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Executive Summary 

The large-scale integration of renewable variable generation and inverter-based resources (IBRs) 

significantly alters system responses to contingencies and fault events, affecting the system’s 

ability to maintain stable operation under critical conditions. Insights from MISO’s Renewable 

Integration Impact Assessment (RIIA) report indicate that when IBR penetration exceeds 30%, 

voltage and converter-driven stability concerns become prominent. This underscores the critical 

need to accurately model IBRs in stability studies to ensure a comprehensive understanding of 

system behavior under high renewable penetration. 

 

With increasing levels of IBR integration, large disturbance stability analysis becomes essential 

for secure grid operation. Recent events have demonstrated the limitations of phasor domain 

simulations, emphasizing the need to incorporate full scale electromagnetic transient (EMT) 

simulations. This presents a major challenge for utilities and ISOs because IBRs are software 

defined grid components with much faster dynamics, operating on EMT time scales, compared to 

synchronous generators. In addition, capturing the detailed grid support functionalities of IBRs 

within full EMT models in large utility scale studies is both computationally demanding and time 

consuming. 

 

To improve efficiency in stability studies, utilities are increasingly adopting hybrid EMT and 

phasor models, where IBRs are represented in the EMT domain while the remainder of the grid is 

modeled in the phasor domain. Although this approach reduces the computational burden, it lacks 

a unified framework for stability assessment. As a result, while these models can generate valuable 

data under transient conditions, there remains a pressing need for reliable methods to analyze the 

resulting multi-timescale data and ensure trustworthy stability evaluations. 

 

To address these challenges, this work develops a data-driven transient stability assessment 

framework for IBR-rich grids represented by hybrid models. The approach integrates machine 

learning with fundamental system dynamics to characterize stability performance and localize 

instability causes during both planning and operations. By constructing a linear representation of 

the system in a lifted higher-dimensional space, stability analysis can be performed without 

explicit system equations, enabling scalable and model-agnostic assessment. 

 

A key strength of the framework is its reliance on data rather than detailed vendor models, making 

it well suited for IBR-dominated systems where components are often provided only as black-

boxes. Leveraging black-box simulators, the methodology enables effective stability evaluation 

and extends naturally to hybrid co-simulation models, underscoring its versatility and relevance 

for modern grids. Its efficacy is validated through power system case studies across multiple 

simulation platforms. 

 

This work demonstrates that a data-driven Koopman framework can transform how operators and 

planners approach transient stability analysis in IBR-rich grids. By learning stability boundaries 

directly from simulation data, the method reduces reliance on detailed models and avoids the 

computational burden of brute-force time-domain studies. Once trained, the Koopman operator 

provides rapid and scalable estimates of critical clearing times across diverse contingencies, 

enabling broader and more timely security assessments. The implication for industry is a practical 



iii 

tool that supports large-scale contingency screening and near real-time decision making as 

renewable penetration deepens. Looking ahead, the Koopman framework can also be extended to 

voltage stability, providing a unified data-driven approach to assessing both angle and voltage 

security in modern power systems. 
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1. Introduction 

1.1 Overview 

The rapid integration of inverter-based resources (IBRs) into bulk power systems (BPS) has raised 

significant concerns for transmission system operators and planners, particularly regarding system 

stability and reliability. IBRs, while capable of enhancing overall system stability, fundamentally 

alter the dynamic response of the grid to faults and contingencies, thereby affecting its ability to 

maintain stability across diverse operating conditions. IBRs are required to provide support during 

disturbances, with their fast-acting dynamics occurring at the electro-magnetic (EMT) timescale, 

thereby influencing systems transient stability. Capturing the system-wide stability impacts of 

IBRs requires detailed modeling and simulation of IBR-dominant grids. To address this, the project 

employs hybrid models for grid simulation and applies data-driven techniques to characterize the 

stability of modern power grids.  

1.2 Overview of the Problem 

The power system infrastructure has evolved significantly over the past decades and has undergone 

significant reformation for incorporating renewable resources, specifically solar- and wind-driven 

IBRs. According to US Energy Information Administration [1], a total power installation of 48 

GW of solar and 17 GW of wind capacity is expected to be installed by the end of 2026 (see Figure 

1.1 taken from [1]). Concurrently, the conventional generation is projected to decline by 10 GW. 

With these ongoing changes in the generation mix, coupled with increasing load demand, power 

systems are bound to operate near to their stability limits. This trend presents critical challenges 

for system operators and planners, necessitating a deeper understanding of the stability 

implications introduced by IBRs. To address these challenges, several working groups and task 

forces have been established to advance the modeling and simulation of IBR-integrated systems 

and to assess their impact on system stability across multiple levels. 

 

 

Figure 1.1 Power capacity projection according to US Energy Information Administration. 
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IBRs present a significant challenge for ISOs and utilities, as they disrupt traditional operational 

and planning assumptions built around synchronous generators. As the power from IBRs increases, 

there will be more voltage and converter-driven instabilities. The Renewable Integration Impact 

Assessment (RIIA) report by MISO [2] indicates that the dynamics of inverter-based resources 

(IBRs) significantly alter overall grid behavior. As penetration levels approach 35%, the system 

begins to experience converter-driven instability. IBRs can introduce undesirable dynamics such 

as subsynchronous oscillations (SSOs), overcurrents, and overvoltages, which have the potential 

to compromise system stability and damage grid components [3]. For instance, the 2017 event in 

Texas reported an SSO of 20-30 Hz range lasting 150 ms, resulting in damage to series capacitors 

and crowbar circuits of the wind turbine [3]. 

 

Most of the recent grid events reported in the literature clearly demonstrated the need for large-

disturbance stability analysis of IBR-rich grids [3]. In traditional power systems, the dynamics of 

synchronous generators typically evolved over timescales of hundreds of milliseconds to several 

seconds due to the system's high inertia. As a result, conventional phasor-domain simulations were 

generally sufficient to capture the essential dynamics of the power grid. On the other hand, IBR 

dynamics are fast acting in a timescale of  𝜇s and require EMT level modeling and simulation to 

capture the stability effects of such converter driven systems. This is perhaps the key challenge the 

utilities and ISOs face are accounting for EMT level simulation for the modern grid. A report by 

AEMO clearly demonstrated that there is a significantly different response between phasor and 

EMT simulations for IBR equipped grid under transient conditions (see Figure 1.2 [6]). Following 

a fault event, phasor-domain simulations indicated a stable voltage response, whereas EMT 

simulations revealed clear signs of instability. Additionally, IBR-driven disturbances observed in 

California and Texas have highlighted the limitations of phasor-based models in accurately 

capturing fast transient behaviors. 

 

 

 

Figure 1.2 Voltage response with phasor (blue) and EMT (red) models. 
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EMT simulation studies are widely employed for analyzing harmonics, transients, lightning 

protection, unbalanced conditions, and other fast-acting phenomena. EMT studies have become 

vital to have reliable BPS operation due to the increasing IBR penetration levels [7]. Some of the 

important aspects these studies offer include IBR plant-to-plant control interactions, plant-to-grid 

control interactions, IBRs control stability to fault disturbances, IBR short-circuit analysis, voltage 

ride-through capability settings impact and protection system behavior with varying IBR 

penetration levels. Numerous commercial software tools have been developed to support these 

applications, and EMT-based analysis remains an active and evolving area of research in modern 

power systems. Consequently, industries and utilities are leaning towards EMT models for IBRs 

and NERC also recommended that “EMT models should be provided for all newly interconnecting 

inverter-based resources and EMT studies should be conducted to ensure that performance 

requirements (once established) are being sufficiently met”. 

1.3 Objective of the Work 

The incorporation of EMT models into stability studies has become pivotal for understanding the 

impacts of increasing levels of IBRs. The EMT simulations are computationally exhaustive and 

thus utilities are keen on using “hybrid models” for stability assessment. Hybrid models refer to 

co-simulation setup that combines EMT and phasor domain modeling. These are basically used to 

balance the accuracy and computational burden by applying EMT model where and when needed, 

and phasor domain for the rest of the system. The IBRs are represented in EMT domain as accurate 

capture of the resulting dynamics is required, and the rest of the grid is modeled in unbalanced 

RMS domain. In the co-simulation framework, certain boundaries are defined for EMT and phasor 

domain, and the desired data exchange takes place across these boundaries. The data can be 

voltages, currents, and control elements status. Thus, using this framework one can have high 

resolution analysis without compromising the efficiency of the simulations. 

 

A primary challenge associated with hybrid models is the absence of a unified framework for 

conventional power system analysis. While these models are effective for simulating the grid under 

various transient conditions and generating detailed datasets, new methodologies are required to 

interpret and analyze this multi-timescale data effectively. A second major challenge arising from 

the rapid integration of IBRs is the diminishing reliability of operators and planners’ intuition in 

identifying critical regions and operating conditions. This intuition has traditionally played a vital 

role in guiding efficient computational analysis and developing targeted solutions to mitigate 

dynamic performance issues. 

 

To address these challenges, the project develops a data-driven approach that integrates machine 

learning techniques with power system dynamic properties to evaluate the stability performance 

of hybrid, IBR-rich grid models in both planning and operational stages. The objective of the work 

is three-fold: 

1. Localize the cause of instabilities during transients. 

2. Identify key interfaces and IBRs in the grid as the operating/control parameter varies. 

3. Identify the limits on transfer flows and IBR injection for secure grid operation. 
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Figure 1.3 Proposed framework for data-driven stability assessment of hybrid models. 

The framework for proposed data-driven stability assessment of hybrid EMT+Phasor models is 

illustrated in Figure 1.3. Rigorous simulations within a co-simulation framework are conducted to 

generate the data required for stability analysis. This data is then used to construct a linear 

representation of the system dynamics in a higher-dimensional space through Koopman Operator, 

ensuring validity across a broad range of operating conditions. The major advantage of the 

proposed approach is that one can translate the nonlinear dynamics of the power system into a 

linear model, where one can understand stability, control interactions, and parameter sensitivity of 

the nonlinear model using familiar linear stability tools. The developed methodology can be 

extended for stability analysis, investigate control interactions, and enable surrogate model 

development, among other applications. For clarity and focus, this work concentrates on transient 

stability assessment in IBR-rich grids. 

1.4 Report Organization 

The report is organized into five chapters. Chapter 2 presents the theoretical background of 

transient stability assessment, including an overview of Koopman operator theory and its 

application to stability studies. Chapter 3 details the modeling of IBRs, synchronous generators, 

and the adopted co-simulation framework. Chapter 4 discusses the results and insights obtained 

from various test scenarios. Finally, Chapter 5 summarizes the conclusions and outlines potential 

directions for future work. 
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2. Background 

2.1 Introduction 

Transient stability analysis of power systems primarily focuses on determining whether the system 

dynamics return to a stable equilibrium point following a disturbance [9], [10],[11]. Such 

disturbances may include bus or line faults, line outages, or generator outages. In short, this 

analysis is concerned with whether the system remains in synchronism following a disturbance. 

Time-domain simulations [11] are the most widely used choice for this analysis where the power 

system models are solved via numerical integration. Essentially, one simulates the post-fault 

dynamics starting from various points on the fault-on trajectory to certify whether the system will 

quickly converge to a stable equilibrium point, exhibit large oscillations, or even diverge. 

However, accuracy of this method greatly relies on the power system models, and it becomes 

challenging with the rapid integration of the IBRs. Additionally, the numerical integration of the 

differential equations is computationally intensive thus rendering it unsuitable for stability 

assessment with wide range of operating points. 

 

The framework for transient stability analysis is illustrated in Figure 2.1 and comprises of model 

construction and stability assessment methods. Modeling involves the mathematical representation 

of power system components, including generators and IBRs, to capture their transient behavior. 

For example, the classical transient stability models for generators represent the dynamics of 

generator speed and angle. These dynamics are typically governed by first-order differential-

algebraic equations. 

 

Both Lyapunov-based and non-Lyapunov-based methods are widely used for stability assessment. 

Energy functions, sum-of-squares techniques, and connective stability approaches fall under 

Lyapunov-based methods. On the other hand, non-Lyapunov-based methods include time-domain 

simulations, the extended equal-area criterion, and data-driven approaches. Even today, a wide 

range of methods continues to be explored in this area. Ultimately, it all comes down to the trade-

off between the conservativeness of stability estimates, the speed of execution and scalability of 

the approach to modern power grids. 

 

 

Figure 2.1 Transient stability analysis framework. 
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2.1.1 Literature Survey 

The direct method is an alternative approach to assessing transient stability without explicitly 

integrating differential equations of post-fault systems. It utilizes Lyapunov-type functions to 

assess the stability of a post-fault system, based on an approximate stability boundary. Transient 

energy functions (TEF) expounded in [12]-[15] are examples of such Lyapunov-style functions 

that decrease along the system trajectory once the fault is cleared [16][17], a critical value of TEF 

(called the critical energy) is then computed, such that the sublevel sets can be certified to lie 

within the region of attraction (ROA) of the stable equilibrium point of the post-fault dynamics. 

To compute such critical energy, the controlling unstable equilibrium point (UEP), closest UEP 

[18]-[21] and the boundary of stability region based controlling unstable equilibrium point (BCU) 

method in [13], [22] are widely established. Nevertheless, computing critical energy is not easy, 

as it requires finding several unstable equilibrium points surrounding the stable equilibrium point 

of post-fault dynamics and determining which UEP is the most relevant to the faulted system. The 

Potential Energy Boundary Surface (PEBS) method [23] avoids computing the relevant UEP by 

finding a local approximation of the stability boundary of the original system model using an 

analytically derived approximate potential energy function of the power system. However, beyond 

the single-machine infinite bus system, sufficient conditions for PEBS method to provide accurate 

stability assessments are not well-understood. 

 

Another major limitation of the direct method is the choice of the Lyapunov function itself, which 

depends on the mathematical description of the power system model. These functions are only 

known for a limited class of simplified power system models. Authors in [24][27] have proposed 

to construct such functions for general power systems using polynomial optimization, following 

the seminal work of Parrilo in [17]. While promising in theory, state-of-the-art software for these 

methods does not scale favorably with the size of the model. In particular, they require explicit 

analytical models of various power system components. This poses a challenge since deriving 

accurate system equations that capture nuances of modern power system components ex-ante is 

not only tedious but may be impossible in some situations. For example, consider the emerging 

inverter-dominated power systems where the inverter/plant dynamics are not expressed as 

analytical equations, but are instead represented by compiled dynamically linked libraries to 

protect the intellectual property of inverter manufacturers. In other words, the underlying dynamics 

of an inverter are deliberately hidden from system operators to protect intellectual property, thus 

limiting the applicability of the direct method. Even if the mathematical models of these 

components were easily accessible, the exact representation of the model, whether in the phasor 

domain or a more detailed counterpart, can heavily influence stability assessments, e.g., see [28]. 

Furthermore, the aforementioned methods are all fault-dependent and focus on assessing a 

particular fault. Since the critical energy is different for each fault, the computational challenge 

compounds with multiple possible counterfactual fault scenarios. 

 

Recent works have applied a variety of data driven methods to transient stability assessment and 

critical clearing time prediction. Authors proposed LSTM based framework using synchrophasor 

data for online stability assessment in conventional systems for conventional power grids [29]. 

The critical clearing time prediction using cost sensitive data-driven scheme is reported in [30], 

where the algorithm is model agonistic and not fully tested with IBRs. Other studies explored 

machine learning and ensemble techniques on IEEE benchmark systems, primarily without IBRs, 

to predict stability outcomes and CCT [31]-[33]. In addition, Mohammed et al. [34] and Wang  et 
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al. [35] proposed a data driven approach for estimating the impedance of IBRs to enable more 

efficient stability evaluation, further highlighting the growing role of data oriented methods in 

modern power system analysis. 

 

The need for scalable techniques arises because utilities and ISOs must screen thousands of 

contingencies across wide operating conditions in near real-time, particularly as IBR penetration 

increases and their opaque, vendor-specific controls introduce fast dynamics that are not captured 

by traditional phasor-domain tools. Brute-force EMT or hybrid EMT–phasor simulations provide 

valuable insights, but their computational demands make them impractical for system-wide 

security assessment. 

