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Å Background, overview and motivation

Å Dynamics and challenges in converter dominated systems

Å Explainability of ML models and functional approximations

ï Going beyond the notion that ML models are just black-box predictors (10 slides on SHAP)

Å Functional approximations from ML models

ï One step even further: Getting functional approximations using symbolic regression and KANs

Å Causal ML ï Can we go beyond finding correlations?

Å Decision support

ï Embedding detailed stability constraints in optimisation

Å Control

ï Reinforcement learning for emergency control

Å Topology: Spatio-Temporal Graph Neural Networks including the propagation of dynamics

Å Bonus: Defining ñsmall-signal system strengthò

Outline



Power system dynamics under increasing uncertainty and complexity



Power system transformation on the way to achieving net zero

Redefining 
Dynamic Security 

Assessment

Dynamic 
behaviour

Proof of concept 
applications

Data-
driven 

methods

- Key driver for net zero

- System needs and services for secure and 

economic operation

- Enhanced monitoring, situational awareness 

and control

- Detailed dynamics

- Deal with complexity and uncertainty

- Appropriate models and 

simulation frameworks to 

represent increasingly complex 

dynamic behaviour

- Investigate new dynamic 

phenomena, instabilities and 

new control approaches (black 

box vendor models)

- Dynamics of active distribution 

networks

- Resilience ï cascading events

- Work with industrial partners and ML experts

- Fine-tune and test methods and tools

- Applications in control room

- Measurements and machine learning

- As detailed as possible, real-time 

representation of power system dynamics

- Explainability/interpretability - Confidence 

and trust but also understanding

- Enable fast control and dynamics-aware 

optimisation

- Augment state of the art tools ï what is the 

limit?

https://manchesterprize.org/grid-stability/

University of Manchester 
spin-out company

https://manchesterprize.org/grid-stability/
https://manchesterprize.org/grid-stability/
https://manchesterprize.org/grid-stability/


Å Power systems are dynamic nonlinear systems

Å Arguably one of most complex man-made systems

Å Up to hundreds of differential equations

Å Numerical integration methods ï simulations

Å Timescales from <ms up to tens of seconds

Å Computationally intensive

Power system security under increasing complexity and uncertainty

Increasing Complexity Increasing Uncertainty

ÅVery different dynamic behaviour of new technologies and 

high number ï need for detailed models

Å Power electronic interfaced (wind, solar, batteries, HVDC 

links, electric vehicles, electrolysers)

Å Smaller timescales ï faster dynamic phenomena

Å Governed by control

Å Strong nonlinearities and hybrid dynamics ï limiters, discrete 

control changes

ÅMillions of devices (solar PV, wind farms, batteries, EVs)

ÅñExplodingò search-space of possible operating conditions 

Å Intermittent energy sources and social behaviour

Å Billions of cases if we want to do exhaustive search

Å Affecting operational and planning timescales

Power system dynamic studies

ÅMachine learning and data-driven methods

Å increased visibility, enhanced control, decision support, 

automation

ÅStability, security, and resilience improvement

Å Understanding and mitigating widespread events

ÅMaximise integration of low/zero carbon technologies

Å Cost efficient manner

Dynamics increasingly important 



Power System dynamics under increasing 

complexity and uncertainty

Á Modelling and representation of dynamics

ï Characterise systematically mechanisms of instability

ï Importance of investigating multiple operating conditions and understand sensitivities - 

data-driven and probabilistic approaches

ï Appropriate modelling frameworks (EMT, EMT-RMS, dynamic phasors, hybrid modelling) [4]

Á New types of dynamic phenomena and oscillatory interactions

ï Control governing dynamic behaviour and challenges with black-box vendor models (grid 
forming converters)

ï Fundamental understanding: under what conditions, in which locations, what devices

ï How to mitigate? ï damping control, discrete control modes (e.g. for weak grid), sync. 
comp., operational constraints ï services

Á Impact on system stability (transient, voltage and frequency)

ï Complex impact with respect to location, control parameters, etc.

ï Not straightforward to understand critical operating conditions and faults

ï Low inertia and locational aspects more pronounced

[1] U. Markovic, O. Stanojev, P. Aristidou, E. Vrettos, D. Callaway and G. Hug, "Understanding Small-Signal Stability of Low-Inertia Systems," IEEE Trans. Power Syst., vol. 36, no. 5, pp. 3997-4017, Sept. 2021.
[2] L. Fanet al., "Real-World 20-Hz IBR Subsynchronous Oscillations: Signatures and Mechanism Analysis," IEEE Trans. Energy Conversion, 2022, doi: 10.1109/TEC.2022.3206795.
[3] L. I. Benedetti, A. Egea-Àlvarez, R. Preece and P. N. Papadopoulos, "Enabling Characterisation of Dynamic Interactions With Probabilistic Small-Signal Analysis in Converter-Integrated Power Systems," in IEEE Transactions on 
Power Systems, vol. 41, no. 2, pp. 942-954, March 2026, doi: 10.1109/TPWRS.2025.3612972.
[4] L. Benedetti, P. N. Papadopoulos and A. Egea-Àlvarez, "A Modal Contribution Metric for Quantifying Small-Signal Variability in Power Systems With Converter-Interfaced Generation," in IEEE Transactions on Power Systems, vol. 
40, no. 3, pp. 2636-2647, May 2025, doi: 10.1109/TPWRS.2024.3500786.

