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The increasing complexity of modern power systems due to the high integration of Converter Interfaced Gener-
ation (CIG) challenges the effectiveness of current analytical frequency approaches, leading to instability risks
and a diminished understanding of local frequency dynamics. To address this, we propose a Machine Learning
(ML)-based technique, through Artificial Neural Network (ANN) to capture the frequency characteristics of the
system at a local level and SHapley Additive exPlanations (SHAP), an additive feature attribution method, to
enhance the understanding of the frequency dynamics. The proposed method further leverages these insights

SHAP to inform system optimisation models for secure generation dispatch. Validation results from time-domain
simulations conducted on a modified version of the IEEE 39-bus network indicate that the proposed method
can accurately identify important system variables shaping the local and global frequency stability boundaries,
and simple rules can be derived to guide the system optimisation for enhanced system security.

1. Introduction

The modern power system is undergoing an unprecedented trans-
formation due to the increased integration of Converter Interfaced
Generation (CIG). As Synchronous Generation (SG), which provides
essential inertia to mitigate against disturbances through the kinetic
energy stored in the rotating mass of the rotor, is displaced by CIGs,
new challenges arise because CIGs do not directly provide inertia.
Specifically, systems with high CIG integration experience increasingly
localised frequency dynamics compared to SG-dominated systems. As
a result, the conventional Centre of Inertia (COI) approach, which as-
sumes frequency as a global phenomenon, becomes less reliable [1-4].
For example, the Electric Reliability Council of Texas (ERCOT) used
the COI method to determine the inertia floor of at least 100 GW-s for
its network, while Great Britain and Ireland, using the same method,
calculated inertia floors of 135 GW-s and 23 GW-s, respectively [2].

The authors [5,6] attempt to address this analytically by proposing
the frequency divider (FD) method, which uses an augmented system
admittance matrix for estimating local bus frequency, including in sys-
tems with high CIG integration. Given a steady-state model where the
SGs frequencies determine the boundary conditions, the FD operates
on the principle that the frequency at a particular bus is affected by
power flows (by defining the quota of active power that contributes
to frequency variations of buses) and the dynamics of SGs connected
to it, weighted by electrical distances. The prediction of the location
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frequency response using the numerical derivative of the voltage phase
angle is proposed by [2]. In a study on the Texas7000 model, locational
frequency variations due to high CIG penetration were studied, and
the possibilities of local frequency violations undetectable to the COIL
were showcased. Validation simulation results demonstrate that the
proposed method can effectively capture these locational variations
analytically. However, while analytical methods demonstrate some po-
tential, application in modern large-scale interconnected power systems
can be computationally intensive, due to the solving of Differential
Algebraic Equations (DAEs) —making it challenging in situations where
fast assessment is necessary.

Measurement or data-driven approaches have also been proposed
in the literature to address the limitations faced by the aforemen-
tioned approaches. Data-driven techniques use Machine Learning (ML)
models to make predictions based on the learned relationships from
the training data —leading to fast estimation time and the learning
of ‘hard-to-model’ relationships. The Kalman filter was employed for
online estimation of the COI frequency response in the IEEE 39 bus
network by [7]. A model decoupling strategy was used by taking
generator active power outputs as inputs to the swing equation. The
proposed method can therefore easily be applied online for an adaptive
COI-based frequency response estimation. [8] employs a Nonlinear
Auto-Regressive (NAR) model based on an Artificial Neural Network
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(ANN) to predict the locational frequency nadir and the time the
nadir occurs in the Nordic 32 Test System. Using the post-disturbance
bus frequency samples as model inputs, the method achieves a high
degree of accuracy at every bus. Nonetheless, this approach requires
access to frequency measurements at every bus of interest to make
predictions, which may not always be available. Moreover, it cannot
be applied to predict the rate of change of frequency (RoCoF) —an
equally important frequency stability metric. Despite the numerous
data-driven applications in the literature, addressing different power
system challenges [9-12], the lack of model explainability remains a
significant challenge to their practical adoption [13].

