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Abstract 

Intentional Controlled Islanding (ICI) is a critical strategy for mitigating cascading failures 
and preventing large-scale blackouts in power systems. This paper proposes a novel ICI 
framework based on constrained spectral clustering (CSC), which integrates a data ame-
lioration technique—Hierarchical Amelioration of Clusters (HIAC)—to enhance cluster-
ing performance and ensure robust and reliable islanding solutions. The CSC algorithm 
employs spectral embedding followed by the k-medoids clustering method to group co-
herent generators and partition the system into stable islands. Conventional clustering 
techniques may produce inconsistent or suboptimal results when applied to systems with 
overlapping or poorly separated data clusters. The proposed HIAC method addresses this 
issue by improving cluster compactness and separation. The framework is validated using 
dynamic simulations of cascading failures on two benchmark systems: the IEEE RTS-96 
three-area system and the IEEE 39-bus system. With the RTS-96 test system, due to its 
modular and symmetric structure, we demonstrate a case with consistent clustering that 
does not require data amelioration. In contrast, the more intricate topology of the 39-bus 
system required the HIAC method to obtain a stable islanding configuration. Simulation 
results confirm that the proposed framework effectively mitigates cascading failures and 
avoids system-wide blackouts, while reducing load curtailment. The proposed approach 
enhances the reliability and applicability of ICI under diverse topological conditions. 
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1. Introduction 
Although modern power systems are engineered to be robust and resilient against 

disturbances, their stability can be compromised during severe contingencies, particularly 
when operating near their dynamic or steady-state limits. Such extreme disturbances may 
arise from natural hazards (e.g., earthquakes or hurricanes), human operational errors, 
failures in control systems, hidden faults in protection schemes, or malicious cyber-phys-
ical attacks. These initiating events can trigger cascading failures that jeopardise system 
integrity, potentially resulting in widespread blackouts. As reported in [1], major power 
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outages in 2021 affected over 350 million people—equivalent to more than 4% of the global 
population—highlighting the growing vulnerability of power grids, as emerging chal-
lenges—such as the integration of variable renewable energy sources—compound tradi-
tional risks, including extreme weather and ageing infrastructure. 

Cascading failures have been a critical factor in major blackouts, such as the North 
American outage of 14 August 2003 [2]. These failures typically originate from an initiat-
ing event, such as a fault or the disconnection of an overloaded transmission line. The 
initial disturbance can cause propagation through the system by causing further over-
loads, leading to subsequent outages and a cascade of failures. In addition to line outages, 
generator oscillations may arise as a consequence of system instability, potentially result-
ing in out-of-step tripping. Such conditions can escalate further, triggering under-fre-
quency load shedding or additional generator disconnections, thereby exacerbating the 
severity of the event. 

Several studies have demonstrated that many large-scale blackouts—including the 
2003 Northeast Blackout [3]—could have been prevented, or their impacts significantly 
mitigated, had appropriate defensive islanding measures been implemented either prior 
to or during the disturbance. Defensive islanding, also referred to as intentional controlled 
islanding (ICI), involves the deliberate partitioning of a power system into smaller, self-
sustained islands by disconnecting selected transmission lines. This strategy aims to con-
tain the spread of cascading failures, as the resulting sub-networks are more capable of 
maintaining local power balance and are less likely to exacerbate instability. Conse-
quently, intentional islanding is regarded as an emergency control action to safeguard the 
integrity of the power grid under extreme conditions. 

The implementation of an effective splitting strategy for intentional islanding in-
volves two principal challenges: (a) determining where to island, and (b) identifying when 
to island. In most studies on defensive islanding, it is commonly assumed that separation 
relays (SRs) are pre-installed at designated separation points and are coordinated at the 
system level. When islanding is required, only the SRs at selected locations are activated—
either simultaneously or in sequence—while others are blocked, thereby forming the de-
sired islands. To address the challenges of spatial and temporal coordination, islanding 
schemes are typically structured across three time domains: the Offline Analysis (OFA) 
stage, the Online Monitoring (ONM) stage, and the Real-Time Control (RTC) stage [4]. 
The question of where to island is addressed during the OFA stage, where suitable bound-
ary lines are identified to enable the formation of electrically stable islands. Conversely, 
the question of when to island is resolved in the RTC stage, which determines the appro-
priate separation time based on real-time synchrophasor measurements (if available) and 
modal analysis results provided by the ONM stage. 

Although extensive research has been conducted on ICI, the two principal chal-
lenges—identifying where and when to separate the network—are often studied inde-
pendently, despite their strong interdependence. These decisions are closely interrelated 
in practice, as the spatial partitioning of the grid directly influences the timing and effec-
tiveness of the separation strategy. 

To achieve stable islanding, any solution must satisfy a wide range of operational 
and stability constraints, including load-generation balance, generator coherency, trans-
mission availability, thermal limits, and both voltage and transient stability. Addressing 
all of these simultaneously is a highly complex and computationally intensive task. Nev-
ertheless, a subset of these constraints—particularly generator coherency and load-gener-
ation balance—can serve as a primary basis for defining separation boundaries [5], while 
the remaining constraints may be managed through secondary corrective measures such 
as load or generation shedding [6]. 
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Among these constraints, generator coherency is especially critical to the post-sepa-
ration stability of the formed islands. Severe disturbances in the grid can induce electro-
mechanical oscillations that disrupt synchronism among generators. Those with strong 
dynamic coupling tend to swing together and are termed coherent, whereas those with 
weak coupling swing against each other [7]. An effective islanding strategy must ensure 
that coherent generators remain within the same island to preserve transient stability and 
reduce the risk of further outages. Conversely, assigning non-coherent generators to a sin-
gle island can lead to rotor angle instability following network separation [8]. Despite this, 
many existing islanding methods focus solely on identifying optimal separation points 
without verifying whether the resulting islands maintain dynamic stability or effectively 
mitigate failure propagation. This shortcoming can result in unbalanced or unstable is-
lands that accelerate the cascading process, potentially propelling the system into a rapid 
and irreversible blackout phase (i.e., fast cascading phase). Given that ICI is typically de-
ployed as a last line of defence, any failure in its execution may have catastrophic conse-
quences for system integrity. 

Recent contributions in the literature have proposed various approaches for imple-
menting ICI, with the objective of partitioning the power system into islands that solely 
include coherent generators [9–17]. These methods can broadly be classified according to 
their optimisation goals. Two principal categories emerge: (a) minimisation of power im-
balance [9–15], which aims to reduce the mismatch between load and generation within 
each island; and (b) minimisation of power flow disruption [16,17], which seeks to pre-
serve the original power flow pattern as closely as possible after islanding. 

In particular, the latter objective—minimal power flow disruption—can be effectively 
addressed using advanced graph-theoretic techniques such as spectral clustering [18]. This 
method relies on the eigenvalues and eigenvectors of matrices derived from graphs that 
encode the system structure. When applied to generator coherency detection, the graph 
represents the dynamic coupling among generators (a so-called dynamic graph) [17]. In the 
context of partitioning the network, the graph typically represents its topological or 
weighted structure. Spectral clustering has been employed in several studies [6,7,17,19,20] 
to derive islanding solutions that minimise disruption to power flows. More broadly, re-
cent reviews have highlighted the increasing role of machine learning and deep learning 
in coherent power grid partitioning, including data-driven approaches for coherency 
identification, controlled islanding, and grid partitioning under complex operating con-
ditions [21]. In this context, spectral clustering has also been used as an auxiliary tool in 
reinforcement-learning-based methods. For example, in [22], a reinforcement learning 
method is proposed in which spectral clustering is incorporated into a merge-action strat-
egy designed to reshape the action space of the agent, enabling the continuous refinement 
of current solutions while guaranteeing the k-island constraint through a dedicated pro-
cessing mechanism. Similarly, in [23], a graph-based reinforcement learning model is pro-
posed to design AI-assisted switching strategies in transmission networks, with the objec-
tive of mitigating risk by strategically isolating affected areas for self-healing during 
power outages. In this model, spectral clustering is employed to group similar actions 
together, thereby addressing the high dimensionality of the action space, accelerating con-
vergence, and supporting the feasibility of the learning process. Finally, in [24], an itera-
tive weight-adjusted constrained spectral clustering (IWCSC) algorithm is developed for 
a novel risk-triggered preventive islanding method. The IWCSC algorithm is used to gen-
erate subgraph partitions that satisfy operational constraints, including generation–load 
balance, line thermal limits, and voltage magnitude constraints, while minimising disrup-
tion to the power flow. 

The spectral clustering technique can be viewed as a three-step algorithm [25]. First, 
a similarity graph is constructed to represent pairwise relationships among data points. 
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Second, the data are embedded into a lower-dimensional space using the eigenvectors of 
the graph Laplacian, where cluster structures become more apparent. Finally, a conven-
tional clustering algorithm—such as k-medoids—is applied to the embedded data to iden-
tify distinct groups. 

