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ABSTRACT
Establishing cleaner energy generation therefore improving

the sustainability of power systems is a crucial task in this cen-
tury. One of the key strategies being pursued is to shift the depen-
dence on fossil fuel to renewable technologies such as wind, solar,
and nuclear. However, with the increasing number of heteroge-
neous components included in the power system, the complexity
of the hybrid energy system becomes more significant, which
makes it prone to system failures. The complex system imposes
a more stringent requirement of the contingency plan to enhance
the overall system resilience against potential system disruptive
events. Among different strategies to ensure a resilient system,
intentional islanding is commonly applied in practical applica-
tions for power systems. In this study, we address the challenges
of intentional islanding design considering high penetration of
renewable energy sources, and develop a hierarchical clustering-
based design method for optimized intentional islanding strate-
gies at the transmission level of a power system. To incorporate
the renewable generation that relies on the inverter technology,
the frequency measurements are considered to represent the tran-
sient response and further used as embedded information in the
clustering algorithm. And in the case study, the stabilized post-
disruption performance of the modified IEEE-9 bus test system
demonstrates the capability of the proposed method for resilience
enhancement.
Keywords: Intentional Islanding, power systems, disruptive
management, spectral clustering

1. INTRODUCTION
With the increases on both scale and complexity, interde-

pendent critical infrastructures (ICIs), such as power systems or
transportation networks, become more vulnerable towards dis-
ruptive events. Such vulnerability therefore drives the research
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efforts that could lead to robust and resilient ICIs. For instance,
how to efficiently design a large-scale system that can resist poten-
tial external disruptions, or how can the decision-maker evaluate
the uncertain dynamic behavior of the ICI undergoing differ-
ent disruptive events? Also, for large-scale ICIs, mitigating the
cascading effects after occurrences of disruptive events is a cru-
cial task for attaining reliable system operations. To quantify
the system’s performance during disruption, or to comprehend
the system’s capability toward uncertain disruptive scenarios, re-
searchers have adopted the term "resilience" from the ecology
field [1]. Different from the terminology of system reliability,
in which the time-dependent degraded system performance and
the possibility of failure are studied, the resilience metric is uti-
lized to complement the analysis of real-time system behavior.
Based on the U.S. Department of Defense report, a resilient ICI
should not only withstand impacts of disruptive events but also
need to acquire the capability of self-healing from damages [2].
Thus, to realize a resilient ICI through design or operational man-
agement strategies, the stakeholders need to tackle challenges in
three folds: (1) with the possibility of external or internal disrup-
tions, how should the system proactively detect the occurrence
of abnormalities; (2) how large is the bandwidth of the ICI for
withstanding adversarial impacts; (3) how quick the ICI can self-
recover to its nominal state [3].

Motivated by the challenges in the previously mentioned
three aspects, different frameworks have been proposed to help
the ICI to establish self-healing capability after system disrup-
tions therefore achieve failure resilience. Here, we categorize the
research efforts about engineering resilience based on the tem-
poral stages of the proposed frameworks, i.e. before and after
the disruptions. During the steady-state when the system op-
erates under its nominal performance, it’s important to obtain
a universal analytic framework to assess the resilience level of
ICIs, by considering the potential disruptive events [4, 5]. More-
over, researchers have proposed to use a probabilistic graphical
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model such as Bayesian Network to gauge the system resilience
level dynamically with evolving system behavior [6, 7]. It is also
beneficial to optimize the system resilience during the initial de-
sign stage, where various resilience enhancement methods can
be considered: setting up a preventive or corrective maintenance
schedule, establishing appropriate redundancies, or conducting
proactive system health management [8–10]. Although compre-
hensive pre-disruption frameworks have been proposed to either
quantify the resilience of ICIs or introduce methodologies to
improve the system resilience in advance, how a system should
behave after disruptions thus to preserve resilient performance is
still unknown. And without an appropriate post-disruption guid-
ing/response framework, cascading failures induced by severe
disruptions are inevitable, especially in closely coupled power
systems. As a result, it’s required to study suitable recovery
strategies to ensure system resilience after disruptions.
To tackle the challenges of achieving the self-healing capabil-

