbance graph Gp. ¥inin includes
the values of Rsss, Rrs, Rsvs, Rrvs and Rrs. Finally, the dataset

Q can be employed to train the proposed GNN.

2) Online application stage

After the proposed GNN is well-trained offline, an online
application stage starts. In the online application stage, the
current operating condition can be monitored in real time based
on partially installed phasor measurement units (PMUs), i.e.,
PMUs at the buses of generators and loads. In addition, the
distributions of concerned uncertainties (e.g., wind power
generation and faults in this paper) can be generated in real time
by ultra-short-term nonparametric probabilistic forecasting [36].

On the basis above, the MSRA can be implemented moment
by moment as follows. At the current moment, a group of
uncertainty values can be obtained by sampling for the latest
generated distributions. Massive potential scenarios at the
current moment can be obtained by combining the sampled
uncertainty values and the monitored operating condition. The
features of each scenario, i.e., {Xist}, including the steady states
of partial buses (i.e., active power and voltage magnitude of
generators, active and reactive power of loads, and voltage
magnitude and phase of slack buses), topology, and uncertainty
values, can be directly assigned without power flow calculation.
The features {Xis} are input into the proposed GNN
immediately to predict the stability margin levels of multi-
stability for all the potential scenarios. The probability of multi-
stability is calculated by

(22)

NRi
Py, == x100% »

where Pg; is the probability of the index R (e.g., Rsss, Rrs, Rsvs,
Rivs, Rts, and Ros) with value i (e.g., 1 and 2); Ng; is the
number of samples with index R of i; and N is the number of
all samples.

In addition to the probability of multi-stability, the SURs
associated with multi-stability and critical fault locations can be
visualized, respectively, as introduced in Section I11.B.

Based on the given probability of multi-stability and
visualized results, TSOs can comprehensively understand the
potential multi-stability risk of the current operating condition.
If there is no risk, TSOs can wait for the next moment and
monitor the multi-stability risk continuously. Otherwise, a
dispatching scheme or control measures can be determined to
mitigate the multi-stability risk accordingly.

3) Offline update stage

Once massive potential scenarios are sampled in the online
application stage, the sampled scenarios can be compared with
the scenarios in Q. If the sampled scenarios or their similar
scenarios are not learned by the proposed GNN (e.g., topology
changes significantly and new contingencies occur), new
training samples should be generated based on these sampled
scenarios. Then, the proposed GNN can be updated with the
new training samples offline.

It should be noted that the update strategy is not the main
focus of this paper. Actually, the proposed MSRA method can
be combined with other effective update strategies, e.g., transfer
learning [28], [41]-[43] and incremental learning [44], to adapt
to unseen topologies and contingencies.



IV. CASE STUDY

In order to verify the effectiveness of the proposed MSRA
method, three different-scale power systems, i.e., a modified
IEEE 39-bus power system, a modified 179-bus western
electricity coordinating council (WECC) power system, and a
modified Great Britain (GB) power system, are employed as
test systems. The system modeling and TDS are conducted
based on the tool ANDES [45].

A. Test in A Modified IEEE 39-bus Power System

1) System description

In Fig. 4, the original SGs at buses 35, 37, and 38 are
replaced by type-3 wind farms (WFs) (i.e., WFI1, 2, and 3),
respectively. An additional WF with large capacity is connected
to bus 40, i.e., WF4. The maximum active power of WF1, WF2,
WF3, and WF4 are 4.0, 4.0, 4.0, and 10.0 p.u., respectively. The
power outputs of WF1, WF2, and WF3 are regarded as
uncertainties. In practice, the uncertainty distributions of wind
power generation can be obtained and updated in real time by
nonparametric  probabilistic = wind power forecasting
technologies. In this part, the distribution is forecasted based on
a group of virtual wind power data to demonstrate the proposed
MSRA method.
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Fig. 4 Line diagram of a modified IEEE 39-bus power system with 4 WFs

As shown in Fig. 4, 12 transmission lines and 6 SGs are
considered as potential fault lines and fault SGs, respectively.
The probability of fault occurrence is given in TABLE II.

TABLE II
PROBABILITY OF FAULT OCCURRENCE IN IEEE 39-BUS SYSTEM

2) MSRA based on proposed GNN

The proposed GNN includes two channels and a followed
FCL. Each channel has an FCL and two GCLs with GraphNorm.
The M® of the FCL in each channel and the followed FCL are
8 and 128, respectively; For the GCLs, a® and a® are both
0.1; B and B@ are both 0.5; the learning rate of the Adam
algorithm is 0.001; and the maximum training epoch is 500.