In studies where spectral clustering has been applied to address the ICI problem, the 
final step of the algorithm—cluster identification—is typically performed using classic 
clustering methods such as k-means, k-medoids, or agglomerative hierarchical clustering 
(AHC). However, these conventional algorithms exhibit several well-documented limita-
tions that can affect the robustness and accuracy of islanding solutions [26]: 

• k-means clustering assumes that clusters are spherical and of similar size, which often 
results in poor performance when applied to datasets with irregularly shaped or im-
balanced clusters. Moreover, the algorithm’s sensitivity to initial centroid placement 
can lead to inconsistent outcomes across different runs on the same dataset. Outliers 
can also distort the centroids, producing skewed or misleading cluster boundaries. 

• k-medoids, while more robust to outliers than k-means, is significantly more compu-
tationally intensive, particularly for large datasets. It similarly assumes compact and 
spherical clusters, and its random initialisation of medoids can yield varied cluster-
ing results across different runs. 

• The AHC algorithm suffers from the drawback that, once clusters are merged, they 
cannot be split again, potentially leading to suboptimal solutions. Furthermore, the 
final clustering is heavily influenced by the choice of linkage criterion (e.g., single, 
complete, or average), which can introduce structural biases into the resulting parti-
tion. 

In recent years, researchers have explored various techniques to enhance clustering 
performance by ameliorating the datasets prior to analysis [27–32]. These approaches aim 
to reshape the data space by introducing artificial gravitational forces between neighbour-
ing points, thereby drawing similar elements closer together. As a result, the modified 
datasets become more amenable to clustering algorithms, improving the quality of the 
resulting partitions. Notably, some amelioration methods operate independently of the 
clustering algorithm itself, enabling a range of clustering techniques to yield more accu-
rate and reliable results when applied to the transformed datasets. 

Building upon this premise, the present study proposes a comprehensive framework 
to be implemented during the OFA stage of ICI, specifically addressing the challenge of 
determining “where to island” and assessing both the correctness and effectiveness of the 
ICI operation in suppressing cascading failures. The proposed framework consists of two 
main components. First, we adopt a graph-theoretic ICI scheme based on constrained 
spectral clustering (CSC) to identify an islanding solution that minimises power flow dis-
ruption while ensuring that each island contains only coherent generators [7]. To improve 
the clustering performance and overcome the limitations of classic algorithms, an amelio-
rated-dataset technique is embedded into the scheme [33]. Second, the resulting island 
configuration is evaluated using an open-access dynamic cascading failure simulation 
[34], which provides a detailed assessment of the scheme’s operational correctness and its 
effectiveness in suppressing failure propagation. 

It is important to emphasise that the objective of this work is not to introduce a com-
pletely new islanding paradigm, but to enhance the clustering stage of CSC-based ICI. In 
particular, the proposed contribution targets the final step of the spectral clustering pro-
cedure, where the embedded data are assigned to clusters using a conventional clustering 
algorithm. Since this step directly determines the resulting island configuration, any lim-
itation of the clustering algorithm may propagate to the final islanding solution. The pro-
posed HIAC procedure is therefore incorporated as a data amelioration stage to improve 
cluster compactness and separation before the final partition is obtained. In this sense, the 
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novelty of the proposed CSC-HIAC framework lies in improving the robustness and reli-
ability of constrained spectral clustering for ICI, rather than replacing the overall graph-
theoretic islanding formulation. 

Additionally, the validation stage is another distinguishing aspect of the proposed 
framework. Many ICI studies assess the quality of the islanding solution mainly through 
static indicators, such as power imbalance, power flow disruption, or coherency preser-
vation. Although these indicators are essential, they do not fully demonstrate whether the 
selected islanding action can actually arrest the progression of cascading failures under 
dynamic operating conditions. In this work, the proposed islanding solution is therefore 
tested within a dynamic cascading failure simulation environment, allowing its corrective 
effect to be assessed after network separation. Furthermore, the use of an open-access sim-
ulation tool improves transparency and reproducibility, in contrast with studies that rely 
exclusively on proprietary software for dynamic validation. 

In this work, k-medoids is adopted in the partitioning stage of both the generator 
coherency identification and the constrained spectral clustering procedures. This choice is 
motivated by two main considerations. First, in contrast to k-means, which computes vir-
tual centroids that may not correspond to any physical element of the system, k-medoids 
selects actual data points as cluster representatives. In the power system context, this pro-
vides a more physically meaningful interpretation, since the medoid can be associated 
with an existing generator that represents the corresponding coherent group or island. 
Second, k-medoids is more robust than k-means in the presence of outliers and transient 
disturbances, which are expected during cascading events. Nevertheless, k-medoids is not 
free from limitations, since its random initialisation may still lead to inconsistent cluster-
ing results when the embedded data are poorly separated. This limitation motivates the 
integration of the HIAC data amelioration procedure, which improves cluster compact-
ness and separation prior to the final clustering step. 

It should also be noted that pure graph-partitioning methods, such as minimum-cut 
formulations, mainly focus on reducing the disruption associated with the selected cutset. 
Although this objective is important for preserving the pre-islanding power flow pattern, 
it does not by itself guarantee that the resulting islands will contain only coherent gener-
ators. Therefore, graph partitioning without explicit coherency constraints may lead to 
dynamically infeasible islanding solutions. This motivates the use of a constrained spec-
tral clustering formulation, in which generator coherency is preserved while the disrup-
tion of power flows is minimised. 

The contributions of this research are threefold. First, the limitations of classic clus-
tering algorithms in the context of spectral-clustering-based ICI are identified and criti-
cally analysed, with particular emphasis on how these limitations may affect the final is-
landing configuration. Second, rather than proposing a completely new islanding para-
digm, this work introduces a targeted enhancement of the constrained spectral clustering 
framework by integrating the HIAC data amelioration method into its final clustering 
stage. This improves cluster compactness and separation, leading to more robust and re-
liable islanding solutions while preserving generator coherency constraints. Third, the 
proposed scheme is validated using dynamic cascading failure simulations implemented 
with an open-access tool, thereby assessing not only the correctness of the resulting is-
landing configuration but also its effectiveness in suppressing failure propagation. This 
addresses a key limitation in much of the existing literature, where validation is often 
based on static criteria or conducted using proprietary software, and enhances transpar-
ency, reproducibility, and accessibility for further research and practical deployment. 
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2. Cascading Failure Simulation 
Cascading failures in power systems involve a range of complex and nonlinear mech-

anisms, including voltage collapse, frequency instability, and loss of synchronism. Fur-
thermore, achieving stable islanding requires that the resulting system configuration sat-
isfies a variety of operational and dynamic constraints, such as load-generation balance, 
generator coherency, thermal limits, transmission availability, and both voltage and tran-
sient stability. As such, it is not sufficient to evaluate intentional controlled islanding (ICI) 
schemes based solely on topological or conventional quasi-steady-state (QSS) models. In 
this study, to rigorously assess whether the proposed islanding solutions maintain dy-
namic stability and effectively suppress the propagation of failures, the Cascading Outage 
Simulator with Multiprocess Integration Capabilities (COSMIC)—originally introduced 
in [34]—is adopted as a validation tool. 

COSMIC is a dynamic, hybrid simulation tool designed to model the intricate inter-
actions between power system dynamics and discrete protection actions during cascading 
failures. Unlike QSS models, COSMIC captures key nonlinear phenomena—such as volt-
age collapse, frequency instability, and loss of synchronism—that dominate in the later 
stages of cascading events. To achieve this, the state of the power system at time t is de-
fined by three vectors: 

x(t): continuous differential state variables (e.g., generator dynamics), 
y(t): continuous algebraic variables (e.g., power flow constraints), 
z(t): discrete state variables (e.g., relay states). 
The system is governed by a set of hybrid equations: ௗ𝐱ௗ௧ = 𝐟ሺ𝑡, 𝐱ሺ𝑡ሻ, 𝐲ሺ𝑡ሻ, 𝐳(𝑡))  (1)

𝐠(𝑡, 𝐱(𝑡), 𝐲(𝑡), 𝐳(𝑡)) = 0 (2)𝐡(𝑡, 𝐱(𝑡),𝐲(𝑡), 𝐳(𝑡)) < 0 (3)

The first equation models the dynamic behaviour of synchronous machines and con-
trol systems. The second represents the algebraic constraints, including full AC power 
flow equations. The third describes discrete triggering conditions which, when violated, 
initiate protection actions that alter the system topology or state. 

The core dynamic model includes third-order synchronous machine representations, 
simplified exciters and governors, and a variety of static and dynamic load models. The 
differential equations cover generator rotor angle and speed (swing equations), internal 
voltages, and control mechanisms. 

