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Abstract——The emergency control strategy for mitigating cas‐
cading failures plays an important role in the safe and stable 
operation of power systems with high integration of renewable 
energy sources (RESs). To mitigate the high control costs associ‐
ated with active splitting, this paper proposes a novel tree-parti‐
tioning based emergency control strategy. Initially, a coherency 
grouping model for power system integrated with wind turbines 
is established, incorporating an improved phase motion equa‐
tion to facilitate the identification of unit homology. Further‐
more, a modified fuzzy c-means (FCM) clustering algorithm is 
proposed to achieve the grouping of the generators. Then, the 
cluster partitioning issue is converted into an eigenvalue solu‐
tion problem. This allows for a rapid and accurate cluster parti‐
tioning of the power system, taking into account both the ran‐
dom fluctuations of renewable energy output and the unit ho‐
mology constraints. Based on the modified Prim’s algorithm, 
the tree-partitioning method is used to select the optimal 
bridge, whereby other bridges are disconnected and the inter-
cluster power imbalances remain stable. A power adjustment 
measure is proposed to determine the power adjustment 
amount within each cluster based on the power flow tracing. 
Simulations on the IEEE 118-bus system and the actual case 
system demonstrate that the proposed strategy reduces control 
costs by 55.60% and 43.26% compared with active splitting, 
while also accelerating the post-fault recovery. These results 
highlight the potential of the proposed strategy for mitigating 
cascading failures in real-world applications.

Index Terms——Cascading failure, emergency control, tree-par‐
titioning, cluster partitioning, coherency grouping, spectral clus‐
tering.

NOMENCLATURE

A. Sets and Indices

E

G

i, j

Set of edges in graph

Undirected weighted graph

Indices of generator nodes

n

O

Od

Tij

V

VT

Number of generators

Set of splitting nodes

Set of nodes in a different cluster from splitting 
nodes

Index of coherency grouping of generator nodes 
i and j

Set of points in graph

Set of points in directly connected graph

B. Parameters

ω0

λk

δs

δpll

ηi

μ, σ2

μpl, δpl

A -1

rv, A
-1

fw

a, b

B(ab) 

bi

Bij

Bjw

C

C

D

Di

Dw

Ei

Eij

ET

fi

Reference angular velocity of power system

The kth characteristic value of characteristic equation

Initial phase angle of stator voltage vector

q-axis initial phase angle in phase-locked loop 
(PLL) coordinate system

Number of other sample points whose Euclidean 
distance from bi is less than rank of u2

Mean and variance of Beta distribution

Expected value and variance of power load

Inverse elements of reverse and forward distribu‐
tion matrices

Shape parameters of Beta distribution

Beta distribution function

The ith matrix sample point

Imaginary part of element from contracted node 
admittance matrix between generator nodes i and j

Imaginary part of mutual admittance between gen‐
erator node j and wind farm node w

Cluster center matrix

Cut in graph partitioning

Damping coefficient matrix of generator nodes

Damping coefficient of generator node i

Damping coefficient of power system for wind 
farm node w

Post-transient reactance voltage of generator node i

Expected value of power flow for line ij

Active power in corresponding line

Element corresponding to the second smallest ei‐
genvalue in characteristic equation of generator 
node i
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Gi 

Ḡi 

Gij, Bij

Gv
ij

Hj

I

ids

K

Kii, Kij

Kp, Ki

Lz
ij

L

M

Mi

Mw

N

Nc

Q

rmin

rwj

sr

S0, T0

Tij

Tr(·)

Tth

tij, bij

U

U0, V0

u2

Us

V

Vi

wij

W

Subgraph with respect to graph G containing l in‐
dependent subsets G1, G2, ..., Gl

Supplement of Gi

Real and imaginary parts of admittance matrix be‐
tween generator nodes i and j

Utilization coefficient of generator node v on line 
ij

Inertia time constant of generator node j

Unit matrix

d-axis stator current

Synchronizing power matrix of generator nodes

Self-synchronous power coefficient of generator 
node i and mutual-synchronous power coefficient 
between generator nodes i and j

Proportional and integral gains in proportional-in‐
tegral (PI) control of PLL

Utilization coefficient of load node z on line ij

Unnormalized Laplacian matrix

Inertia matrix of generator nodes

Inertia of generator node i

Inertia time constant of power system for wind 
farm node w

Number of nodes in graph G

Normative cut criterion

Degree of node adjustment domain

The 15th percentile value of density (defined as 
the minimum value) within all elements of u2

Element related to frequency relationship be‐
tween wind farm node w and generator node j

Slip ratio

Sensitivity matrices of node voltage and line pow‐
er flow

Coherent grouping index of generator nodes i and 
j

Trace function

Threshold of coherent grouping

Transformer turn ratio and shunt admittance of 
line ij

Node voltage vector

Voltage and power vectors at operating point

The second eigenvector of characteristic equation

Amplitude of stator voltage vector

Vector of active or reactive power flows of lines

Voltage at generator node i

Weight of edge eij in graph G

Weighted adjacency matrix

C. Variables

Δδi

Δδs

Power angle variation of generator node i

Phase variation of stator voltage vector

Δδpll

Δωpll

ΔF

ΔFh

G0

J0

Pgi, Qgi

PFj
 

Pi

Pij, Qij

Pl

Pli, Qli

Pwpp

ΔPgi

ΔPe

ΔPm

ΔUh, 
ΔVh

Phase angle variation of PLL

Rotational angular velocity variation of PLL

Random fluctuation of node-injected power rela‐
tive to reference point

The hth order cumulant of node injection power

Matrix of first-order partial derivatives of line 
power with respect to node voltage

Jacobian matrix of power flow calculation

Active and reactive power of generator node i

Active line power flow of generator node i

Active power flowing into generator node i

Active and reactive power flows from generator 
nodes i to j

Load power in probability density function

Active and reactive power of load at generator 
node i

Electromagnetic power of wind power plant

Electromagnetic power increment of generator 
node i

Electromagnetic power variation of generator

Mechanical power variation of generator

The hth order cumulant for node voltage and line 
power flow

I. INTRODUCTION

THE power system in China will be characterized by a 
high integration of renewable energy sources (RESs), 

the widespread use of power electronic devices, and an ex‐
tensive deployment of ultra-high-voltage (UHV) long-dis‐
tance transmission infrastructure. The characteristics and dy‐
namic behavior of cascading failures will be significantly in‐
fluenced by the variability of RES output and the limited 
fault tolerance of power electronic equipment [1].