Canada, Hydro One 

(20 Hz, PVs, current control) [2]

Australia, AEMO 

(19 Hz, PVs, PLL-shunts) [2]



Dynamics and modelling needs for Active Distribution Networks

Å Active Distribution Networks

ï Lack of situational awareness and equivalent model parameter sensitivity

ï Data-driven methods for extraction of representative parameters

ï Electric Vehicles (and Heating) changing the mix and dynamics of load 

(uncertainty due to social behaviour)

Å Electric Vehicles and Data Centres

ï Typical dynamic load model structures might not be adequate

Å Interaction and services at the interface with transmission

ï How can we confidently procure services from distributed resources 

(generation, EVs, flexible demand) without activating constraints

ï Providing aggregation information to the ESO for dynamic studies

Typical profiles for a) load, b) wind, c) PVs

CCT for a typical day, modelled with and without 

accounting for ADN

EV responses for different control parameters

[1] I. S. Lamprianidou, R. I. Hamilton and P. N. Papadopoulos, "Impact of Active Distribution Network Modeling Approaches on 
Transient Stability Through Sensitivity Analysis," in IEEE Transactions on Power Systems, vol. 41, no. 1, pp. 572-584, Jan. 2026, 

doi: 10.1109/TPWRS.2025.3589751.

[2] G. A. Barzegkar-Ntovom, E. O. Kontis, T. A. Papadopoulos and P. N. Papadopoulos, "Methodology for Evaluating Equivalent 
Models for the Dynamic Analysis of Power Systems," in IEEE Transactions on Power Delivery, vol. 37, no. 6, pp. 5059-5070, Dec. 

2022, doi: 10.1109/TPWRD.2022.3167136.

[3] Hengqing Tian, Eleftherios O. Kontis, Georgios A. Barzegkar-Ntovom, Theofilos A. Papadopoulos, Panagiotis N. Papadopoulos, 
ñDynamic modeling of distribution networks hosting electric vehicles interconnected via fast and slow chargers, International Journal 

of Electrical Power & Energy Systems, Volume 157, 2024, 109811, ISSN 0142-0615, https://doi.org/10.1016/j.ijepes.2024.109811. 



A simple example

Change in 

critical bus

R. I. Hamilton, P. N. Papadopoulos, K. Bell, ñAn Investigation into Spatial and Temporal Aspects of Transient Stability in Power Systems with Increasing Renewable Generationò, 

International Journal of Electrical Power and Energy Systems, vol. 115, February 2020.



Can machine learning help keep the system secure?

Å Existing physics-based approaches

ï Based on first principles

ï Power Flow, Optimal Power Flow

ï Time domain simulations (RMS, EMT), eigen-analysis, bifurcation analysis

ï Analytical methods for stability: excellent understanding and insights but usually require 
simplifications/assumptions

Å Increasing complexity and uncertainty

ï Renewables, Electric Vehicles, converter-interfaced ï very different dynamic behaviour

ï New dynamic phenomena, not well understood, requiring a lot of modelling detail

ï A lot more scenarios to investigate ï better understanding of risks and/or more cost-
efficient operation

Å What can Machine Learning do?

ï Speed up security/stability assessment ï up to 1000s of times (with the downside of 
getting it wrong sometimes)

ï Help in getting insights into complex underlying behaviours

P. N. Papadopoulos, S. Chatzivasileiadis and A. Marot, "Can Machine Learning Help Keep the System Secure? Power Systems and Change - Addressing the Increasing 

Complexity and Uncertainty During the Energy Transition," in IEEE Power and Energy Magazine, vol. 22, no. 6, pp. 100-111, Nov.-Dec. 2024, doi: 10.1109/MPE.2024.3421388.

We can consider 

stability/dynamics when 

computational effort does 

not currently allow us



How can machine learning help security assessment?