In addition, COSMIC integrates a comprehensive relay protection system, featuring 
five types of relays: over-current (OC), distance (DIST), temperature-based (TEMP), un-
der-voltage load shedding (UVLS), and under-frequency load shedding (UFLS). Each re-
lay operates with fixed or time-inverse delay logic and triggers appropriate discrete ac-
tions when thresholds are violated. 

Discrete events—such as relay tripping or system islanding—invoke a re-evaluation 
of the model. COSMIC uses a recursive event-handling algorithm, and when islanding is 
detected (via admittance matrix analysis), it solves the differential-algebraic equation 
(DAE) system separately for each resulting island. Time-domain integration is performed 
using the trapezoidal method with an adaptive time step, which ensures a balance be-
tween numerical accuracy and computational efficiency under both steady-state and tran-
sient conditions. 

The simulation process is executed through the following main steps (see [34] for 
detailed implementation): 

1. Initialise system model and apply exogenous contingencies. 
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2. Check for islanding and recursively simulate each island. 
3. Integrate the continuous DAE system. 
4. Monitor for threshold violations triggering discrete events. 
5. Process protection actions and update system state. 
6. Continue until steady state or simulation end time is reached. 

By incorporating both fast-timescale dynamic behaviour and slower protective 
mechanisms within a unified framework, COSMIC offers a robust platform for testing the 
resilience of ICI schemes under realistic conditions. Moreover, its open-access nature pro-
motes transparency, reproducibility, and ease of integration for academic research and 
development. 

3. Intentional Controlled Islanding 
This study adopts a controlled islanding approach based on constrained spectral 

clustering, originally introduced in [7], to determine the optimal partitioning of the power 
system into stable and coherent islands. The ICI problem is formulated as a constrained 
optimisation task, which is then transformed into a graph min-cut problem to facilitate 
efficient identification of separation boundaries. The methodology is developed through 
four components: the graph-based modelling of the power grid, the definition of genera-
tor coherency constraints, the construction of a constraint matrix, and the application of 
constrained spectral clustering to minimise power flow disruption while preserving dy-
namic stability. 

3.1. Power Grid as a Graph 

A power grid can be represented as a weighted, undirected graph 𝐺(𝑁,𝐸) where N 
denotes the set of nodes (buses) and E represents the set of edges (transmission lines or 
transformers). To account for the system’s operating condition, the edge weights are de-
termined using the average of the absolute values of the active power flows in both direc-
tions: 

𝐖 =  ൝𝑤௜௝ =  ห௉೔ೕหା ห௉ೕ೔หଶ              𝑖 ≠ 𝑗𝑤௜௝ = 0                              𝑖 = 𝑗. (4)

Spectral clustering is based on the use of graph Laplacian matrices, which encode the 
structural and weight information of the graph. Two common variants are the unnormal-
ised Laplacian and the normalised Laplacian. The unnormalised Laplacian matrix L is de-
fined as: 𝐋 =  ൜−𝑤௜௝      𝑖 ≠ 𝑗𝑑௜௜          𝑖 = 𝑗, (5)

where the diagonal element dii is the sum of the weights of all edges incident to node i: 𝑑௜௜ =  ∑ 𝑤௜௝ே௝ୀଵ . (6)

The unnormalised Laplacian can also be written compactly as 𝐋 = 𝐃 −𝐖, where D 
is the diagonal degree matrix with entries dii, and W is the weighted adjacency matrix. The 
normalised Laplacian Ln is then defined as: 𝐋௡ =  𝐃ିଵ ଶ⁄ 𝐋𝐃ିଵ ଶ⁄ . (7)

This matrix formulation provides the foundation for applying spectral clustering 
techniques, which use the eigenstructure of the Laplacian to identify optimal graph parti-
tions. 
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3.2. Generator Grouping Constraints 

To enhance transient stability and reduce the risk of further outages, an islanding 
solution must be constructed such that coherent generators are assigned to the same is-
land. In the system under consideration, coherent generator groups are identified by con-
structing a dynamic graph, in which nodes represent generators and edge weights corre-
spond to their dynamic coupling—quantified by the synchronising torque coefficients. 
Normalised spectral clustering is then applied to this dynamic graph to cluster generators 
based on their coupling strength. 

Using the Laplacian matrix of the dynamic graph, the following linearised second-
order dynamic model of a system with g generators is adopted: ∆𝜹ሷ =  𝐌ିଵ𝐊∆𝜹, (8)

where ∆𝜹 denotes the vector of generator rotor angle deviations, and M and K are the 
generator inertia matrix and synchronising torque coefficient matrix, respectively. 

To determine coherent generator groups, the algorithm introduced in [8] is applied 
as follows: 

1. Input the number of generators r and the desired number of clusters k. 
2. Compute the first k eigenvalues and corresponding eigenvectors of the matrix 𝐌ିଵ𝐊, 

sorted in increasing order of eigenvalue magnitude. 
3. Discard the first eigenvector, and normalise the remaining 𝑘 − 1  eigenvectors to 

have unit Euclidean norm. 
4. Form the matrix Xr×k by combining the normalised eigenvectors, and apply the k-me-

doids algorithm to group the rows of X into k clusters. 
5. Output the resulting clustering, which defines the generator assignments to coherent 

groups. 

These generator grouping constraints will later be integrated into the spectral clus-
tering formulation to ensure that coherent generators remain within the same island. 

3.3. Constraint Matrix 

To ensure that coherent generators remain within the same island during clustering, 
a constraint matrix Q is constructed. This matrix encodes two types of pairwise constraints 
between nodes: 

• Must-Link (ML) constraints, which require that two nodes must belong to the same 
cluster, and 

• Cannot-Link (CL) constraints, which prohibit two nodes from being assigned to the 
same cluster. 

The matrix 𝐐 ∈ ℝே×ே is defined element-wise as: 

𝑄௜௝ =  𝑄௝௜ =  ቐ+1,       𝑖𝑓 (𝑖, 𝑗)ML−1,      𝑖𝑓 (𝑖, 𝑗)CL0,        𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 . (9)

This matrix is then normalised to obtain Qn, which aligns with the structure of the 
normalised graph Laplacian used in spectral clustering. The normalisation is defined as: 𝐐௡ =  𝐃ିଵ/ଶ𝐐𝐃ିଵ/ଶ. (10)

The normalised constraint matrix Qn is incorporated into the spectral clustering 
framework to guide the partitioning process, ensuring that dynamic coherency con-
straints among generators are respected. 
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3.4. Minimising the Power-Flow Disruption While Preserving Coherent Generator Groups 

To determine an islanding solution that minimises power flow disruption while sat-
isfying the generator coherency constraint, the method adopted in this study solves a nor-
malised min-cut problem on graph G using constrained spectral clustering in a relaxed 
optimisation form. The objective function is expressed as: 𝑎𝑟𝑔𝑚𝑖𝑛 𝐯்𝐋௡𝐯, (11)

subject to the following constraints: 𝐯்𝐐௡𝐯 ≥ 𝛽, (12)𝐯்𝐯 = 𝑣𝑜𝑙 =  ∑ 𝑑௜௜ே௜ୀଵ , (13)𝐯 ≠  𝐃ଵ/ଶ1ே். (14)

Here, v is the eigenvector of the normalised Laplacian matrix, vol is the volume of the 
graph G, defined as the sum of the degrees of all nodes, β is a threshold parameter ensur-
ing constraint satisfaction, and 𝟏ே் is the all-ones vector of size N. 

As shown in [35], the optimal solution to the constrained minimisation problem in 
(11)–(14) can be obtained by solving the following generalised eigenvalue problem: 𝐋௡𝐯 =  𝜆 ቀ𝐐௡ −  ఉ௩௢௟ 𝐈ቁ 𝐯. (15)

The constrained spectral clustering algorithm proceeds through the following steps: 

1. Define the number of clusters k based on generator coherency information. 
2. Compute the edge weight matrix using (4), as well as the degree matrix D and graph 

volume vol. 
3. Construct the normalised Laplacian matrix Ln using Equations (5) and (7). 
4. Form the normalised constraint matrix Qn using generator coherency data. 
5. Solve the generalised eigenvalue system defined in (15). 
6. Discard eigenvectors associated with zero or negative eigenvalues. 
7. Normalise the remaining eigenvectors using: 𝐯 ⟵  𝐯‖𝐯‖ √𝑣𝑜𝑙. 
8. Select the 𝑘 − 1  eigenvectors corresponding to the smallest 𝑘 − 1  positive eigen-

values. 
9. Form the matrix 𝐕∗ ← 𝑎𝑟𝑔𝑚𝑖𝑛 𝐕்𝐿௡𝐕, where 𝐕 ∈  ℝே×(௞ିଵ) contains the selected ei-

genvectors as columns. 
10. Cluster the nodes using the k-medoids algorithm applied to the rows of V*. 