Unlike conventional power systems, the interactions be‐
tween wind turbines (WTs) and conventional synchronous 
generators cause variations in transient voltage and power an‐
gle during faults. These changes in generator groupings can 
lead to incorrect identification of generators, affecting the op‐
timal splitting solution. An inaccurate solution may lead to 
the widespread disconnection of generators and loads, jeopar‐
dizing the island stability and potentially triggering the dis‐
connection of WTs, which could further result in disruptions 
across the power system [2], [3]. The primary goal of an 
emergency fault control strategy is to ensure the overall sys‐
tem safety, even if it requires sacrificing local stability. A 
key challenge in active network splitting is determining the 
optimal splitting boundary. Research in this area generally 
falls into three main categories of methods.

The first category of methods is based on slow coherency 
theory, which examines the dynamic behavior of the power 
system to identify weak connections between areas in real 
time. By identifying these weakly connected areas, these 
methods focus on finding splitting boundaries within the ar‐
eas [4]-[6]. Although traditional slow coherency method can 
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significantly reduce the solution scale, it fails to take into ac‐
count the interaction effects between RES units and tradition‐
al units, resulting in inaccurate identification of the coordi‐
nated units and subsequently affecting the determination of 
the optimal solution.

The second category of methods is based on an intelligent 
optimization algorithm. References [7] and [8] employ opti‐
mization algorithms such as ant colony optimization to deter‐
mine islanding schemes that maintain the power balance and 
prevent line overloading within the island. These algorithms 
also consider safety constraints such as power balance, dy‐
namic stability, and synchronized island operation, accelerat‐
ing the detection of splitting boundary. However, intelligent 
optimization algorithms require complex and time-consum‐
ing computations. As power systems grow in size and com‐
plexity, it becomes increasingly challenging to meet the com‐
putational speed requirement for real-time applications.

The third category of methods is based on graph theory. 
By simplifying and partitioning the network, these methods 
reduce the complexity of power system topology and im‐
prove the efficiency of determining optimal splitting bound‐
aries [9], [10]. The calculations are primarily based on deter‐
ministic power flow, neglecting the effects of the uncertainty 
of RES output on the feasible solution space.

However, as an emergency control strategy to deal with 
cascading failures, active splitting inevitably disrupts the sup‐
ply-demand balance within the power system, resulting in ad‐
ditional economic losses. Furthermore, after active splitting, 
the isolated islands must resynchronize before reconnecting 
to the power system, significantly increasing both the recov‐
ery time and black-start costs. Tree-partitioning has been pro‐
posed as a more conservative emergency failure control strat‐
egy [11]. In contrast to active splitting, the tree-partitioning 
method allows for power exchange between clusters, thereby 
reducing the requirement for strict supply-demand balance. 
Yet, conventional tree-partitioning based emergency control 
strategies fail to account for the dynamic characteristics of 
RES units or their effect on the clustering outcomes, as well 
as the unpredictable variations in RES output and load de‐
mand.

Building on the above analysis and acknowledging both 
the significant inaccuracies in traditional generator grouping 
methods and the variability of RES output, this paper propos‐
es a novel tree-partitioning based emergency control strategy 
designed to mitigate cascading failures while minimizing 
control costs. The main contributions of this paper are de‐
scribed as follows.

1) An improved phase motion equation, reflecting the co‐
herence characteristics of doubly-fed induction generators 
(DFIGs), is developed to create a new coherency grouping 
model for power system with integration of WTs. By propos‐
ing a modified fuzzy c-means (FCM) clustering algorithm, 
the grouping of different types of WTs and traditional gener‐
ators is achieved.

2) A tree-partitioning method that considers the integration 
of WTs is proposed based on the modified Prim’s algorithm. 
By applying graph theory, the complex cluster partitioning is‐
sue is effectively simplified.

3) A novel tree-partitioning based emergency control strat‐

egy is presented, which preserves the minimum connections 
between clusters. The proposed strategy aims to minimize 
the impact of lines by identifying the optimal disconnection 
schemes between clusters.

The remainder of this paper is organized as follows. Sec‐
tion II introduces the coherency grouping model for power 
system with integration of WTs. Section III analyzes the tree-
partitioning method based on the modified Prim’s algorithm. 
Section IV examines the proposed strategy. Section V pres‐
ents a case study using the IEEE 118-bus power system and 
the actual case system to validate the proposed strategy. Fi‐
nally, Section VI concludes this paper.

II. COHERENCY GROUPING MODEL WITH 
INTEGRATION OF WTS

A. Slow Coherency Theory

Traditional coherency theory based on the rotor motion 
equations of synchronous generators uses state variables as‐
sociated with electromechanical oscillations in generator 
units as the key indicators for identifying coherent generator 
clusters [12]. The slow coherency theory presented here pro‐
ceeds through the following procedures.

1) The power system topology is simplified, where the 
load is modeled as a constant impedance, and the generator 
node voltage is represented by the internal potential after 
transient reactance.

2) The formulation of the system state equation is con‐
structed. For the simplified power system topology, the elec‐
tromechanical behavior at the equilibrium point is captured 
through the second-order rotor motion equations of the syn‐
chronous generators at each generator node:

M
¶2 x
¶2t

= Kx + D
¶x
¶t

(1)

where M = diag(M1M2...Mn ); x =[Dδ1Dδ2...Dδn ]T; and 
D =[D1D2...Dn ]T.

3) According to the linearized equation for the transmis‐
sion power of generator in the simplified power system to‐
pology proposed in [13], the electromagnetic power incre‐
ment of generator node i is calculated as:

DPgi = ∑
j = 1j ¹ i

n

Ei Ej Bij cos(δi - δj )(Dδi - Dδj ) (2)

The generator nodes i and j are assigned to the homoge‐
nous group if the coherency grouping index Tij ³ Tth, or to 
the non-homogenous group if Tij < Tth, thus addressing the co‐
herency partition problem. Tij is defined as:

Tij =
n∑fi fj -∑fi∑fj

é
ë
êêêê ù

û
úúúún∑f 2

i - ( )∑fi

2 é
ë
êêêê ù

û
úúúún∑f 2

j - ( )∑fj

2 (3)

Tij reflects the degree of homogeneity between generator 
nodes i and j. The coherency grouping index ranges between 
(-1, 1), where higher values indicate a greater degree of ho‐
mogeneity.