 

Thus, the gap in the literature is clear: while data-driven transient stability assessment methods 

exist, there is no scalable, model-agnostic framework that can leverage only black-box simulation 

or measurement data to provide reliable stability assessment in IBR-rich systems. Addressing this 

requires extending data-driven operator-theoretic methods, such as Koopman lifting, to deliver 

both computational efficiency and robustness in the presence of opaque IBR dynamics. 

 

To cope with these challenges, a data-driven transient stability assessment based on the Koopman 

operator is developed in this work.  First developed in [36], the Koopman operator lifts the finite- 

dimensional nonlinear evolution of the state to a linear but infinite- dimensional evolution in the 

function space of observables (scalar mappings of the state). Approximation of the Koopman 

operator from data is well studied in the literature, see [37],[42] for details. As a linear operator, 

its spectra reveal information relevant to stability monitoring [43]-[46]. In this report, we show 

that eigenfunctions of the Koopman operators of the post-fault dynamics reveal its ROA. One 

advantage of using the Koopman operator for transient stability analysis is that these 

eigenfunctions can be learned from data of states propagated through the system dynamics, but do 

not require explicit analytical models. Prior literature such as [48][50] have investigated data-

driven transient stability assessment by leveraging the learned Koopman operator. In contrast to 

[33], in this work we make direct use of the Koopman operator for estimating CCT rather than 

relying on eigenfunctions, with input features deliberately kept limited to enhance efficiency and 

scalability. Nevertheless, accurate estimates of the Koopman operator and its leading 

eigenfunctions require a pre-selected set of observables to be rich enough. Given the challenges of 

selecting such a basis, we leverage the results in [51] to approximate the Koopman eigenfunction 

nonparametrically in a reproducing kernel Hilbert space (RKHS). As shown in [52], kernel 

methods demonstrate excellent empirical performance in data-limited regimes. Still, the scalability 

often suffers with larger datasets. To counter this difficulty, one can allow selective loss in the 

representation of that operator to control model complexity.  

2.2 Transient stability assessment 

Transient stability analysis of power systems determines whether the system remains in 

synchronism after being subjected to disturbance. In a typical transient stability scenario, the 

system's operation can be divided into three stages: pre-fault, fault-on, and post-fault. The power 

grid experiences different dynamics during each of these stages. Fundamentally, transient stability 

is an assessment of the asymptotic stability of the post-fault operating condition. To illustrate this, 

consider a dynamical system represented by the following set of differential equations: 
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𝑥′(𝑡) = {

𝐹0(𝑥(𝑡)),   𝑡0 ≤ 𝑡 < 𝑡𝑓

𝐹𝑓(𝑥(𝑡)),   𝑡𝑓 ≤ 𝑡 < 𝑡𝑓𝑐

𝐹(𝑥(𝑡)),   𝑡𝑓𝑐 ≤ 𝑡 < ∞

        (2.1) 

 

In (2.1), 𝑥(𝑡) represents the state variables of the system under study, and the times 𝑡0, 𝑡𝑓 and 𝑡𝑓𝑐 

correspond to the pre-fault, fault-on, and fault-clearing instants, respectively. The pre-fault 

condition refers to the stable operating point of the system, with its dynamics governed by 𝐹0. 

During the fault-on period starting at 𝑡𝑓, the system dynamics change and are governed by 𝐹𝑓  until 

the fault is cleared at 𝑡𝑓𝑐. Therefore, the fault duration lies within the interval [𝑡𝑓, 𝑡𝑓𝑐). 

 

Let us denote the system state trajectory by Φ(𝑥, 𝑡). Then, the state of the system at the fault-

clearing instant can be expressed as Φ𝐹(𝑥0, 𝑡𝑓𝑐 − 𝑡𝑓) where 𝑥0 is the initial state at 𝑡𝑓. Let 𝑥𝑠 

denote the   equilibrium point of post-fault dynamics. The transient stability question is then 

mathematically formulated in (2.2), which essentially asks: starting from the post-fault initial 

condition, will the system trajectory converge to the equilibrium point 𝑥𝑠? 

 

lim
𝑡→∞

Φ(𝑥𝑓𝑐 , 𝑡) = 𝑥𝑠          (2.2) 

 

Thus, there exists a region of initial conditions in the state-space where trajectories converge to 𝑥𝑠. 

This region is known as region of attraction (ROA), denoted by ROA(𝑥𝑠) (illustrated in Figure 

2.2). Consider the ROA of a post-fault system with equilibrium point 𝑥𝑠. If the fault is cleared at 

the time 𝑥𝑐1,𝑎, and the system trajectory subsequently converges to 𝑥𝑠, the system is considered 

transiently stable.  

 

Figure 2.2 Graphical presentation of ROA (ROA is in grey color).   

However, if the fault is cleared at a point outside the ROA (e.g., at 𝑥𝑐1,𝑏), the system trajectory 

diverges, leading to transient instability. The maximum allowable time for fault clearance that still 

ensures stability is known as the Critical Clearing Time (CCT). Therefore, transient stability 

analysis aims to determine the CCT, and fundamentally, the fault duration (𝑡𝑓𝑐 − 𝑡𝑓) must be less 

than the CCT to maintain system stability. 
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2.2.1 Transient stability assessment with Koopman operator 

This section presents the relation between CCT and the Koopman eigenfunctions. Consider the 

indicator function ROA(𝑥𝑠), defined as 

 

𝜑̅(𝑥) = { 1,   𝑥∈ROA(𝑥𝑠) 
0, otherwise

          (2.3) 

 

To calculate the CCT for a fault originating at 𝑥0, one then needs to numerically integrate the on-

fault trajectory (denoted 𝑥𝑜𝑛−𝑓𝑎𝑢𝑙𝑡(𝑡)) and evaluate 

 

 CCT≔max{𝑡 ≥ 0 | 𝜑̅ (𝑥𝑜𝑛−𝑓𝑎𝑢𝑙𝑡(𝑡)) = 1}       (2.4) 

 

i.e., the time until which the evaluation of 𝜑̅ along the fault-on trajectory remains unity before 

falling off to zero. 

 

We next relate 𝜑̅ to an eigenfunction of the Koopman operator. Consider a discrete deterministic 

non-linear dynamical system with states in 𝕏, described by 

 

𝑥𝑡+1 = 𝐹(𝑥𝑡)           (2.5) 

 

where 𝑥𝑡 ∈ 𝕏  and 𝐹:𝕏 → 𝕏 is locally Lipschitz continuous and invertible. For power systems 

represented by differential-algebraic equations (DAE), 𝐹 represents the numerical integration of 

the DAE with a fixed time-step.  Let ℎ: 𝕏 → ℂ be an observable (i.e., a scalar-valued function) 

over 𝕏. The Koopman operator 𝒦 acts on ℎ as 

 
[𝒦ℎ](𝑥) = ℎ(𝐹(𝑥))          (2.6) 

 

 

Figure 2.3 Nonlinear evolution of state in the finite-dimensional state space is lifted to a linear 

evolution of observables in the infinite-dimensional space of all 𝐿2-measurable functions of the 

state. 

This operator thus maps the observable 𝑔 to 𝒦𝑔,  which when evaluated at 𝑥, is 𝑔 evaluated at the 

state after being pushed forward through the system dynamics in one time-step as Figure 2.3 

reveals. This operator is infinite-dimensional as it acts on a suitably defined space of functions of 

the states. It is easy to verify that 
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𝒦(α1𝑔1 + α2𝑔2) = α1𝒦𝑔1 + α2𝒦𝑔2       (2.7) 

 

for scalars α1, 𝛼2 and observables 𝑔1, 𝑔2 and hence, is a linear operator. The spectrum of this 

operator is rich in information about the dynamics of the system. As we will demonstrate, the 

indicator function 𝜑̅ of ROA(𝑥𝑠) is intimately related to the eigenfunctions of 𝒦. Before we 

establish that relationship, we emphasize that the linear operator description of the dynamical 

system in the space of observables is distinct from a local linearization around a point in the state 

space. 

 

Let 𝜑𝜆(𝑥) be an eigenfunction of 𝒦 with eigen value 𝜆, i.e., [𝒦𝜑𝜆](𝑥) = 𝜆𝜑𝜆(𝑥) for all 𝑥 ∈ 𝕏. 

In particular if  𝜑1 is eigenfunction with eigen value equal to 1, then 

 
[𝒦𝜑1](𝑥) = 𝜑1𝐹(𝑥) = 𝜑1(𝑥)        (2.8) 

 

Applying Koopman operator 𝑛 times, we get 

 

𝜑1(𝑥) = [𝒦𝑛𝜑1](𝑥) = 𝜑1(𝐹
𝑛(𝑥))        (2.9) 

 

For any 𝑥 ∈ ROA(𝑥𝑠), we have lim
𝑛→∞

𝐹𝑛(𝑥) = 𝑥𝑠, which combined with (2.8) gives 

 

𝜑1(𝑥) = 𝜑1( lim
𝑛→∞

𝐹𝑛(𝑥)) = 𝜑1(𝑥𝑠)                   (2.10) 

 

In other words, 𝜑1 is constant over ROA(𝑥𝑠). Said even more differently, 𝜑1 over ROA(𝑥𝑠) is a 

scaled version of the indicator function 𝜑̅ of ROA(𝑥𝑠). As a result, one can utilize the eigenfunction 

of the Koopman operator whose eigenvalue is equal to one to construct the indicator function of 

ROA(𝑥𝑠) with which one can then perform transient stability analysis. This analysis then reduces 

the estimation of such an eigenfunction from data suitably obtained from system trajectories. 

 

We further remark that the theory presented in this section also applies to systems specified by the 

algebraic states. This is because the information of mapping between the algebraic states and the 

dynamic states is inherently embedded into the trajectory of the dynamic states [55]. In other 

words, only the dynamic states need to be sampled and analyzed to identify the ROA of post-fault 

dynamics and the CCT of a fault. 

 

Concept Overview 

 

The Koopman framework offers a way to analyze nonlinear system dynamics through a linear lens. 

Instead of working directly with the nonlinear equations of a power system, the method tracks 

simple functions of the state (called observables) in an expanded space called the lifted space. In 

this lifted space, the evolution of the system is captured by a linear operator known as the Koopman 

operator. Although the full operator is infinite-dimensional, in practice it can be approximated 

using simulation data. This finite approximation allows one to predict how the system behaves 

under disturbances and to estimate stability boundaries in terms of the critical clearing time. To 

improve clarity and make the idea more accessible, a simple numerical example is also provided, 

illustrating step by step how nonlinear dynamics can be recast into a linear representation in the 

lifted space. 
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Let us consider a two-dimensional discrete nonlinear system 

 
𝑥1(𝑡 + 1) = 𝜌𝑥1(𝑡)          (2.11) 
𝑥2(𝑡 + 1) = 𝜇𝑥2(𝑡) + (𝜌2 − 𝜇)𝑐(𝑥1(𝑡)

2)       (2.12) 
 
The first equation shows that 𝑥1 evolves linearly with scaling factor 𝜌, whereas the second equation 

contains a quadratic nonlinearity in 𝑥1. To capture this behavior within the Koopman framework, 

we introduce a lifted state vector (dictionary of observables) 

 

Ψ = [

1
𝑥1
𝑥2

𝑥1
2

]           (2.13) 

 
The idea is that although the original system is nonlinear, the evolution of these observables can 

be expressed linearly. To demonstrate this, we compute the evolution of each observable. The 

constant observable remains unchanged, i.e. 1(𝑡 + 1) = 1. The first state evolves as 𝑥1(𝑡 + 1) =
𝜌𝑥1(𝑡). The second state evolves as 𝑥2(𝑡 + 1) = 𝜇𝑥2(𝑡) + (𝜌2 − 𝜇)𝑐(𝑥1(𝑡)

2), which is a linear 

combination of 𝑥2 and 𝑥1
2. Finally, the quadratic observable evolves as 𝑥1

2(𝑡 + 1) = 𝜌2𝑥1
2(𝑡). 

 
Each of these updates can be written as a linear combination of the basis functions in 𝛹(𝑥). 

Collecting the coefficients leads to the finite-dimensional Koopman operator 𝐾 

 

𝐾 =

[
 
 
 
1 0 0 0
0 𝜌 0 0

0
0

0
0

𝜇
0

(𝜌2 − 𝜇)𝑐

𝜌2 ]
 
 
 
         (2.14) 

 
Thus, the lifted state satisfies the linear recursion 

 
Ψ(𝑡 + 1) = 𝐾Ψ(𝑡)          (2.15) 
 
In this way, the nonlinear dynamics of the original two-dimensional system (2.11)-(2.12) are 

exactly represented by a linear operator (𝐾) in the four-dimensional lifted space (Ψ). The 

advantage for power systems is that stability boundaries such as CCT can be estimated using linear 

tools rather than repeated nonlinear simulations. This enables faster, scalable, and model-agnostic 

stability assessment, even in IBR-rich grids. 

2.3 Connection between Koopman eigenfunctions and time-domain simulation 

The ROA of a stable equilibrium point of the post-fault dynamics has long been estimated using 

repeated numerical integration of the post-fault dynamical system model, starting from a collection 

of points around the boundary of the ROA of an equilibrium point. Having studied the relationship 

between the eigenfunction of the Koopman operator with 𝜆 =  1 and the indicator function of the 

ROA, it is natural to surmise a connection between these eigenfunctions and the time-domain 
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simulation approach to transient stability analysis. In this section, we precisely establish said 

connection. As shall become clear, such a relation sheds light on a computational scheme to 

estimate the eigenfunction with an eigenvalue equal to 1.  

 

Consider a bounded function 𝜓 ∶ 𝕏 → ℂ on the state space with |𝜓|  ≤  𝑩. Then, define the 𝑁 − 

step time-averaged version of 𝜓 along a trajectory starting from 𝑥 as 

 

𝜓𝑁(𝑥) ∶=  
1

𝑁
∑ 𝜓(𝐹𝑛(𝑥))𝑁

𝑛=1          (2.16) 

 

Then, for 𝑥 ∈ 𝕏, the triangle inequality gives  

 

|𝜓𝑁(𝐹(𝑥)) −  𝜓𝑁(𝑥)| =  
1

𝑁
|𝜓𝑁(𝐹𝑁+1(𝑥)) −  𝜓(𝑥)| ≤  

2𝑩

𝑁
 

 

For large 𝑁, the above bound suggests that  

 
[𝒦𝜓𝑁](𝑥) = 𝜓𝑁𝐹(𝑥) = 𝜓𝑁(𝑥)        (2.17) 

 

This relation, together with (2.8), indicates that 𝜓𝑁 converges pointwise to the eigenfunction of 

the Koopman operator whose eigenvalue equals one. In the sequel, we refer to the eigenfunction 

with 𝜆 = 1 as the unit eigenfunction of the Koopman operator. 

 

The above calculation sheds light on a computational scheme to estimate a unit eigenfunction. 

Starting with a bounded function 𝜓, one can estimate 𝛹𝑁 by averaging 𝜓 along a trajectory over 

𝑁 time-steps obtained via time-domain simulation. Then, this estimated unit eigenfunction should 

be roughly constant within ROA(𝑥𝑠), using which one can then perform transient stability analysis. 

While this computational scheme does not require explicit evaluation of the Koopman operator, it 

reveals the link between the conventional time-domain simulation approach to the estimation of 

ROA(𝑥𝑠) and the unit eigenfunction of the Koopman operator. Although Koopman operator 

learning has been applied to analyze power systems in [48][49], to the best of our knowledge, this 

paper is the first to draw such a connection between time-domain simulation and Koopman 

eigenfunctions for transient stability analysis. We conclude this section with remarks on the 

practical implementation of estimating an eigenfunction via this approach. 
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Figure 2.4 Conceptual plot of the Voronoi cells for the various points in 𝔻 of a 2-D system. The 

time-averaged value at these points for a well-chosen 𝜓 should be binary that take different 

values inside and outside the ROA. The two different values are represented by blue and red 

colors.  

It is time-consuming to estimate 𝛹𝑁 everywhere in state space 𝕏. Instead, one can probe 𝛹𝑁 at a 

finite number of points 𝔻 ∶=  {𝑥1, 𝑥2, … , 𝑥𝑚}, sampled around the portion of the state space 

‘‘near’’ the fault-on trajectory, and then interpolate 𝛹𝑁 at any point of interest by assigning the 

value of 𝛹𝑁 at its nearest-neighbor in 𝔻. Points in 𝔻 thus partition the state space 𝕏 into separate 

regions, often referred to as Voronoi cells, as illustrated in Figure 2.4, where 𝛹𝑁 takes two different 

values on 𝔻. The interpolated value of 𝛹𝑁 (call it 𝛹𝑁̂) is then defined by 

 

𝛹𝑁̂(𝑥) ∶=  𝛹𝑁(arg min
𝑥′∈𝔻

||𝑥 − 𝑥′||)        (2.18) 

 

for a suitably defined norm || ⋅ ||. Fast open-source implementations for computing the nearest 

neighbor are readily available, e.g., see [56]. In the sequel, we call this approach the time-averaged 

approach. 