The proposed method is tested in the following operating
condition to verify the performance of online application. The
actual system loading level is 98%, which is not included in the
training dataset. By randomly sampling from the uncertainties
considered in Section IV.A.1), 10000 test samples are generated
based on the current operating condition, indicating the
potential scenarios induced by the concerned uncertainties. The
probability of multi-stability given by the proposed GNN is
compared with that given by eigenvalue analysis and TDS, as
shown in TABLE III.

TABLE III
PROBABILITY OF MULTI-STABILITY GIVEN BY PROPOSED GNN IN IEEE 39-

BUS SYSTEM
Method Margin level i Ppggq ;i

PRFs.i PRsvs,i PRLVs.i PRTs.i PRos,i

Proposed 2 (Stable) 89.82% 91.28% 92.79% 100% 98.32% 79.41%

GNN 1 (Unstable) 10.18% 8.72% 7.21% 0% 1.68% 20.59%
Eigenvalue 2 (Stable) 89.11% 91.23% 93.03% 100% 98.23% 78.76%
and TDS 1 (Unstable) 10.89% 8.77% 6.97% 0% 1.77% 21.24%

According to TABLE III, the proposed GNN can predict the
accurate probabilities of different types of stability and different
stability margin levels, which are quite close to the results given
by the time-consuming eigenvalue analysis and TDS. For the
probability of transient instability, i.e., Pg.¢; (i = 1) of 1.77%,
the error of the probability given by the GNN is only 0.09%. It
indicates that the proposed GNN can accurately assess the
probability for the index with a low probability. The results of
Pgy,i indicate that there is a multi-instability probability of
20.59% under the current operating condition, which is
significantly larger than the probability of any type of singular
instability. Hence, the proposed GNN can provide more
comprehensive insights into potential risks compared with the
SRA of singular stability.

The confusion matrices of different types of stability results
are also given to demonstrate the assessment effects of the
proposed method comprehensively, as shown in Fig. 5.
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The probability in TABLE II is set arbitrarily, which does
not affect the verification of the proposed method. At system
loading levels of 90%, 95%, 100%, 105%, and 110%,
considering the disturbance cases 1 and 2, 9832 samples are
generated as a training dataset to train a GNN model offline. It
should be noted that more types of uncertainties can be
considered in practice, and the proposed method is still capable.
In this paper, the application procedure of the proposed method
is demonstrated by taking the uncertainties above as examples.

According to the results in Fig. 5, the assessment results are
biased to a certain degree from the perspective of
misclassification numbers. However, from the perspective of
misclassification rates, the proportion of biased results is quite
low, which may hardly affect the accuracy of multi-stability
risk results.

In order to further verify the superiority of the proposed
GNN, the proposed GNN is compared with 5 widely employed
machine learning methods, including decision tree (DT),
support vector machine (SVM), artificial neural network



(ANN), CNN, and long-short-term memory (LSTM) network.
The operating graph and disturbance graph are transformed into
1-dimensional vector features since the above method cannot
process graph data. The assessment results of different machine

learning methods are compared in TABLE V.
TABLE IV
MAXIMUM ERRORS OF MULTI-STABILITY PROBABILITIES GIVEN BY
DIFFERENT MACHINE LEARNING METHODS IN IEEE 39-BUS SYSTEM

Method  Esss Ers Esvs Ervs Eqs Eos
P ’g‘g’;ed 071%  0.05% 024% 0%  0.09%  0.65%
DT 564% 030% 175% 0%  0.58%  6.03%
SVM  293%  3.62% 290% 0%  092%  6.88%
ANN  478%  594%  400% 0%  097%  8.14%
CNN  251%  020% 044% 0%  015%  2.92%
LSTM  180% 007% 0.59% 0%  046%  140%

In TABLE 1V, taking the results given by the eigenvalue
analysis and TDS as a benchmark, Esss, Ers, Esvs, Ervs, ETs,
and Eos are the maximum errors of the probabilities of small-
signal, frequency, short-term and long-term voltage, transient,
and overall stability, respectively, given by different methods.
The DL methods (proposed GNN, CNN, and LSTM)
demonstrate obviously low errors compared with the traditional
DT, SVM, and ANN due to their strong fitting ability and
generalizability. The lowest errors for all types of stability risks
can be achieved by the proposed GNN since the spatial
correlations in graph data can be well-mined.

3) SURs visualization results

By uniformly sampling for the active power of WF1, WF2,
and WF3 (i.e., Pwri, Pwr2, and Pwr3), 8000 potential scenarios
are sampled to generate SURs. Considering different faults
independently, corresponding naive SURs can be obtained and
then be further aggregated as integrated SURs as follows.