ity of a resilient system, several real-time operational frameworks
have been proposed to guide how the system should behave after
disruptive events. For instance, researchers try to attain a resilient
operational framework by incorporating optimal scheduling for
repair tasks [11, 12], as well as repair resources [13] with un-
certainties, forming self-sustainable microgrids [14], and guided
recovery through control strategies [15]. All aforementioned
studies focus on solving for the optimal decisions of how to uti-
lize the existing resources or back-ups to recover the ICI thus
mitigating the effects of disruptions, on the basis of having a
contingency plan such as network reconfiguration beforehand. In
other words, during the post disruption stage, the self-recovery
capability is realized in two steps: appropriate emergency re-
sponse e.g. system reconfiguration, followed by performing op-
timal restorations. One advantage of distinguishing between the
contingency plan and optimal recovery is that the corresponding
optimization problem is easier to solve due to the nature of de-
composed subproblems. As a result, setting up a reliable system
reconfiguration plan is vital for ensuring system resilience. In
the power system field, the system reconfiguration is widely used
as a contingency plan i.e. the intentional islanding strategy for
a system undergoing disturbances to mitigate cascading effects
[16–19] or to form robust microgrid operations [20–23].
To briefly review existing intentional islanding frameworks,

for example, Esmaeilian et al. [24] have proposed a spectral clus-
tering based intentional islanding strategy to regulate the sys-
tems after disruptions, considering the system power flow as the
major performance criterion. Moreover, to mitigate the effect
of the presumption on the number of islands after disruptions,
Sanchez-Garcia et al. [25] have utilized the unsupervised hier-
archical clustering technique to conduct the system partitioning.
Dabbaghjamanesh et al. [26] have improved the robustness of
the intentional islanding strategy by considering multiple electri-
cal information embedded in the system along with the dynamic
power flow measurement in the algorithm.
However, all aforementioned works have focused on power

systems only with synchronous generators. As for modern power
girds with large renewable penetration, the system performance
will be largely influenced by the behaviour of the inverter-based
generation. Hence, how to perform the intentional islanding oper-

ation for power systems with renewable penetration is still a cru-
cial challenge for improving the overall system resilience. In this
paper, we present an extended study for conducting the intentional
islanding design for transmission level systems with renewable
generations. The proposed framework utilizes the hierarchical
spectral clustering technique based on both systems’ static and
dynamic information, and a case study with the modified IEEE-9
bus test network has been employed for the demonstration pur-
pose.
The remaining parts of the paper is organized as follows:

Sec. 2 introduces the proposed the intentional islanding method-
ology in detail, where the spectral graph clustering algorithm is
coupled with the Grassmannmanifold technique to accommodate
the heterogeneous information extracted from the system. Sec. 3
presents a case study results based on the IEEE-9 bus test system
to validate the proposed islanding design framework. And Sec. 4
summarizes the study along with discussion about future research
directions.

2. CLUSTERING FOR INTENTIONAL ISLANDING
The intentional islanding is usually realized by conducting

node clustering for the power system represented as a graph. As
for the clustering methods, the K-Means algorithm is widely used
for identifying inherent patterns of high dimensional data. The
algorithm assumes that each sample point belongs exclusively to
one latent cluster. And it assigns the data point 𝑋𝑗 to the cluster
𝑆𝑖 in terms of minimizing the overall Euclidean distance from the
cluster center `𝑖 to each point. And the overall objective for a
dataset with 𝑛 samples can be expressed as:

argmin
𝑆

𝑛∑︂
𝑖=1

∑︂
𝑥𝑗 ∈𝑆𝑖

| |𝑋𝑗 − `𝑖 | |2. (1)

Although the K-Means algorithm has adequate clustering perfor-
mance for tabular data, it cannot be directly applied to graph-
structured data, e.g., social networks and infrastructure networks.
Since the Euclidean distance cannot directly reflect the differ-
ence between the nodes in the graphical system. To remedy this
limitation of the K-Means algorithm, spectral graph theory can
be incorporated. To be self-contained, we introduce the spectral
clustering algorithm as well as the graphical information em-
bedding mechanism for conducting intentional islanding in the
following sections.

2.1 Spectral Graph Theory
Let a graph G = (V,E) with vertex set V and edge set E

represent the interconnected system. To be specific, for a 𝑁-
bus power system, the corresponding graphical notation can be
written as V := {1, 2, . . . , 𝑁} and E := 𝑉 × 𝑉 . In the graph,
the buses connecting to loads and generations are the vertices
while the transmission lines are the edges. Moreover, based
on the connection status between each pair of buses, a square
connectivity matrix𝑊 𝑡

𝑖 𝑗
∈ R𝑉×𝑉 can be constructed as:

𝑊 𝑡
𝑖 𝑗 =

{︄
1 if (𝑖, 𝑗) ∈ E,

0 otherwise.
(2)
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Notice that the𝑊 𝑡
𝑖 𝑗
is symmetric and follows the convention that

all diagonal entries equal to zero, i.e., no self-loop. The con-
nectivity matrix solely indicates the topological information of
the graph-structured system. Besides the connectivity matrix,
the power system requires other matrices to embed the electri-
cal information it preserves, such as the power flow and resis-
tance/reactance. Thus, by using 𝑊 𝑡