Å Key advantage is speed and fast screening (up to 1000s of times faster)

ï Planning stage ï too many scenarios (not enough time)

ï Operational time (closer to real time) ï not enough time (a lot of scenarios to 

run on given time)

ï Need to balance hidden risks or over-securing (which comes at a cost)

Å Situational awareness 

ï Fast calculation of stability status/metrics

Å Decision support

ï Offer options/insights

ï Optimisation (while considering detailed dynamics)

Å Control (in cases where we canôt do much with current tools)

ï Millions of devices

ï Fast corrective actions

Control

Decision 
support

Situational 
Awareness



Stability/security assessment using machine learning

[1] L. Wehenkel, T. V. Cutsem and M. Ribbens-Pavella, "Artificial intelligence applied to on-line transient stability assessment of electric power systems,"1986 25th IEEE Conference on Decision and Control, Athens, Greece, 1986, pp. 
649-650, doi: 10.1109/CDC.1986.267413.
[2] R. I. Hamilton and P. N. Papadopoulos, "Using SHAP Values and Machine Learning to Understand Trends in the Transient Stability Limit," inIEEE Transactions on Power Systems ,doi: 10.1109/TPWRS.2023.3248941.

Å Methods that take steady-
state ñsnapshotò as input: 
Find a mapping between 
input operating conditions 
and specific stability 
metrics

ï Binary (safe/unsafe) or 
multiclass classification

ï Regression ï calculation of 
a stability metric (e.g. 
critical clearing time or 
locational/regional RoCoF 
and nadir)



Stability/security assessment using machine learning

Å Methods that take a time 
window as input ï closer to 
real time

ï Binary/multiclass classification

ï Useful for screening

ï (Mostly) corrective control

ï Special protection schemes

Å Performing simulations 
faster

ï Physics-Informed NNs

V
o

lta
g
e

F
re

q
ue

n
cy

Simulated or 

PMU data

Time

Prediction window (time series inputs)

[(NSG2-UV), (NSG3-UV), (NSG1-UV), (G2-UV), (Load_C-UF), (Load_A-UF), (Load_B-UF), (G3-US), (G1-US)]

Component that trips (e.g. wind farm 2)
Reason for tripping (e.g. under-voltage)

1st event 2nd event 3rd event

Example of a cascading 
event:

Trained time-series ML model Å Binary classification: a 
cascade will happen or not

Å Multiclass classification: 
reason for upcoming cascade 

(e.g. under-voltage or out of 
step)

Å Fast screening 
(operational and 

planning 
timescales)

Å Corrective control

Å Dynamics and control 

(including discrete control 

actions)

Å Protection devices (voltage, 

frequency, out of step)

Å Tap changers

Å Under-frequency load 

shedding

Å Operational scenarios (load 

and renewable uncertainty)

[1] Georgios A. NakasΣ tŀƴŀƎƛƻǘƛǎ bΦ tŀǇŀŘƻǇƻǳƭƻǎΣ άhƴƭƛƴŜ ƛŘŜƴǘƛŦƛŎŀǘƛƻƴ ƻŦ ŎŀǎŎŀŘƛƴƎ ŜǾŜƴǘ ǎŜǉǳŜƴŎŜǎ ƛƴ ǇƻǿŜǊ ǎȅǎǘŜƳǎ ǳǎƛƴƎ ŘŜŜǇ ƭŜŀǊƴƛƴƎΣέ LƴǘŜrnational Journal of Electrical Power & Energy Systems, Volume 169, 2025, 
110717, https://doi.org/10.1016/j.ijepes.2025.110717.
[2] Jochen Stiasny, Baosen Zhang, Spyros ChatzivasileiadisΣ άPINNSim: A simulator for power system dynamics based on Physics-LƴŦƻǊƳŜŘ bŜǳǊŀƭ bŜǘǿƻǊƪǎΣέ 9ƭŜŎǘǊƛŎ tƻǿŜǊ {ȅǎǘŜƳǎ wŜǎŜŀǊŎƘΣ ±ƻƭǳƳŜ норΣ 2024, 110796, 
https:// doi.org/10.1016/j.epsr.2024.110796.



CHARACTERISING NEW TYPES OF DYNAMIC 

PHENOMENA

Probabilistic small signal stability assessment ï how do oscillatory modes behave across a 

range of different operating conditions?

[1] P. N. Papadopoulos and J. V. Milanoviĺ, "Probabilistic Framework for Transient Stability Assessment of Power Systems With High Penetration of 
Renewable Generation," in IEEE Transactions on Power Systems, vol. 32, no. 4, pp. 3078-3088, July 2017, doi: 10.1109/TPWRS.2016.2630799.

[2] L. I. Benedetti, A. Egea-Àlvarez, R. Preece and P. N. Papadopoulos, "Enabling Characterisation of Dynamic Interactions With Probabilistic Small-
Signal Analysis in Converter-Integrated Power Systems," in IEEE Transactions on Power Systems, vol. 41, no. 2, pp. 942-954, March 2026, doi: 
10.1109/TPWRS.2025.3612972.

[3] L. Benedetti, P. N. Papadopoulos and A. Egea-Àlvarez, "A Modal Contribution Metric for Quantifying Small-Signal Variability in Power Systems 
With Converter-Interfaced Generation," in IEEE Transactions on Power Systems, vol. 40, no. 3, pp. 2636-2647, May 2025, doi: 
10.1109/TPWRS.2024.3500786.