 

Generally, the choice of 𝜓 will affect the quality of ROA estimation using this approach. As our 

numerical experiments will suggest, a choice of 𝜓 that is positive everywhere equals one at 𝑥𝑠 and 

that rapidly decays away from 𝑥𝑠 tends to yield favorable results. 𝑁 can be set based on time 

commitments of time-domain simulation of the post-fault dynamics and where 𝛹𝑁  ≈  𝛹𝑁−1 for 

all points in 𝔻. This time-averaging approach to computing a unit eigenfunction requires collecting 

post-fault trajectories over a long-time horizon, which can be computationally intensive, and each 

trajectory is analyzed independently. The approach we present next, on the other hand, utilizes 

multiple one-step propagation of data points that are utilized together to obtain an interpolation.  
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2.4 Learning the indictor function via the Kernel method 

One can approximate a unit eigenfunction of the Koopman operator in a suitable function space. 

In this section, we present an approximation technique to find a unit eigenfunction within a real- 

valued reproducing kernel Hilbert space (RKHS), in which the dataset consists of states propagated 

one time-step via the system dynamics. 

 

We start by introducing the real-valued RKHS. Consider a symmetric, bivariate, positive definite, 

continuous, and bounded kernel function 𝜅 ∶  𝕏 × 𝕏 → ℝ that satisfies the following reproducing 

property for 𝑥 ∈ 𝕏. Then, define ℋ to the Hilber space of functions, given by the completion of 

the span {𝜅(𝑥,⋅) ∶ 𝑥 ∈ 𝕏}. In this space, the kernel satisfies the following reproducing property  

 
⟨𝑓, 𝜅(⋅, 𝑥)⟩ = 𝑓(𝑥), ∀𝑓 ∈  ℋ         (2.19) 

 

where ⟨⋅,⋅⟩ computes the inner product of ℋ. Associated with kernel 𝜅 its feature map 

 

𝜈𝜅(𝑥) = 𝜅(𝑥,⋅) ∈  ℋ          (2.20)  

 

To learn Koopman eigen functions from ℋ, one needs to learn to understand how 𝐹 interacts with 

functions ℋ, where  𝐹 describes the system evolution in (2.5). Assume that ℋ is closed under the 

system dynamics, i.e.,  

 

𝑓 ∈  ℋ →  𝒦𝑓 = 𝑓 ∘ 𝐹 ∈  ℋ         (2.21) 

   
The assumption that ℋ is closed under system dynamics is common in approximation of linear 

transfer operators, e.g., see [57][58], It holds when the Koopman operator 𝒦 is a Hilbert Schmidt 

operator mapping from ℋ to ℋ. Under this assumption, the Koopman operator admits a closed-

form expression using (cross)-covariance operators, per [51],[54], and it can be learned from a 

collection of data points in 𝕏 and their one-step propagation through the system dynamics 𝐹. In 

what follows, we introduce this expression of the operator and present an approach to learn a 

sparse variant of this operator with data from which we then compute a unit eigenfunction for 

transient stability analysis. We also note that recent works in [60], [61] hold promise to relax the 

closeness assumption by considering the Koopman operator as a Hilbert–Schmidt operator 

mapping from ℋ to the space of square-integrable functions. 

 

The expression for the Koopman operator interacting with an RKHS given in [51], [54] relies on 

a stochastic dynamical system model rather than the deterministic model we introduced in (2.5). 

Consider a stochastic dynamical system characterized by a transition kernel 𝑝𝐹(𝑥𝑡+1, 𝑥𝑡) that maps 

the state 𝑥𝑡 at time 𝑡 to a probability density of states at time 𝑡 + 1. The deterministic variant 

defined by 𝐹 can be understood as a stochastic kernel that puts all its mass at 𝐹(𝑥𝑡) at time 𝑡 +  1, 

given the state 𝑥𝑡 at time 𝑡. With this notation, suppose that ℙ(𝑋, 𝑋+) denotes a joint distribution 

over 𝕏 × 𝕏, where 𝑋 is sampled according to a sampling distribution and 𝑋+ is the induced state 

after 𝑋 is propagated through the system dynamics 𝑝𝐹 . Covariance operators can then be defined 

as 
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𝐶𝑋𝑋 ∶= 𝔼𝑋[𝜈𝜅(𝑋) ⊗ 𝜈𝜅(𝑋)]

𝐶𝑋𝑋+ ∶= 𝔼(𝑋,𝑋+)[𝜈𝜅(𝑋) ⊗ 𝜈𝜅(𝑋
+)]

        (2.22) 

 

which are elements of the tensor product space ℋ⊗ ≔ ℋ ⊗ ℋ, where 𝔼(𝑋,𝑋+) is expectation with 

respect to ℙ(𝑋, 𝑋+). Under a closedness assumption similar to (2.21)–precisely that 

𝔼(𝑋 ,𝑋+)[𝑓(𝑋+)|𝑋]  ∈  ℋ for all 𝑓 ∈  ℋ - it follows from [[61], Theorem 4] that one can define 

the Koopman operator using the aforementioned covariance operators as 

 

𝒦 ≔ 𝐶†
𝑋𝑋𝐶𝑋𝑋+          (2.23) 

 

See [26] for details. The prevalent definition of Koopman operator interacting with an RKHS is 

via 𝒦 ≔ 𝐶+
𝑋𝑋𝐶𝑋𝑋+. However, as pointed out by [62], 𝐶𝑋𝑋

†
 is not globally defined if ℋ is infinite-

dimensional. As such, we consider its regularized variant,   
 

𝒦𝜖 ≔ (𝐶𝑋𝑋 + 𝜖𝐼)−1 𝐶𝑋𝑋+         (2.24) 

 

where 𝐼 is the identity operator. Owing to the regularization parameter 𝜀 >  0, the regularized 

covariance operator is positive definite and thus admits an inverse. 

 

One can construct the operator 𝒦𝜖 from data as follows. Consider a data-set 𝕄 ∶=
{(𝑥1, 𝑥1

+), … , (𝑥𝑚, 𝑥𝑚
+ )} of 𝑚 samples i.i.d. from ℙ(𝑋, 𝑋+). Then, the empirical estimates of 𝐶𝑋𝑋 

and 𝐶𝑋𝑋+ can be computed via sample average as 

 

𝐶𝑋𝑋̃ =
1

𝑚
∑ 𝜈𝜅 (𝑥𝑖) ⊗ 𝜈𝜅(𝑥𝑖)

𝑚
𝑖=1

𝐶𝑋𝑋+̃ =
1

𝑚
∑ 𝜈𝜅 (𝑥𝑖) ⊗ 𝜈𝜅(𝑥𝑖

+)𝑚
𝑖=1

        (2.25) 

 

While the approximation accuracy improves with more data, data storage and computational issues 

compound when 𝑚 grows large. To circumvent this burden, we prune 𝕄 to construct a sparse 

dictionary 𝕄𝛾 based on the notion of coherency introduced in [63]. Specifically, we construct 𝕄𝛾 

by identifying a subset of 𝕄 that satisfies 

 

|𝜅⊗((𝑥𝑖,𝑥𝑖
+),(𝑥𝑗,𝑥𝑗

+) )|

√𝜅⊗((𝑥𝑖,𝑥𝑖
+),(𝑥𝑖,𝑥𝑖

+) )𝜅⊗((𝑥𝑗,𝑥𝑗
+),(𝑥𝑗,𝑥𝑗

+) )

≤ 𝛾       (2.26) 

 

 

For each 𝑖, 𝑗 such that (𝑥𝑖 , 𝑥𝑖
+), (𝑥𝑗 , 𝑥𝑗

+) are in 𝕄𝛾. This condition ensures that points that are 

sufficiently ‘‘close’’ to each other in 𝕄 are discarded as they do not add to the richness of the 

representation of the operators in question. Here, 𝜅⊗ is defined as 𝜅⊗((𝑥1, 𝑥1
+), (𝑥2, 𝑥2

+) ) =

𝜅(𝑥1, 𝑥2)𝜅(𝑥1
+, 𝑥2

+). Let ℐ𝛾 be the indices among 1, 2, …, 𝑚 for which (𝑥𝑖 , 𝑥𝑖
+) are in 𝕄𝛾 and 

defines the feature matrices 𝑉𝑋, 𝑉𝑋+ whose 𝑖th columns are feature map 𝜈𝜅 centered at 𝑥𝑖 , 𝑥𝑖
+ for 

𝑖 ∈  ℐ𝛾. One can construct the sparse estimator of 𝐶𝑋𝑋(𝐶𝑋𝑋+) as 
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𝐶𝑋𝑋+̂ = 𝑉𝑋𝐴𝛼𝑉𝑋+
𝑇

𝐶𝑋𝑋̂ = 𝑉𝑋𝐴𝛽𝑉𝑋
𝑇

          (2.27) 

 

where 𝐴𝛼 (and similarly, 𝐴𝛽) is a diagonal matrix whose entries on the main diagonal minimize 

 

‖
1

𝑚
∑ νκ(𝑥

+
𝑖) ⊗ νκ(𝑥𝑖) − ∑ α𝑖𝜈𝜅(𝑥

+
𝑖) ⊗ 𝜈𝜅(𝑥𝑖)ℐ𝛾

𝑚
𝑖=1 ‖

ℋ⊗

2
    (2.28) 

 

over 𝛼 ∈ ℝℐ𝛾. The sparse kernel Koopman estimator can then be defined as (per [37]). 

 

𝒦𝜖̂ ≔ (𝐶𝑋𝑋̂ + 𝜖𝐼)
−1

𝐶𝑋𝑋+̂         (2.29) 

 

When underlying system is ergodic and the stationary distribution is absolutely continuous with 

respect to the Lebesgue measure on 𝕏 , [51] further studies finite-sample convergence behavior of 

such a sparse estimator. We next compute the eigenfunction of 𝒦𝜖 whose eigen value is 1. Define 

the Gram matrices as (2.30) and construct Υ given in (2.31) 

 

𝐺𝑋𝑋 = 𝑉𝑋
𝑇𝑉𝑋, 𝐺𝑋+𝑋 = 𝑉𝑋+ 

𝑇 𝑉𝑋         (2.30) 

 

Υ ≔ (𝐴β𝐺𝑋𝑋 +  𝜖𝐼)
−1

𝐴α𝐺𝑋+𝑋        (2.31) 

 

From [40, Proposition 3.1], an operator of the form 𝒦𝜖̂ = 𝑉𝑋Υ𝑉𝑋
𝑇 an eigenvalue equals to one with 

the corresponding eigenfunction 

 

𝜑1(𝑥) = 𝑘(𝑥)𝑤, [𝑘(𝑥)]𝑖 = 𝜅(𝑥𝑖 , 𝑥), 𝑖 ∈ ℐ𝛾       (2.32) 

 

if and only if 𝑤 is a right eigenvector of 𝛶 associated with the same eigenvalue. This observation 

enables us to construct eigenfunctions of 𝒦𝜖̂ analytically from finite-dimensional Gram matrices 

𝐺𝑋𝑋 and 𝐺𝑋+𝑋. 

 

However, the unit eigenfunction (2.32) is not perfectly constant inside the ROA of the stable 

equilibrium as it is an approximation derived from a finite representation of the Koopman operator 

instead of the ideal unit eigenfunction. We thus estimate an indicator function from 𝜑1(𝑥) via 

 

𝜑̅1(𝑥) = {
1,   if |𝜑1(𝑥) − 𝜑1(𝑥𝑠)| ≤ 𝜖𝑜

0,            otherwise
       (2.33) 

 

where 𝜖𝑜 defines a user-specified tolerance. We remark that alternatively, one can also apply 

clustering techniques to 𝜑1(𝑥) where the number of clusters is two. The RKHS-based 

approximation to a unit eigenfunction is summarized in Algorithm 1. 
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Algorithm 1 Approximating Indicator Function in RKHS 

Require: kernel 𝜅; sample pairs 𝕄; coherence parameter 𝛾 

1: Prune 𝕄 to 𝕄𝛾 that satisfies (2.26) 

2: Solve for the coefficients 𝛼, 𝛽 as in (2.28) 

3: Construct Υ as in (2.31) 

4: Find the right unit eigenvector 𝒗 of 𝛶 and compute unit eigenfunction 𝜑1(𝑥) using (2.32) 

5: Compute 𝜑̅1(𝑥) using (2.33) 

6: return 𝜑̅1(𝑥) 

 

The proposed methodologies are developed using well-studied implications of the interaction of 

the Koopman operator with RKHSs in [40], for which sample complexity has been characterized 

in [51]. In addition, to control the growth of model complexity, we propose to learn a sparse variant 

of the Koopman operator from data using the framework in [51]. We emphasize that thanks to the 

data-oriented nature of our proposed methods, our algorithm can be used in tandem with black-

box simulators such as PSSE, PSLF, PowerWorld, DIgSILENT, etc., and do not rely on the 

mathematical structure of the power system model. With a learned post-fault dynamical system, 

our method allows one to analyze multiple fault-on trajectories efficiently. 
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3. Research Methodology 

3.1 Introduction 

A power system model represents the electrical network and its components, including generators, 

transmission lines, transformers, and control systems. It is used to study system behavior under 

both steady-state and dynamic conditions, including faults. Such modeling is central to stability 

analysis, providing insights into how the grid responds to disturbances. Accurate models and 

simulation tools are therefore critical for planners and operators to maintain reliable and secure 

grid operation. This chapter provides the modeling of generators, IBRs, and associated control 

design considered for stability assessment. The modeling and simulation are carried out in PSS/E 

and PowerFactory. 

3.2 Generator Modeling 

Synchronous machine modeling is a well-established topic in literature. Advances in modern 

computational capabilities now enable detailed representations of machine dynamics, allowing for 

more accurate characterization of instability phenomena. A synchronous machine comprises two 

main components: the stator and the rotor. The stator accommodates the armature windings, while 

the rotor carries the field (excitation) windings. Of particular interest in stability studies is the 

accurate capture of rotor angle and speed dynamics, as these variables are fundamental indicators 

of system synchronism. Accordingly, the generator model characterizes the interactions among 

these components and their dynamic response under varying operating conditions. 

 

Most software tools such as DIgSILENT PowerFactory, PowerWorld, and MATLAB/Simulink, 

adopt the 𝑑𝑞-domain approach for generator modeling.  At the foundation of all these models lies 

the swing equation, as expressed in (3.1) 

 
𝑑𝛿

𝑑𝑡
= 𝜔 − 𝜔𝑠

𝑑𝜔

𝑑𝑡
=

1

2𝐻
(𝑃𝑚𝑒𝑐 − 𝐷𝜔 − 𝑃𝑒𝑙𝑒𝑐)

         (3.1) 

 

where 𝛿 is the generator angle, 𝜔 is the generator speed, 𝜔𝑠 is the synchronous speed, 𝐻 is the 

inertia constant, 𝐷 is the damping constant, and 𝑃𝑒𝑙𝑒𝑐 is the electric power of the generator. Under 

stable operating conditions, the system remains in synchronism i.e., 𝜔 = 𝜔𝑠. During fault 

conditions, the rotor accelerates (𝑃𝑚 > 𝑃𝑒) and decelerates (𝑃𝑚 < 𝑃𝑒) until new steady state 

operation point is established. All generator models inherently include two fundamental states of 

interest namely 𝛿 and 𝜔. These states form the basis of the swing equation, which governs 

electromechanical dynamics. Consequently, a substantial body of research has focused on 

analyzing and efficiently solving this equation for large-scale power systems. Higher order models 

additional states such as flux linkages and damper winding dynamics; nonetheless,  𝛿 and 𝜔 remain 

central states across all the synchronous machine models. In the literature, several synchronous 

machine models are presented, each differing in the level of detail considered. Examples include 

GENCLS, GENROU, GENSAL, among others. This study employs the GENCLS and Model 2.2 

synchronous machine models, with their governing equations presented in the following sections. 
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Figure 3.1 Typical interface of machine models with the power network. 