𝑖 𝑗
as an analogy, matrices for

the electrical properties are defined as:

𝑊
𝑝

𝑖 𝑗
=

{︄ |𝑃𝑖 𝑗 |+ |𝑃𝑗𝑖 |
2 if (𝑖, 𝑗) ∈ E,

0 otherwise,
(3)

where 𝑃𝑖 𝑗 and 𝑃𝑗𝑖 are the active power flow on each transmission
line considering the line loss. Notice that, uncertainties always
arise in the hybrid energy system due to the renewable parts, for
instance the wind turbines. In such a case, the stake holder can
utilize the historical intraday power flowdata to derive an accurate
representation of 𝑊𝑃

𝑖 𝑗
. Besides the power flow information, the

matrix for admittance of the system can be obtained as:

𝑊𝑎
𝑖 𝑗 =

⎧⎪⎪⎨⎪⎪⎩
1√︂

𝑅2
𝑖 𝑗
+𝑋2

𝑖 𝑗

if (𝑖, 𝑗) ∈ E,

0 otherwise,
(4)

where 𝑅𝑖 𝑗 and 𝑋𝑖 𝑗 are the resistance and reactance of the trans-
mission lines, respectively. Similar to the connectivity matrix
𝑊 𝑡
𝑖 𝑗
, the power flow matrix 𝑊 𝑝

𝑖 𝑗
and admittance matrix 𝑊𝑎

𝑖 𝑗
are

also symmetric with all diagonal entries being zeros.
The motivation of establishing the aforementioned three

weight matrices is that they measure how strong a line connec-
tionwould bewhen conducting intentional islanding by clustering
nodes. In other words, disconnecting a transmission line with a
large weight to form islands after clustering will lead to a large
penalty in the objective of the clustering algorithm. And this be-
havior is desirable for intentional islanding to prevent cascading
failures. Since buses directly connected are more likely to stay
in the same cluster with similar operating conditions. Moreover,
a larger admittance means a shorter electrical distance, and the
buses connected by a transmission line with a small electrical dis-
tance should be in the same cluster after the islanding. Similarly,
transmission lines carrying large power flow should not be cut
and form isolated islands, which could lead to a large imbalance
in load/generation and load shedding.
In order to cluster nodes based on introducedweightmatrices

and fulfill the intentional islanding task, we need to further derive
the Laplacian matrix of the graph. The Laplacian matrix embeds
the nodal information from the graph system into a pseudo-tabular
form, which can be used later as the input to clustering algorithms
developed based on structured data. And it is defined as 𝐿 =

𝐷 −𝑊 where 𝐷 is the degree matrix of the graph, The degree
matrix is diagonal and can be obtained from 𝐷 = 𝑑𝑖𝑎𝑔(∑︁𝑗𝑊𝑖 𝑗 ).
That is, the matrix 𝐷 has all zeros on its non-diagonal entries,
while the diagonal elements are the row sum of the weight matrix.
In this way, each element of the Laplacian matrix has the form

𝐿𝑖 𝑗 =

⎧⎪⎪⎪⎨⎪⎪⎪⎩
𝑑𝑖 if 𝑖 = 𝑗 ,

−𝑤𝑖 𝑗 if (𝑖, 𝑗) ∈ E,

0 otherwise,
(5)

where 𝑑𝑖 is the degree of node 𝑖, i.e. the number of direct
neighbors of each node. Usually, we will work on the normal-
ized Laplacian matrix, which is scale independent and has better
results for clustering. The normalized Laplacian matrix is calcu-
lated as 𝐿𝑛 = 𝐷1/2𝐿𝐷−1/2. After normalization, the entries of
the Laplacian matrix are

𝐿𝑛,𝑖 𝑗 =

⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩
1 if 𝑖 = 𝑗 ,
−𝑤𝑖 𝑗√
𝑑𝑖𝑑𝑗

if (𝑖, 𝑗) ∈ E,

0 otherwise.

(6)

One characteristic of the Laplacian matrix is that it carries the
spectral information of the graph. We can perform eigendecom-
position on the Laplacian matrix and treat the eigenvectors as the
spectral embeddings. Then by conducting clustering on these
obtained spectral embeddings, we can discover the latent clusters
for the graphical system. The overall roadmap of such a cluster-
ing technique is to use the first 𝐾 eigenvectors of the Laplacian
matrix as the geometric coordinates of the 𝑁 data points defined
in R𝐾 . Then these coordinates can be treated as in Euclidean
space and be clustered by standard clustering techniques such as
the K-Means algorithm. Notice that all spectra of the normalized
graph Laplacian, i.e., its eigenvalues, always lie between zero and
two, which is desirable when representing the nodal similarities
by the corresponding eigenvectors.