Power system small-signal modelling

ÅLinearised models, analysis of which is valid in a small region around the 

operating point.

ÅUseful because it allows us to:

ïapply linear analysis techniques (we focus on eigenvalue analysis),

ï identify instabilities and/or problematic oscillations,

ïcharacterise oscillations/interactions/instability based on participation factors,

ï tune and/or design control systems (e.g., through parametric sweeps or more complex 

optimisation algorithms),

ÅNot useful for:

ïNonlinear dynamics, limit cycles, hybrid dynamics



Eigen-analysis

State-space representation
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Linearise using Taylor approximation and 
discarding all terms above first order
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Eigenvalues of state matrix, ═, 
correspond to system poles

Real part gives 1/damping time 
constant and imaginary part 
gives oscillation frequency

Stability requires all 
negative real parts
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Right eigenvector (mode shape)*: 

On which states does a mode show 

up? 

Left eigenvector: 
How much does the variation of 

a state excite each mode?

Participation factor: 
combined effects of left and 

right eigenvectors

*Often used to determine which states are swinging with or 

against (in or out of phase to) each other. E.g., interarea vs. 

local modes
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EigenvectorsEigenvalues

Small-signal modelling



Small signal dynamics with high converter penetration

Å Increase of variable renewable energy-sourced 
generation

Å Increasing range, and uncertainty, of operating point

Å Higher complexity, different control implementations 
(especially for GFM)

Å Investigate multi-machine (small-signal) interactions 
and impact of varying system parameters
ï Different choices of controller architecture for GFM and GFL

Å How do new types of oscillations (e.g. SSOs) behave or 
change?

Å Deterministic linear analysis around a single operating 
point is insufficient
ï E.g., eigenvalues can vary significantly, and in complex 

patterns

ï Can miss instability, mischaracterise novel interactions, and 
misinform design choices

Embedded wind and solar generation over a single day (8th August 2024), 

taken from National Energy System Operator Data Portal [1].

[1] National Energy System Operator, NESO Data Portal, https://data.nationalgrideso.com/, accessed Jul. 17, 2024.



Eigenvalues varying with the operating point.

Å Increase of variable renewable energy-sourced 
generation

Å Increasing range, and uncertainty, of operating point

Å Higher complexity, different control implementations 
(especially for GFM)

Å Investigate multi-machine (small-signal) interactions 
and impact of varying system parameters
ï Different choices of controller architecture for GFM and GFL

Å How do new types of oscillations (e.g. SSOs) behave or 
change?

Å Deterministic linear analysis around a single operating 
point is insufficient
ï E.g., eigenvalues can vary significantly, and in complex 

patterns

ï Can miss instability, mischaracterise novel interactions, and 
misinform design choices

Small signal dynamics with high converter penetration



Probabilistic small-signal interaction analysis 

framework

Å Monte-Carlo analysis

Å Large, complex systems

Å Huge amounts of data
ï E.g., eigenvalues, eigenvectors & participation 

factors

Å A framework to condense the data into the key 
distinct dynamic phenomena (interactions) 
present on the system, across the full operating 
range.
ï Clustering based on participation factors.

Å Furthermore, it enables characterisation and 
probabilistic analysis  of the identified distinct 
dynamics.
ï Stability-weighted participation index (SWPI)

L. I. Benedetti, A. Egea-Àlvarez, R. Preece and P. N. Papadopoulos, "Enabling Characterisation of Dynamic Interactions With Probabilistic Small-Signal Analysis in Converter-

Integrated Power Systems," in IEEE Transactions on Power Systems, vol. 41, no. 2, pp. 942-954, March 2026, doi: 10.1109/TPWRS.2025.3612972. ïpre-print

https://pure.manchester.ac.uk/ws/portalfiles/portal/1632359979/main_final.pdf
https://pure.manchester.ac.uk/ws/portalfiles/portal/1632359979/main_final.pdf
https://pure.manchester.ac.uk/ws/portalfiles/portal/1632359979/main_final.pdf


Uncertainty Sampling

K-means Clustering

Å Sample uniform 

distribution: 0 ï 47 (i.e., 

half hourly periods)

ÅMean value of final 

distribution: value of 

demand curve at 

sampled time period

Å Final distribution

Å Add Gaussian with 

σ„ πȢρ ‘
Å Independent sampling

Å (similar procedure for 

wind generation)

Å Monte Carlo simulation -> too many modes to 

analyse!

Å Mode tracking does not apply due to random 

variation of operating point

Å Clustering based on participation factors (PFs)

Å i.e., modes within cluster have similar PF-

based characteristics

Å K-means (along with elbow method)

Å Only input data matrix (PF vectors for each 

mode) required.