As outlined in [14], the number of system groups is equal 
to that of the chosen eigenvectors plus one. The imaginary 
part of the eigenvector in (1) corresponds to the oscillation 
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frequency, allowing the selection of k - 1 modes with the 
lowest frequencies. The number of coherent groups k can 
then be calculated by:

min
λk

λk + 1

    k = 23...n (4)

The second smallest eigenvector captures the initial 
phase of the power angle for each generator unit at the equi‐
librium point under low-frequency oscillation, reflecting the 
degree of homogeneity among the generator units. This high‐
lights the need for further research into the integration of 
WTs.

B. Homogeneity Identification of Generator Units Incorporat‐
ing Improved Phase Motion Equation

An improved phase motion equation is derived from the 
power control model of DFIG and the phase-locked loop 
(PLL) model. During a fault in the power system, significant 
oscillations in both the system frequency and power angle 
will occur, causing a response in the dynamic behavior of 
the PLL. By applying linearization around the equilibrium 
point, the transfer function between the phase variation of 
stator voltage vector and the phase angle variation of PLL 
can be described as:

Dδs =
s2 +ω0Us Kp s +ω0Us K i

ω0Us Kp s +ω0Us K i

Dδpll (5)

where Us and ω0 are both set to be 1 p.u..
By substituting (5) into the electromagnetic power calcula‐

tion formula of DFIG, the transfer function between the vari‐
ation in the electromagnetic power of DFIG and the varia‐
tion in the PLL phase angle can be obtained as:

DPe =
3
2

(1 - sr )ids

-s2

Kp s + Ki

Dδpll (6)

Given that the value of sr is relatively small, the dynamic 
behavior of the slip ratio is neglected in this paper. Consider‐
ing Dδpll =ω0Dωpll /s, the conversion of Dδpll to Dωpll leads to 
the following equation:

Kp s + Ki

3
2

ids s
(-DPe )= Dωpll (7)

By drawing an analogy to the mathematical form of the 
rotor motion equation for a conventional synchronous genera‐
tor, (7) can be reformulated as:

(-DPe - DwDωpll )

2
3

Ki

ids s
= Dωpll

(8)

Combining (7) and (8), we have:

Dw =
KpDPe

KiDωpll /s
=

KpDPe

KiDδpll
(9)

Analogous to the mathematical form of a traditional syn‐
chronous generator, the self-synchronizing power coefficient 
of the DFIG can be defined as DPe /Dδpll, depending on the 
output power of each generator unit and the parameters of 
the power system topology. The transfer function of the 
DFIG resembles that of a conventional synchronous genera‐
tor, as illustrated in Fig. 1, allowing the use of traditional co‐

herency grouping methods for generator units.

In terms of mathematical form, Dw = KpDPe /(K iDδpll ) in 
the DFIG serves as a similar role to the damping coefficient 
D in synchronous generators, while Mw = (1 - sr )ids /(2Ki /3) in 
the DFIG corresponds to the inertia time constant of a syn‐
chronous generator. Therefore, based on the homogeneity 
characteristic equation of synchronous generators, (8) is de‐
fined as the improved phase motion equation for the DFIG. 
This equation serves as the foundation for constructing a ho‐
mogeneity identification model for generator units.

In order to reflect the real-world situation more accurately, 
this paper constructs a simplified power system with n gener‐
ator nodes. Node i is connected to a wind farm consisting of 
m DFIGs, while the remaining n - 1 generator nodes are 
equipped with synchronous generators. Assuming identical 
PLL parameters for all m DFIGs, the time-domain phase mo‐
tion equation of the wind farm can be derived from (8) as:

(1 - sr )mids

2
3

K i

¶2Dδpll

¶2t
=-DPwpp -

DPwpp

Dδpll

Kp

Ki

Dωpll (10)

where the value of Mw for wind farms composed of m 
DFIGs is numerically equal to m(1 - sr )ids (2Ki /3).

Assuming that the internal electric potential phasor of the 
wind farm is represented by UsÐδpll, the self-synchronizing 
power coefficient Kii and mutual synchronizing power coeffi‐
cient Kij of the wind farm can be expressed as:

ì

í

î

ïïïï

ïïïï

Kii =- ∑
j = 1j ¹ i

n

Us Ej Bij cos(δpll - δj )

Kij = Us Ej Bij cos(δpll - δj )
(11)

From (11), K can be derived excluding the damping coeffi‐
cient of generator from its elements. By substituting (10) 
and (11) into (1), the coherency grouping model with the in‐
tegration of WTs can be obtained as:
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Fig. 1.　Comparison of transfer functions of DFIG and conventional syn‐
chronous generator. (a) DFIG. (b) Conventional synchronous generator.
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As shown in (11) and (12), K is governed by the grid-con‐
nected capacity of the wind farm, the location of the connec‐
tion point, and the grid topology. In contrast, Mw is deter‐
mined by the stator current and PLL parameters. Through 
the matrix perturbation theory [15], the results of unit homol‐
ogy are simplified for calculation when PLL parameters are 
changed. Hence, the integration of WTs modifies the power 
flow and changes the parameters of the homogeneity identifi‐
cation model, thereby affecting the homogeneity of the gen‐
erator units.

For other types of WTs, this paper focuses on the influ‐
ence of their connection capacity and location on the syn‐
chronization characteristics, and the external characteristics 
of WT output can be equivalently represented as the conduc‐
tance [16]. The equivalent inertia Mow for other types of 
WTs is given as:

Mow =
∑

j

Bjw

∑
j

1
Hj

rwj Bjw

(13)

The traditional FCM clustering algorithm randomly selects 
the initial clustering center, which is sensitive to the initial 
center point and easy to fall into local optimization. This pa‐
per modifies the traditional FCM clustering algorithm to im‐
prove the clustering quality. The modified FCM clustering al‐
gorithm is presented in Algorithm 1.