The schematic representation of the generator’s interface with the power network is shown in 

Figure 3.1, where the machine can be modeled either as a Thevenin equivalent (voltage source 

behind an impedance) or a Norton equivalent (current source in parallel with an admittance). 

Beyond the machine model itself, control loops can be incorporated to ensure stable and reliable 

generator operation under abnormal grid conditions. These controllers primarily regulate the real 

and reactive power of the generator. Specifically, the load frequency controller (LCFB1) manages 

real power and system frequency, while the exciter system governs the generator’s voltage 

magnitude. Oscillations arising during disturbances are mitigated by the power system stabilizer 

(PSS). The modeling of each of these control blocks, as considered in this study, is detailed in the 

following sections.   

3.2.1 GENCLS Model 

The classical generator (GENCLS) model, illustrated in Figure 3.2, represents the most simplified 

synchronous machine model used in stability studies. It is modeled as a voltage source behind an 

impedance, where the impedance is assumed to be the transient impedance (𝑧𝑠𝑡𝑟 = 𝑟𝑠𝑡𝑟 + 𝑗𝑋𝑠𝑡𝑟). 

 

 

Figure 3.2 Equivalent circuit representation of GENCLS. 
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This model is typically applied to cylindrical rotor machines. The GENCLS model does not 

explicitly consider rotor winding flux linkages and assumes a constant mechanical input power 𝑃𝑚 

(i.e., a blocked governor). Additionally, excitation system dynamics are neglected, allowing the 

internal voltage magnitude 𝑉𝑒̅ to be treated as constant. This model comprises of two states, as 

described by the equation in (3.1). Owing to its simplifications, it is computationally efficient, 

though this comes at the expense of reduced accuracy.  

3.2.2 Model 2.2 

The Model 2.2 version implemented in PowerFactory is referred to as the “PowerFactory Standard 

Model”. In this model, the rotor d-axis is represented by the field winding and a single 𝑑-axis 

damper winding, while the rotor q-axis is modeled with 1𝑞- and 2𝑞-axis damper windings. The 

corresponding equivalent circuit diagrams in the dq domain, represented in the rotor reference 

frame, are shown in Figure 3.3 and Figure 3.4, respectively. The stator and rotor equations are 

derived from the equivalent circuit, with parameter notations summarized in Table 3.1. 

PowerFactory supports simulation in both the RMS and EMT domains; in this work, we present 

the relevant equations for RMS simulation. 

 

 

Figure 3.3 Equivalent circuit in 𝑑-axis. 

 

Figure 3.4 Equivalent circuit in 𝑞-axis. 
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Table 3.1 Parameters of the synchronous machine 

Symbol Description 

𝑟𝑠𝑡𝑟 Stator resistance 

𝑥𝑙 Stator leakage reactance 

𝑥𝑓𝑑 Reactance of field winding (𝑑-axis) 

𝑥𝑎𝑑𝑞 Magnetizing reactance in 𝑑𝑞-axis 

𝑥1𝑑𝑞 Reactance of 1-𝑑𝑞 damper winding 

𝑥2𝑑𝑞 Reactance of 2-𝑑𝑞 damper winding 

𝑟𝑓𝑑  Resistance of field winding 

𝑟1𝑑𝑞 Resistance of 1-𝑑𝑞 damper winding 

𝑟2𝑞 Resistance of 2-𝑞 damper winding 

𝑥𝑟𝑙𝑑 Coupling reactance between filed and damper winding 

𝑥𝑟𝑙𝑞 Coupling reactance between 𝑞-axis damper winding 

 

The stator voltages are given by (3.2), where 𝜔 is the rotor speed and 𝜔𝑠 is the synchronous speed. 

 

𝑢𝑑 = −𝑟𝑠𝑡𝑟𝑖𝑑 − 𝜔𝜓q +
1

𝜔𝑠

𝑑𝜓𝑑

𝑑𝑡

𝑢𝑞 = −𝑟𝑠𝑡𝑟𝑖𝑞 + 𝜔𝜓d +
1

𝜔𝑠

𝑑𝜓𝑞

𝑑𝑡

𝑢0 = −𝑟𝑠𝑡𝑟𝑖0 +
1

𝜔𝑠

𝑑𝜓0

𝑑𝑡

        (3.2) 

 

The stator flux equations are expressed as given by (3.3), where 𝜓𝑎𝑑𝑞 is the magnetizing flux. 

 
𝜓𝑑 = 𝜓𝑎𝑑 − 𝑥𝑙𝑖𝑑
𝜓𝑑𝑞 = 𝜓𝑎𝑞 − 𝑥𝑙𝑖𝑞
𝜓𝑎𝑑 = 𝑥𝑎𝑑(𝑖1𝑑 + 𝑖𝑓𝑑 − 𝑖𝑑)

𝜓𝑎𝑞 = 𝑥𝑎𝑞(𝑖1𝑞 + 𝑖2𝑞 − 𝑖𝑞)

         (3.3) 

 

On the other hand, the rotor flux linkages in 𝑑𝑞-domain are expressed in the following form 

 

𝜓𝑓𝑑 = −𝑥𝑎𝑑𝑖𝑑 + (𝑥𝑎𝑑 + 𝑥𝑟𝑙𝑑 + 𝑥𝑓𝑑)𝑖𝑓𝑑 + (𝑥𝑎𝑑 + 𝑥𝑟𝑙𝑑)𝑖1𝑑

𝜓1𝑑 = −𝑥𝑎𝑑𝑖𝑑 + (𝑥𝑎𝑑 + 𝑥𝑟𝑙𝑑)𝑖𝑓𝑑 + (𝑥𝑎𝑑 + 𝑥𝑟𝑙𝑑 + 𝑥1𝑑)𝑖1𝑑

𝜓1𝑞 = −𝑥𝑎𝑞𝑖𝑞 + (𝑥𝑎𝑑 + 𝑥𝑟𝑙𝑞)𝑖2𝑞 + (𝑥𝑎𝑞 + 𝑥𝑟𝑙𝑞 + 𝑥1𝑞)𝑖1𝑞

𝜓𝑎𝑞 = −𝑥𝑎𝑞𝑖𝑞 + (𝑥𝑎𝑑 + 𝑥𝑟𝑙𝑞 + 𝑥2𝑞)𝑖2𝑞 + (𝑥𝑎𝑞 + 𝑥𝑟𝑙𝑞)𝑖1𝑞

     (3.4) 

 

By introducing subtransient fluxes (𝜓𝑑𝑞
′′ ), the stator fluxes can be expressed as 

 
𝜓𝑑 = 𝜓𝑑

′′ − 𝑥𝑑
′′𝑖𝑑  

𝜓𝑞 = 𝜓𝑞
′′ − 𝑥𝑞

′′𝑖𝑑
𝜓𝑑

′′ = 𝑘𝑓𝑑𝜓𝑓𝑑 + 𝑘1𝑑𝜓1𝑑

𝜓𝑞
′′ = 𝑘1𝑞𝜓1𝑞 + 𝑘2𝑞𝜓2𝑞

         (3.5) 
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Equation (3.2) can now be expressed using these equations as 

 

𝑢𝑑 = 𝑢𝑑
′′ − 𝑟𝑠𝑡𝑟𝑖𝑑 + 𝜔𝑥𝑞

′′𝑖𝑞 −
𝑥𝑑

′′

𝜔𝑠

𝑑𝑖𝑑

𝑑𝑡

𝑢𝑞 = 𝑢𝑞
′′ − 𝑟𝑠𝑡𝑟𝑖𝑞 − 𝜔𝑥𝑞

′′𝑖𝑞 −
𝑥𝑞

′′

𝜔𝑠

𝑑𝑖𝑞

𝑑𝑡
  
        (3.6) 

 

where 𝑢𝑑𝑞
′′  are given by (3.7), where 𝑘1𝑑𝑞, 𝑘2𝑑𝑞 and 𝑘𝑓𝑑 are the coupling factors. 

   

𝑢𝑑
′′ = −𝜔(𝑘1𝑞𝜓1𝑞 + 𝑘2𝑞𝜓2𝑞) + (

𝑘𝑓𝑑

𝜔𝑠

𝑑𝜓𝑓𝑑

𝑑𝑡
+

𝑘1𝑑

𝜔𝑠

𝑑𝜓1𝑑

𝑑𝑡
)

𝑢𝑞
′′ = −𝜔(𝑘𝑓𝑑𝜓𝑓𝑑 + 𝑘1𝑑𝜓1𝑑) + (

𝑘1𝑞

𝜔𝑠

𝑑𝜓1𝑞

𝑑𝑡
+

𝑘2𝑞

𝜔𝑠

𝑑𝜓2𝑞

𝑑𝑡
)

     (3.7) 

 

The rotor voltage equations in the 𝑑𝑞-domain are given by (3.8).   

 
𝑑𝜓𝑓𝑑

𝑑𝑡
= −𝜔𝑠𝑟𝑓𝑑𝑖𝑓𝑑 + 𝑣𝑓𝑑

𝑑𝜓1𝑑

𝑑𝑡
= −𝜔𝑠𝑟1𝑑𝑖1𝑑  

𝑑𝜓1𝑞

𝑑𝑡
= −𝜔𝑠𝑟1𝑞𝑖1𝑞

𝑑𝜓2𝑞

𝑑𝑡
= −𝜔𝑠𝑟2𝑞𝑖2𝑞

         (3.8) 

 

The rotor currents are expressed as given in (3.9) 

 

𝑖𝑓𝑑 = 𝑘𝑓𝑑𝑖𝑑 +
𝑋1𝑑𝜓𝑓𝑑−(𝑥𝑎𝑑+𝑥𝑟𝑙)𝜓1𝑑

𝑋𝑑𝑑

𝑖1𝑑 = 𝑘𝑓𝑑𝑖𝑑 +
𝑋𝑓𝑑𝜓𝑓𝑑−(𝑥𝑎𝑑+𝑥𝑟𝑙)𝜓1𝑑

𝑋𝑑𝑑
 

𝑖1𝑞 = 𝑘1𝑞𝑖𝑞 +
𝑋2𝑞𝜓1𝑞−(𝑥𝑎𝑞+𝑥𝑟𝑙𝑞)𝜓2𝑞

𝑋𝑞𝑞

𝑖2𝑞 = 𝑘2𝑞𝑖𝑞 +
𝑋1𝑞𝜓2𝑞−(𝑥𝑎𝑞+𝑥𝑟𝑙𝑞)𝜓1𝑞

𝑋𝑞𝑞

        (3.9) 

 

where 𝑋𝑑𝑑 = (𝑥𝑎𝑑 + 𝑥𝑟𝑙𝑑)(𝑥1𝑑 + 𝑥𝑓𝑑) + 𝑥𝑓𝑑𝑥1𝑑, 𝑋𝑞𝑞 = (𝑥𝑎𝑞 + 𝑥𝑟𝑙𝑞)(𝑥1𝑞 + 𝑥2𝑞) + 𝑥2𝑞𝑥1𝑞, 

𝑋𝑓𝑑 = 𝑥𝑎𝑑 + 𝑥𝑟𝑙𝑑 + 𝑥𝑓𝑑, 𝑋1𝑑𝑞 = 𝑥𝑎𝑑𝑞 + 𝑥𝑟𝑙𝑑𝑞 + 𝑥1𝑑𝑞, and 𝑋2𝑞 = 𝑥𝑎𝑞 + 𝑥𝑟𝑙𝑞 + 𝑥2𝑞. 

 

The torque equation is expressed as 

 

 𝑇𝑒𝑙𝑒𝑐 = 𝜓𝑑𝑖𝑞 − 𝜓𝑞𝑖𝑑          (3.10) 

 

The above set of equations, together with (3.1), are solved to determine the state variables of the 

generator. In the RMS simulation, in addition to positive sequence torque, PowerFactory computes 

the negative sequence torque using 𝑇𝑒𝑙𝑒𝑐2 = (𝑟2𝑠𝑦 − 𝑟𝑠𝑡𝑟)𝑖2
2, and the net torque is given by 𝑇𝑒𝑙𝑒𝑐 +

𝑇𝑒𝑙𝑒𝑐2. Consequently, this model evaluates six states - 𝜓𝑓𝑑, 𝜓1𝑑, 𝜓1𝑞, 𝜓2𝑞, 𝜔, and 𝛿, making it 

more detailed and reliable compared to GENCLS model. 
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3.2.3 Governor Model 

Under synchronous operation, electrical power and mechanical power are balanced. However, 

during grid disturbances, electrical power demand can exceed the available mechanical power. 

This imbalance is initially compensated by the kinetic energy stored in the rotating mass of the 

generator. As the kinetic energy decreases, the generator speed and frequency decline. The 

governor (primary frequency response) senses this speed deviation and adjusts the valve input, 

thereby modifying the mechanical power until a new steady-state operating point is established. 

Among several governor models in the literature, the simplest IEEEG1 (Figure 3.5 [65]) is 

considered here for the study.  

 

This model enables the control of cross-compound units and incorporates the main valve rate limits 

(Uo and Uc). The droop characteristic is represented by the constant K, while the lead–lag dynamics 

are captured through the time constants T1 and T2. A speed-deviation dead band is defined by DB. 

The odd-indexed gains (K1–K7) and time constants (T1–T7) represent the high-pressure turbine, 

whereas the even-indexed parameters characterize the low-pressure turbine. The reference power 

signal (𝑃𝑟𝑒𝑓) is provided by the load frequency controller. 

 

Figure 3.5 Mathematical representation of the IEEEG1 turbine governor model. 

3.2.4 Exciter Model 

Generator terminal voltage and reactive power flow are regulated through excitation control, 

implemented using an automatic voltage regulator (AVR). Variations in reactive power result in 

corresponding changes in terminal voltage magnitude, which are detected and converted into a DC 

signal. The difference between this measured signal and the reference set point forms the error 

signal, which is amplified and applied to the field winding. This process adjusts the internal 

generated EMF, thereby altering the reactive power output. The system settles at a new equilibrium 

point such that the terminal voltage matches the desired reference value. Excitation systems are 

generally classified into DC, AC, and static types. In static exciters, the excitation power is 

supplied through transformers and rectifiers. The terminal voltage is processed through controlled 

or uncontrolled rectifiers, which regulate the output to deliver the required current to the generator 

field winding.  
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Figure 3.6 Type ST1A exciter model. 

In this study, emphasis is placed on the fast-acting static Type ST1A excitation system, as 

illustrated in Figure 3.6 [65]. The field winding voltage is controlled using a thyristor bridge 

rectifier, where regulation is achieved through adjustment of the firing angle. The desired stator 

terminal voltage is specified by the reference signal 𝑉𝑟𝑒𝑓, while an auxiliary input 𝑉𝑠𝑖𝑛 from the 

PSS is incorporated to enhance damping of electromechanical oscillations. The voltage regulator 

is characterized by a gain 𝐾𝐴 and time constant 𝑇𝐴. Excitation system stabilization is provided 

through a feedback loop, modeled as a first-order transfer function with gain 𝐾𝐹 and time constant 

𝑇𝐹. To ensure protection of the generator rotor and exciter, a field current limiter (ILR) is included 

in the system. Owing to the inherently small-time constants of the exciter, external stabilization is 

typically unnecessary; however, transient gain reduction or enhancement may be required. This is 

accomplished through appropriate tuning of parameters 𝑇𝐵, 𝑇𝐶, 𝑇𝐵1, and 𝑇𝐶1.  

 

 

Figure 3.7 General schematic of power system stabilizer (PSS1A). 
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3.2.5 Power System Stabilizer (PSS) 

The Power System Stabilizer (PSS) is employed to mitigate power system oscillations by 

modulating the excitation system, thereby producing an additional damping torque that is in phase 

with rotor oscillations. In this study, the PSS1A stabilizer model, illustrated in Figure 3.7 [65], is 

adopted. The input signal to the PSS may be rotor speed, rotor speed deviation, frequency, or 

electrical power output. The stabilizer gain is denoted by 𝐾𝑆, while the washout block is 

characterized by a time constant T5. Appropriate tuning of parameters A1 and A2 enables the 

desired trade-off between low-frequency response and attenuation of high-frequency torsional 

modes. Lead-lag compensation is provided by time constants T1-T4, ensuring effective phase 

compensation for damping electromechanical oscillations. 