2.2 Hierarchical Spectral Clustering
In Sec. 2.1, we have briefly introduced the spectral cluster-

ing algorithm for graph systems based on the K-Means algorithm.
However, one drawback of the K-Means based spectral cluster-
ing is that the number of clusters, 𝐾 , needs to be predefined.
For intentional islanding to avoid cascading failures, the number
of islands cannot be easily assumed beforehand but need to be
determined based on the online operational condition. To over-
come this limitation of the K-Means algorithm, this study utilizes
hierarchical clustering on the spectral domain of the graph.
Different from the K-Means algorithm, which directly out-

puts the partitioning results based on the given number of clusters
𝐾 and omits the inner connection between the nodes in the same
cluster, the hierarchical clustering gives partitioning results with
finer intra-cluster detail. The results of the hierarchical clustering
are usually interpreted by the tree-like dendrogram, where each
leaf is the individual node in the graph. The leaves of the den-
drogram can also be viewed as clusters with a cardinality of one.
And the goal of the clustering algorithm is to merge the closest
clusters into a bigger cluster at each step following a bottom-
up approach. To determine the best merging strategy, the Wade
linkage criterion [27] is used as the metric in this study:

𝑑 (𝑢, 𝑣) =
√︃

|𝑣 | + |𝑠 |
𝑇

𝑑 (𝑣, 𝑠)2 + |𝑣 | + |𝑡 |
𝑇

𝑑 (𝑣, 𝑡)2 − |𝑣 |
𝑇
𝑑 (𝑠, 𝑡)2,

(7)
where 𝑢 is a merged cluster from subclusters 𝑠 and 𝑡, 𝑣 is a unused
cluster in parallel with 𝑠 and 𝑡, | ∗ | is the cardinality operator, and
𝑇 equals the sum of |𝑠 |, |𝑡 |, and |𝑣 |. The Wade linkage criterion
is a variance minimization metric and picks two clusters to form
one that leads to the lowest sum of squared differences within
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FIGURE 1: A sample dendrogram based on the result of the hierar-
chical clustering.

the clusters. This variance minimizing characteristic makes the
Wade linkage criterion similar to the objective of the traditional
K-Means algorithm, but in a hierarchical setting. Again, with
the Wade linkage criterion, the goal is to merge two clusters
providing the smallest 𝑑 (𝑢, 𝑣) until all nodes are merged into the
single cluster, which is the root of the dendrogram.
After performing the hierarchical clustering, the dendrogram

of the clustering results can be derived. Figure 1 shows an ex-
ample of the dendrogram. After a disruptive event, based on the
specific system status, the number of clusters can be determined.
And the clustering results can be obtained by cutting the dendro-
gram at the corresponding level. For instance, if three clusters
are preferred for the clustering results shown in Fig. 1, then the
islanding results can be obtained by cutting the tree at a level
around 𝑑 = 0.6 to have three clusters {3, 5}, {4}, and {1, 2}. The
advantage of obtaining the tree-like results for clustering is that it
reveals the finer structure of the system, compared to directly out-
putting the partitions by using the traditional K-Means algorithm.
At various levels of the clustering resolution, the practitioner can
zoom in or out to examine different structures of the clusters, and
follow how each cluster is formed hierarchically.

2.3 Grassmann Manifold
The aforementioned study has not considered the multiple

Laplacian matrix defined simultaneously for the graph. In [25],
the authors demonstrate different intentional islanding results by
using Laplacian matrices derived from different information, for
instance, the average power flow and the admittance. But the scale
of heterogeneous information embedded in the Laplacian matrix
may be different, and it is required to normalize the magnitude
to a unified scale before executing the clustering process. Thus,
how to combine all different kinds of electrical information of the
power system remains to be answered. Rather than treat different
types of the Laplacian matrices separately as in [25], here we
adopt the Grassmann manifold for multiple matrices in order to
derive a unified Laplacian matrix for clustering.