This procedure yields an islanding configuration that not only minimises the disturb-
ance to power flows but also preserves dynamic coherency among generators—two es-
sential conditions for preventing further instability following system separation. 

It should be noted that the coherency analysis based on Equation (8) relies on a line-
arised second-order electromechanical model around a given operating point. This model 
is widely used for identifying generator groups that tend to swing together, since the ei-
genvectors of 𝐌ିଵ𝐊 associated with the smallest eigenvalues provide useful information 
about slow electromechanical modes and coherent generator behaviour. However, the 
model remains an approximation and may not fully capture severe nonlinear transient 
phenomena, such as large rotor-angle excursions, nonlinear excitation and governor re-
sponses, protection-triggered topology changes, converter-interfaced generation dynam-
ics, or disturbance-dependent coherency variations. Therefore, the resulting generator 
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groups are interpreted in this work as offline coherency constraints for the CSC-based 
islanding procedure, rather than as a complete nonlinear transient coherency assessment. 

A full time-domain coherency evaluation is not included in this study because the 
main objective is to enhance the constrained spectral clustering stage used to determine 
islanding boundaries. Time-domain coherency identification would require extensive 
nonlinear dynamic simulations across multiple contingencies, operating points, and clear-
ing times, and may produce scenario-dependent coherency groupings. Instead, the pre-
sent framework uses the linearised coherency model to define generator grouping con-
straints during the Offline Analysis stage, and subsequently evaluates the resulting is-
landing solutions through dynamic cascading failure simulations. Future work will con-
sider PMU-based and time-domain coherency assessment to update generator groups un-
der severe nonlinear and renewable-rich operating conditions. 

4. Improving the Accuracy of Clustering Algorithms 
While the previous section outlined a constrained spectral clustering approach for 

identifying optimal islands, the accuracy and robustness of the final islanding solution are 
strongly influenced by the performance of the clustering algorithm applied in the final 
step. Conventional clustering algorithms often struggle when applied to power system 
datasets with overlapping cluster structures or ambiguous boundaries. Moreover, as dis-
cussed in the Section 1, classic algorithms such as k-means, k-medoids, and agglomerative 
hierarchical clustering exhibit several limitations that can adversely affect clustering out-
comes. To address these challenges and improve the reliability of the islanding process, 
this section presents a data preprocessing strategy aimed at enhancing the structure of the 
dataset prior to clustering. 

Clustering algorithms are central to various intentional controlled islanding (ICI) 
methods that rely on spectral techniques. These algorithms uncover the underlying struc-
ture of data by grouping elements based on their similarities. In general, there are da-
tasets—referred to as good datasets—on which most clustering algorithms perform well, 
due to a clear separation between data clusters. In these cases, the inter-cluster distance is 
significantly greater than the intra-cluster distance, allowing the clusters to be easily iden-
tified. Conversely, bad datasets are characterised by overlapping cluster boundaries and 
similar inter- and intra-cluster distances, making it difficult for clustering algorithms to 
achieve accurate results. 

To improve the performance of clustering algorithms on such challenging datasets, 
it is essential to increase the contrast between inter- and intra-cluster distances. In this 
context, Ref. [33] proposes an innovative data preprocessing method known as the HIAC 
algorithm (High-Intensity Attraction Clustering), which is designed to enhance the struc-
tural characteristics of the data before clustering. The fundamental idea behind HIAC is 
to use a gravity-based model to shift similar data points closer together (referred to as 
object motion), thereby increasing intra-cluster cohesion while separating dissimilar 
groups. In addition, HIAC classifies neighbouring points into valid neighbours (high sim-
ilarity) and invalid neighbours (low similarity), and it locks the original neighbour rela-
tionships during the object motion process to preserve topological consistency before and 
after the process. 

The HIAC algorithm comprises the following three steps: 

1. Construction of a topology graph, representing the dataset’s structure. 
2. Identification of valid neighbours, based on similarity thresholds. 
3. Object motion, which iteratively modifies the data distribution to amplify cluster 

distinctiveness. 
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4.1. Constructing the Topology Graph for the Dataset 

In the first step of the HIAC algorithm, a topology graph is constructed to represent 
the structural relationships within the dataset. In this graph, each data object is treated as 
a vertex, and connections are formed between each vertex and its x-nearest neighbours, 
where x is a user-defined input parameter. These connections define the edges of the 
graph, which are weighted based on pairwise distances between objects. 

The weight of the edge between two objects oi and oj, denoted by wij, is defined as 𝑤௜௝ =  − ฮ𝑜௜ −  𝑜௝ฮଶ + max௢೛,௢೜∈ைฮ𝑜௤ −  𝑜௣ฮଶ, (16)

where O is the dataset to be analysed, ‖∙‖ଶ denotes the Euclidean norm (2-norm), and the 
term max௢೛,௢೜∈ைฮ𝑜௤ −  𝑜௣ฮଶ ensures that all edge weights remain non-negative by shifting the 

distance range. 
This formulation guarantees that objects that are closer in Euclidean space are con-

nected with larger edge weights, while those that are further apart are assigned smaller 
weights. The resulting graph provides a structured representation of local object similar-
ity, which serves as the basis for the subsequent steps of the HIAC algorithm. 

4.2. Identifying Valid-Neighbours 

Rather than identifying valid neighbours directly, the HIAC algorithm adopts a 
novel strategy by first identifying and eliminating invalid edges—i.e., those that link in-
valid neighbours. This is achieved through a probabilistic analysis of edge weights de-
rived from the topology graph constructed in the previous step. 

To begin, the set of all edge weights is partitioned into equal-length intervals. The 
length of each interval is defined as: 𝑑𝑐 = 10 ⨯ ൫௠௔௫(ௐ)ି௠௜௡(ௐ)൯ே௢ , (17)

where No is the number of objects in the dataset O, and Wi represents the object weight of 
object oi, calculated as 𝑊௜ =  ଵ୶ ∑ 𝑤௜௝௝∈∅(௢೔) , (18)

where ∅(𝑜௜) denotes the set of x-nearest neighbours of object oi. 
The HIAC algorithm then constructs a probability decision graph by estimating the 

empirical distribution of object weights across the defined intervals. The probability asso-
ciated with the 𝑔-th interval is computed as: 𝑃(𝑚𝑖𝑛(𝑊) + 𝑔 ⨯ 𝑑𝑐) =  ∑ ఝ೒൫ௐೕ൯ೕಿసభே௢ , (19)

where the indicator function 𝜑௚൫𝑊௝൯ is defined as: 𝜑௚൫𝑊௝൯ =  ൜1, 𝑖𝑓 𝑚𝑖𝑛(𝑊) + (𝑔 − 1) ⨯ 𝑑𝑐 ≤ 𝑊௝ < 𝑚𝑖𝑛(𝑊) + 𝑔 ⨯ 𝑑𝑐 0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 . (20)

This process yields a probabilistic profile of edge weight distributions, enabling the 
algorithm to distinguish between edges that are structurally significant and those that are 
likely to reflect weak or noisy relationships. 

Finally, an observational method is employed to determine a threshold for separating 
effective from ineffective edges within the decision graph. Edges with weights falling be-
low this threshold are classified as invalid and are consequently pruned from the topology 
graph. This pruning step sharpens the structural clarity of the data and enhances the clus-
tering process in the subsequent stage. 
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4.3. Object Motion 

In the final step of the HIAC algorithm, object motion is applied to reshape the da-
taset and enhance cluster separability. For each object connected by an effective edge (as 
identified in the previous step), the algorithm simulates motion by applying Newton’s 
law of universal gravitation. In this formulation, each object is treated as a vector, allowing 
the gravitational influence to be directional. 

The updated position of object oi, denoted as 𝑜ప’ሬሬሬ⃗ , is given by: 

𝑜ప’ሬሬሬ⃗ =  𝑜పሬሬሬ⃗ + 𝑇∑ 𝐺௟ௗ௟ୀଵ  ∑ ฯ௢ഢ∗ሬሬሬሬ⃗ ି ௢ഢ೗ሬሬሬሬ⃗ ฯమ൬௢ഢണሬሬሬሬሬ⃗ ି ௢ഢ೗ሬሬሬሬ⃗ ൰ฯ௢ഢണሬሬሬሬሬ⃗ ି ௢ഢ೗ሬሬሬሬ⃗ ฯమమ௦௝ୀଵ , (21)

where 𝑜పሬሬሬ⃗  is the vector form of oi, 𝑜పఫሬሬሬሬ⃗  is the j-th valid-neighbour of 𝑜పሬሬሬ⃗ , 
s is the number of valid neighbours, 
d is the number of time-segments, 
t is the duration of each time-segment, and 𝑇 =  ଵଶ 𝑡ଶ is a scaling factor, 𝑜ప௟ሬሬሬ⃗  is the vector of oi in the l-th time segment, 𝑜ప∗ሬሬሬ⃗  is the nearest valid-neighbour of oi, 𝐺௟ =  ଵே௢  ∑ ฮ𝑜ఫ∗ሬሬሬ⃗ −  𝑜ఫሬሬሬ⃗ ฮଶே௢௝  is the gravitational constant in the l-th time segment, and 
No is the total number of objects in the dataset. 