III. TREE-PARTITIONING METHOD BASED ON MODIFIED 
PRIM’S ALGORITHM

A. Stochastic Power Flow Based on Cumulant

The expected values derived from the stochastic power 
flow are utilized as the inputs to the spectral clustering algo‐
rithm detailed in Section III-B. With the growing integration 
of WTs in power systems, it is necessary to consider the im‐
pacts of WTs and load fluctuations. Therefore, the probabili‐
ty distribution functions for both WT output and load power 
are employed as the foundation for the subsequent stochastic 
power flow analysis.

Reference [17] demonstrates that the Beta distribution can 
be used to establish a suitable probabilistic model for wind 
farm output, employing the probability density function fB 
defined as (14) with the bounded random variable x Î[01].

fB (x ; ab)=
1

B(ab)
xa - 1 (1 - x)b - 1 (14)

B(ab)= ∫
0

1

xa - 1 (1 - x)b - 1dx (15)

a =
(1 - μ)μ2

σ2
- μ (16)

b =
1 - μ
μ

a (17)

For short-term load power prediction, current research in‐
dicates that the load power follows a normal distribution, 
and its probability density function in this case can be ex‐
pressed as:

f (P l )=
1

2π σPl

e
-

(P l - μPl
)2

2σ 2
Pl (18)

For traditional deterministic power flow calculations, the 
Newton-Raphson method is commonly used to solve the 
equations. The equations in polar coordinates are expressed 
as:

ì

í

î

ï
ïï
ï

ï
ïï
ï
ï
ï

Pgi - P li - Vi∑
j = 1

N

Vk (Gij cos δij + Bij sin δij )= 0

Qgi - Qli - Vi∑
j = 1

N

Vk (Gij sin δij - Bij cos δij )= 0
(19)

Similarly, the transmission power equations for the lines 
can be expressed in polar coordinates as:

ì

í

î

ïïïï

ïïïï

Pij =-tijGijV
2

i + ViVj (Gij cos δij + Bij sin δij )

Qij = ( )tij Bij -
bij

2
V 2

i + ViVj (Gij sin δij - Bij cos δij )
(20)

The equations of node injection power and power flow of 
the lines in polar coordinates can be written in matrix form. 
By performing a Taylor series expansion of the power flow 
equations around the operating point and omitting higher-or‐
der terms, (21) and (22) can be obtained.

ì
í
î

U = U0 + DU

V = V0 + DV
(21)

ì
í
î

ïïDU = J -1
0 DF = S0DF

DV = G0 J -1
0 DF = T0DF

(22)

Based on the principle that the hth-order cumulant of a ran‐
dom variable scaled by r is equal to rh times the hth-order cu‐
mulant of the variable [18], DU h and DV h can be expressed 
as:

DU h = S h
0 DF h (23)

DV h = T h
0 DF h (24)

After determining the hth-order cumulant of node voltage 
and line power flow from (23) and (24), the probability dis‐
tribution functions of the node voltage and line power flow 
can be obtained via the Gram-Charlier series expansion, fa‐
cilitating the calculation of the expected power flow of each 
line [19].

Algorithm 1: modified FCM clustering algorithm

1.

2.

3.

4.

5.

Input: u2, k, rmin

Calculate ηi of all sample points in u2. Find the center point c1 corre‐
sponding to the maximum value of ηi. Put c1 into C, where C =
[c1c2...ck ]. Calculate the minimum distance Di between each of 
the remaining sample points and all the center points in C

Find bi corresponding to the maximum value of Di. If ηi > rmin, bi be‐
comes the next center point and is put into C; otherwise, search for 
other sample points in descending order

If the number of points in C equals k, the algorithm ends; otherwise, 
go to the second step

End
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B. Theoretical Foundations of Graph Partitioning

The subsection focuses on the cluster partitioning prob‐
lem, aiming to identify the optimal partitioning while adher‐
ing to predefined constraints. In this paper, the power system 
is represented as G = (VE). The elements Wij of W, Dij of D, 
graph size Vg(G), and L are defined as:

Wij =
ì
í
î

ïïwij    Eij Î E

0       Eij Ï E
(25)

wij =
ì
í
î

ïïïï

ïïïï

Eij + Eji

2
    i ¹ j

0                 i = j
(26)

Dij =
ì
í
î

ïï

ïïïï

∑
j

wij     i = j

0             i ¹ j
(27)

Vg (G)=∑
i Î V

Dii (28)

L = D - W (29)

where Eij is calculated using the stochastic power flow mod‐
el in Section III-A, incorporating uncertainties in WT output 
and load power. Equations (25) and (27) reveal the connec‐
tivity and classification information within W of the graph. 
While multiple criteria have been proposed for graph parti‐
tioning, this paper focuses on the normalized cut criterion 
Nc, which is defined as.

Nc (G1G2...Gl )=∑
i = 1

l C(GiḠi )
Vg (Gi )

(30)

C(GiḠi )= ∑
i Î Gij Î Ḡi

wij (31)

Once the graph partitioning criterion is determined, the 
problem can be transformed into a problem of finding the 
minimum value of Nc (G1G2...Gl ). This problem falls into 
the category of non-deterministic polynomial (NP) and is 
typically solved using spectral clustering algorithms.

C. Cluster Searching 

In Section III-B, the normalized cut criterion is used to re‐
formulate the graph partitioning problem as the minimization 
of Nc (G1G2...Gl ). The Laplacian-based graph partitioning 
method constructs the Laplacian matrix from the initial 
graph and its adjacency matrix. Clustering is achieved by 
solving the eigenvalues and eigenvectors of this matrix. Let 
H be an N ´ l indicator matrix, where each element is de‐
fined as:

Hij =

ì

í

î

ïïïï

ï
ïï
ï

1

Vg (Gj )
    i Î Gj

0                      i Ï Gj

    i = 12...Nj = 12l (32)

Reference [20] shows that minimizing Nc (G1G2Gl ) 
is equivalent to the constrained optimization problem in (33).

ì
í
î

ïï

ïï

min
G1G2...Gl

Tr (H T LH)

s.t.  H T DH = I
(33)

The normalized Laplacian matrix is defined as L′rw = D-1 L, 

allowing H to be extended into the domain of real numbers. 
Rayleigh’s theorem [21] has confirmed that H is composed 
of the eigenvectors associated with the smallest l eigenval‐
ues. Therefore, clustering the row vectors of H produces the 
desired graph partitioning. This paper employs the modified 
FCM clustering algorithm shown in Algorithm 1.