 

Up to this point, the machine modeling and associated controllers have been described. It is 

important to note that, despite the large number of state variables involved, the generator rotor 

angle (𝛿) and speed (𝜔) are sufficient to determine the CCT for a given fault scenario. These two 

variables directly capture the rotor dynamics that govern system stability. Consequently, the 

Koopman operator-based models in this study employ only 𝛿 and 𝜔 as input features, ensuring 

both computational efficiency and physical interpretability. 

3.3 IBR Modeling for BPS Studies  

The IBRs integration is rapidly increasing, making accurate modeling essential for BPS stability 

studies. IBRs include photovoltaic (PV) systems, energy storage systems, and wind power 

systems, among others. These resources are typically connected through grid converters (inverters) 

controlled by pulse width modulation (PWM) techniques. The converter outputs are then passed 

through filters (𝐿, 𝐿𝐶, or 𝐿𝐶𝐿) to meet harmonic performance requirements. Consequently, the 

overall impact of IBRs on the power network can only be captured through detailed EMT 

simulations, which require solving the differential equations associated with IBRs.  

 

Many IBRs are typically connected in parallel and interfaced with the grid through transformers 

at the point of interconnection (POI). The current output from each IBR is delivered to the POI 

through a collector cable system. Accurate assessment of such systems requires detailed modeling, 

which involves solving numerous differential equations. Moreover, since IBRs are expected to 

provide grid support under adverse operating conditions, their control systems must also be 

explicitly represented within simulation platforms. 

 

To address the resulting computational complexity, aggregated modeling approaches are widely 

adopted for stability studies. In these models, individual IBR units (e.g., PV or wind systems) are 

represented collectively as a single equivalent IBR, while inverter dynamics are captured using 

average inverter models. This simplification significantly reduces computation time in IBR-rich 

systems and enables representation of plant-level controllers as a single or a limited number of 

subsystems. Several notable studies on IBR aggregation have been reported in the literature. In 

this work, a simplified aggregated PV model is employed. Additionally, the DC-side dynamics of 

the PV system are neglected, with the PV arrays represented as a constant DC voltage source. 
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Figure 3.8 Typical IBR plant layout. 

The typical interface of an IBR plant to the grid at the POI is illustrated in Figure 3.8. On the DC 

side, the dynamics are simplified and represented as a constant voltage source 𝑉dc. The voltage 

source converter (VSC) converts the DC power from the PV plant into AC, which is delivered to 

the POI through filters and cables. Inverters regulate active and reactive power injections into the 

grid and provide essential grid support services. 

 

On the AC side, the inverter output is stepped up to medium-voltage levels via pad-mounted (unit) 

transformers. The power from multiple IBR units is then aggregated through the collector system 

(𝑍𝑐), consisting of overhead or underground cables, before being stepped up again to the POI 

voltage level for interconnection with the wider network. To enable power control and monitoring, 

sensors are placed at the unit transformers and along the collector system. The filter parameters 

(𝑍𝑓) are designed to satisfy total harmonic distortion (THD) requirements. In this study, a simple 

𝐿-filter is adopted, as it is sufficient for high-power applications. 

3.3.1 Grid-following inverter control 

The grid-following (GFL) converter operates as a controlled current source. It tracks the grid phase 

angle and synchronizes with the grid using a phase-locked loop (PLL). Desired active and reactive 

power injections are achieved by regulating the corresponding current components. A high-level 

representation of the GFL strategy is shown in Figure 3.9 [66]. 

 

 

Figure 3.9 PQ control strategy of GFL. 
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The phase angle of the POI (also referred to as point of common coupling (PCC)) is tracked using 

a phase-locked Loop (PLL). A dual vector control strategy is applied to regulate the active and 

reactive current injections into the grid. The control is implemented in the dq reference frame, with 

the transformation defined by (3.11), where 𝜔𝑛 denotes the reference frame frequency derived 

from the PLL. 

 

𝑇𝑑𝑞(𝜔𝑛) = [
cos (𝜔𝑛𝑡) sin (𝜔𝑛𝑡)
−sin (𝜔𝑛𝑡) cos (𝜔𝑛𝑡)

]       (3.11) 

 

Based on this choice of orientation, the powers are given by (3.12). 

 

𝑃 = 1.5 [𝑣𝑑𝑖𝑑 + 𝑣𝑞𝑖𝑞]   and    𝑄 = 1.5 [𝑣𝑞𝑖𝑑 − 𝑣𝑑𝑖𝑞]      (3.12) 

 

Under balanced operation (𝑣𝑑 = 𝑉̂), the current references (𝑖𝑑𝑞
∗ ) are provided by (3.13). 

 

𝑖𝑑
∗ =

2

3

𝑃∗

𝑣𝑑

𝑖𝑞
∗ = −

2

3

𝑄∗

𝑣𝑞

           (3.13) 

 

𝑖𝑑𝑞
∗  are processed through PI controllers to generate the corresponding reference voltages which 

are used to control the inverter using PWM techniques.  

 

Under unbalanced conditions, along with positive sequence components, negative sequence 

components come into picture. In such scenario, the current references are generated using (3.14)  

 

𝑖𝑑𝑞1
∗ = (𝑣𝑑1 + 𝑗𝑣𝑞1) (

𝑃∗

𝐴
−

𝑄∗

𝐵
)

𝑖𝑑𝑞2
∗ = −𝑘𝜙(𝑣𝑑2 + 𝑗𝑣𝑞2) (

𝑃∗

𝐴
−

𝑄∗

𝐵
)
        (3.14) 

 

where the subscript 2 indicates negative sequence, 𝑘𝜙 is the unbalance compensation factor,  𝐴 =

𝑣𝑑1
2 + 𝑣𝑞1

2 − 𝑘𝜙(𝑣𝑑2
2 + 𝑣𝑞2

2 ) and 𝐵 = 𝑣𝑑1
2 + 𝑣𝑞1

2 + 𝑘𝜙(𝑣𝑑2
2 + 𝑣𝑞2

2 ). The value of 𝑘𝜙 dictates the 

level of unbalanced compensation provided by the IBR. For obtaining the negative sequence 

components, the three phase quantities are passed through 𝑇𝑑𝑞(−𝜔𝑛).   

 

The detailed IBR control scheme adopted for this study is illustrated in Figure 3.10, where 𝑢𝑔𝑑𝑞12
 

represent the point of measurement (POM) sequence voltages in the 𝑑𝑞 domain. The POM 

voltages, denoted as 𝑣𝑎𝑏𝑐, are shown in Figure 3.8. The IBRs regulate reactive power based on the 

voltage magnitude measured at the POM: when the voltage drops below 0.9 p.u., reactive power 

is injected, whereas for voltages above 1.05 p.u., excess VARs are absorbed. This voltage 

condition is detected by the disturbance block, which activates the ‘lv_on’ and ‘hv_on’ signals 

accordingly. The corresponding current references during such disturbances are generated in 

compliance with IEEE P2800-2022. The collector current measured at the POM (𝑖𝑑𝑞
𝑆𝑅𝐹) is then 

compared against the reference currents, and the resulting error is processed through a PI controller 

to generate the gating signals for the inverter.  
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Figure 3.10 Detailed IBR control in PowerFactory. 

As shown in Figure 3.10, 𝑃𝑟𝑒𝑓 and 𝑄𝑟𝑒𝑓 serve as inputs for current reference generation, with 𝑄𝑟𝑒𝑓 

determined by the voltage magnitude at the POM. By formulating reference signals based on 

voltage conditions and incorporating current injection limits, the control inherently safeguards the 

IBRs against potential damage. 

 

Figure 3.11 Schematic of VSC control in PowerFactory. 
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Figure 3.12 Voltage ride-through chart. 

Table 3.2 VRT settings considered for the study 

V [p.u.] Ride through time [s] 

> 1.2 0.086 

< 0.8 3 

< 0.25 0.16 

 

 

The complete VSC control with the control implemented in PowerFactory is shown in Figure 3.11. 

The PLL is used to generate the phase angle of the system. REEC_PV is the current controller of 

the IBR module. The PowerFactory measurements provide the signals in stationary reference 

frame. The reference powers are generated using PQ regulation block. The IBR is equipped with 

voltage ride-through (VRT) settings (illustrated in Figure 3.12 [68]), mimicking real-world 

scenarios and settings considered for the analysis are shown in Table 3.2. Depending on the POM 

voltage and the ride-through time, the protection logic triggers a trip signal to the VSC converter. 

For this study, complete cessation is assumed, meaning the IBR will not be reconnected even after 

the system restores to the normal operating range. 

 

Another critical component of the IBR plant is the PLL, which significantly influences the plant's 

dynamics. For this study, the PLL considered is the Double-Decoupled Synchronous Reference 

Frame (DDSRF-) PLL illustrated in Figure 3.13. This PLL utilizes two 𝑑𝑞 frames, with their 

outputs fed back to form a closed-loop operation, ensuring accurate synchronization with the grid 

while maintaining stability and good dynamic response. The 𝑑𝑞 quantities are passed through a 

low-pass filter with a time constant of 0.01 s, and the frequency is estimated using the q-axis 

component. The detailed analysis of DDSRF-PLL is presented in [67]. The general schematic of 

PLL is shown in Figure 3.14 , where the filtered 𝑑𝑞 quantities are used to estimate the grid 

frequency (𝜔̂). Estimated phase is fed-back to 𝑑𝑞 frame forming a closed-loop action, and thus the 

desired transient performance of PLL greatly depends on the choice of PI parameters. 
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Figure 3.13 Decoupling network to obtain the sequence components. 

 

Figure 3.14 General schematic of PLL. 

The governing equation of PLL is given by 

 

𝐺(𝑠) = 𝑉+ (
1

𝜏𝑠+1
) (

𝑠𝑘𝑝+𝑘𝑖

𝑠
) (

1

𝑠
)         (3.15) 

 

where 𝜏 is the low-pass filter time constant, and 𝑘𝑝 and 𝑘𝑖 are the PI controller parameters. Thus 

the performance of the PLL greatly depends on the PI parameters and is also sensitive to input 

voltage fluctuations. For the analysis, 𝑘𝑝 = 50 and 𝑘𝑖 = 0.3 are chosen for the study. The 

corresponding bode plot is shown in Figure 3.15. The designed PLL has a phase-margin of 65.5∘, 

resulting in a good transient response. Furthermore, the high open-loop DC gain satisfies the 

steady-state error criterion. 

 

 

Figure 3.15 Bode response of PLL considered for the study. 
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3.4 Hybrid EMT+Phasor models 

The traditional grid dynamics are captured using phasor domain simulation which is suitable for 

large-system studies and cannot capture the fast-acting transients. On the other hand, the EMT 

simulations capture the fast-acting transients and requires one to solve time-domain equations, 

which can be computationally exhaustive when considered for modern power grids. Thus to have 

a reasonable trade-off, hybrid RMS-EMT power system models were developed that combines 

one domain with another domain. In such models, IBRs and other components where fast 

dynamics are critical are represented in the EMT domain, while the remainder of the grid is 

modeled in the RMS domain (either balanced or unbalanced), ensuring both fidelity and scalability 

in simulation. 

 

Hybrid models can be viewed as a specialized form of co-simulation, in which one simulation 

domain is interfaced with another, either externally or internally. In this work, DIgSILENT 

PowerFactory is employed to conduct the co-simulation studies. The schematic representation of 

the co-simulation domains is shown in Figure 3.16, where different regions of the network are 

represented in either the RMS or EMT domain. These domains are separated by co-simulation 

boundaries (indicated as interface lines), which delineate the components belonging to each region. 

PowerFactory provides two approaches for defining such boundaries: branch-based and node-

based splitting. In this study, the branch-based method is adopted, with the co-simulation regions 

defined across the collector cable connecting the POI transformer and the IBR transformer. 

 

Once the boundaries are defined, the next step is to initialize the system under study. For co-

simulation, a multi-domain initialization is performed, where the sampling times of the RMS and 

EMT regions are specified. In addition, a synchronization period is defined, which determines the 

rate at which data is exchanged across the co-simulation interface. The step sizes of the RMS and 

EMT solvers can be set independently. In this study, an EMT step size of 100 𝜇𝑠, an RMS step 

size of 500 𝜇𝑠, and a synchronization period equal to the RMS step size are considered. Adjusting 

these time parameters can accelerate or slow the simulation but does not affect the underlying 

system stability. The mechanisms of data transfer between RMS and EMT domains differ in each 

direction. While this process occurs internally within the simulation environment, detailed 

descriptions cannot be provided here due to tool-specific restrictions.  

 

 

Figure 3.16 Schematic of co-simulation domains. 
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3.5 Data generation for study 

In PowerFactory, the data required for analysis is generated using a Python script that employs the 

PowerFactory Python API to automate the simulation process. The workflow consists of system 

initialization, creation and simulation of fault events, storage of the simulation results, and 

subsequent removal of the events. In this study, only bus faults are considered. Faults are 

introduced at all buses with varying fault impedances and fault clearing times, and the procedure 

is repeated in a loop until all scenarios are evaluated. For each scenario, the relevant variables of 

interest are exported to a “.csv” file, which is subsequently used for the data-driven analysis. The 

complete procedure is summarized in Algorithm 2, which is formulated in a generalized manner 

and can be applied with any black-box simulator. 

 

Algorithm 2 Script automation for fault study using PowerFactory. 

1: Initialize the *.pfd file in PowerFactory using API 

2: Access the bus names and generate the fault impedances (𝑍𝑓) and clearing times (𝑡𝑐) of interest 

for study 

3: Select the variables to monitor, simulation end time (𝑡𝑒𝑛𝑑), type of simulation (RMS or EMT or 

co-simulation)  

4: Generate the output folder path to save the results 

5: for 𝑡𝑐 ← max to min do 

6: for 𝑍𝑓 ← max to min do 

7:  for all the bus names do 

8:   Create the fault event using bus names, 𝑍𝑓 and 𝑡𝑐 

9:    Run the power-flow and initialize for dynamic studies 

9:   Run the simulation for time duration of 𝑡𝑒𝑛𝑑 

10:   Write the results to the output folder  

11:   Delete the fault event, results and reset the calculation 

12:  end for 

13: end for 

14: end for 

 

In this study, different fault impedances and clearing times are evaluated using nested for loops. 

A fault event is created through the Python API, which requires specification of the fault location, 

type (balanced or unbalanced), fault duration, and the clearing instant (either zero or immediate). 

Once the event is defined, the co-simulation is initialized and executed for the desired simulation 

duration. After completion, the corresponding results are exported to the designated folder. 

PowerFactory maintains separate result folders for RMS and EMT simulations, which requires 

careful handling during post-processing. Following data storage, the fault event and associated 

results are cleared. It is also noted that initialization with user-defined models requires additional 

time to reach steady state, and PowerFactory does not support snapshot initialization in co-

simulation mode. Consequently, the system must be re-initialized after each fault event.  

 

With the selected simulation settings, each case requires approximately 1 minute and 30 seconds, 

resulting in a total simulation time of about 25 hours for 1000 cases. In addition, as the number of 
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recorded variables increases, the corresponding file size also grows, which introduces additional 

complexity in data access and analysis. 

 

In principle, the number of possible simulations is infinite, since fault conditions can vary 

continuously in type, location, impedance, and clearing time. Therefore, representative sampling 

is essential to make the problem tractable. The dataset was constructed to span a wide variety of 

operating conditions by varying fault locations, fault impedances, and clearing times, with 

randomized sampling ensuring continuous coverage of the time axis.   

 

This design deliberately includes both stable and unstable trajectories, allowing the Koopman 

operator to learn the critical boundary between secure and insecure system responses. Clearing 

times were distributed on a logarithmic scale to provide denser sampling in the region where 

system dynamics are most sensitive, while still capturing longer-duration cases. As a result of this 

distribution, the dataset may naturally contain a higher proportion of stable scenarios compared to 

unstable ones, reflecting the fact that shorter clearing times are more likely to maintain stability. 

The overall approach balances representativeness with computational feasibility, ensuring that the 

dataset is rich enough to train the operator without introducing unnecessary redundancy. As a 

result, the generated dataset captures a broad spectrum of system behaviors while remaining 

tractable for large-scale analysis.  