The purpose of this motion is to bring similar objects closer together while maintain-
ing structural constraints imposed by the valid-neighbour relationships. Over multiple 
iterations, this process enhances the compactness of clusters and increases inter-cluster 
separation, thereby transforming the dataset into a more suitable form for clustering. The 
two parameters introduced in this step—𝑇 and 𝑑—are user-defined and control the extent 
and duration of object motion, respectively. 

Computational Complexity Analysis 

The proposed CSC-HIAC framework is intended to be implemented during the Of-
fline Analysis (OFA) stage of ICI, where the question of where to island is addressed by 
identifying suitable separation boundaries in advance. Therefore, the method is not sub-
ject to the same strict execution-time constraints as real-time control actions associated 
with the decision of when to island. Nevertheless, computational scalability is an im-
portant consideration for practical applications. 

The computational complexity of the CSC-based ICI stage is dominated by three 
main operations. Let N denote the number of buses, E the number of transmission lines, k 
the targeted number of islands, and I the number of clustering iterations. First, construct-
ing the network adjacency matrix, weighted by active or apparent power flow, and incor-
porating generator coherency constraints through pairwise must-link and cannot-link re-
lations requires O(N2) operations. Second, projecting the graph Laplacian into the feasible 
constraint subspace and extracting the first k eigenvectors require O(N3) operations. Third, 
clustering the N low-dimensional coordinate rows into k island zones requires O(IkN2) 
operations. Thus, the overall time complexity of the CSC-based ICI stage can be expressed 
as: O(N2) + O(N3) + O(IkN2). 

For the HIAC stage, the computational burden is associated with valid-neighbour 
identification and object movement. In the valid-neighbour identification stage, HIAC 
computes the weights between each object and its x neighbours, resulting in a complexity 
of O(xN). In the object movement stage, HIAC computes gravitational values between 
objects and their valid neighbours over d iterations, resulting in a complexity of O(dsN), 
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where s is the average number of valid neighbours and s < x. Therefore, the total complex-
ity of HIAC is: O(xN + dsN). 

Consequently, the additional computational cost introduced by HIAC is lower than 
the dominant eigen-decomposition cost of the CSC procedure for fixed x, d, and s. The 
proposed CSC-HIAC framework therefore improves the robustness of the final clustering 
stage without changing the dominant complexity order of the overall CSC-based island-
ing scheme. 

5. Cases Studies 
To evaluate the effectiveness of the proposed intentional controlled islanding (ICI) 

framework, two benchmark power systems are considered: the IEEE RTS-96 three-area 
system and the IEEE 39-bus system. These systems serve complementary roles in the as-
sessment: one illustrates a case where clustering performs reliably without the need for 
enhancement, and the other demonstrates the advantages of applying the proposed data 
amelioration method to address the limitations of classic clustering algorithms. 

The analysis begins with the IEEE RTS-96 three-area system, a structurally balanced, 
multi-area power system composed of three identical subsystems, each with equivalent 
topology, generation capacity, and load (2850 MW). The system consists of 73 buses and 
120 branches, with a total load of 8550 MW. In this analysis, the objective is to partition 
the system into three islands—corresponding to its predefined areas—with no loss of gen-
erality. Because each subsystem is largely self-sufficient and loosely interconnected, the 
expected islands align naturally with the system’s internal structure, allowing for a 
straightforward validation of the constrained spectral clustering (CSC) method. In this 
case, the k-medoids algorithm alone is sufficient to obtain accurate and stable clustering 
results, as the data clusters are well separated. Therefore, this case exemplifies a scenario 
where classic clustering techniques work effectively without requiring data preprocessing 
or enhancement. 

The second part of the analysis focuses on the IEEE 39-bus system, which represents 
a snapshot of the New England 345 kV transmission network with 10 generators and 46 
branches. In contrast to the RTS-96 system, the IEEE 39-bus network features a more com-
plex and less modular topology, making the identification of coherent and operationally 
viable islands significantly more challenging. Here, direct application of clustering algo-
rithms yields inconsistent results due to overlapping or poorly separated data clusters. 
Consequently, to improve clustering performance and solution reliability, we apply the 
proposed HIAC data amelioration technique in conjunction with the CSC algorithm. 

In both systems, cascading failures triggered by line outages are simulated using the 
COSMIC simulator to validate the ability of the proposed ICI framework to mitigate the 
propagation of failures and prevent system-wide blackouts. Also, in both systems voltage 
magnitudes at all buses were chosen as the primary metric to monitor the dynamic evo-
lution of cascading failures. Voltage behaviour provides a direct, system-wide indicator 
of stability and operational integrity, capturing key phenomena such as voltage sags, in-
stability onset, relay-triggered disconnections, and cascade progression. Unlike power 
flow or frequency metrics, which may remain relatively stable until critical thresholds are 
crossed, voltage deviations typically offer early insight into cascading propagation and 
the system’s ability—or inability—to reach a new steady state. Therefore, voltage magni-
tudes serve as a comprehensive and sensitive proxy to evaluate the effectiveness of island-
ing solutions during failure scenarios where dynamic mechanisms are involved. 

5.1. Baseline Cascading Failure Scenarios in the IEEE RTS-96 Three-Area System 

The first case study focuses on the IEEE RTS-96 three-area system. Two baseline cas-
cading failure scenarios are simulated using the open-access COSMIC dynamic simulator 
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to assess the system’s vulnerability under severe contingencies in the absence of islanding 
actions. The simulation end-time for each scenario is set to 300 s to capture the entire evo-
lution of cascading failure events, including the dynamic response of the system and the 
onset of instability or blackout. 

In the first scenario, the initiating event is the simultaneous tripping of transmission 
lines 66 (215–221), 67 (215–221), 73 (218–221), and 74 (218–221) at 𝑡 = 10 s, representing 
the automatic isolation of a severe fault by the protection system. Voltage magnitudes at 
all buses are continuously monitored to observe the progression of instability. As shown 
in Figure 1, the system experiences significant voltage disturbances following the initial 
event. At 𝑡 = 11.17 s, a distance relay trips branch 72, further weakening the network. 
Despite initial attempts at stabilisation, the situation deteriorates, and at 𝑡 = 47.37 s, the 
simulation fails to converge to a valid operating point. The system is thus declared to have 
entered a blackout state, with the entire load of 8550 MW lost. 

 

Figure 1. Bus voltage magnitudes over time following the trip of lines 66, 67, 73, and 74 at 𝑡 = 10 s 
in the IEEE RTS-96 three-area system. Each trajectory corresponds to one bus voltage magnitude. 
The system enters a blackout state at 𝑡 = 47.37 s following a set of subsequent relay operations. 

In the second scenario, a different contingency is introduced by tripping transmission 
lines 100 (312–323), 101 (313–323), and 120 (323–325) at 𝑡 = 10 s. The voltage dynamics 
are illustrated in Figure 2. At 𝑡 = 11.025 s, an under-voltage load shedding (UVLS) relay 
activates at Bus 314, resulting in the disconnection of 48.50 MW of load. Shortly after, at 𝑡 = 11.05 s, another UVLS relay trips at Bus 303, shedding an additional 45.00 MW. De-
spite these remedial actions, instability continues to propagate. At 𝑡 = 84.09 s, an over-
current relay trips Branch 102, aggravating the system condition. Finally, at 𝑡 = 84.67 s, 
the simulation again fails to reach a stable solution, and a full system blackout is declared, 
with the entire system load lost. 

These baseline cases provide a benchmark for comparison against the islanding strat-
egies evaluated in the following subsections, enabling a clear assessment of the extent to 
which the proposed framework can mitigate cascading events and prevent total blackout. 
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Figure 2. Bus voltage magnitudes over time following the trip of lines 100, 101, and 120 at 𝑡 = 10 s 
in the IEEE RTS-96 three-area system. Despite UVLS actions, the system collapses at 𝑡 = 84.67 s, 
resulting in a total blackout. 

5.2. Clustering and Islanding Results for the IEEE RTS-96 Three-Area System 

In this study, we apply the ICI framework to the IEEE RTS-96 system with the objec-
tive of partitioning the network into three stable islands. With no loss of generality, this 
number of islands was selected to match the system’s inherent three-area structure and to 
assess the effectiveness of the CSC method under favourable clustering conditions. The 
ICI framework is based on the constrained spectral clustering (CSC) algorithm, as de-
scribed in Section 3, which integrates coherency constraints and minimises power flow 
disruption. The final grouping of generators and buses into islands is achieved using the 
k-medoids clustering algorithm. 