Visualization of Naive SURs: Considering the occurrence of
the three-phase-to-ground fault at line 8-9 under the 8000
potential scenarios, the corresponding naive SURs can be
visualized by Algorithm 1, as shown in Fig. 6.
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Fig. 6 Naive SURs of a fault at line 8-9 in IEEE 39-bus system

Fig. 6 shows that different types of stability have different
SURs. In Fig. 6(a), the unstable region of small-signal stability

f) Naive SURs of multi-
stability

is located near point (0, 0, 0). This is because the concerned
oscillation mode is mainly associated with G10 (slack bus). The
decrease in wind power generation results in an increase in the
output of G10, thereby reducing the small-signal stability
margin of the oscillation mode. The transmission power at line
8-9 increases when Pwri, Pwr2, and Pwrs decrease, thereby
causing transient instability and frequency instability when the
fault occurs at line 8-9, as shown in Fig. 6(b) and Fig. 6(e). The
increasing transmission power at line 8-9 and other critical lines
reduces the steady-state voltages at buses 1, 2, 8, 9, etc.,
resulting in the short-term voltage instability after the fault at
line 8-9, as shown in Fig. 6(c). By contrast, the system is always
long-term voltage stable since the current operating point never
exceeds the load limit regardless of the changes in Pwri, Pwr2,
and Pwr3, as shown in Fig. 6(d). The frequency, short-term
voltage, and transient stability share a large unstable region,
which indicates that the transient, short-term voltage, and
frequency instability can occur simultaneously. The short-term
voltage stability also has a partially unique unstable region,
indicating singular short-term voltage instability in this region.
Based on the naive SURs associated with overall stability in
Fig. 6(f), the stable region that avoids multiple stability
problems can be intuitively visualized for the reference by
TSOs to mitigate the risk of multi-stability.

Visualization of Integrated SURs: According to the volume
order of the unstable region, the naive SURs associated with
overall stability considering different faults can be further
aggregated into the integrated SURs associated with overall
stability by Algorithm 2, as shown in Fig. 7.
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Fig. 7 Integrated SURs associated with overall stability in IEEE 39-bus
system

In Fig. 7(a), the integrated SURs 1 are derived by integrating
the naive SURSs of 14 types of faults, including the trip of G1,
G2, G3, G4, G5, and G7, and the faults at lines 2-3, 3-4, 3-18,
4-14, 6-11, 13-14, 26-27, and 26-28. The integrated SURs 1
have a large stable region, indicating that the multi-stability risk
of the 14 types of faults can be easily avoided by operational
control measures. For example, the output of some SGs can be
improved to reduce the transmission power of the lines with
heavy loads when the wind power generation drops to the
unstable region. In Fig. 7(b), the naive SURs of the faults at
lines 39-1 and 8-9 are added into the integrated SURs 1,
resulting in the integrated SURs 2. The addition of the new
SURs significantly enlarges the unstable region. TSOs can
balance the cost of additional operational control measures and
the additional multi-stability risk, thereby making acceptable
decisions accordingly. In Fig. 7(c), the naive SURSs of the faults
at lines 16-17 and 16-24 are added into the integrated SURs 2,



resulting in the integrated SURs 3 filled with an unstable region.
It indicates that the multi-stability risk of these two additional
faults can hardly be avoided by operational control measures,
and targeted emergency control measures should be made for
them. It should be noted that this paper mainly focuses on
MSRA rather than operational optimization. Hence, the specific
operational control measures are not studied in detail.

4) Efficiency Analysis

In addition to the accuracy of assessment results, time
consumption is crucial for real-time MSRA. The time to
generate the features of sampled scenarios, assess probability of
multi-stability, and visualize naive SURs is given in Fig. 8.
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Fig. 8 Efficiency analysis in IEEE 39-bus system

The time consumption of each item in Fig. 8 increases
linearly with the growth of the sample number. The features
(i.e., operating graph and disturbance graph) of 10000 samples
can be generated within 0.030 seconds since power flow
calculation is avoided. Then, the multi-stability margin levels
of the 10000 samples are assessed within 0.22 seconds by the
proposed GNN, and the naive SURs are visualized within 0.21
seconds. Even considering 50000 samples, the whole process
can be completed within 1.95 seconds. Hence, the proposed
method has the potential for real-time MSRA and SURs
visualization. By contrast, the eigenvalue analysis and TDS cost
3.88 hours for 10000 samples and 19.43 hours for 50000
samples. At least 99.94% of time consumption can be saved by
the proposed method. It is noted that the time consumption is
tested on a computer with a CPU of Intel 17-10700 and can be
further reduced by using a high-performance server.