 

The generator states, rotor speed (𝜔) and rotor angle (𝛿), are the primary variables of interest and 

are stored in .csv files. For clarity and ease of access, the files are named according to the 

convention “Bus No-𝑡𝑐-𝑍𝑓𝑖-x.csv”, where 𝑡𝑐 denotes the fault clearing time, 𝑍𝑓𝑖 represents the 

𝑖𝑡ℎ fault impedance, and x indicates the fault type (three-phase, two-phase, or single-phase). This 

naming scheme allows direct identification of the clearing time and fault characteristics from the 

file name, thereby facilitating analysis of the corresponding system state behavior. For stable cases, 

the system trajectories remain within the ROA and converge to the pre-fault equilibrium (𝜑̅(𝑡) =
1). In contrast, when the system becomes unstable (𝜑̅(𝑡) = 0), the trajectories diverge. The 

primary challenge lies in enabling the algorithm to correctly distinguish between stable and 

unstable scenarios. 

 

Prior to the data-driven analysis, we require to pre-process the data which typically involves 

assigning labels 0 (unstable) and 1 (stable) to each scenario. To do this, we use time-averaging 

function given by 

 

𝑓 = min (𝑘 ×
1

𝑛
× ∑ 𝑒−𝜇(𝑥𝑖)/𝜎𝑛

𝑖=0 , 1)       (3.16) 

 

Where 𝑘 is the scaling factor, 𝑛 is the number of observations in the series, 𝜇(𝑥𝑖) is the mean of 

the 𝑖𝑡ℎ observation, and 𝜎 is a threshold parameter that dictates the sensitivity of the exponential 

decay and, effectively, the spread of the rotor angle distribution. The function is bounded above 

by 1, ensuring that the output remains normalized. The exponential term provides a decaying 

weight that decreases as the mean value increases, thereby emphasizing the deviation of system 

trajectories from the stable operating point. 
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Figure 3.17 Variation of the exponential term for stable and unstable rotor angle trajectories. 

In this application, the rotor angles are used as indicators of instability, since under unstable 

conditions they diverge rapidly to higher magnitudes. To improve robustness, the rotor angles 𝛿 

are unwrapped before being processed through the time-averaging function. For this study, we 

select 𝑘 = 2 and 𝜎 = 30∘, which were empirically chosen to balance sensitivity and robustness in 

classification. The variation of exponential term is illustrated in Figure 3.17.  

 

For a stable fault scenario, the mean of the observations remains nearly constant, and therefore the 

exponential function also stays constant. Such cases are assigned the label 1 (Class 1). In contrast, 

for unstable trajectories, the mean of the observations increases over time due to the diverging 

rotor angle, which drives the exponential term to decay toward zero. These cases are labeled as 0 

(Class 0). In this way, stable and unstable scenarios are distinguished without explicit knowledge 

of the fault clearing times. By applying this time-averaging function, each scenario can be 

systematically classified as stable, when trajectories remain bounded and converge to the pre-fault 

equilibrium, or unstable, when trajectories diverge. This approach integrates both the dynamic 

behavior of system states and the statistical distribution of observations into the classification 

framework. 

 

The complete preprocessing workflow is shown in Figure 3.18, where the full set of simulation 

data is utilized to generate the training dataset. In addition to the generator states 𝛿 and 𝜔, 𝑡𝑐 is 

extracted directly from the file names. Labels are generated based on the 𝛿, and the corresponding 

system states are stored only at the fault clearing instant. Consequently, the dataset does not include 

all subsequent stable or unstable trajectories beyond 𝑡𝑐. After all simulation files have been 

processed, the accumulated states and labels are stored in a ‘.npy’ file. This file serves as the 

training dataset for the KNN models, which are later used to predict the CCT for new scenarios. It 

is to be noted that the training dataset is kept separate from the testing data to ensure unbiased 

evaluation of the model performance. 
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Figure 3.18 Flowchart of the automated simulation and data processing workflow. 

 

Figure 3.19 Expected response of the indicator function. 
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Figure 3.20 Flowchart illustrating the procedure for validating CCT. 

The CCT is estimated from the new fault-on trajectory by identifying the instant when the indicator 

function touches the zero point, denoted as 𝑡𝑧𝑐 (as illustrated in Figure 3.19). The data-driven 

model provides predictions along the fault-on trajectories, with the input feature set defined as 𝑋 =
[𝛿, 𝜔]. The complete procedure for obtaining the CCT is shown in Figure 3.20, where the model 

predictions are evaluated over the simulation horizon and the corresponding zero-hitting instant 

𝑡𝑧𝑐 is determined. A new set of simulations is performed by setting 𝑡𝑧𝑐  as the fault clearing time. 

Since the estimated zero-hitting instant may or may not correspond exactly to the true CCT of the 

system, repetitive time-domain simulations are conducted based on the rotor angle trajectories, as 

follows: 

1. If the trajectories converge for a fault clearing time of 𝑡𝑧𝑐, additional simulations are carried 

out with the clearing time set to 𝑡𝑧𝑐 + Δ𝑡. This process is repeated until the trajectories 

diverge, and the corresponding fault clearing time at which divergence occurs is recorded 

along with 𝛿 and 𝜔. 
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2. If the trajectories diverge for a fault clearing time of 𝑡𝑧𝑐 , additional simulations are carried 

out with the clearing time set to 𝑡𝑧𝑐 − Δ𝑡. This process is repeated until the trajectories 

converge, and the corresponding fault clearing time at which convergence occurs is 

recorded along with 𝛿 and 𝜔. 

 

Here, Δ𝑡 is varied from 1/8 c to 1 c, where c indicates cycle (1 c = 16.667 ms). This procedure 

ensures that the estimated CCT for the given fault lies within the neighborhood of the true CCT. 
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4. Results and Discussion 

In this section, we present numerical results for data-driven transient stability assessment on four 

power system examples: (1) a two-state single-machine infinite-bus example simulated in Python 

as an ordinary differential equation (ODE); (2) a four-state two-machine infinite-bus example 

simulated in Python as an ODE; (3) the ten-machine New-England system simulated with constant 

power loads in PSSE and in PowerFactory with IBRs; and (4) 240 WECC system in PSSE. Both 

the kernel method and the time-averaged method were implemented in Python to estimate the CCT 

of fault scenario. The objective of this section is to demonstrate the effectiveness of the RKHS-

based Koopman approximation, along with the time-averaged estimation of the unit eigenfunction, 

for transient stability analysis. The results further highlight the capability of the proposed data-

driven framework in capturing stability characteristics of IBR-rich grids. 

4.1 The Single-Machine Infinite-Bus (SMIB) System  

Consider a per unit (p.u.) system whose one-line diagram is given in Figure 4.1. Its 

electromechanical dynamics is described by 

 

𝛿̇ = 𝜔, 𝜔̇ = −𝐷𝜔 + 𝑃𝑚 − 𝑃𝑒 sin(𝛿)        (4.1) 

 

with damping constant 𝐷 = 1.3 rad−1s, mechanical power input 𝑃𝑚  =  5 p.u., and electrical 

power coefficient 𝑃𝑒  =  10 p.u. which corresponds to the maximum electrical power that can be 

transferred from this generator. The stable equilibrium point of this system is [0.53 rad, 0]. Thus, 

the system under consideration is measure-preserving with respect to the Dirac delta measure at 

the equilibrium point. We consider the case where a transmission line fault happens and 

subsequently, 𝑃𝑒 deviates from its value under normal operating conditions. In the most extreme 

case, a bolted fault corresponds to 𝑃𝑒 = 0. While the value of 𝑃𝑒 is determined by the fault location 

and impedance, for this experiment, we choose a set of values of 𝑃𝑒. The smaller the value of 𝑃𝑒, 

the lesser the power deliverable to the infinite bus, indicating a more severe fault condition. In this 

study, we study three fault-on scenarios with 𝑃𝑒  ∈  {0.95, 0.75, 0.45} p.u.. 

 

 

 

Figure 4.1 SMIB system connected to an infinite bus through a transmission line. 
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Figure 4.2 A plot of the estimated indicator function which reveals the ROA. 

To construct the indicator function using RKHS, we sampled 1500 initial points 𝑥 =  [𝛿, 𝜔] that 

are uniformly distributed over [𝛿, 𝜔]  ∈  [−4, 4]  ×  [−6, 6]. We then numerically integrated the 

ODE starting from each 𝑥 for a time interval of 0.1 s to obtain 𝑥 +. For this 2-D system, we first 

scaled 𝜔 by ½ and then used a Gaussian kernel 𝜅(𝑥1, 𝑥2)  =  𝑒𝑥𝑝(−∥ 𝑥1  −  𝑥2 ∥2
2 /2 × 0.52). 

The indicator function was then derived from 𝜑1 (highlighted in Chapter 2) with 𝜖 ◦ =  8 × 10−4. 

For the time-averaged indicator function, the same 1500 initial points were simulated for 20s with 

a time-step of 0.05 s. The seeding function was the radial basis function (RBF) centered at [0.53 

rad, 0] with a standard deviation of 0.25 along 𝛿 and a standard deviation of 0.5 along 𝜔. 𝜑̅ was 

then obtained by the nearest neighbor algorithm in scikit-learn [42]. The resulting 𝜑̅ is plotted in 

Figure 4.2.  

 

To compute the CCTs, the indicator function 𝜑̅ is evaluated along each fault-on trajectory for 𝑃𝑒  ∈
 {0.95, 0.75, 0.45}, and the results are plotted in Figure 4.3. As shown in the figure, the value of 

𝜑̅ remains unity until the fault-on trajectory passes through the boundary of the ROA and it drops 

to zero. As indicated in Table 4.1, the CCTs from the time-averaging technique matched those 

obtained via the RKHS, and they both matched the values we obtained from time-domain 

simulations of the post-fault trajectories starting from various points of the fault-on trajectories. 

 

 

Figure 4.3 Value of the indicator function evaluated at fault-on trajectories with choices of 𝑃𝑒. 
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Table 4.1 CCT [s]  obtained using various for SMIB system 

Pe [p.u.] Time-averaging RKHS True Value 

0.95 0.98 0.98 0.98 

0.75 0.96 0.96 0.96 

0.45 0.92 0.92 0.92 

 

 

 

Figure 4.4 TMIB system consists of two generators at buses 1 and 2 connected to the infinite bus 

at bus 3.  

4.2 The Two-Machine Infinite-Bus (TMIB) System  

Consider the 4-state system in Figure 4.4 described by 

 

𝛿1̇ = 𝜔1

𝑀1𝜔1̇ = 𝑃𝑚1 − 𝐷1𝜔1 −
𝐸1

𝑋1
sin(𝛿1) −

𝐸1𝐸2

𝑋12
sin(𝛿1 − 𝛿2)

𝛿2̇ = 𝜔2 

𝑀2𝜔2̇ = 𝑃𝑚2 − 𝐷2𝜔2 −
𝐸2

𝑋2
sin(𝛿2) −

𝐸1𝐸2

𝑋12
sin(𝛿2 − 𝛿1)

     (4.2) 

 

with inertia constants 𝑀1 = 𝑀2 = 6/(2𝜋60)  rad−1s2, damping constant 𝐷1 = 𝐷2 = 2/
(2𝜋60)  rad−1s, mechanical power inputs 𝑃𝑚1 = 1.6, 𝑃𝑚2 = 1.4 p.u., 𝑋1 = 0.6, 𝑋2 = 0.2 and 

𝑋12 = 0.2 p.u. The generator terminal voltages are equal (𝐸1 = 𝐸2 = 1 p.u.) under normal 

operating conditions. We consider internal generator faults due to which 𝐸1 and 𝐸2 vary between 

0 and 1. We further assume that the pre-fault and the post-fault systems are the same.  

 

To construct 𝔻, we densely sampled regions that are more likely to contain fault-on trajectories. 

Specifically, we sampled points along a few fault-on trajectories with different values of 0 ≤ 𝐸1, 

𝐸2 < 1 via odeint() in Python. For this example, 𝔻 consists of 9000 points from 900 fault-on 

trajectories with a sampling interval of 0.01 s. 
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To execute the time-averaged method, we used the same seeding function as we used for the 

SMIB system. We then evaluated 𝛹 at points in 𝔻 via numerical simulations in Python, and the 

time-averaged value was computed with a step size of 0.05 s for a time horizon of 20 s. 𝜑̅ was then 

obtained by the nearest neighbor algorithm in scikit-learn [42]. For the kernel method, we 

rearranged 𝔻 into sample pairs and scaled them via StandardScaler() in Python. We utilized a 

Gaussian kernel 𝜅(𝑥1, 𝑥2) =  0.71𝑒𝑥𝑝(−∥ 𝑥1  −  𝑥2 ∥2
2/2 × 0.422) + 0.29𝑒𝑥𝑝(−∥ 𝑥1  −

 𝑥2 ∥2
2 /2 × 0.752). The indicator function was constructed via Algorithm 1 (presented in Chapter 

2) with 𝛾 =  0.7. 

 

We next determined the CCT of the faulted scenario where 𝐸1  =  𝐸2  =  0.4. As illustrated in 

Figure 4.5, the CCT of a fault was estimated as the instant when the 𝜑̅ drops to zero along the 

fault-on trajectory. We observed that the kernel method and the time-averaged method generate 

estimates of 0.29 s and 0.28 s, respectively. To find the actual critical clearing time, time-domain 

simulations were performed in Python for the same fault-on system for varying fault times 

followed by the post-fault system. The evolution of 𝜔 for the fault clearing times of 0.285 s and 

0.29 s are plotted in Figure 4.6. The figures indicate that the CCT is closer to 0.29 s, close to the 

CCTs estimated via the methods we presented. 

 

 

Figure 4.5 The value of the indicator function evaluated along the TMIB fault-on trajectory with 

𝐸1  =  𝐸2  =  0.4. 

 

Figure 4.6 The total energy and the potential energy of the TMIB faulted system with 𝐸1  =
 𝐸2  =  0.4. The CCT is estimated to be 0.32s. 
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Figure 4.7 Evolution of generator frequencies in the TMIB system with a fault cleared at (a) 𝑡 =
0.285 s and (b) 𝑡 = 0.29 s. 

We compared the proposed methods to the standard potential energy boundary surface (PEBS) 

method in [55]. Different from our data-driven approach, the PEBS method requires an analytic 

expression of the dynamical system to derive a potential energy function. Figure 4.6 plots the total 

energy together with the total potential energy of the faulted system with 𝐸1  =  𝐸2  =  0.4. The 

CCT is estimated to be 0.32 s, which is the time when the total energy of the system exceeds the 

maximum potential energy. These observations suggest that the results from our data-driven 

approaches better align with the CCT for this system, compared to the PEBS method. 

4.3 The Ten-Machine 39-Bus New-England System without IBRs 

We now apply the proposed data-driven methods to the ten-machine New England system, as 

shown in Figure 4.8 [69], conducting simulation analyses both with and without IBR integration. 

The scenario without IBRs is evaluated in PSSE, where the machines are represented using the 

classical generator model and the loads are modeled as constant power.  
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Figure 4.8 The ten-machine New-England Power System (also known as the IEEE 39-bus 

system). 

Table 4.2 Computation times [s] in the different phases for the NE system 

Phase Time-averaged RKHS 

Data Generation 548 23 

ROA Indicator Function Construction 9 54 

CCT Estimation 0.09 0.12 

 

Table 4.3 Fault information of sample cases studied for the NE system 

Case A B C 

Fault 𝑌 (× 105) (5-4𝑗) (1-4𝑗) (1-4𝑗) 

Faulted Bus 33 6 24 

True CCT [s] 0.29 0.32 0.51 

CCT (time-average) [s] 0.29 0.33 0.49 

CCT (kernel) [s] 0.28 0.35 0.54 
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Figure 4.9 The generator 𝜔 trajectories for fault scenarios listed in Table 4.3. 

 

Figure 4.10 The value of the time-averaged indicator function evaluated along fault-on 

trajectories for faults listed in Table 4.3. 

Table 4.3 lists the faults we consider. Assume that the pre- and post-fault systems are the same. 

We simulated the system in PSSE, and the actual value of CCT was obtained through repeated 

time-domain simulation implemented in PSSE. To implement the time-averaging approach, we 



45 

generated 𝔻 by sampling and perturbing points at all 39 buses along five fault-on trajectories with 

fault admittances being [102 − 102𝑗, 103 − 103𝑗, 104 − 104𝑗, 105 − 105𝑗, 106 − 106𝑗] p.u. A 

total of 150 points along each trajectory are collected and perturbed before adding them to 𝔻. 