To assess the robustness and consistency of the clustering outcomes, the CSC algo-
rithm was executed 100 times. Across all runs, the algorithm consistently identified the 
same coherent generator groups and the same groupings of nodes into islands, demon-
strating the stability and reliability of the clustering process. As a result, the HIAC data 
amelioration method introduced in Section 4 was not necessary for this test case. 

Figure 3 shows the islanding solution obtained using the CSC algorithm. As ex-
pected, each identified island corresponds closely to one of the three predefined areas in 
the RTS-96 system. This alignment demonstrates that the CSC algorithm is effective in 
systems with clear structural separations and can successfully identify meaningful island 
boundaries that preserve generator coherency and local self-sufficiency. 

Figure 4 illustrates the spectral embedding of the RTS-96 system in ℝ2, obtained with-
out the application of the HIAC data amelioration method. This embedding is based on 
selecting r eigenvectors of the normalised Laplacian Ln, which project the nodes (buses) 
into a Euclidean space ℝr. In this transformed space, each node is treated as a data point 
for clustering via k-medoids. As can be seen in this figure, the data points are clearly 
grouped and well separated, with no overlapping boundaries and sufficiently large inter-
cluster distances. This visual confirmation explains why the k-medoids algorithm per-
formed reliably without further enhancement. In Figure 4, square markers are used to 
represent the nodes of each island, coloured consistently with the corresponding islands 
shown in the system diagram in Figure 3, where islands are enclosed by coloured con-
tours. 
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Figure 3. Islanding solution for the IEEE RTS-96 3-area system obtained using the CSC algorithm. 
The coloured contours indicate the island boundaries: the red contour corresponds to Island 1, the 
green contour corresponds to Island 2, and the blue contour corresponds to Island 3. The cut-set 
transmission lines are the inter-area branches crossing the coloured island boundaries. The resulting 
solution corresponds to the three predefined areas, confirming the effectiveness of the clustering 
process. 

 

Figure 4. Spectral embedding of the RTS-96 system in ℝ2 without data amelioration. Square markers 
indicate the nodes belonging to each island, coloured consistently with Figure 3. The well-separated 
clusters with no overlapping boundaries demonstrate that the k-medoids algorithm performs relia-
bly under favourable data conditions. 

5.3. Evaluation of the Islanding Solution for Mitigation of Cascading Failures for the IEEE  
RTS-96 Three-Area System 

The effectiveness of the identified islanding solution was evaluated under the first 
cascading failure scenario, which is initiated by the tripping of lines 66 (215–221), 67 (215–
221), 73 (218–221), and 74 (218–221) at 𝑡 =  10 s. Dynamic simulations were performed 
using the COSMIC simulator to assess the system’s response following the application of 
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the islanding action. The resulting voltage trajectories of the buses are illustrated in Figure 
5. 

As shown in the figure, the proposed islanding strategy successfully mitigates the 
cascading failure and averts a system-wide blackout. Despite the need for some load shed-
ding during the intentional separation, the post-islanding configuration maintains dy-
namic stability across the three islands. The total load shed as a result of the islanding 
action is approximately 3146 MW, representing a substantial reduction but preserving 
more than half of the system’s total demand. Nevertheless, the islands remain operational, 
validating the capability of the proposed method to preserve partial service and avoid a 
complete blackout, while priming the system to perform faster restoration of the load that 
was shed as a protection mechanism. 

 

Figure 5. Dynamic simulation results of islanding action applied for the fault scenario initiated by 
the tripping of lines 66, 67, 73, and 74 at 𝑡 = 10 s in the IEEE RTS-96 three-area system. The voltage 
trajectories demonstrate that the obtained islanding solution mitigates the cascading failure and 
prevents a total system blackout, with a total load shedding of approximately 3146 MW. 

The islanding solution was also evaluated under the second cascading failure sce-
nario, which is initiated by the tripping of lines 100 (312–323), 101 (313–323), and 120 (323–
325) at 𝑡 = 10 s. The dynamic simulation was again conducted using the COSMIC simu-
lator, and the resulting voltage trajectories of all buses are presented in Figure 6. As illus-
trated in the figure, the proposed islanding scheme successfully mitigates the propagation 
of the cascading failure, preventing a total system blackout. Although load shedding is 
required during the intentional separation process, the system remains dynamically stable 
across all islands. The total amount of load shed in this case is approximately 2850 MW, 
demonstrating the effectiveness of the proposed strategy in preserving a significant por-
tion of the system load while ensuring operational continuity. 

The IEEE RTS-96 3-area system validated the effectiveness of the proposed CSC-
based ICI framework under favourable clustering conditions. The algorithm consistently 
identified stable islands aligned with the system’s natural structure, requiring no data 
amelioration. Moreover, the islanding actions successfully mitigated cascading failures 
and prevented total blackouts, demonstrating the framework’s robustness and practical 
value to perform timely restoration functions. 
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Figure 6. Dynamic simulation results of islanding action applied for the fault scenario initiated by 
the tripping of lines 100, 101, and 120 at 𝑡 = 10 s in the IEEE RTS-96 three-area system. The voltage 
trajectories demonstrate that the obtained islanding solution mitigates the cascading failure, pre-
serving system stability with a total load shedding of approximately 2850 MW. 

5.4. Baseline Cascading Failure Scenarios in the IEEE 39-Bus System 

To further validate the proposed ICI framework under more complex and less struc-
tured network conditions, cascading failure scenarios are simulated on the IEEE 39-bus 
system using the COSMIC dynamic simulator. This test system presents a more challeng-
ing environment for islanding due to its less pronounced modularity and more irregular 
topology. As a baseline for comparison, two distinct cascading failure scenarios are con-
sidered. In the first case, the trip of Line 18 (13–14) is simulated at 𝑡 = 10 s. In the second 
case, Line 31 (26–27) is tripped at the same simulation time. For both scenarios, the total 
simulation time is set to 300 s to capture the full progression of cascading events, system 
dynamics, and potential blackout onset. 

Figure 7 shows the voltage trajectories of all buses in the case of the Line 18 trip. A 
clear collapse in voltage profiles is observed as the cascade unfolds. The first line trip oc-
curs at 𝑡 = 10 s, representing the disconnection of Line 18 due to a severe fault. Follow-
ing this initial event, the system exhibits sustained and growing electromechanical oscil-
lations, indicating a state of dynamic instability. At approximately 𝑡 = 37.29 s, an over-
current relay trips Line 12, further aggravating the disturbance. Subsequently, at around 𝑡 = 90 s, the under-voltage load shedding scheme begins to operate, disconnecting loads 
at buses 4, 7, 8, 15, 16, 18, 20, 21, and 24. However, rather than stabilising the system, these 
actions amplify the oscillatory behaviour. Finally, at 𝑡 = 98.3 s, the simulation fails to 
converge to a feasible operating point, and the system is declared to have entered a black-
out state. 

Figure 8 presents the analogous results for the Line 31 case, again demonstrating sys-
tem-wide instability leading to a complete blackout. In this case, the initial line trip also 
occurs at 𝑡 = 10  s, corresponding to the disconnection of Line 31. As the disturbance 
propagates through the system, an overcurrent relay trips Line 3 at approximately 𝑡 =68.83 s. However, at this same instant, the simulation is unable to converge to a valid 
operating point, and the system is consequently declared to be in a state of total blackout. 

These scenarios form the basis for evaluating whether the ICI framework can effec-
tively mitigate the cascading process and prevent blackout. 
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Figure 7. Bus voltage magnitudes over time following the trip of Line 18 at 𝑡 = 10 s in the IEEE 39-
bus system. The system exhibits growing oscillations and fails to stabilise, leading to widespread 
load shedding and ultimately a total blackout at 𝑡 = 98.3 s. 

 

Figure 8. Bus voltage magnitudes over time following the trip of Line 31 at 𝑡 = 10 s in the IEEE 39-
bus system. The system experiences severe instability, and a total blackout is declared at 𝑡 = 68.83 
s when the simulation fails to converge. 

5.5. Clustering and Islanding Results for the IEEE 39-Bus System 

In this part of the study, we apply the ICI framework to the IEEE 39-bus system with 
the objective of partitioning the network into three stable islands. It should be noted that 
the number of groups k is specified as an input to the generator grouping algorithm; the 
algorithm then assigns the generators to the k groups rather than determining the optimal 
value of k automatically. In this study, k = 3 was selected as the target number of coherent 
generator groups/islands for the IEEE 39-bus system. The resulting coherent generator 
groups are Group 1 = {39}; Group 2 = {30, 31, 32, 37, 38}; and Group 3 = {33, 34, 35, 36}. 
These groups are used as coherency constraints in the CSC-based islanding procedure to 
ensure that generators belonging to the same coherent group remain in the same island. 