Å Does not need heuristic tuning of parameters 

such as Euclidean distance (difficult with high 

dimensional data, i.e., PFs)

Å Limitation: sensitive to initialisation of cluster 

centroids

Å Use k-means++ seeding

Å Use multiple-initialisations approach

Å Run with lowest within-cluster-sum-of-

squares is chosen

Sampled 
mean

Sampled 
time

Probability 
Density

Time period

Time period

Probability 
Density

Demand

Demand

Sampled 
mean



Category-participation factors (PFs)

ὔ  is the number of states in category c. ᴆ‍  

is the vector of indices for the specific states.

ÅAssign states to user-defined 

categories

ÅSum of PFs of states assigned to 

those 

Ådynamic phenomena, 

Å types of generator

Å individual generators, 

controllers, etc.

Systematic characterisation ï defining categories of interest



Stability Weighted Participation Index (SWPI)
ὔ  is the number of modes 

assigned to the cluster being 

characterised. ᴘ‗  is the 

real part of the Ὧ  mode in 

the cluster. ὔ  is the number 

of categories. The  

operator is min-max 

normalisation.

Numerator is the sum of weighted 

[by ᴘ‗  category-PFs. The 

denominator is 2-norm 

normalisation (SWPI of all 

categories adds up to 1).

Systematic characterisation (SWPI)



Application of proposed 

framework 1
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Modified IEEE 39-bus.

2 GFMs, 7 GFLs, 1 SG

Grid-following (GFL) control
Grid-forming (GFM) control



Application of the proposed framework

Key identified mode clusters Characterisation of mode clusters

Probabilistic analysis of mode clusters

Stability-weighted participation index (SWPI)

enables participation factor-like analysis of mode 

clusters.

What interactions do the clusters represent?

Modes grouped 

based on similar 

participation factor 

characteristics,

using K-means 

clustering

Can observe 

likelihood of a mode 

cluster to:

Å Be unstable

Å Be below a stability 

margin threshold

Å Exist for any given 

operating point



Å SSO related to Inner 
Voltage Controllers of GFMs

Å Closed-loop time constant of 
IVC 7.5ms- 10.44ms (black 

to red)
Å Realistic tuning

Å Probabilistic analysis for 
10.44ms

Å 69% probability of 
instability

Probabilistic analysis of destabilising sub-synchronous 

oscillations



Power system small-signal modelling: A MATLAB-

based tool and dataset

Å Linearised models, analysis in small region around 
an operating point.
ï identify instabilities and/or problematic oscillations,

ï characterise oscillations/interactions/instability based on 
participation factors,

ï tune and/or design control systems (e.g. through parametric 
sweeps or more complex optimisation algorithms),

Å EMT-level detail in dq0 (balanced)

Å Inputs required: MATPOWER case file and 
Dynamic parameters file.

Å Automatic (initialisation and library):
ï Can quickly initialise and generate small-signal models

ï A repository/library of components is provided (and users 
can add and/or edit as desired), including detailed grid-
following and grid-forming controllers.

Å Modular:
ï Easy to add or remove components to a system model.

Available to use under CC BY 4.0: L. I. Benedetti, 

A. Egea-Àlvarez, and P. N. Papadopoulos, ñPower 

system small-signal modelling tool in MATLAB,ò 

Mar 2025, University of Manchester, 

https://doi.org/10.48420/26502361.v1  

Dataset:  Benedetti, Luke; Egea, Agusti; Papadopoulos, Panagiotis 

(2024). Results Data: A Modal Contribution Metric for Quantifying 

Small-Signal Variability in Power Systems with Converter-

Interfaced Generation. University of Manchester. Dataset. 

https://doi.org/10.48420/26412331.v1.

https://doi.org/10.48420/26502361.v1
https://doi.org/10.48420/26412331.v1


NONLINEAR DYNAMICS AND 

BIFURCATION ANALYSIS

Grid-forming converter-induced sub-synchronous oscillations

L. Benedetti, R. Preece and P. N. Papadopoulos, ñBifurcation Analysis of Sub-Synchronous Oscillations Related to Grid-Forming Converter Inner Controllers," accepted at 

PowerUp conference 2026.



What is a bifurcation?

Å A qualitative change in system dynamics as 

parameters vary

ï E.g., equilibrium point stability change

ï Eigenvalue(s) crossing imaginary axis

Å Saddle-node bifurcation

ï Stable and unstable equilibrium 

collide and disappear

ï PV curve

ï Real-valued eigenvalue crossing

Å Hopf bifurcation

ï Oscillatory instability

ï Complex conjugate pair 
of eigenvalues crossing

ï Subcritical

ï Supercritical



Continuation

ÅNonlinear dynamical system in ODE 

form:

● █●ȟ▬

where █Ḋᴙ ᴙ ᴼᴙ  denotes a sufficiently 

smooth vector field with ὔ dynamic states, ●, and 

ὔ  parameters, ▬

ÅThe equilibrium point is

π █●ȟ▬

ÅWe want to trace the curve of solutions 

of the equilibrium point

ïAnd identify any bifurcations along the way!