The cluster searching takes into account the constraints of 
dividing generator units with integration of WTs by introduc‐
ing constraint pairs: must-link (ML) and cannot-link (CL). 
The ML indicates that two nodes are assigned to the same 
region, while the CL indicates that two nodes are assigned 
to different regions. These constraints guide the clustering 
process to produce a division that satisfies the specified con‐
ditions. Detailed solution method can be found in [22].

IV. PROPOSED STRATEGY

A. Tree-partitioning Method 

Assume a simple power system topology where clustering 
has been completed, and the six clusters are labeled as A-F. 
By treating each cluster as an individual entity, this paper 
creates a tree structure that represents the tree-partitioning, 
as shown in Fig. 2.

The clusters are connected by bridges. References [23] 
and [24] have shown that line faults within a cluster do not 
affect the power flow distribution in other clusters, provided 
that inter-cluster power imbalances remain stable and the 
connecting bridges between clusters are preserved. The tree-
partitioning method allows cascading failures to be con‐
tained at a local level.

B. Principle of Selecting Optimal Bridge

After applying the tree-partitioning method, the resulting 
clusters are interconnected by bridges. The key challenge 
then becomes selecting the optimal bridge in a way that en‐
sures the system security and stability during cascading fail‐
ures. To minimize disturbances from line disconnections, the 
principle of selecting the optimal bridge prioritizes minimiz‐
ing the line impact. This is achieved by preferentially discon‐
necting lines with lower transmission power, while preserv‐
ing those with higher transmission power. This paper em‐
ploys a modified Prim’s algorithm to identify the set of 
bridges with the maximum transmission power in a weighted 
connected graph [25]. The modified Prim’s algorithm is pre‐
sented in Algorithm 2.

C. Power Adjustment Measure

Unlike active splitting control, the tree-partitioning meth‐
od retains bridges between clusters, enabling continued pow‐
er exchanges. In this case, each cluster does not operate in 
the islanded mode.

A

B
C D

E

F
C

EA

FB

D

Fig. 2.　Tree-partitioning of a simple power system topology.
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In a cluster after splitting, the node connected to the dis‐
connected line is defined as the splitting node M. The one-
degree node adjustment domain consists of nodes directly 
connected to the splitting node by a single edge, excluding 
those belonging to other clusters. Similarly, the two-degree 
node adjustment domain includes nodes connected by a sin‐
gle edge to the one-degree nodes, again excluding nodes 
from different clusters. As the degree of the node adjustment 
domain increases, the electrical distance between the nodes 
and the splitting nodes also increases proportionally. The Q-
degree node adjustment domain can be calculated by:

OQ = fs (OQ - 1 )- Od (34)

where fs represents the searching process for the (Q - 1)-de‐
gree node adjustment domain.

Equation (34) exhibits recursive properties, allowing the 
use of a breadth-first search algorithm to identify the adjust‐
ment domains for each degree of the splitting node. To mini‐
mize the scope of adjustment, this domain is typically re‐
stricted to a degree of no more than three.

The power flow tracing is based on the proportional shar‐
ing principle. It determines the distribution of power flow 
across lines by solving parameters related to lines, nodes, 
and the overall topology. The power flow tracing can be clas‐
sified into forward or reverse tracing, depending on the di‐
rection of analysis. By using these two ways of power flow 
tracing, the line utilization coefficients for the generator and 
load nodes [26] can be defined as:

Gv
ij =

|| Pij + || Pji

2Pi

A-1
rv

(35)

Lz
ij =

|| Pij + || Pji

2Pj

A-1
fw

(36)

If the power adjustment required for line ij is DPij, the 
power adjustment required DPjk for line jk that flows out 
from node j can be described as:

DPjk = DPij

Pjk∑PFj

(37)

After determining the power adjustments required for all 
lines connected to generator node j, (37) is iterated until the 
power adjustment for line ij is fully allocated to the corre‐
sponding load nodes and generator nodes. The adjustment 
quantity for the load nodes and generator nodes can then be 
obtained. To sum up, the flowchart of the proposed strategy 
is shown in Fig. 3.

V. CASE STUDY

The proposed strategy is verified to mitigate cascading 
failures on the IEEE 118-bus system as well as an actual 
case system, and the simulation step size is 20 μs in PSS/E. 
The wind power forecasting error follows a Beta distribution 
with a mean of 0.7 and a variance of 0.1, while the load fol‐
lows a normal distribution with a standard deviation of 10% 
of its peak value.

The DFIG parameters are set to align with those of the 
WT3 model in PSS/E, with the PLL parameter Ki set to be 
333. The adjustment cost is 2 $/MW for generator dispatch 
control, 30 $/MW for generator curtailment, and 100 $/MW 
for load shedding [27], respectively. The program is devel‐
oped using MATLAB R2021a and runs on a personal com‐
puter with Intel-i5-12400-2.5 GHz CPU and 8 GB of memo‐
ry.

A. Coherency Identification of Generator Groups with Inte‐
gration of WTs

The topology of the IEEE 118-bus system includes 19 
generators, which is shown in Fig. 4.

In Fig. 4, buses 10, 12, and 25 are replaced by wind 
farms with equivalent generation capacity, leading to a pene‐
tration rate of WTs of approximately 17%. After solving the 
coherency grouping model in (12), the normalized per-unit val‐
ues of the elements related to the second eigenvalue of the sys‐
tem are represented by the yellow line in Fig. 5. In order to 
make comparisons with other methods, this paper sets the fault 
scenario as a three-phase-to-ground fault occurs on line 38-65, 
with fault clearance after 0.1 s. The normalized steady-state 
per-unit values of phase angles using the Fourier analysis [28] 
in this scenario are shown by the green line in Fig. 5.

The per-unit values of generator group elements are clus‐
tered using the modified FCM clustering algorithm. The clus‐
tering results are {G1-G14}, {G15}, {G16-G19}, which 
means that the coherency grouping model has the same 
grouping results as the Fourier analysis, further confirming 
its accuracy and reliability.