The final grouping of generators and buses into islands is also achieved using the k-
medoids clustering algorithm in the CSC-based islanding procedure. However, it is well 
known that the k-medoids algorithm relies on a random initialisation of medoids, which 
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may lead to different clustering outcomes across different executions. To assess this vari-
ability, the CSC algorithm was executed 100 times, resulting in three distinct islanding 
solutions, which are illustrated in Figure 9. 

To address this sensitivity and improve the robustness and consistency of the island-
ing results, we propose to incorporate the ameliorated-dataset technique known as HIAC, 
introduced in [29] and detailed in Section 4. The HIAC algorithm is applied to enhance 
the geometric separation and compactness of the data clusters prior to clustering, thereby 
enabling the CSC algorithm to consistently identify the optimal islanding configuration. 
In particular, HIAC is applied to the dataset generated in Step 9 of the CSC algorithm (see 
Section 3.4), where the spectral embedding of graph G is constructed. 

Figure 10a displays the spectral embedding of the IEEE 39-bus system in ℝ2, prior to 
data amelioration. It can be observed that the clusters are poorly separated, with overlap-
ping boundaries and limited inter-cluster spacing. After applying the HIAC algorithm to 
this data, the ameliorated embedding is shown in Figure 10b, where the cluster compact-
ness is significantly improved, and the inter-cluster distance increases substantially. 

 

Figure 9. Three islanding solutions obtained from 100 runs of the CSC algorithm on the IEEE 39-bus 
system. Nodes with the same colour belong to the same island. The figure illustrates the variability 
of the CSC/k-medoids partitioning results; the dynamic performance of these three solutions is eval-
uated in Section 5.6. 

The parameters used for the HIAC algorithm in this study were as follows: 

• 𝑥 = 4 (number of neighbours), 
• 𝑇 = 0.5 (motion time coefficient), 
• 𝑑 = 100 (number of time segments), 
• and a threshold value of 0.80 for effective edge detection. 

Using the ameliorated dataset of Figure 10b, the CSC algorithm was again executed 
100 times, and in all executions, the algorithm returned the same islanding solution—cor-
responding to the configuration shown in Figure 9a. This confirms that the use of HIAC 
significantly improves clustering reliability, yielding a unique and stable islanding result. 

It is also important to note that, for the case of generator coherency grouping (as dis-
cussed in Section 3.2), the clustering results were consistent across all 100 runs without 
the need for data amelioration. Hence, the HIAC algorithm was only applied to the bus-
level spectral embedding, not to the generator-level clustering process. 
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Figure 10. Spectral embedding of the IEEE 39-bus system in ℝ2 before and after applying the HIAC 
algorithm. (a) Original spectral embedding with overlapping and poorly separated clusters. (b) 
Ameliorated embedding after HIAC application, showing improved compactness and inter-cluster 
separation. 

It should be noted that the purpose of Figure 10 is not to benchmark HIAC using 
generic clustering validity indices, but to demonstrate its effect on the reliability of the 
CSC-based islanding process. In this case study, the relevant quantitative indicator is the 
reproducibility of the resulting islanding solution. Before data amelioration, repeated ex-
ecutions of CSC produced three different islanding configurations due to the random ini-
tialisation of k-medoids. After applying HIAC, the CSC algorithm was executed 100 times 
and returned the same islanding solution in all cases. This confirms that HIAC improves 
the stability of the clustering process and produces a unique islanding configuration, 
whose dynamic effectiveness is subsequently verified in Section 5.6. 

HIAC Parameter Selection and Sensitivity Analysis 

The HIAC procedure involves three main quantities: the number of nearest neigh-
bours x, the motion-scaling parameter T, and the number of time segments d. In addition, 
the algorithm uses a threshold to distinguish valid neighbours from invalid neighbours. 
However, this threshold is not manually prescribed. It is obtained adaptively from the 
decision graph constructed from the object-weight probability distribution and is used to 
clip invalid edges from the topology graph. Therefore, the threshold is not treated as an 
independent tuning parameter in this study. 

Among the HIAC parameters, x has the most direct influence on the construction of 
the topology graph, since it defines the initial set of nearest neighbours considered for 
each object. Consequently, it directly affects the valid-neighbour identification stage. In 
contrast, T and d are associated with the subsequent object-motion process. These param-
eters control the magnitude and number of gravitational movement steps after the valid-
neighbour matrix has already been identified and locked. Thus, T and d affect the degree 
of data amelioration but do not redefine the valid-neighbour topology. 

For this reason, the sensitivity analysis in this work focuses on x, which is the princi-
pal parameter governing neighbourhood construction. This is also consistent with the 
original HIAC formulation, where the decision-graph mechanism was shown to reduce 
the adverse effects of inappropriate x values by identifying and removing invalid edges. 
To assess the robustness of the proposed CSC-HIAC framework, the algorithm was tested 
using different values of x, while T and d were kept fixed for all simulations. Figure 11 
shows the datasets ameliorated by the HIAC algorithm using different values of the neigh-
bourhood-size parameter, namely 𝑥 = 5, 𝑥 = 10, 𝑥 = 15, and 𝑥 = 20. As observed, alt-
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hough a relatively wide range of x values is considered, the HIAC algorithm produces 
similar separation patterns in the ameliorated datasets. When each of these ameliorated 
datasets was used as input to the CSC algorithm, the same islanding solution was ob-
tained in all cases, corresponding to the configuration shown in Figure 9a. Therefore, the 
results demonstrate that the final islanding solution remains consistent over the tested 
range of x, confirming that the proposed CSC-HIAC framework is not strongly sensitive 
to the selection of this parameter. 

 

Figure 11. Spectral embedding of the IEEE 39-bus system in ℝ2 after applying the HIAC algorithm 
with different x values. The similar separation patterns obtained for all tested values indicate that 
the CSC-HIAC framework is not strongly sensitive to the selection of neighbourhood-size parame-
ter x. 

5.6. Evaluation of Islanding Solutions for Mitigation of Cascading Failures for the IEEE  
39-Bus System 

To evaluate the effectiveness of the three islanding solutions shown in Figure 9, each 
configuration was tested under the cascading failure scenario initiated by the trip of Line 
18 at 𝑡 = 10 s. The dynamic simulations were conducted using the COSMIC simulator, 
and the resulting system responses are presented in Figure 12. 

 

Figure 12. Dynamic simulation results for the fault at Line 18 under three different islanding solu-
tions. (a) Simulation result with the islanding solution from Figure 9a, which successfully mitigates 
the cascading failure and avoids a blackout with partial load shedding of 3.833 ⨯  10ଷ MW. (b) 
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and (c) Simulation results with the islanding solutions from Figure 9b and 9c, respectively, both 
resulting in total blackouts with complete loss of the system load (6.1505 ⨯  10ଷ MW). 

As shown in Figure 12a, the islanding solution of Figure 9a is the only configuration 
that successfully mitigates the cascading failure and prevents a total system blackout. Alt-
hough some loads are shed during the separation process, the post-islanding system 
maintains dynamic stability. The total load shedding required in this case is approxi-
mately 3.833 ⨯  10ଷ MW—representing a significant improvement in system resilience 
compared to the uncontrolled case. 

In contrast, the alternative islanding solutions shown in Figure 9b,c fail to prevent 
system collapse. As shown in Figure 12b,c, both islanding solutions result in total system 
blackouts, with complete loss of the system’s total load (6.1505 ⨯  10ଷ MW). These re-
sults confirm two insights: (1) the clustering variability introduced by the random initial-
isation of the k-medoids algorithm can lead to significantly different islanding outcomes, 
where not necessarily all of them are able to suppress the cascade; and (2) the islanding 
solution (Figure 9a) obtained consistently with the ameliorated dataset, derived from the 
application of the HIAC algorithm, is effective in suppressing the cascade. 

A second evaluation was conducted for the cascading failure scenario triggered by 
the trip of Line 31 at 𝑡 = 10 s. The simulation results for the three islanding configura-
tions are presented in Figure 13. 

As shown in Figure 13a, the islanding solution of Figure 9a once again proves to be 
effective in mitigating the cascading failure. In this case, the system remains stable after 
separation, and a blackout is avoided. The required load shedding to maintain operational 
stability is 909.5 MW—substantially lower than in the previous case, and indicative of a 
well-balanced and resilient islanding solution. 

In contrast, the solution corresponding to Figure 9b, whose results are displayed in 
Figure 13b, fails to contain the cascade. The system becomes unstable and collapses, re-
sulting in a total blackout and the complete loss of load (6.1505 ⨯  10ଷ MW). 