Source: BifurcationKit.jl documentation

After solving for the initial equilibrium point ●:

Å Predictor:

Å Jacobian  Olinear estimate of how ● will 

change for small changes of ▬
Å Corrector:

Å Newton refines the guess

Actual algorithms are a little more sophisticated and robust, 

especially when continuing past saddle nodes, e.g., pseudo 

arclength continuation (PALC)

Aside: Continuation is much faster than defining a 

range of parameter values and initialising from 

scratch every time!



Case study: grid-forming converter strong grid 

instability

ÅSingle-machine infinite bus 

system

Å Sub-synchronous oscillation 

( ςπ (Ú in this case)

ÅDroop-based grid-forming 

converter

Inner current control Inner voltage control

Active power droop

Reactive power 

droop



Case study: grid-forming converter strong grid 

instability

ÅContinuation parameter: 

short circuit ratio

ÅWe can continue the Hopf point as 2 
parameters vary

ïGives stability boundary (provided no other 

bifurcation is present in the study region)

Å Strong grid Hopf bifurcation
ï Participation factors tell us the 

corresponding oscillation is related to 
inner voltage and current controllers of 
grid-forming converter

for Thevenin equivalent 

with ὠ ρ ÐÕ

Saddle node 

(voltage collapse)

†  inner current controller 5% settling time, 

†  inner voltage controller 5% settling time



Case study: continuation of the limit cycle 

(oscillation)

ÅThe strong grid Hopf is 

supercritical

ïThis can be determined using the 

normal form and centre manifold 

theory (out of scope)

ÅStable limit cycle emerges

ÅWe can continue the limit cycle 

to observe its behaviour

ÅEven for very small (further) 

increase of SCR, the oscillation 

grows rapidly



Current limiting and non-smooth dynamics

ÅNon-smooth elements such as current 

limiters are not immediately compatible 

with standard continuation tools

ïSmooth approximations 

Smooth approximation 

enables continuation past 

limit point

But introduces spurious Hopf 

bifurcation(s) at low SCR

Fails at limit point

Hopf

For this example, 

a back-

calculation-based 

anti-windup 

control is also 

included



Quick Summary

ÅPower system dynamics are complex, even more challenging with 

converter connected units

ïEspecially in large systems with several units

ÅNew phenomena with unknown behaviours

ÅBut also complex effect of converter dynamics on ñtraditionalò 

stability aspects/metrics



EXPLAINABLE MACHINE LEARNING AND 

POWER SYSTEM DYNAMICS

Gaining trust, insights and improving situational awareness



Complex phenomena, not easy to identify clear trends

Å Time-domain simulation

ï Linear/nonlinear/hybrid dynamics

ï RMS: models the system dynamic components with differential-algebraic 
equations, solving iteratively in time

ï EMT: captures additional transient details

Å Analytical methods

ï Less time consuming, very good insights but requires simplifications 

Å Explainable Machine Learning

ï Fast and accurate, but often óblack boxesô ï tradeoff between 
accuracy/interpretability

ï Has the potential to offer speed-up of assessment and also useful 
insights/understanding through explainability/interpretability

Å Transient/frequency stability but also other stability aspects

ï Locational aspects are becoming increasingly important

Stability assessment under increasing complexity and uncertainty
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Going beyond the notion that ML is just a powerful black-box predictor

https://arxiv.org/abs/2209.05793


Å SHAP builds a simpler (linear) explanation model of 
the original (non-linear) black-box model (model 
agnistic)

ÅUses (approximate) Shapley values defined as the average 
marginal contribution of a feature to all feature coalitions with that 
feature

ÅProvides feature effects

Å Local (for one operating scenario) and global (for all operating 
scenarios) explanations

Å Reveals tendencies (no guarantee of causal relations)

• ὺ  

Ṗ ͵

ὛȦὈ Ὓ ρȦ

ὈȦ
 ὺὛ᷾ Ὥ ὺὛ

iôs Shapley value
Sôs weight

iôs marginal contribution

All possible subsets S to which i does not belong

i works with group S i does NOT work with group S

Å How is this concept extended to 
explain machine learning model 
predictions?

Å Focus on explaining the prediction Ὢ(ὼ) for a 
single sample ὼ

Å How do we remove the absent 
features?

ÅBaseline values 

ÅDistributional values (Marginal/conditional 
Shapley values)

Å How do we calculate Shapley 
values? 

ÅApproximation or assumption based

Shapley Additive Explanations (SHAP)



Goal: Explain the prediction Ὢὼ  for a single instance ●░▄ by attributing contributions to all feature values.

ML model

Ὢȡ ᴙ ᴼᴙ

Takes vectors as inputs

(all features)

Coalitional game

ὺȡ ς ᴼᴙ

Takes sets of 

players as inputs

ḛ

1. The mismatch 2. The key challenge & idea

We cannot remove features (input size is fixed).