A Grassmann manifold 𝐺 (𝐾, 𝑁) can be defined as the set
of 𝐾 dimensional linear subspaces in R𝑁 , where each exclusive
subspace is mapped to an exclusive point on the manifold. To
find a unified Laplacian matrix, or the Grassmann manifold for a
graph with 𝑀 distinct Laplacian matrices, several steps need to
be taken [28]:

1. Derive Laplacian matrix 𝐿𝑖 for each graph𝐺𝑖 defined based
on different weight matrices

2. Each𝐺𝑖 can be represented through the spectral embeddings
matrix𝑈𝑖 ∈ R𝑁×𝐾 from the first 𝐾 eigenvectors of 𝐿𝑖

3. Each𝑈𝑖 can be considered as a 𝐾 dimensional subspaces in
R𝑁

4. The main objective becomes combing these several sub-
spaces by finding a typical subspace 𝑠𝑝𝑎𝑛(𝑈), which is
closest to all the subspaces 𝑠𝑝𝑎𝑛(𝑈𝑖); this can be written as
a minimization program:

min
𝑈∈R𝑁×𝐾

𝑀∑︂
𝑖=1

𝑡𝑟 (𝑈𝑇𝐿𝑖𝑈) + 𝛼
[︄
𝑘𝑀 −

𝑀∑︂
𝑖=1

𝑡𝑟 (𝑈𝑈𝑇𝑈𝑖𝑈𝑇𝑖 )
]︄
(8)

5. The solution of the above minimization problem is the uni-
fied Laplacian matrix for clustering:

𝐿𝑢𝑛𝑖 =

𝑀∑︂
𝑖=1

𝐿𝑖 − 𝛼
𝑀∑︂
𝑖=1
𝑈𝑖𝑈

𝑇
𝑖 (9)

2.4 Choose the Embedding Space
Once we have a unified Laplacian matrix derived from mul-

tiple heterogeneous Laplacian matrices as shown in Eqn. 9, then
the intentional islanding can be achieved by performing hierarchi-
cal clustering on the Laplacian matrix as the spectral embedding
of the graph.
Although we don’t need to specify the number of clusters 𝐾

beforehand to perform the hierarchical clustering, there is still a
decision for choosing the subspace dimension 𝐾 to embed the
networked system. Without generator coherency, the number of
desired dimensions𝐾 is unknown and can be problem-dependent.
But one practical approach to make the optimal decision for the
subspace dimension is to calculate the eigenvalues of the Lapla-
cian matrix and derive the eigengap as a metric. The eigengap
is the difference between the consecutive eigenvalues and can be
found by

𝛾(_𝑖) = |_𝑖+1 − _𝑖 |, (10)

where _𝑖 is the i-th eigenvalue of the Laplacian matrix. And
the normalized eigengap measured in percentage can be obtained
from

𝛾𝑛 (_𝑖) =
𝛾(_𝑖)
_𝑖+1

. (11)

After deriving the eigengaps, how to determine the optimal 𝐾 re-
mains to be discussed. Here we need to introduce the basic metric
used to measure the quality of the intentional islanding without
the electrical properties. Let’s denote the volume of a cluster as
𝑣𝑜𝑙 (𝐴) = ∑︁

𝑖∈𝐴, 𝑗∈𝐴𝑊𝑖 𝑗 , where 𝐴 is a subset of the vertices that
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form the cluster. Based on the expression of the 𝑉𝑜𝑙 (𝐴), one can
see that it actually measures the closeness of the nodes inside the
same cluster. Moreover, the boundary of the cluster is denoted as
𝑏(𝐴) = ∑︁

𝑖∈𝐴, 𝑗∉𝐴𝑊𝑖 𝑗 , which measures the strength of interaction
between the cluster and neighbors outside the cluster 𝐴. And the
conductanceΦ(𝐴) of the cluster 𝐴 can be defined as the quotient
𝑏 (𝐴)
𝑣𝑜𝑙 (𝐴) . For an effective clustering strategy, the goal is to partition
the graph into clusters with the smallest conductance. In other
words, the optimal islanding results should only include clusters
that have strong interactions within the cluster and weak connec-
tions to the rest of the graph outside the cluster. Formally, this
clustering task can be written as the 𝑘-way partitioning problem
[29]. Multiple subsets of vertices, i.e., clusters, 𝐴1, . . . , 𝐴𝑘 are a
𝑘-way partition of the original graph G if 𝐴𝑖 ∩ 𝐴𝑗 = ∅ for different
𝑖, 𝑗 and ∪𝑘

𝑖=1𝐴𝑖 = V. The objective of the 𝑘-way partitioning
problem can be defined by

𝜌(𝑘) := min
𝐴1 ,...,𝐴𝑘

max
1≤𝑖≤𝑘

Φ(𝐴𝑖). (12)