B. Test in A Modified WECC Power System

1) System description

A modified WECC 179-bus power system is employed to
verify the effectiveness of the proposed MSRA method in a
large-scale power system. The modified WECC power system
has 29 SGs and 5 WFs. The information of an original WECC
power system can be found in [46]. The 5 WFs (i.e., WF5, WF6,
WEF7, WF8, and WF9) are connected to buses 5, 60, 86, 161,
and 174, respectively. The active power of WF5, WF6, and
WF7 (i.e., Pwrs, Pwrs, and Pwg7) are regarded as the concerned
uncertainties, as an example, to demonstrate the proposed
method. The maximum active power of the three WFs is 5.0 p.u.
A total of 14 transmission lines and 10 large capacity SGs are
selected as the potential fault lines and fault SGs, respectively.

Considering the disturbance cases 1 and 2 at the system

10

loading levels of 90%, 100%, and 110%, 27837 samples are
generated as a training set to train the proposed GNN offline.

2) MSRA based on proposed GNN

As for the structure of the proposed GNN, the M) of the
FCL in each channel and the followed FCL are 8 and 256,
respectively, and the maximum training epoch is 1000. The
other hyperparameters of the proposed GNN are the same as
those in the IEEE 39-bus system.

The proposed method is tested in the following operating
conditions to verify the performance of online application. The
actual system loading level is 91%, which is not included in the
training set. By randomly sampling for the considered
uncertainties above, 10000 test samples are generated for
disturbance cases 1 and 2 based on the current operating
condition. The probability of multi-stability given by the
proposed GNN is given in TABLE V.

TABLE V
PROBABILITY OF MULTI-STABILITY GIVEN BY PROPOSED GNN IN WECC
SYSTEM
Method Marginlevel i Prooo i Prpsi  Preysi Priysi Presi Prosi
Proposed 2 (Stable) 100% 78.38% 82.25% 100% 97.47% 69.25%
GNN 1 (Unstable) 0% 21.62% 17.75% 0% 2.53% 30.75%
Eigenvalue 2 (Stable) 100% 78.49% 82.00% 100% 97.30% 69.16%
and TDS 1 (Unstable) 0% 21.51% 18.00% 0% 2.70% 30.84%

In TABLE V, the maximum error in the predicted
probability is 0.25%. For a low-probability case, i.e., P, (i =
1) with 2.70%, the error is 0.17%. Hence, the proposed method
can still provide the accurate probability of multi-stability in the
modified WECC power system. Furthermore, the multi-
instability probability (30.75%) is larger than the probability of
any type of singular instability.

In addition, the confusion matrices are given in Fig. 9.
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Fig. 9 Confusion matrices of different types of stability results in WECC
system

According to the results in Fig. 9, a high accuracy (at least
99.51%) for each type of stability can be achieved by the
proposed method in addition to the probability results.

3) SURs visualization results

Based on Algorithms 1 and 2, the naive SURs associated
with overall stability considering different faults can be
generated and then be aggregated as integrated SURs. The
integrated SURs, including 14 types of faults, are always stable.
It indicates no stability risks for these faults under the current
operating condition. The integrated SURs that include the
remaining types of faults are always unstable. Thus, instability
can always be caused by these faults, and targeted emergency
measures should be designed.

Furthermore, the dominant types of instability caused by the
remaining faults can be analyzed by the proposed method.
Based on the naive SURs associated with singular stability for
the remaining faults, the dominant types of instability induced
by each fault can be determined, as shown in Fig. 10.
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According to Fig.

10, the unstable region in the naive SURs

for the fault at line 7-28 is generated due to frequency, short-
term voltage, and transient instability. Similarly, the dominant

types of instability

induced by the other faults and

corresponding locations are derived in Fig. 11 and TABLE VI.
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Fig. 11 Visualized dominant types of instability in WECC system

TABLE VI

DOMINANT TYPES OF INSTABILITY IN WECC SYSTEM

Instability type

Fault type

Small-signal
Frequency

Short-term voltage
Long-term voltage
Transient

None.

Trip of G3, G4, G6, and GS8;

Fault at lines 7-28, 22-23, 31-32, and 132-133.
Trip of G8, G13, and G24; Faults at lines 7-28.
None

Fault at lines 7-28 and 31-32.

In Fig. 11, dangerous fault locations can be understood
intuitively. Then, according to TABLE VI, targeted measures
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can be designed according to the dominant types of instability
to mitigate the risks of multi-stability effectively.