We simulate óabsenceô using a reference mechanism.

ὺ Ὓ= ὪὬ Ὓ

3. Hybrid input Ὤ Ὓ 

Ὤ Ὓ
ὼ ,                             

Ὦɴ Ὓ
reference value, Ὦɵ Ὓ

Keep features in Ὓ at their observed values ὼ ;

replace absent features (not in S) with a reference.

4. Two ways to choose the reference for absent features

Ὤ Ὓ
ὼ ,  Ὦɴ Ὓ

ὼ , Ὦɵ Ὓ

base

Reference: fixed baseline

 ὼ  ɴᴙ

Ὤ Ὓ
ὼ ,         Ὦɴ

Ὓ
8Ḑὖᶻ, Ὦɵ Ὓ

dist

Reference: draw absent 

features from a distribution ὖᶻ

Baseline values 
(deterministic)

Distributional values 
(probabilistic)

Takeaway: By constructing ὺ Ὓ = ὪὬ Ὓ  via a reference mechanism we turn the ML model into a set function 

over feature value subsets.

 ᶅfeature Ὦ: 

Shapley value concept for explaining ML model predictions



ὼ  
Baseline choices & trade-offs

Å An all-zeros baseline

Å An average across features

Å A baseline drawn from a uniform distribution

ṉ Simple to implement

ṍ   Baseline heavily influences attributions; no neutral baseline, 

especially for tabular data

ṍ     Off-manifold evaluations ð Ὤ Ὓ may lie outside the data 

distribution

ὼ ὼ ὼ ὼ

1 5 6 1

4 8 1 4

3 7 6 5

1 5 4 7

4 9 1 8

Training dataset
Original dataset with all features

Instance being explained
Row whose prediction is explained

ὼ ὼ ὼ ὼ

1 5 6 1
iex =

Present features (in S)

S:= 
{ὼ, ὼ}

Absent features (not in S)

D Sʌ=
{ὼ, ὼ}

Subset S

ὼ ὼ ὼ ὼ S:=D

ὼ ὼ ὼ S:={ὼ, ὼ, ὼ}

ὼ ὼ S:={ὼ, ὼ}

S:={ }ɲ 

é

╓ Possible subsets
ς ρφ

ὼ ὼ ὼ ὼ

0 0 0 0

9ŸƖƖĲƚƓŸŰĬŔŰŊШћŊċůĲќ
 ὺ Ὓ = ὪὬ Ὓ

ὼ ὼ ὼ ὼ

1 5 0 0ͯ

 The model is evaluated with the observed values ὼ  
for present features in S, while absent features (not in 
S) are replaced  according to the baseline value ὼ

Ὤ Ὓ

Baseline
Fixed reference (here: all zeros)

ὺὈ Ὢὼ

Ϟ

Ϟ

Ϟ

ὺᶮ ὪὼϞ

Defining absent features with a baseline value



ὼ ὼ ὼ ὼ

1 5 6 1

4 8 1 4

3 7 6 5

1 5 4 7

4 9 1 8

Training dataset
Original dataset with all features

Absent feature values sampled 
independently from present 

[ὖᶻȡὖὢ͵)]

Absent features sampled 
given present features 

[ὖᶻȡὖὢ͵ ὢ ὼ )]

ћ]ċůĲƚќа ὺ Ὓ = Ὁ ὪὬ Ὓ  ð Absent feature values drawn from distribution ὖᶻ 

ὼ ὼ

1 5 x

ὼ ὼ

6 1

1 4

6 5

4 7

1 8

ὼ ὼ ὼ ὼ

1 5 6 1

1 5 4 7

Present 
feature 
values

independence

Instance being explained
Row whose prediction is explained

ὼ ὼ ὼ ὼ

1 5 6 1
iex =

Present features (in S)

S:= 
{ὼ, ὼ}

Absent features (not in S)

D Sʌ=
{ὼ, ὼ}

ὺὛ

ὉὪ8 ὢ ὼ

ὺὛ

ὉὪ8 Ὠέὢ ὼ

Subset S

ὼ ὼ ὼ ὼ S:=D

ὼ ὼ ὼ S:={ὼ, ὼ, ὼ}

ὼ ὼ S:={ὼ, ὼ}

S:={ }ɲ 

é

╓ Possible subsets
ς ρφ

Marginal у Interventional Conditional у Observational

ͯ

ͯ

Ὤ Ὓ

Ὤ Ὓ

dist

Ϟ

ὺᶮ ὉὪὢϞ

Ϟ

ὺὈ ὪὼϞ

Defining absent features with distributional values



Unrealistic instances у 

off-manifold evaluations

In power systems Ą may violate 

physical laws (e.g., OPF)

Respects the data distribution у
on-manifold evaluations

In power systems Ą faithful to 

feasible operating points

Only gives credit to the features used by the model

•  π

Spreads credit among correlated features even if some of them are 

irrelevant to the model

Appropriate for understanding the functional form of the model Ὢ. Appropriate for understanding the underlying mechanism in data.