Following the definition of the objective, the partition tries to
enforce that the conductance of any cluster 𝐴𝑖 is at most the 𝜌(𝑘),
i.e., the 𝑘-way expansion constant. Finding the optimal partition
that optimizes the 𝜌(𝑘) is generally not computationally efficient
for large-scale networks. Moreover, solving the 𝑘 optimal cuts
on a graph such as to search for the optimal solution of Eqn. 12
is usually NP-hard [30]. Nonetheless, the spectral clustering
algorithm provides an approximation of the true optimum of the
NP-hard problem. To be specific, Lee et al. [31] prove that
performing spectral clustering on a graph𝐺 provides a bound for
the 𝑘-way expansion constant, defined by higher-order Cheeger
inequality:

_𝑘

2
≤ 𝜌(𝑘) ≤ 𝑂 (𝑘2)

√︁
_𝑘 , (13)

where 0 ≤ _1 ≤ · · · ≤ _𝑛 ≤ 2 are the sorted eigenvalues of the
normalized Laplacian matrix of the original graph. Equation 13
suggests that a graph G can have good quality clusters if and
only if the eigenvalue _𝑘 is small, which leads to a small 𝑘-
way expansion constant. Nonetheless, the practical approach for
choosing the optimal 𝐾 is not only determined by the Cheeger
inequality, which always gives the best result when choosing 𝐾
to be one, and _1 is the smallest eigenvalue. In general, 𝐾 is
chosen to be the number associated with a large eigengap, and
this approach has been proved by Lee et al. [31]. In their work
they show that if there is significant gap between the eigenvalues
of G, then Eqn. 13 can be rewritten to be independent on 𝐾:

max
1≤𝑖≤𝑘

Φ(𝐴𝑖) ≤
√︁
_𝑘/𝛿3, (14)

where 𝛿 ∈ (0, 13 ), and _𝑘 is the 𝑘-th smallest eigenvalue of the
graph Laplacian 𝐿. That is, after obtaining the eigengap results
from Eqn. 11, we need to choose the 𝐾 corresponding to a rel-
atively large eigengap 𝛾𝑛 (_𝑘). This choice of 𝐾 not only leads
to a small graph expansion constant with a small eigenvalue, but
also provides a reasonable number of dimensions for the spectral
embedding.

2.5 Working with Renewables
All the Laplacian matrices defined in the previous sections

are static and do not take the system’s dynamic response into
consideration. Moreover, the different behavior of the renewable
generation is not covered. Thus in this section, how to derive
the dynamic response of the renewable generation coupled in the
power grid is discussed. In [32], the authors have analyzed the
major factor for deriving the dynamic response of the renewable
generation. Take a wind power plant (WPP) as an example: if
the WPP capacity is large, then the point of common coupling
(PCC) transient response will be dominated by converter dynam-
ics. In this case, the WPP will operate as a separate electrical
area because of the distinct behavior different from nearby syn-
chronous generators. However, if the WPP capacity is relatively
low, then the WPP transient response at PCC is imposed by the
rest of the power system and the WPP dynamic response is co-
herent with other generators. As a result, the PCC dynamics can
be used as a proxy to identify the coherence of the renewable
with other components inside the grid. Thus, this study adopts
a measurement-based method and utilizes frequency deviation
signals from system nominal frequency to identify generator co-
herency with the presence of renewable generation. And the
coherency is treated as another type of Laplacian matrix for the
generator dynamic information in the clustering algorithm.
The frequency deviation signal at each bus 𝑖 can be obtained

by

Δ 𝑓𝑖,𝑡+Δ𝑡 =
1
𝜔0

(︃
𝜙𝑖,𝑡+Δ𝑡 − 𝜙𝑖,𝑡

Δ𝑡

)︃
, (15)

where 𝜔0 is the system nominal frequency, and 𝜙𝑖 is the voltage
phase angle at bus 𝑖. With the temporal frequency deviation
signals, the frequency deviation vector of bus 𝑖 can be constructed
from frequency deviation measurement at different time instants.

Δ 𝑓𝑖 =
[︁
. . . ,Δ 𝑓𝑖,𝑡−Δ𝑡 ,Δ 𝑓𝑖,𝑡 ,Δ 𝑓𝑖,𝑡+Δ𝑡 , . . .

]︁𝑇
. (16)

Once the frequency deviation vector of each bus after the dis-
ruption is obtained, the coherency between each pair of buses
can be measured by the coherency coefficient 𝐶𝐶𝑖 𝑗 , which is de-
rived from the Cosine similarity of the corresponding frequency
deviation vectors.