 

Figure 13. Dynamic simulation results for the fault at Line 31 under three different islanding solu-
tions. (a) Simulation result with the islanding solution from Figure 9a, which mitigates the cascading 
failure with a load shedding of 909.5 MW. (b) Simulation result with the islanding solution from 
Figure 9b, which fails to prevent the blackout. (c) Simulation result with the islanding solution from 
Figure 9c, which also avoids blackout but requires a higher load shedding of 1.5935 ⨯  10ଷ MW. 

Interestingly, the third solution—shown in Figure 13c, corresponding to the island-
ing solution of Figure 9c—is also able to prevent a blackout. However, the required load 
shedding in this case amounts to 1.5935 ⨯  10ଷ MW, which is significantly higher than 
that of the solution of Figure 9a, the one obtained consistently with the ameliorated da-
taset. These results indicate that although more than one islanding configuration may sta-
bilise the system, the application of the HIAC technique leads to a solution that not only 
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preserves dynamic stability but also achieves a lower system disruption cost, as measured 
by the amount of load curtailed. This could also inform the fine tuning of the load shed-
ding strategies. 

Although the proposed CSC-HIAC framework is evaluated using the IEEE RTS-96 
three-area system and the IEEE 39-bus system, its applicability is not restricted to these 
networks. These systems were selected because they are widely used benchmark systems 
in the ICI literature and because they provide different structural characteristics for testing 
the proposed method. The RTS-96 system offers a modular and relatively symmetric 
multi-area structure, whereas the IEEE 39-bus system presents a more intricate topology 
and a less straightforward clustering structure. Therefore, the two systems provide com-
plementary test conditions for assessing the proposed framework. 

Nevertheless, further validation is required before practical deployment in large-
scale power systems. In particular, future studies should consider larger and more realis-
tic networks, different loading conditions, high penetration of renewable generation, un-
certainty in operating conditions, and a wider range of cascading failure scenarios. Since 
the proposed framework is designed for the Offline Analysis stage of ICI, where candidate 
islanding boundaries are determined in advance, its computational requirements are less 
restrictive than those of real-time control actions. This makes the framework suitable for 
further extension to larger systems, although additional scalability-oriented studies re-
main necessary. 

6. Limitations of the Proposed Framework 
Although the proposed CSC-HIAC framework provides an effective approach for 

determining islanding boundaries and validating their dynamic performance, several lim-
itations should be acknowledged. First, the framework is mainly designed for the Offline 
Analysis (OFA) stage of ICI, where the question of where to island is addressed by iden-
tifying suitable separation boundaries in advance. Therefore, the present study does not 
explicitly model practical issues associated with online monitoring and real-time control, 
such as communication delays, data latency, or the coordination time of separation relays. 
In practical applications, these factors may affect the timely activation of the selected is-
landing strategy. 

Second, the proposed framework assumes that the information required for coher-
ency identification and islanding-boundary determination is available with sufficient ac-
curacy. However, in real power systems, PMU measurements may be affected by noise, 
missing data, synchronisation errors, or communication failures. These issues can influ-
ence the accuracy of modal information, coherency assessment, and real-time decision-
making. Although the islanding boundaries are determined offline in the proposed frame-
work, the practical triggering and execution of ICI would require robust monitoring and 
control mechanisms capable of handling measurement uncertainty. 

Third, the present framework focuses on determining suitable islanding boundaries 
during the OFA stage and does not explicitly optimise post-islanding corrective controls. 
Therefore, load shedding in the dynamic simulations should be interpreted as the correc-
tive action required to preserve feasible post-islanding operation under the simulated cas-
cading failure conditions. Further reductions in load curtailment may be achieved by in-
tegrating the proposed CSC-HIAC framework with post-islanding control strategies, such 
as optimal load shedding, generation redispatch, voltage support, and adaptive fre-
quency-control mechanisms. The development of such coordinated islanding and post-
islanding control schemes is left for future work. 

Fourth, the present study does not explicitly consider high renewable energy pene-
tration or the uncertainty associated with converter-interfaced generation. Renewable 
generation can modify power flow patterns, reduce system inertia, alter generator coher-
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ency behaviour, and increase operating-condition variability. These effects may influence 
both the selection of islanding boundaries and the post-islanding dynamic response. 
Therefore, additional studies are required to evaluate the proposed CSC-HIAC frame-
work under renewable-rich and uncertainty-aware operating conditions. 

Finally, although the proposed method has been validated using the IEEE RTS-96 
three-area system and the IEEE 39-bus system, further testing on larger and more complex 
networks is required before practical deployment. Large-scale implementation should 
consider broader sets of operating points, contingency scenarios, loading levels, protec-
tion actions, and dynamic models. Since the proposed approach is intended for the OFA 
stage, its computational requirements are less restrictive than those of real-time control 
schemes; nevertheless, scalability-oriented studies remain necessary to confirm its ap-
plicability to practical large-scale power systems. 

7. Conclusions 
Intentional Controlled Islanding (ICI) has emerged as a crucial strategy to prevent 

large-scale blackouts in power systems by partitioning the grid into dynamically stable 
and operationally viable islands during cascading failures. Recent contributions in the lit-
erature have focused on achieving this objective by ensuring that each island contains 
only coherent generators while minimising the disruption of power flows. Among these 
methods, approaches based on constrained spectral clustering (CSC) have shown signifi-
cant promise. 

CSC techniques typically rely on conventional clustering algorithms, such as k-me-
doids, to group nodes in a reduced-dimensional space. However, these algorithms exhibit 
well-documented limitations—such as sensitivity to initialisation and poor performance 
with overlapping or poorly separated clusters—which can compromise the robustness 
and accuracy of islanding solutions. To address these challenges, this study proposed a 
novel ICI framework that integrates a data amelioration technique known as HIAC. This 
method enhances the compactness and separability of clusters, thereby improving the 
consistency and reliability of the clustering results. 

In addition to the methodological contribution, the proposed ICI framework includes 
a validation phase based on dynamic cascading failure simulations, performed using the 
open-access COSMIC simulator. The framework was applied to two benchmark systems: 
the IEEE RTS-96 three-area system and the IEEE 39-bus system. 

In the RTS-96 test case, the system’s modular and self-sufficient structure enabled the 
CSC algorithm to consistently identify stable and coherent islands without the need for 
data amelioration. The resulting islanding actions effectively mitigated cascading failures 
and prevented complete blackouts, demonstrating the framework’s applicability under 
favourable clustering conditions. 

In contrast, the IEEE 39-bus system posed a greater challenge due to its complex and 
non-modular topology. In this case, the direct application of CSC produced inconsistent 
clustering results. However, by incorporating the HIAC technique, the clustering process 
yielded a unique and stable islanding solution. This improved solution not only preserved 
system stability during cascading failures but also reduced the overall system disruption 
cost in terms of load curtailed. 

With respect to the computational cost and scalability of the proposed framework, 
compared with standard CSC, the CSC-HIAC framework introduces an additional data 
amelioration stage before the final clustering step. The computational cost of this stage is 
O(xN + dsN), where x is the number of nearest neighbours considered for each object, d is 
the number of movement iterations, and s is the average number of valid neighbours, with 
s < x. For fixed x, d, and s, this additional cost grows approximately linearly with the num-
ber of objects. Therefore, the integration of HIAC does not change the dominant compu-
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tational order of the CSC-based islanding framework, which remains governed by the 
eigen decomposition step of the constrained spectral clustering procedure. Since the pro-
posed method is intended for the Offline Analysis stage, where islanding boundaries are 
determined in advance, strict real-time execution constraints are not imposed. Further ex-
ecution-time benchmarking on larger systems, such as IEEE 118-bus and IEEE 300-bus 
networks, will be considered in future work. 

In summary, the proposed CSC-based ICI framework, enhanced by data ameliora-
tion and validated through dynamic simulation, provides a robust, reproducible, and ef-
fective approach for identifying critical islands in power systems. It adapts well to system 
topologies of varying complexity and supports real-time decision-making to improve grid 
resilience, improvement of load shedding strategies, and preparing the system for timely 
restoration efforts. 

Future work will extend the proposed CSC-HIAC framework to larger and more 
complex power systems, including networks with high renewable generation penetration 
and uncertain operating conditions. Additional cascading failure scenarios, loading lev-
els, and dynamic operating conditions will also be considered to further assess the scala-
bility, robustness, and practical applicability of the proposed islanding strategy. 

In addition, future research will investigate AI-assisted islanding strategies, adaptive 
clustering mechanisms capable of updating islanding boundaries under changing operat-
ing conditions, PMU-based real-time implementation for online monitoring and trigger-
ing, and digital-twin-assisted environments for testing, validating, and refining the pro-
posed framework before field deployment. 
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