Thus, the overall number of points in 𝔻 is 39 ×  5 ×  150 =  29, 250. PSSE was then used to 

simulate the post-fault system from each point in 𝔻 with a time horizon of 20 s and a step size of 

0.01 s. We used the same seeding function utilized for prior examples. Then, we estimated 𝜑̅ using 

the nearest neighbor function from the scikit-learn package in Python. 

 

To implement the kernel method, we sub-sampled 5000 trajectories of length 0.1 s out of the whole 

dataset used in the time-averaged approach. We then scaled the samples via StandardScaler() in 

Python and used the Gaussian kernel 𝜅(𝑥1, 𝑥2) =  0.7𝑒𝑥𝑝(−∥ 𝑥1  −  𝑥2 ∥2
2/2 × 0.452) +

0.2𝑒𝑥𝑝(−∥ 𝑥1  −  𝑥2 ∥2
2/2 × 0.72) + 0.1𝑒𝑥𝑝(−∥ 𝑥1  −  𝑥2 ∥2

2 /2 × 22).  We calculated 𝜑̅ via 

Algorithm 1 (Chapter 2) with 𝛾 = 0.8 and regularization parameter 𝜖 = 1𝑒−13 × |𝕄𝛾|
−0.2

.  

 

Figure 4.10 plots the values of the indicator function evaluated along the faulton trajectories listed 

in Table 4.3. The estimated CCTs are the instants when the indicator function evaluations drop to 

zero along the trajectories. We compared the estimated CCTs with that obtained from time-domain 

simulation in Table 4.3. For illustration, we plotted the generator rotor frequency 𝜔 for different 

fault clearing times in Figure 13, which demonstrate the converging/diverging behavior of 𝜔 when 

the fault duration is lesser/greater than the CCTs obtained from the time-domain simulations. Our 

estimated CCTs are close (within 0.03 s) to that obtained from time-domain simulations for all 

faults. The methods described are executed on a server equipped with a 3-GHz Intel Xeon 32-core 

processor. The computation process involves three distinct phases: (a) simulating trajectories using 

PSSE, (b) analyzing trajectory data to derive an indicator function for the ROA, and (c) using this 

indicator function to estimate the CCT. The ROA indicator function remains applicable across 

various faults and perturbations as long as the post-fault system dynamics remain consistent. 

Therefore, while reducing the time spent on the initial two phases is desirable, the ability to quickly 

evaluate the ROA indicator function at any point within the state space is crucial. 

 

Table 4.2 summarizes the computational expenses associated with both methods on the 39-bus NE 

system. The time-averaged method necessitates a substantial number of trajectories compared to 

the RKHS method to accurately capture the ROA, resulting in an extended data-generation period. 

Conversely, the RKHS method involves more complexity in the data-analytics phase, as the 

dictionary needs to be built from the data and the Koopman operator needs to be constructed before 

the unit eigenfunction, corresponding to the ROA indicator function, can be established. 

Ultimately, the indicator functions generated by both methods can be evaluated with minimal 

overhead (≈ 0.1 s) during fault simulations to identify the CCT, thus demonstrating their use for 

power system planners and operators. 

4.4 The Ten-Machine 39-Bus New-England System with IBRs 

The Koopman operator theory is applied to the IEEE 39-bus system (illustrated in Figure 4.8), 

with modifications introduced to assess the impact of IBR integration. The system includes 19 

loads, comprising 18 voltage-dependent loads and one composite load model. To represent a weak 

grid scenario, line impedances are increased, and generator ratings are proportionally reduced with 

higher levels of IBR penetration. This reduction decreases both power output and system inertia, 
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thereby heightening the grid’s vulnerability to disturbances. 

 

Figure 4.11 IBRs layout in PowerFactory. 

The analysis is conducted using the co-simulation framework in PowerFactory, where the IBRs 

are modeled in the EMT domain and the remainder of the grid is represented in the RMS (three-

phase unbalanced) representation. The IBRs are GFL inverters with ride-through settings, 

providing support during disturbances as described in Chapter 3. The synchronous machines are 

modeled using Model 2.2 and equipped with an IEEEST1A exciter, IEEEGOV1 governor, and 

PSS1A stabilizer. Despite the availability of multiple machine states, the rotor angle (𝛿) and speed 

(𝜔) are sufficient to determine the system’s CCT.  For this analysis, voltage dependent load models 

are considered. Active powers are represented as constant current and reactive powers as constant 

voltage load models. 

 

The IBR layout used for the analysis is illustrated in Figure 4.11, where four 300 MW plants are 

integrated at Buses 17, 24, 27, and 28 of the test system. The co-simulation boundaries are defined 

at the LV side of the POI transformers. The original IEEE 39-bus system has a total generation 

capacity of approximately 6200 MW, with Bus 39 serving as both the slack and interconnection 

bus. To assess the impact of IBR integration, the rating of Bus 39 is reduced by 40%, with IBRs 

primarily placed in the northeast region. Additionally, line impedances are increased to emulate a 

weak grid, and generator ratings are reduced to limit fault current contribution. These adjustments 

significantly modify the system’s power flow characteristics, resulting in IBRs contributing nearly 

25% of the total generation. 

 

The data for analysis is generated using a Python-based automated script that interfaces with 

PowerFactory, with the resulting datasets stored in ‘.csv’ format. Initially, 𝔻 is constructed by 

simulating bus faults at all 39 buses. Only faults located outside the IBR plant layout are 

considered. Five fault impedances, defined as 𝑍𝑓𝑎𝑢𝑙𝑡 = [10−4  +  𝑗10−12, 10−6  +  𝑗10−4, 10−8  +
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 𝑗10−6, 10−12  +  𝑗10−12, 10−12 +  𝑗10−4] Ω are considered for analysis. The rationale behind this 

selection is to enable the model to predict the CCT for any impedance within this range. Ten 

clearing times, spanning from 5 to 20 cycles on a logarithmic scale, are evaluated. Thus, instead 

of considering 15 uniformly spaced clearing times, we select ten clearing times between 5 (5c) and 

20 (20c) cycles (c) on a logarithmic scale, which provides a more representative distribution across 

the time horizon. This results in a dataset of 39× 5 × 10 = 1950 simulations. 

 

In the initial simulation of the phase, we noticed that due to fixed clearing times resulted in 

monotone data for each bus fault. For example, if the clearing times are 5c and 6c, simulations 

were performed exclusively for 5c across all 39 buses and 5 impedance levels totaling 195 cases 

with no coverage between 5c and 6c. To ensure broader data coverage, randomness is introduced 

in the clearing time values within the same 195 simulations, allowing for a more continuous and 

representative spread. The resulting clearing time (𝑡𝑐𝑟) is given by 

 

𝑡𝑐𝑟 = 𝑡𝑐𝑖 + (𝑡𝑐𝑗 − 𝑡𝑐𝑖) 𝑟          (4.3) 

 

where 𝑟 is a random number between 0 and 1, 𝑡𝑐𝑖 and 𝑡𝑐𝑗 denote the consecutive clearing times. 

This randomness does not ensure that the point of instability for a specific fault is captured, 

particularly due to the logarithmic scale employed. However, for the same bus fault, a more evenly 

distributed dataset is available. 

 

A similar set of simulations is performed for unbalanced faults, including both line-to-line (LL) 

and line-to-ground (LG) cases. The LL faults may occur on phases AB, BC, or CA, while the LG 

faults may occur on AG, BG, or CG. Since simulating every possible fault type is computationally 

intensive, a random selection of unbalanced fault types is considered, resulting in the same total 

of 1950 simulations for each fault type.  

 

For the simulations, EMT time step of 100 𝜇s and an RMS time step of 5000 𝜇s is used, with the 

co-simulation exchange rate set at the RMS time step. It should be noted that the 𝔻 does not include 

the complete on-fault trajectories; rather, it captures the system states immediately at the fault-

clearing time.  

 

Using the PowerFactory co-simulation platform, initialization posed challenges. System states and 

voltages required considerable time to reach steady state, and applying a fault before this led to 

instability. As the platform lacks a snap-shot feature to reuse an initialized system, the power flow 

and initialization process must be repeated for each fault scenario. Therefore, for consistency in 

the simulations, each fault event is applied at t = 10 s, followed by a post-fault simulation of 6 s 

for analysis.  

 

Using the generated data, the time-averaged unit eigenfunction 𝜑̅ is estimated using the k-nearest 

neighbor (KNN) function from the scikit-learn Python package. Different KNN is used for 

different type of faults.  Since the number of unstable scenarios is minimal, initial CCT predictions 

tend to be optimistic. To address this, a weighted KNN approach is employed, prioritizing unstable 

cases to yield more conservative CCT estimates. 
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4.4.1 Balanced Fault Analysis 

To begin with, three-phase fault scenarios are analyzed. Since the IBRs are equipped with 

protection logic, the pre- and post-fault conditions are not assumed to be identical. The simulation 

data is utilized directly, without explicitly accounting for the IBR operational status, to determine 

the CCT for each selected fault event. Within dataset 𝔻, approximately 37% of the scenarios 

correspond to unstable cases (i.e., class 0). Consequently, the model is expected to yield a non-

conservative estimation. 

 

The initial assessment is carried out using the KNN model with 𝑘=1, 3 and 5, all implemented 

with uniform weighting. The scenarios included in the analysis, along with the estimated (Est.) 

CCTs obtained for different 𝑘 values, are presented in Table 4.4. The true CCTs are derived from 

repetitive time-domain simulations conducted in PowerFactory. 

 

In general, increasing the number of neighbors leads to smoother KNN predictions, as the 

influence of noise and outliers is reduced. Conversely, with a smaller 𝑘, predictions become more 

sensitive to local variations, with individual outliers exerting stronger influence. Due to the 

underlying class imbalance, the best CCT estimates are observed with 𝑘 = 1, as this configuration 

tends to favor unstable cases more strongly. 

 

Table 4.4 Fault information of the test cases studied for 39 bus system 

Case Faulted  

Bus 

Number 

𝑍𝑓 

 

[Ω] 

Est. CCT  

(𝑘 = 1) 

[s] 

Est. CCT 

 (𝑘 = 3) 

[s] 

Est. CCT  

(𝑘 = 5) 

[s] 

True CCT 

 

[s] 

A Bus 34 10−10(2 + 90𝑗) 0.078 0.078 0.079 0.080 

B Bus 32 10−8(3000 + 4𝑗) 0.106 0.106 0.107 0.103 

C Bus 33 10−6(6 + 2𝑗) 0.091 0.091 0.094 0.091 

D Bus 19 10−8(3 + 10𝑗) 0.075 0.070 0.070 0.082 

E Bus 20 10−12(1000 + 1𝑗) 0.075 0.075 0.076 0.0893 

F Bus 16 10−9(11000 + 55𝑗) 0.133 0.136 0.138 0.136 

G Bus 10 10−10(3000 + 6𝑗) 0.125 0.126 0.132 0.126 

 

 

Figure 4.12 Generator trajectories for Case B and C when cleared at estimated CCT. 
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With 𝑘 = 1, a conservative estimates are noted for Case-A, D, E, F and G. Conservative estimate 

is observed in Case-A, D, and E with 𝑘 = 3 and 5. Irrespective of the model, an accurate or 

optimistic result is noted with Cases B and C, thus resulting in instability when cleared with these 

clearing times (shown in Figure 4.12). Thus, to have conservative estimate for all the scenarios, 

we adopt weighted KNN (wKNN) approach.  

 

In the developed wKNN framework, the contribution of each neighbor is scaled using user-defined 

weights rather than the conventional uniform or distance-based schemes. This design choice 

enables the selective amplification of unstable scenarios while attenuating the influence of less 

critical cases (i.e., stable scenarios). By appropriately configuring the neighborhood size and the 

weighting factors, conservative predictions can be achieved, though at the expense of global 

accuracy. In this study, the neighborhood size (𝑘 = 3) and weight assignments were empirically 

tuned such that the prediction error remained below one fundamental cycle (16 ms). a weight 

assignment of ratio 3:1 is chosen in favor of class 0 (unstable scenarios). 

 

Table 4.5 presents the CCTs obtained using the wKNN approach. Apart from Case B, the method 

provides conservative estimates for all evaluated scenarios, consistent with the results reported in 

Table 4.4. Notably, in Case C, the wKNN approach produces a conservative estimate rather than 

reproducing the true value, thereby illustrating its inherent tendency to prioritize secure operation 

by avoiding optimistic predictions. An examination of Table 4.5 reveals that the error remains 

within one fundamental cycle, thereby providing confidence in the reliability of the estimates. 

Furthermore, a negative error reflects a predicted CCT that exceeds the true value. This may result 

from missing data samples, imbalanced datasets, or dilution of unstable neighbors in the KNN 

search. One key observation is that the data generated for Bus 32 in 𝔻 do not include clearing time 

instances in the vicinity of ROA. A potential means of improving the prediction is to incorporate 

more informative (active) datasets into the KNN training process, thereby enhancing both the 

accuracy and the conservativeness of the estimates. Even with detailed generator models and IBRs 

present in the network, the estimated CCTs for most cases remain within a reasonable error of one 

fundamental cycle, thereby favoring conservative operation and avoiding adverse outcomes.  

 

The corresponding generator 𝜔, obtained by clearing faults at both the estimated and true CCTs, 

is shown in Figure 4.13. For most of the faults, generator 5 goes out of step, and for faults 

corresponding to Bus 32 and Bus 10, generator 3 goes out of step. For most fault scenarios, 

Generator 5 is observed to lose synchronism, while for faults at Bus 32 and Bus 10, Generator 3 

goes out of step.  

 

Table 4.5 Estimated CCT using wKNN for three phase faults studied for 39 bus system 

Case Faulted Bus 𝑍𝑓 [Ω] Est. CCT [s] True CCT [s] Error [ms] 

A Bus 34 10−10(2 + 90𝑗) 0.078 0.080 2 

B Bus 32 10−8(3000 + 4𝑗) 0.105 0.103 -2 

C Bus 33 10−6(6 + 2𝑗) 0.090 0.091 1 

D Bus 19 10−8(3 + 10𝑗) 0.068 0.082 14 

E Bus 20 10−12(1000 + 1𝑗) 0.074 0.0893 15.3 

F Bus 16 10−9(11000 + 55𝑗) 0.132 0.136 4 

G Bus 10 10−10(3000 + 6𝑗) 0.124 0.126 2 
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Figure 4.13 Generator trajectories for the faults listed in Table 4.5. 
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Figure 4.13 also illustrates the evolution of 𝜑̅(𝑡) for the fault trajectories listed in Table 4.5. In 

most cases, the indicator drops sharply to zero at the estimated CCT. In contrast, for Case E, a 

transient transition is observed in the indicator function. This occurs because the test trajectory 

passes close to the boundary of the ROA, where the local neighborhood includes both stable and 

unstable samples. At this point, KNN momentarily assigns a stable label due to the dominance of 

nearby stable neighbors. As the trajectory progresses further into the unstable region, however, 

𝜑̅(𝑡) ultimately falls to zero, reflecting the prevalence of unstable neighbors. 

 

To address this issue, post-processing techniques such as simple moving averages or Markov 

models can be employed to suppress spurious flips near the ROA. Conceptually, this can be viewed 

as passing the raw predictions through a temporal filter that removes short-lived label reversals. A 

common approach is to apply a sliding window of size 𝑊, within which the majority class label is 

assigned as the smoothed prediction. For example, 𝑊 = 5 and 𝜑̅(𝑡) = {0,1,0,0,0} within the 

window, the smoothed prediction would be 0, reflecting the majority. This yields more stable 

decision-making and is physically meaningful, as system states do not realistically oscillate 

between stable and unstable conditions within such a short interval.  

 

 

Figure 4.14 Indicator function response by incorporating moving average method. 

As illustrated in Figure 4.14, applying this smoothing to Case E eliminates spurious flips without 

altering the location of the first zero crossing, thereby preserving the conservative nature of the 

estimate. Prediction smoothing is applied only to faults with clearing times below 150 ms, since 

most protective devices operate within 5-8 cycles and faults beyond this range are not practically 

meaningful. For clearing times above 150 ms, only the first zero-crossing instant is considered, 

irrespective of whether the estimate is conservative or introduces additional error. 