𝐶𝐶𝑖 𝑗 =
Δ 𝑓𝑖Δ 𝑓

𝑇
𝑗

| |Δ 𝑓𝑖 | | | |Δ 𝑓𝑗 | |
. (17)

Sincewe can derive the𝐶𝐶𝑖 𝑗 for each pair of buses, or nodes in the
graph, another weight matrix𝑊 𝑓

𝑖 𝑗
carrying dynamic information

for the power system graph can be defined:

𝑊
𝑓

𝑖 𝑗
=

{︄
𝐶𝐶𝑖 𝑗 if (𝑖, 𝑗) ∈ E

0 otherwise
(18)

With all the above analysis, the overall road-map for conduct-
ing intentional islanding for power grids with renewable penetra-
tion can be summarized as:

1. Instead of finding the generator coherency first, use different
information to define multi-layer graph Laplacian matrices
for clustering
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FIGURE 2: The one-line diagram of the IEEE-9 bus system, where
the synchronous generator at bus 1 has been replaced by a wind
farm (figure modified from [33]).

• Topology 𝑤𝑖 𝑗 = 1 ∀𝑖 𝑗 ∈ E measures the pure connec-
tivity

• Admittance 𝑤𝑖 𝑗 = 1/
√︂
𝑅2
𝑖 𝑗
+ 𝑋2

𝑖 𝑗
∀𝑖 𝑗 ∈ Emeasures the

strength of connections (electrical distance)
• Average power flow 𝑤𝑖 𝑗 = ( |𝑃𝑖 𝑗 | + |𝑃𝑗𝑖 |)/2 ∀𝑖 𝑗 ∈ E

measures the importance of a line during operation
• Frequency deviation 𝑤𝑖 𝑗 = 𝐶𝐶𝑖 𝑗 ∀𝑖 𝑗 ∈ Emeasures the
coherency of the buses, after a disruptive event

2. Construct the normalized Laplacian matrices and perform
eigendecomposition. Analyze the eigengaps to determine
the best number of embedding space 𝐾 , for deriving the
Grassmann manifold

3. Use the Grassmann manifold to derive a unified Laplacian
based on the multi-layer information:

𝐿𝑢𝑛𝑖 =

𝑀∑︂
𝑖=1

𝐿𝑖 − 𝛼
𝑀∑︂
𝑖=1
𝑈𝑖𝑈

𝑇
𝑖

4. Conduct hierarchical clustering with connectivity con-
straints on the unified Laplacian

3. RESULTS OF CASE STUDIES
To validate the proposed clustering-based intentional island-

ing strategy, the IEEE 9-bus test systems is used for simulations.
The data of the system can be found at [34]. We have mod-
ified the original test networks to include additional renewable
generation, such as wind farms, to show the applicability of the
intentional islanding for transmission networks with renewable
generation. The simulation of the system dynamic response after
disruptions within 20 seconds is conducted in the Power System
Analysis Toolbox (PSAT) [35]. This study uses the 20 seconds
span to represent the time window for the emergency response
after disturbance. And line outages are simulated to happen at
1.5 second. Notice that, this study also conducts case studies
based on a larger scale IEEE 118-bus system to test the perfor-
mance of the proposed method on more practical applications.
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FIGURE 3: Four weight matrices constructed from the measurement
data of the IEEE 9-bus system.

But due to space limitations, only the results of the 9-bus system
are reported. Interested reader can refer to [36] for the complete
experimental results.
Firstly, to demonstrate the major ideas and steps of the pro-

posed intentional islanding strategy, we use the IEEE-9 bus sys-
tem as the baseline model to illustrate the details of the main steps
of the algorithm. Figure 2 shows the original layout of the IEEE
9-bus test case. The line outage happens at the transmission line
(7, 5), in which the network has disconnected afterward. To in-
corporate the renewable generation, the synchronous generator at
bus 1 has been replaced by a wind farm. The capacity of the wind
power generation is set to be 100 MVA and consists of 30 wind
turbines. And this renewable generation corresponds to 33.3%
of the total power generation in the system. The original IEEE-9
bus system has a special characteristic that all three synchronous
generators in the system have different operating modes, even
before adding the renewable generation. Thus, this observation
indicates that these three generators connecting at bus 1, 2, and
3 need to be partitioned into separate islands with an effective
intentional islanding strategy after disruptions. And because of
this characteristic, studies about intentional islanding algorithms
usually use the 9-bus system as the baseline model.
As discussed in Sec. 2.5, the first step for the clustering-

based intentional islanding is to define the weight matrices for the
system from different types of measurements. For the IEEE 9-bus
system, four weight matrices are constructed as shown in Fig. 3.
The indices of the weight matrices start from 0 following the 0-
indexed convention of the coding language. From the matrices’
data, it can be seen that except for the frequency deviation matrix,
all other three matrices are sparse and share the same structure.
This is due to the nature of connectivity: the power flow and the
admittance can only be non-zero if there is a line between two
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FIGURE 4: The eigengap obtained from the four Laplacian matrices
defined based on topology, admittance, power flow, and frequency
deviation
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FIGURE 5: The dendrogram result of the hierarchical clustering for
IEEE 9-bus system