In [14-16], the authors proposed using Interpretable Machine Learn-
ing (IML) techniques to enhance understanding of the entire transient
stability boundary. Both methods propose a location-based approach
in which an ML model is trained to predict the Critical Clearing
Time (CCT) at each busbar in the network. Thereafter, IML is used
to understand system variables affecting such boundaries at each fault
location and provide insights for transient stability enhancement mea-
sures. [14] achieves this using Decision Trees (DTs) and Permutation
Feature Importance (PFI). However, DTs may not always be able to
achieve high accuracy in more complex scenarios, and PFI is only
able to provide information regarding feature importance and not
feature effect. [16] goes a little further to address this limitation by
using SHapley Additive exPlanations (SHAP). SHAP can extract both
the importance of features and the effect on high-accuracy black-box
models like ANNs. SHAP values are therefore used to derive a detailed
location-specific understanding of what affects the transient stability
of the system. However, the work focuses only on transient stability
without going further from providing insights into creating a set of
formal rules that can be used in optimisation routines, as we are
proposing in this work.

Data-driven methods can establish complex relationships and are
considerably faster at online inference compared to RMS-Time Domain
Simulations (RMS-TDS) approaches [10]. TDS are computationally in-
tensive due to the iterative process of solving DAEs. However, the
level of detail TDS offers might be necessary for frequency stability
studies, due to the locational frequency characteristics becoming more
prominent in systems with high CIG penetration and low inertia. Based
on the literature above, three main challenges are observed: (i) explicit
representation of the emerging locational frequency dynamics to pre-
vent unforeseen local frequency violations remains underexplored, (ii)
current IML and explainable methods often focus on getting insights
related to dynamics by explaining the behaviour of the black-box mod-
els, and (iii) while the methods aim to uncover the underlying system
relationships, they do not sufficiently go beyond statistically explaining
the insights into verifying them by defining rules such as through
preventive actions, to quantify their effectiveness. In this paper, we go
beyond gaining insights by formulating SHAP-informed interventions
in the form of constraints to enhance system stability through targeted
preventive actions, with their final effectiveness validated via RMS-
TDS. Furthermore, our method addresses the current literature gap in
explicit representation of the emerging locational frequency dynamics,
which are increasingly critical in modern power systems with a high
share of renewables. By explicitly capturing and representing these
local dynamics through fast and yet accurate ML models, our approach
helps operators prevent unforeseen local frequency violations. Note
that while Phasor Measurement Units (PMUs) can provide locational
frequency measurements across the system for real-time monitoring
and postmortem analysis, they are not predictive like the proposed
method. This limitation leaves no room for preventive actions. More-
over, their high cost often limits widespread deployment, reducing
system visibility. In contrast, our models can effectively predict the sys-
tem’s responses to disturbances while achieving accuracy comparable
to RMS-TDS. The contributions of this work are therefore summarised
as follows:
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1. We propose an explainable ML-based approach that can cap-
ture the locational frequency dynamic response of power sys-
tems following the loss of the largest infeed and compare the
performance to the COI-based method.

2. Enhancing understanding of what drives/affects the system fre-
quency dynamics by uncovering potential system variables that
might impact the frequency stability boundary at both local and
global levels.

3. Introducing high-level constraints into optimisation models by
formulating insights from explainable ML models into actionable
preventive control actions for improving system stability.

2. Methodology

This section presents the methodology for understanding local fre-
quency characteristics using ML. This enables system operators and
planners to predict locational frequency metrics and identify key system
variables that shape the frequency stability boundary at any location
in near real-time, without requiring computationally intensive RMS-
TDS. Such an approach could also be useful in planning timescales,
where real-time is not as important, but when the number of scenarios
becomes too large to handle. Furthermore, system optimisation models
can leverage simple rules extracted from SHAP-value-based insights re-
garding important variables that define security boundaries, to generate
more secure and reliable solutions.

2.1. Proposed ML-based approach to understanding local frequency char-
acteristics

The proposed methodology is summarised in two stages in Fig. 1.
The first stage is the Offline Training stage, which is for data genera-
tion, ML algorithms training, and generation of the SHAP explainer.
In this stage, the AC Optimal Power Flow (OPF) model is used to
generate operational scenarios. The scenarios are then relayed to a
dynamic simulation environment for frequency stability assessment
under the largest generation outage contingency. Frequency stability
metrics (i.e., nadir and RoCoF) are calculated for each location in
the network to compile the frequency stability dataset. Locational ML
algorithms are implemented and trained for each metric and location
in a regression task. The ML models are thereafter explained with
SHAP, which is a game theoretic approach for feature attribution. In
the second stage, i.e., the Application stage, the trained ML models are
used to predict locational frequency stability metrics across the network
of previously unseen scenarios, and their respective SHAP explainers
are used to discover important system variables defining the stability
boundaries of respective locations. Based on these insights, a formal
guide is provided to the system optimisation model for secure dispatch,
referred to as SHAP-informed optimisation.