 

Table 4.6 Estimated CCT for two phase faults studied for 39 bus system 

Case Faulted Bus 𝑍𝑓 [Ω] Est. CCT [s] True CCT [s] Error [ms] 

A Bus 34 (CA) 10−12 (7 + 50000𝑗) 0.136 0.142 6 

B Bus 32 (CA) 10−6(3 + 4𝑗) 0.176 0.177 1 

C Bus 33 (BC) 10−8(6 + 20000𝑗) 0.163 0.164 1 

D Bus 19 (BC) 10−9(300 + 9𝑗) 0.138 0.142 4 

E Bus 20 (AB) 10−11(900000 + 1𝑗) 0.146 0.152 6 

F Bus 16 (AB) 10−10(10000 + 1𝑗) 0.230 0.241 11 

G Bus 10 (CA) 10−9(30 + 4𝑗) 0.215 0.224 9 
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Figure 4.15 Generator trajectories for the faults listed in Table 4.6. 
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4.4.2 Unbalanced Fault Analysis 

A similar analysis is performed for unbalanced faults, including both two-phase and single-phase 

cases. To construct 𝔻, a total of 1819 simulations are carried out, with the unbalanced fault types 

(AB, BC, or CA) selected randomly. The system state data at the clearing time is recorded and 

subsequently used to estimate 𝜑̅ through the wKNN approach. Due to the comparatively lower 

severity of these fault types, only about 12% of the scenarios exhibit instability. 

 

Table 4.6 summarizes the fault-on trajectories considered in the analysis, with the corresponding 

fault occurrences indicated in brackets. The wKNN approach consistently produces conservative 

CCT estimates across all evaluated scenarios, while the true CCT values are obtained through 

repeated time-domain simulations. As observed in the table, the trained model estimates remain 

within 16 ms of the true CCTs. Figure 4.15 illustrates the generator trajectories obtained using 

both the estimated and true CCTs, along with 𝜑̅(𝑡). For these faults, no multiple flips of the 

indicator function are observed, and therefore smoother predictions are not required. 

 

In addition to the LL faults, a similar analysis is conducted for LG faults. In this case, Buses 16, 

19, and 20 are observed to become unstable. The KNN model employed for LL faults is used to 

predict the CCTs of LG faults. The estimated CCTs for LG faults, presented in   consistently 

provide conservative values. The corresponding generator trajectories and estimator function are 

illustrated in Figure 4.16.  

 

 

Figure 4.16 Generator trajectories for single phase faults. 
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Table 4.7 Estimated CCT for single phase faults studied for 39 bus system 

Case Faulted Bus 𝑍𝑓 [Ω] Est. CCT [s] True CCT [s] Error [ms] 

A Bus 16 (CG) 10−10(2 + 9𝑗) 0.326 0.336 10 

B Bus 20 (AG) 10−8(30000 + 4𝑗) 0.166 0.175 9 

C Bus 19 (BG) 10−6(6 + 2𝑗) 0.159 0.1643 5.3 

 

For Case A, 𝜑̅(𝑡) exhibits spurious flips; however, since the CCT exceeds 150 ms, only the first 

zero-crossing instant is considered, without applying prediction smoothing. Furthermore, although 

the impedances used for training the models are fixed, evaluations across different impedance 

ranges demonstrate the robustness and efficacy of the methodology in determining the CCT. This 

is indeed the case, as the ROA is determined by the underlying system dynamics rather than 

specific impedance values. By leveraging the Koopman operator, these dynamics are captured in 

a form that generalizes effectively across different impedance conditions. 

 

Table 4.8 Estimated CCT for all fault types using single wKNN model 

Faulted Bus Type of fault Est. CCT [s] True CCT [s] Error [ms] 

Bus 16 

3 0.134 0.136 2 

2 0.228 0.241 13 

1 0.326 0.336 10 

Bus 19 

3 0.070 0.082 12 

2 0.138 0.142 4 

1 0.166 0.175 9 

Bus 20 

3 0.072 0.0893 17.3 

2 0.146 0.152 6 

1 0.159 0.1643 5.3 

Bus 10 
3 0.122 0.126 4 

2 0.214 0.224 10 

Bus 32 
3 0.106 0.103 -3 

2 0.178 0.177 -1 

Bus 33 
3 0.090 0.091 1 

2 0.162 0.164 2 

Bus 34 
3 0.076 0.080 4 

2 0.136 0.142 6 

 

Instead of employing separate KNN models for each fault type, a single KNN model is utilized to 

estimate the CCT. For this purpose, the datasets of three-phase and two-phase faults are combined, 

resulting in a total of 3,779 points, which are then used to train the wKNN model. The estimated 

CCTs for the same set of impedances are reported in Table 4.8 where the numbering denotes the 

fault type. The results show that all estimated CCTs are conservative, except for Bus 32. With the 

individual models, the estimates for Bus 32 were non-conservative under the three-phase fault and 

conservative under the two-phase fault, whereas the unified KNN model yields a non-conservative 

estimate. This suggests that incorporating additional fault scenarios into the dataset may improve 

the accuracy for this bus. Across all evaluated cases, the estimation errors remain within 16 ms; 
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however, for Bus 20, the error exceeds 0.6 of a fundamental cycle. The increased error is likely 

attributable to reduced relevance of the nearest neighbors, as the combined dataset introduces 

greater variability in the local neighborhoods. 

 

The proposed method demonstrates high reliability, yielding predominantly conservative estimates 

with only minor deviations into non-conservative predictions. Across different impedance ranges 

and fault types, the approach achieves conservative estimates in nearly 88% of cases with an 

average error of about 6 ms. Notably, instead of relying on a wide range of system states, the 

generator speeds and rotor angles alone are sufficient to capture the transient stability behavior, 

and the data-driven Koopman operator works precisely even in the IBR rich grid. 

4.5 240-bus WECC test system 

We extend our data-driven analysis to the 240-bus WECC system, illustrated in Figure 4.17 [70]. 

The system includes 109 synchronous generators and 37 IBRs. The synchronous machines are 

modeled using the GENROU dynamic model, supplemented with the SEXS exciter, IEEEST 

stabilizer, and a range of governor models (GAST, HYGOV, and TGOV1). The IBRs are 

represented using the REGCA1 generator model, REPCB1 electrical control model, and REPCA1 

plant control model.  

 

 

Figure 4.17 Full view of 240-bus WECC system. 
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Table 4.9 Estimated CCT for 240-bus WECC system 

Case Faulted Bus 𝑍𝑓 [Ω] Est. CCT [s] True CCT [s] Error [ms] 

A 1032 10−11(20000 + 12𝑗) 0.136 0.143 7 

B 1034 10−7(80 + 4𝑗) 0.118 0.127 9 

C 1431 10−12(2 + 900000𝑗) 0.291 0.3 9 

D 1331 10−8(80000 + 1𝑗) 0.2496 0.2573 7.7 

E 1131 10−10(400000 + 9𝑗) 0.289 0.297 8 

F 2030 10−4(5 + 5𝑗) 0.195 0.206 11 

G 2130 10−9(1 + 3000𝑗) 0.268 0.271 3 

 

 

Table 4.9 lists the faults we consider. Assume that the pre- and post-fault systems are the same. 

We simulated the system in PSSE, and the true CCT was obtained through repeated time-domain 

simulation implemented in PSSE. To implement the time-averaging approach, we generated 𝔻 by 

creating faults at 55 generator buses (some of which consists of IBR plants also) along five fault-

on trajectories with fault impedances being [10−4 + 10−12𝑗, 10−6 + 10−4𝑗, 10−8 +
10−6𝑗, 10−12 + 10−12𝑗, 10−12 + 10−4𝑗] Ω. A total of 10 clearing instances between 5c and 20c 

are chosen on a logarithmic scale. Thus, a total of 55 ×  5 ×  10 =  2750 simulations were 

carried out. The rotor speed and angles of all the generator buses are recorded at the instant of fault 

clearing. The wKNN model is trained using these data points.  

 

Table 4.9 summarizes the estimated CCT values for the test scenarios, with indicator functions 

plotted in Figure 4.18. Consistent with the 39-bus analysis, the evaluation employs a range of 

impedances not included in training to validate the accuracy of the proposed method. The results 

indicate that the model produces conservative CCT estimates, with errors of less than one 

fundamental cycle. Figure 4.19 presents the corresponding generator trajectories (𝜔) for Cases A 

through C, comparing faults cleared at both the estimated and true CCTs. As shown, trajectories 

diverge when faults are cleared at the true CCTs. Although multiple states are available from the 

synchronous generator and IBR models, rotor angle and speed alone are sufficient for accurate 

CCT estimation. Incorporating IBR states does not adversely affect the results; however, it 

increases input dimensionality and can become cumbersome for larger systems. 

 

The developed methodology ensures conservative CCT estimates, regardless of variations in IBR 

and generator control loops. Using only black-box simulation data and without requiring detailed 

modeling information, the approach delivers a balanced and dependable solution for transient 

stability assessment. 
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Figure 4.18 The indicator functions obtained for the 240-bus WECC system. 

 

Figure 4.19 Generator trajectories for Case A through C faults listed in Table 4.9.  
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Table 4.10 Summary of simulation studies conducted across different test systems 

Test System Software Used Simulations Performed Comments 

IEEE 39-bus (no 

IBRs) 

PSSE 29,250 Balanced three-phase 

faults 

IEEE 39-bus (IBRs) PowerFactory 1,950 per fault type — 

total 5,850 

Balanced and 

unbalanced faults 

considered 

240-bus WECC 

system 

PSSE 2,750 Balanced three-phase 

faults 

 

Table 4.10 provides a brief summary of simulations performed for the test systems considered. 

The IEEE 39-bus system without IBRs was simulated in PSSE with only balanced three-phase 

faults considered, resulting in 29,250 cases. For the IEEE 39-bus system with IBRs, simulations 

were performed in PowerFactory, with 1,950 cases per fault type. Since both balanced and 

unbalanced faults were included, the total number of simulations reached 5,850. From these 

simulations, it was observed that faults at generator buses tend to be more severe. Based on this 

observation, for the 240-bus WECC system we limited the evaluation to generator buses, where 

IBR plants were also present. For this large-scale system, 2,750 balanced three-phase fault cases 

were simulated in PSSE. This structured approach ensured methodological consistency while 

enabling direct comparison between conventional and IBR-rich system behaviors. 

4.6 Practical insights and Computation burden 

In both conventional and IBR rich power systems, three phase faults remain the most severe type 

of disturbance as they impose the deepest voltage depression and the greatest overall stress on the 

network. However, our simulations indicate that in grids with high levels of IBRs the impact of a 

fault is determined less by its type and more by its location. This is because IBRs provide limited 

and location dependent fault currents with their response strongly influenced by control and 

protection settings. As a result, faults occurring at weak grid locations or close to large IBR plants 

are particularly critical since they expose low short circuit strength and can trigger adverse 

converter grid interactions. This shows that in modern systems, location sensitivity must be 

considered as carefully as fault type when assessing transient stability. 

 

From a practical standpoint, the data-driven Koopman framework shows that stability margins 

such as CCT can be estimated directly from black-box simulators without requiring detailed 

vendor models, which is critical in IBR-dominated grids. It enables faster contingency screening 

compared to brute-force simulations, offers flexibility in how data is used, and extends naturally 

to hybrid EMT–phasor studies that utilities already employ. Validation across different platforms 

further highlights its potential as a practical and scalable tool for real-world stability assessment. 

 

Compared to brute force time domain simulation, the data driven Koopman framework offers a 

much more efficient pathway to estimating CCT. Traditional approaches require repeating 

multiple nonlinear simulations for each new contingency and clearing time which makes wide area 

studies computationally burdensome and impractical for online use. By contrast, the Koopman 

method uses an initial set of simulated trajectories to construct a linear operator in a lifted space 

that captures the system dynamics. Once trained, this operator can be reused across contingencies 
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allowing new CCT estimates to be obtained directly through linear propagation rather than 

rerunning full nonlinear simulations. The use of active datasets further improves efficiency since 

data can be selected or updated strategically to capture the most informative operating conditions, 

reducing the number of simulations needed while maintaining accuracy. 

 

It is important to note that the Koopman framework does require an upfront investment in 

generating and training on simulation data. This initial cost can be significant but once the operator 

is built it can be applied across fault types locations and operating conditions making the marginal 

cost of additional stability assessments negligible. In practice this reusability is what delivers 

scalability since the same Koopman model supports many queries at almost no added 

computational cost. 

 

Both brute force simulation and the Koopman approach can benefit from parallel computing but 

in different ways. For brute force methods parallelization reduces wall clock time by allowing 

many contingencies to be simulated at once yet the per contingency burden remains high since 

each CCT search requires multiple nonlinear runs. For Koopman the generation of training data 

can also be parallelized and once training is complete inference for new contingencies is essentially 

instantaneous and does not depend on processor count. This makes the Koopman framework well 

suited for large scale contingency screening and near real time security assessment in IBR rich 

grids. 
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5. Conclusions 

In this work, we developed data-driven methods for transient stability analysis in power systems 

that circumvent the need for explicit analytical equations of system dynamics. We demonstrated 

that the unit eigenfunction of the Koopman operator can effectively identify the ROA of a stable 

post-fault equilibrium point. Furthermore, we established a connection between the unit Koopman 

eigenfunction and numerical integration techniques, which are widely adopted in industry, and 

leveraged this property to estimate the CCT of a fault. 

 

To estimate the unit eigenfunction from simulation data, we proposed two complementary 

approaches: the time-averaged method and the kernel method. The time-averaged method requires 

longer simulation trajectories but is computationally lightweight, whereas the kernel method 

operates with shorter snapshot bursts but entails a more involved computation. 

 

A key advantage of the proposed framework is its explicit reliance on data rather than detailed 

system models. This is particularly valuable in IBR dominated systems, where components are 

often represented as input–output black-box models and little to no information about internal 

dynamics is available. By utilizing only a black-box simulator, the developed methods enable 

practitioners to evaluate transient stability in such settings. We demonstrated that the methodology 

extends naturally to hybrid co-simulation power system models, highlighting its versatility and 

practical relevance for modern grids. Finally, the efficacy of the proposed approach is validated 

through four power system case studies simulated across different platforms. 

5.1 Future Work 

The present work evaluates transient stability assessment of the modern power grids using data-

driven methods. Based on this analysis, the following future research directions are proposed: 

1. As IBR integration increases, utilities face a growing need to employ full-scale EMT 

simulations to assess grid stability. A key direction of this work is to evaluate the 

performance and adaptability of the proposed methods when applied to EMT data. While 

the current study focused on CCT estimation using RMS and hybrid models, EMT-based 

validation was not performed. Given the high necessity of EMT simulations, it is important 

to investigate the adaptability of the data-driven methods and determine the level of 

additional system detail required. Ultimately, this should help to determine whether full-

scale EMT is necessary, or whether appropriately tuned hybrid models are sufficient for 

reliable stability assessment. 

2. The present study focused on CCT estimation under a 25% IBR penetration level. Future 

work should aim to develop nomograms that capture the influence of varying penetration 

levels and IBR control parameters on system responses to fault events. Such insights would 

provide grid operators with practical tools to ensure secure and reliable grid operation. 

3. Future work will focus on using linear tools in lifted models to better map stability regions. 

This will help identify how the ROA evolves with operating conditions and fault events, 

providing deeper insights into system security. In particular, ROA boundary sensitivity 

with respect to transfer flows and IBR injections will be analyzed to determine stability 

limits for critical contingencies under fixed fault clearing times. Additionally, examining 
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the eigenvectors of key functions will help reveal interactions among system states, 

offering deeper insight into the dynamics that govern stability. 

4. Up to this point, the stability study has focused on GFL inverters. Future work should 

incorporate GFM controls and investigate how the interaction between GFMs and GFLs 

affects data-driven stability assessment. In addition, the role of GFM states in enhancing 

stability characterization should be evaluated, with particular attention to scenarios 

approaching a 100% IBR-based grid, where IBR-driven instabilities may emerge. 

5. Another promising direction is to study how IBR control loop parameters influence 

stability assessment. New datasets reflecting different control specifications will be 

generated and combined with existing data to evaluate their effect on CCT estimation. The 

objective is to construct a parameterized data-driven model that incorporates controller 

details, enabling more accurate and flexible stability assessments.  
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