FIGURE 6: The intentional islanding results for the IEEE 9-bus sys-
tem based on the derived dendrogram (figure modified from [33])
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FIGURE 7: The dynamic response of the voltage magnitude at all
buses of the IEEE 9-bus system after disruptions, with and without
the intentional islanding operation

buses. And a power system is indeed a sparse graph, where the
number of edges has the same scale as the number of nodes, i.e.,
|E| ∝ |V|. In contrast, the frequency deviation matrix is obtained
from the measurement of the dynamic system response. And the
deviation is a pairwise relation between buses regardless of the
connectivity of the system. Figure 3 shows that the frequency
deviation matrix𝑊 𝑓

𝑖 𝑗
has much more non-zero entries compared

to the topology, admittance, and power flow matrices. Thus,
applying the Grassmann manifold to obtain a unified spectral
embedding is a crucial task to conduct clustering because of the
heterogeneous weight matrices.
Yet to derive the Grassmann manifold of the Laplacian ma-

trices based on the weight matrices introduced above, we first
need to determine the number of dimensions 𝐾 of the spectral
embedding. As discussed in Sec. 2.3, 𝐾 is determined to be the
number of 𝑖, which gives a large eigengap between two consec-
utive eigenvalues of the Laplacian matrix 𝐿. Thus Fig. 4 shows
the eigengap results of the Laplacian matrix of the IEEE 9-bus
system. Notice that the X-axis starts from the second eigenvalue
since the smallest eigenvalue of any valid Laplacian matrix is al-
ways zero. Hence, from the plot, 𝐾 is chosen to be three in order
to obtain the 𝐾 dimensional spectral embedding in the subspace
for deriving the unified Laplacian matrix.
Figure 5 demonstrates the clustering result of the IEEE 9-bus

system. After a disruption, the system operator can obtain an ap-
propriate intentional islanding strategy based on the dendrogram.
For example, if three islands are desired, then three clusters can
be formed by cutting the tree at around 1.0 along the y-axis in
the dendrogram. And the corresponding three clusters are the
sub-trees that consist of buses {6, 5, 1, 4}, {3, 9}, and {8, 2, 7}.
Figure 6 illustrates the IEEE 9-bus system after forming isolated
islands.
To analyze the system dynamic response after the disrup-

tion with and without intentional islanding strategy, Fig. 7 and
Fig. 8 summarize the transient voltage magnitude and voltage an-
gle measurements for the IEEE-9 bus test network, respectively.
When the system undergoes a line outage without intentional is-
landing, Fig. 7 shows that the voltage magnitudes of all buses
deteriorate from the nominal state to unstable cyclical patterns
swinging between 0.5 and 1.0 pu. And the oscillations become
more significant as the simulation goes on: a cascading failure is
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FIGURE 8: The dynamic response of the voltage angle at all buses
of the IEEE 9-bus system after disruptions, with and without the in-
tentional islanding operation

eventual for the systemwithout any contingency plan. In compar-
ison, with intentional islanding, the voltage measurements of all
buses stay at steady states around 1.0 pu even with the presence
of the disruptive event. This is due to the fact that multiple lines,
including the damaged line, are actively disconnected to enforce
the system forming isolated sub-systems. And each sub-system
is powered by one generator solely to ensure that the frequency
is consistent across the buses inside the same island. Moreover,
Fig. 8 suggests that the voltage angle of each bus has the same
trend as the voltage magnitude, which reveals the same benefit of
having the clustering-based intentional islanding as a contingency
plan toward disruptions.

4. CONCLUSION
To address the challenges of transmission system reliabil-

ity along with the increasing level of renewable penetration, this
study proposes a hierarchical clustering-based intentional island-
ing framework to guide the system transient operations after dis-
ruptions. Multiple layers of system real-time measurement data
are considered including topology, electrical distance, as well as
frequency deviation. To benefit from the heterogeneous informa-
tion representing different aspects, this study adopts the Grass-
mann manifold algorithm to derive a unified embedding matrix
for the final clustering. Moreover, because of the flexibility of the
hierarchical clustering, the islanding decisions, i.e., the number
of clusters formed, can be adjusted based on the stakeholders’
prior knowledge. Also, to validate the proposed framework, the
transient responses of the IEEE 9-bus test system after disruptions
have been studied. However, in this study, we have only consid-
ered case studies with limited types of renewable generation, e.g.,
the wind farms with a relatively low level of penetration. In fu-
ture studies, test systems with different types of generations are
planned to be included, for instance, nuclear power plants with
large generation capacities.
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