Start

End

Calculate (4) and yield k

Calculate (12) and apply the
clustering algorithm

Under the constraints of CL and ML,
cluster the row vectors of H

Adopt tree-partitioning method to
obtain optimal bridge

Apply (13) and (16)

Calculate (21) and (22), and obtain Eij

Obtain the adjustment of load nodes
and generator nodes

Apply the adjustment to clusters

Fig. 3.　Flowchart of proposed strategy.

Algorithm 2: modified Prim’s algorithm

1.

2.

3.

4.

5.

6.

Input: transform the clusters and lines connecting the clusters into a 
directed connected graph GT = (VTET )

Define the maximum spanning tree MST = (UMTM ), where the sets of 
points and lines in MST are UM = Æ and TM = Æ, respectively

Select any cluster u1 Î VT as the initial vertex, where UM ={u1 }, TM = Æ

For all the clusters vT Î VT - UM, select the edge (u1,vT) with the maxi‐
mum weight, add vT to UM, and add (u1,vT) to TM

If UM = VT, go to the next step; otherwise, go to the previous step

Output: MST
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Unlike the Fourier analysis, the coherency grouping mod‐
el is immune to measurement errors in electrical quantities 
[29]. Meanwhile, it allows for offline calculation of group‐
ing results and supplies detailed analytical expressions.

To validate the necessity of the coherency grouping mod‐
el, the same fault is simulated in the conventional system 
and the system with 10% penetration rate of WTs. The fault 
conditions are set as follows: a three-phase-to-ground fault 
occurs on line 38-65 at 0.1 s, followed by the faulty line dis‐
connection at 1.1 s. The rotor angular velocity curves of 
each generator in different power systems are presented in 
Fig. 6.

As shown in Fig. 6, the clustering results in the traditional 
power system are {G1-G5}, {G6-G14}, {G15-G19}, while 
the clustering results in the power system with the integra‐
tion of WTs are {G1-G14}, {G15}, {G16-G19}. The above 
results can be explained from the following two aspects.

On the one hand, since the equivalent inertia constant of 
WTs is much lower than that of synchronous generators, inte‐
grating them into the system reduces the relevant inertia co‐
efficient in the coherency grouping model [30]. This change 
in inertia subsequently affects the clustering results. On the 
other hand, the PLL dynamics of DFIGs will affect its syn‐
chronous power, which in turn alters the original clustering 
characteristics of generator units. Consequently, the impact 
of integration of WTs on coherent clustering must be taken 
into account.

In order to validate the accuracy of the coherency group‐
ing model with different types of integration of WTs, buses 
10, 12, and 25 are replaced by WT3, WT3, and WT4 mod‐
els with equivalent generation capacity, respectively, and oth‐
er settings are in line with the above conditions. The results 
obtained by the coherency grouping model and the Fourier 
analysis are the same, both identified as {G1-G14}, {G15}, 
{G16-G19}, confirming the accuracy and reliability of the 
coherency grouping model with different types of integration 
of WTs.
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B. Cluster Partitioning Solution

To assess the effect of randomness of RES output on the 
cluster partitioning, the power system is clustered by tradi‐
tional power flow and the cluster searching in this paper, re‐
spectively.

Considering traditional power flow, the cluster partitioning 
results are illustrated in Fig. 7(a), with the corresponding 
cluster boundaries shown as the solid red lines in Fig. 4. 
The power system is divided into three clusters, with the 
bridges identified as {77-82, 80-96, 80-97, 80-99, 98-100, 
85-86}, amounting to six lines.

Figure 7(b) presents the cluster partitioning results consid‐
ering stochastic power flow, with the clustering results 
marked by the dashed red lines in Fig. 4. The power system 
is divided into three clusters with the bridges identified as 
{77-82, 80-96, 80-97, 80-99, 98-100, 82-83, 89-85, 89-88}, 
totaling eight transmission lines. While four bridges are in 
common compared with the traditional power flow, some dis‐
crepancies remain between the results.

To verify the advantages of the modified FCM clustering 
algorithm, the mapped spectral space dataset of IEEE 118-
bus system is clustered using the traditional and modified 
FCM clustering algorithms, respectively. The comparison of 
clustering effects using the two algorithms is shown in 
Fig. 8.

The computational time of the modified and traditional 
FCM clustering algorithms are 12 ms and 24 ms, respective‐
ly. The obtained criterion function values of the modified 
and traditional FCM clustering algorithms are 66.2 and 70.8, 
respectively. The results show that the modified FCM cluster‐
ing algorithm in this paper can effectively improve the clus‐
tering quality and computational efficiency.

In order to verify the necessity of considering stochastic 
power flow, the typical scenario generation method [31] is 
employed for comparison. A total of 1000 WT output scenar‐
ios, generated based on the Weibull distribution, are reduced 
to four representative scenarios. All other case settings re‐
main consistent with those in Section V-A. The system is di‐
vided into three clusters, with the bridge selection range 
identified as {77-82, 77-80, 79-80, 80-81, 82-83, 89-92, 
89-90}.

The typical scenario generation method derives representa‐
tive WT output scenarios and their associated probabilities 
using sampled data. It emphasizes grouping generators ac‐
cording to different WT output patterns and identifying the 
corresponding separation points. In order to construct typical 
scenarios, the final separation section is determined using 
the inter-group distance index. This process involves a high 
computational cost, requiring 5.21 s to complete. By solving 
the stochastic power flow to determine the expected value of 
line active power, the cluster searching in this paper ac‐
counts for the uncertainties in RES output and load demand 
during the cluster partitioning analysis. The total computa‐
tional time is 2.87 s, which is significantly shorter than that 
of the typical scenario method, demonstrating the superior ef‐
ficiency of the cluster searching in this paper.

When considering stochastic power flow, the optimal 
range of bridges for the power system is shown in Fig. 9, in‐
cluding eight lines and three clusters.