4) Efficiency Analysis

The time consumption of the proposed MSRA method in the
modified WECC system is given in Fig. 12.
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Fig. 12 Efficiency analysis in WECC system

The time consumption of each item in Fig. 12 grows linearly
with the growth of the sample number. The proposed method
can complete the MSRA based on 10000 samples within 1.65
seconds. Compared with eigenvalue analysis and TDS, at least
99.99% of time consumption is saved by the proposed method.

C. Test in A Modified GB Power System

In order to further verify the effectiveness of the proposed
method in a large inter-connected system model, a case study
in a modified GB system model is supplemented. The
information of the GB system can be found in [47]. The
modified GB system includes 2224 buses, 3207 branches, and
384 generators. Ten WFs are connected to the system as the
uncertainty induced by renewable energy. The maximum active
power of each WF is 5.0 p.u. Ten types of complex faults are
considered as the representative uncertainty induced by faults,
including 6 types of N-1 faults, 3 types of N-2 faults, and 1 type
of N-3 fault. The occurrence probabilities of the faults are
assumed in TABLE VII, which can be obtained correctly from
historical data in practice.

TABLE VII
PROBABILITY OF FAULT OCCURRENCE IN GB SYSTEM
Fault (N-k) Probability
Fault 1, 2, 3,4, 5, and 6 (N-1) 12.00% for each
Fault 7, 8, and 9 (N-2) 8.00% for each
Fault 10 (N-3) 4.00%

At the system loading levels of 90%, 95%, 100%, 105%, and
110%, considering the uncertainty of faults and wind power
generation, 30000 samples are generated as a training set to the
proposed GNN offline.

The proposed method is tested in the following operating
condition to verify the performance of the online application.
The actual system loading level is 92%, which is not included
in the training set. By randomly sampling for the considered
uncertainties above, 5000 test samples of disturbance case 1 are
generated based on the current operating condition. The
probability of multi-stability given by the proposed GNN is
shown in TABLE VIII.



TABLE VIII
PROBABILITY OF MULTI-STABILITY GIVEN BY PROPOSED GNN IN GB SYSTEM
Method Margin level i Proooi  Presi  Prevsi Privsi Presi Prosi
Proposed 2 (Stable) 100% 83.06% 85.88% 100% 87.34% 80.56
GNN 1 (Unstable) 0% 16.94% 14.12% 0% 12.66% 19.44
Eigenvalue 2 (Stable) 100% 82.94% 85.70% 100% 87.12% 80.24
and TDS 1 (Unstable) 0% 17.06% 14.30% 0% 12.88% 19.76

In TABLE VIII, the probability values given by the proposed
GNN are quite close to the values derived by eigenvalue
analysis and TDS. The maximum error in the predicted
probability is 0.32%, indicating the effectiveness of the
proposed GNN in assessing the multi-stability risks induced by
complex N-1, N-2, and N-3 faults in the modified GB power
system.

V. CONCLUSION

In this paper, an MSRA method based on GNN is proposed
to accurately determine the risks of multi-stability moment by
moment, verified by the results given by eigenvalue analysis
and TDS. At each moment, the MSRA can be completed by the
proposed method within several seconds, thereby saving at least
99.94% of time consumption compared with eigenvalue
analysis and TDS. The main findings are given below.

o The instability probability can be underrated by the SRA for
singular stability as the instability probability and region of
multi-stability can be much larger than those of any singular
stability. By contrast, the stability risks can be assessed by
the proposed method comprehensively and accurately.
Compared with existing machine learning methods, the
proposed method can achieve higher accuracy for MSRA.

e In general, the small-signal stability in large-scale power
systems usually needs to be guaranteed before scheduling.
Therefore, the stable operation region of long-term voltage
stability and small-signal (converter-driven and small-
disturbance rotor angle) stability are the largest and second
largest, respectively, both of which are obviously larger than
those of the other types of stability. As for the frequency,
short-term voltage, and transient stability, the sizes and
locations of their stable regions rely on specific faults and
there is no absolute size relationship between them.

® The visualized SURs indicate that different types of
instability can be induced independently or simultaneously
by a fault when operating in different regions. Different
faults lead to different dominant types of instability.

Transient instability is mainly induced by faults at lines, and

the frequency and short-term voltage instability can be

induced by SG trip or faults at lines. Such results above can
be given by the proposed MSRA method in detail instead of
the SRA of singular stability.

Future work will focus on enhancing the interpretability of
the MSRA based on GNNs, which is crucial to make the
assessment results convincing. In addition, defending against
the impacts of cyberattacks on the MSRA should be noticed.
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