Marginal у Interventional Conditional у Observational

ṉ

ṉ

ṍ

ṍ

If model: Ὢὼȟὼ ὼ 

and ὼȟὼ: correlated

• π

•  π

• π

Absent features sampled independently of the present ones. Absent features sampled given the present ones.

Not for corrective actions Only as good as the model Approximation accuracy Computational cost

SHAP shows associations, not interventions    

(re-dispatching SG9 is informed by, but not 
prescribed by, a SHAP value).

Confidently-wrong explanations from poor 

models (hence the Sobol validation).

Generic estimators are approximate; the choice 

of estimator matters.

Exact Shapley is exponential in features; 

practical SHAP needs a smart estimator.

Marginal vs Conditional SHAP



1

Efficiency

Per-feature attributions sum to the 

prediction's deviation from the mean.

The SHAP values for all 

features sum exactly to the 

gap between the instance's 

prediction and the expected 

prediction.

В• ὺ ὺὈ  ὺᶮ

Ὢὼ   ὉὪὢ

2

Symmetry

Equal influence, equal attribution. 

Feature order is irrelevant.

Two features that influence the 

prediction identically across 

every coalition receive the 

same SHAP value.

If  ὺὛ᷾ Ὥ  ὺὛ᷾ Ὧ    

for all ὛṖὈ͵ ὭȟὯ,

then ⱴ  = ⱴ 

3

Dummy

Features that do not influence the 

prediction receive zero SHAP value.

A feature whose addition never 

changes the model's 

prediction, in any coalition, 

receives a SHAP value of zero.

If ὺὛ᷾ Ὥ  ὺὛ 
for all ὛṖὈ͵ Ὥ,

then ⱴ  = 0

4

Additivity

Decompose the model, decompose 

the explanation

If a model is the sum of two 

component models, each 

feature's SHAP value is the 

sum of its values in each 

component.

• ὺ ὺ   • ὺ + • ὺ

 ᴖBecause ὺ Ὓ = ὪὬ Ὓ  defines a valid coalitional game on the feature set,  all four 

Shapley axioms transfer to SHAP by construction  (Lundberg & Lee, 2017; Ġtrumbelj & 

Kononenko, 2014).

Ϟ  Convention: we follow Lundberg & Lee with ὺᶮ = ὉὪὢ Ȣ Equivalently 

(Molnar, 2023), one may centre the value function ὺὛ := ὪὬ Ὓ  ī 

ὉὪὢ ȟ giving v( )ɲ = 0. Both conventions yield identical ű.

Attributions are on the scale of the 

output ð directly readable as 

contributions to the prediction. 

Symmetry ensures correct 

interpretation of SHAP values order, eg, 

when ranking features using SHAP 

importance (sum of absolute SHAP 

values per feature).

No spurious attribution to features 

the model never uses.

For additive ensembles (eg, XGBoost), 

SHAP values are computed per tree 

and summed across the model. This is 

a key reason Tree SHAP is tractable.

Ϟ

SHAP inherits fairness axioms



Explainable ML (SHAP) for transient stability

ÅLocational ML models for CCT 

estimation

ïFocus on accuracy and minimization of 

maximum over-/under- estimation

ÅCovariance between features and 

SHAP values can reveal locational 

aspects

R. I. Hamilton and P. N. Papadopoulos, "Using SHAP Values and Machine Learning to Understand Trends in the Transient Stability Limit," in IEEE Transactions on Power Systems ,doi: 10.1109/TPWRS.2023.3248941.



 

TABLE II  
IMPACT OF ML  ALGORITHM ON ACCURACY METRICS FOR ALL LOCATIONS 

Performance Metric DT RF XGBoost ANN 

Average RSQ 0.9731 0.9815 0.9936 0.9932 

Average MSE (sec2) 0.0013 0.0008 0.0003 0.0002 

Average RMSE (sec) 0.0288 0.0228 0.0137 0.0110 

Max MOE (sec) 0.37 0.29 0.14 0.08 

Min MUE (sec) -0.32 -0.26 -0.13 -0.07 

Max MOE < 0.3 (sec) 0.14 0.11 0.03 0.01 

Min MUE < 0.3 (sec) -0.01 -0.01 -0.01 -0.01 

 

Locational Accuracy

???

Å Mostly motivated by improvement in maximum errors



SHAP ï local explanation

Expectation, ╔█●  (sec)

Prediction, █● (sec)

SHAP values, ░ꜚ (sec)

█● ╔█● В░
╜

░ꜚ 

?



SHAP ï global explanation
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SHAP and locational aspects



Example result of locational explanaibality

Å Covariance between features and SHAP values can reveal locational aspects

Å Increase in wind generation in area 3 (RES3) causes local increase of CCT in Bus 3 but decrease in Bus 28

RES3