The optimal bridges are selected based on the modified 
Prim’s algorithm. Among the five bridges connecting Clus‐
ters 1 and 2, the line with the highest transmission power 
(28.79 MW on line 80-98) is chosen as the starting edge of 
the maximum spanning tree. Similarly, among the three 
bridges between Clusters 2 and 3, the line with the highest 
transmission power (65.63 MW on line 89-85) is selected as 
the maximum weight edge. At this point, the maximum span‐
ning tree has included all the vertices. The result of optimal 
bridges considering stochastic power flow is shown in Fig. 10, 
and the total power disconnected in bridges is (4.67 + 17.26 +
24.77 + 19.46)+ (50.05 + 44.72)= 160.93 MW. Due to the un‐
balanced power flow p' between clusters is [85.61, -25.31, 
-603]T, the power flow in optimal bridges f ′ is [85.61, 60.3]T.
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Fig. 7.　Cluster partitioning results. (a) Considering traditional power flow. 
(b) Considering stochastic power flow.
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By applying the tree-partitioning method, the generators 
considering integration of WTs are distributed across differ‐
ent partitions. The tree-partitioning method minimizes the 
power flow surge on transmission lines, in accordance with 
the principle of minimizing the line impact. Additionally, the 
power flow imbalance between clusters remains consistent 
with the pre-partitioning state, promoting safer and more sta‐
ble operation of the power system. As the network connec‐
tion between the clusters remains intact, synchronization dur‐
ing the recovery process is unnecessary, which significantly 
shortens the recovery time from cascading failures.

C. Results of Power Adjustment Measure

After selecting the optimal bridges, the non-optimal bridg‐
es between clusters are disconnected. Necessary adjustments 
to generator and load nodes within each cluster, in response 
to disconnected lines (77-82, 80-97, 80-99, 98-100, 82-83, 
and 89-85) and transmission lines with reduced power flow 
(e. g., 89-88), can be computed using the power adjustment 
measure. Power adjustment for the optimal bridge 80-98, 
where power flow increases, is taken using the method de‐
scribed in [32], ultimately resulting in the proposed strategy 
and adjustment values. The results of power adjustment mea‐
sure are detailed in Table I.

Currently, some studies have employed data-driven meth‐
ods to predict the likelihood of WT faults, with the goal of 
assisting in the risk evaluation of cascading failures [33]. 
Based on the situation awareness method for cascading fail‐
ures [16], the failure scenarios with and without the pro‐
posed strategy are evaluated to verify the effectiveness of 
the proposed strategy for mitigating cascading failures [34]. 
The continuous time calculation of the proposed strategy is 
carried out, and the computational time is 11.86 s. Without 
relying on actual measurement data, the proposed strategy in 
this paper can meet the time requirements for emergency 
control.

The system failure scenario is defined as: at t = 40 s, the 
active power of nodes 35, 40, and 42 is increased to 66 
MW, 132 MW, and 192 MW (two times the original power), 

respectively. The loads at all other nodes remain unchanged, 
resulting in an increase of the total system load of 195 MW. 
An instantaneous three-phase-to-ground circuit is assumed to 
occur on lines 38-65 and 46-45 due to overload at t = 50 s. 
The fault is cleared after 0.2 s. The active power of nodes 
35, 40, and 42 is restored to 33 MW, 66 MW, and 96 MW 
at t = 55 s, respectively. The rate of change in the average 
fault severity index for nodes 35, 40, and 42 at t = 40 s is 
used as the threshold for the changing rate of fault severity 
index of the overall power system. The proposed strategy is 
triggered when the infection density of node surpasses 0.6. 
The infection densities of all nodes with and without the pro‐
posed strategy are shown in Fig. 11.

After implementing the proposed strategy, the maximum 
infected density peak (MIDP) is reduced to 0.6351, a signifi‐
cant decrease from the uncontrolled MIDP of 0.8505. The 
MIDP clearly demonstrates that early before the cascading 
failures expand further, applying the proposed strategy can 
significantly reduce the risk of fault propagation.

To emphasize the benefits of the proposed strategy, it is 
compared with two other strategies presented in [35] and 
[36], both of which employ active splitting. In order to illus‐
trate the control effect on unbalanced power flow of the 
power system as well as the power distribution of bridges, 
the strategies presented in [35] and [36] along with the pro‐
posed strategy in this paper are referred to as strategies A, 
B, and C, respectively. The results of cluster partitioning are 
shown in Fig. 12(a) and (b).
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Fig. 12.　Results of cluster partitioning. (a) Strategy A. (b) Strategy B.

Based on the principle of selecting the optimal bridge, the 

TABLE I
RESULTS OF POWER ADJUSTMENT MEASURE

Cluster number

Cluster 1

Cluster 2

Cluster 3

Controlled node

Load node 77

Generator node 69

Generator node 80

Load node 82

Load node 96

Load node 97

Generator node 89

Generator node 100

Load node 84

Load node 85

Load node 86

Generator node 87

Control quantity 
(MW)

4.67

61.49

56.82

12.69

27.03

15.00

5.33

49.39

5.33

24.00

20.72

50.05

Total control 
quantity (MW)

122.98

109.44

100.10
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Fig. 11.　Infection densities of all nodes with and without proposed strategy.

867



JOURNAL OF MODERN POWER SYSTEMS AND CLEAN ENERGY, VOL. 14, NO. 3, May 2026

results of unbalanced power of the power system and the pow‐ er of bridges for different strategies are shown in Table II.

As for strategies A and B, the system is divided into sepa‐
rate islands that operate independently, with all bridges dis‐
connected, leading to a high proportion of unbalanced power 
of the power system. The unbalanced power of the entire 
power system in strategies A and B represents 11.21% and 
11.11% of the total system power, respectively. As for strate‐
gy C, the tree-partitioning method maintains the connection 
between clusters by enforcing a constraint during the imple‐

mentation stage, ensuring that the power imbalance between 
clusters remains constant.

The cascading failure recovery process and recovery time 
are detailed in [16]. Table III presents the costs and recovery 
time for different strategies. As shown in Table III, strategy 
C achieves a significantly lower total control cost and short‐
er recovery time compared with strategies A and B, both of 
which use the traditional active splitting.

Due to the disconnection of all lines between the isolated 
islands, traditional strategies cause severe disturbances in 
line power flow (255.35 MW in strategy A and 264 MW in 
strategy B), while failing to balance the power among is‐
lands. Consequently, extensive generator and load adjust‐
ments are required, leading to additional economic losses. 
The total control costs of strategies A and B are higher than 
that of strategy C. Furthermore, strategies A and B result in 
more overloaded lines compared with strategy C. In strategy 
A, line 80-81 is severely overloaded, carrying 16 times its 
normal capacity, which leads to the unsafe operation of clus‐
ter 1. By contrast, in the three clusters obtained through strat‐
egy C, only a few lines experience mild overloads, which 
can be resolved through the power adjustment measure.

When strategies A and B are applied, all islands must be 
synchronized before reconnecting to the main grid, which 
significantly increases the recovery time and black-start 
costs. The total recovery time of strategies A and B is 57 
min and 64 min longer than that of strategy C, respectively. 
In contrast, strategy C maintains the unbalanced power be‐
tween clusters, and each cluster keeps its bridge connections 
to ensure that the power of bridges is unchanged. Changing 
the internal topology of the cluster only affects its internal 
power, without influencing the power of other clusters. From 
a power balance perspective, local faults within a cluster do 
not propagate to adjacent clusters through the bridges. There‐
fore, the proposed strategy can achieve local control of cas‐
cading failures with a lower total control cost and shorter re‐
covery time.

D. Test on Actual Case System

To further demonstrate the effectiveness of the proposed 
strategy, an actual case system selected from the power sys‐
tem in a certain province of China is used for simulation. 
The total output power of grid-connected generators and the 
total system load is 56050.44 MW and 33521.81 MW, re‐
spectively. As shown in Supplementary Material A Fig. A1, 
there are 378 buses and 709 lines at voltages of 220 kV and 
above, of which nodes HZHW, YW, QJDC, XLT, XJH, 
JHA, and JHB are replaced by DFIG with equal capacity. 
The penetration rate of wind power is about 6%. A three-
phase-to-ground fault is applied at line HP-DL. After the 
fault occurs, the generator nodes DHQ, MWW, TB, HD, 
WLN, LD, GGQ, and some 220 kV generator nodes belong 
to one group, while the remaining generator nodes belong to 
another.

To compare the cost of active splitting and tree-partition‐
ing, strategy A and strategy C (the proposed strategy) are 
used as representatives. Table IV presents the comparison re‐
sults of these two strategies.

TABLE II
UNBALANCED POWER OF POWER SYSTEM AND POWER OF BRIDGES FOR DIFFERENT STRATEGIES

Strategy

A

B

C

Disconnected line

77-82, 80-96, 80-97, 80-98, 80-99, 82-83, 88-85, 89-85

77-82, 80-96, 80-97, 80-99, 98-100, 83-85, 84-85, 88-85, 89-85

77-82, 80-96, 80-97, 80-99, 82-83, 88-85

Unbalanced power of 
power system (MW)

492.02

487.66

0.00

Proportion of unbalanced 
power (%)

11.21

11.11

0.00

Power of 
bridges (MW)

0.00

0.00

145.91

TABLE III
COMPARISON OF COSTS AND RECOVERY TIME OF DIFFERENT STRATEGIES

Strategy

A

B

C

Generator dispatch control cost ($)

0.00

0.00

113.64

Generator curtailment cost ($)

7660.5

7920.0

4993.2

Load shedding cost ($)

25535

26400

10962

Total control cost ($)

33195.50

34320.00

16068.84

Recovery time (min)

106

113

49

TABLE IV
COMPARISON RESULTS OF TWO STRATEGIES

Strategy

A

C

Generator dis‐
patch control 

cost ($)

0.00

2697.24

Generator 
curtailment 

cost ($)

54398.10

1298.62

Load 
shedding 
cost ($)

181327

129862

Total 
control 
cost ($)

235725.10

133757.86

MIDP

0.4457

0.3798

868
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As shown in Table IV, strategy C reduces the total control 
cost by 43.26% compared with strategy A, and the MIDP af‐
ter implementing strategy C is lower. The unbalanced power 
between clusters remains constant and all clusters continue 
to operate synchronously, and therefore, the required adjust‐
ments for generators and loads are smaller, resulting in few‐
er electrical disturbances. Changes in the internal topology 
of a cluster do not affect the power in other clusters, provid‐
ed that inter-cluster power imbalances remain stable and the 
bridges between clusters are maintained. Thus, power fluctu‐
ations can be managed within each cluster, leading to a low‐
er MIDP under strategy C. Moreover, strategy C has a con‐
tinuous calculation time of 40.11 s in the actual case system, 
which can meet the time requirements for emergency control 
in large-scale power systems. 

These results further confirm that the proposed strategy 
can achieve local management of cascading failures with 
lower total control cost and shorter recovery time.

VI. CONCLUSION

This paper proposes a novel tree-partitioning based emer‐
gency control strategy for mitigating cascading failures in 
power systems with integration of WTs.

1) The proposed strategy investigates the impact of inte‐
gration of WTs on the identification of generator clusters. 
An improved phase motion equation is formulated for the co‐
herency identification of both synchronous generators and 
DFIGs. The traditional line power flow is replaced with the 
expected value of stochastic power flow, thereby accounting 
for the variability introduced by WTs in power flow calcula‐
tions. Under the ML and CL constraint pairs, the cluster 
searching in this paper produces cluster divisions that repre‐
sent the behavior of power systems more accurately with 
high integration of WTs.

2) The proposed strategy can help reduce the risk of cas‐
cading failures and shorten the recovery time. The optimal 
bridges are selected using the modified Prim’s algorithm, en‐
suring that clusters maintain the minimal connections and 
the number of disconnected lines is minimized. The applica‐
tion of tree-partitioning method helps reduce disturbances in 
power flow and further enhances the system stability. Addi‐
tionally, during fault recovery, synchronization operations 
are not required, making the process more favorable for 
black-start conditions.

3) The proposed strategy can mitigate cascading failures 
with lower control costs. By maintaining a constant unbal‐
anced power distribution between clusters, faults are con‐
fined within individual clusters. The proposed strategy quick‐
ly determines the adjustment range, targets, sequence, and 
magnitude of power adjustments for each cluster, ensuring 
safe and stable operation after control. Numerical results 
from both the IEEE 118-bus system and the actual case sys‐
tem confirm the effectiveness of the proposed strategy.

Current research primarily focuses on analyzing the effec‐
tiveness of emergency control strategies. Future studies 
could explore improvements in their efficiency and robust‐
ness with high penetration of RESs.
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