2.2. Power systems frequency dynamics

Frequency stability refers to the ability of a power system to main-
tain a steady frequency following an imbalance between generation and
demand due to a disturbance. In a network with n SGs, the COI fre-
quency, fcor —Wwhich is typically used to represent system frequency,
can be expressed as:

Zf:l H; f;(t)
X H,
where H; and f;(¢) are the inertia constant and frequency of the ith
generator respectively. The inertia of the system, which gives the grid
the ability to resist a rapid frequency decline following the imbal-
ance/disturbance, AP, is related to the COI frequency response of the

network as follows:
2H, dfcor(®)
S dr
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Fig. 1. Methodology of the SHAP values-based approach to understanding locational
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optimisation models.
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where H, is the system’s inertia coefficient available following the dis-
turbance and f,, is the nominal frequency of the system. P, (r) and P,(z)
are the system’s mechanical and electrical power respectively, where
the difference determines the magnitude of the system
disturbance/imbalance. Different generators in the network experience
the imbalance based on several factors including; topology and distur-
bance location, load distribution, system damping, and CIG injections,
among others [12]. The analytical derivation of the locational imbal-
ances —which would enable an analytical derivation of the network’s
locational frequency response is very hard as demonstrated by [1],
consequently, RMS-TDS continues to be relied upon despite being com-
putationally demanding. Contrariwise, fqo;(r) provides a convenient
way to offer an analytical system-wide frequency response represen-
tation quickly. However, as demonstrated by [2,17], this is insufficient
in modern power systems with high CIG penetration —where the loca-
tional frequency responses tend to become significant and deviate from
the COL In a network with N buses, a more realistic representation of
the frequency response at the ith location is represented by [1,17]:

df;®  dfcoi(®

dt ~ dt
where A;w;(t) accounts for the locational frequency dynamics and
represents the ‘analytically-hard-to-derive’ locational oscillations or de-
viations from the fcoi(r). More details regarding the derivation of
this factor can be found in [1,17]. In this paper, we rely on ML to
capture in detail A;w;(#). The generator frequency time series responses
obtained via Root Mean Square (RMS) TDS are used to calculate the
locational RoCoF and frequency nadir, while (1) is used for the COI-
based calculations presented. The RoCoF is calculated as an averaged
response over a measurement window of 500 ms post-disturbance, to
mitigate simulation or measurement noise errors.

+ A0 Vi=11,...,N] 3)

2.3. Dataset generation for frequency stability

The generation of scenarios or operating conditions (OCs) for the ML
frequency stability database involves a variation of three factors: the
number of SGs connected, CIG output, and the system demand. Each
SG is considered to comprise four equal-sized units, u € (1,2,3,4), and
its displacement by CIG output is in four stages. The new rating of the
SG, i.e., SGyyanew- i based on the number of remaining units and is
then rated to SGyyacq as represented by (4). Accordingly, increasing
generation capacity corresponds to bringing more units online rather
than resizing individual units. This, in practice, may reflect the com-
mitment of additional generators during operation. Likewise, the CIG
output is scaled inversely based on u and SGyyagq. Variables r € (1,1.4)
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(representing low and high CIG penetration scenarios, respectively) and
s € (-0.05,0.05) are introduced to decouple the direct relationship
between CIG penetration and SG displacement as follows [14].

SGMVA,new = ”(SGMVA,old/4) 4
SG (5 —u)+4s)
ClGyyyn = < MVA,old . > )

Consequently, the CIG penetration level is up to 40% of the overall
system generation. The system demand ranges from 0.6 to 1.025 p.u. in
steps of 0.025 p.u. All CIGs operate at fixed active power dispatch based
on (5). The AC-OPF model is used for generation dispatch and creating
initial conditions for the simulated cases. This approach ensures that
the generated scenarios are operationally feasible and consistent with
the actual network’s limits, which better reflects the practice by system
operators. Moreover, OPF-based sampling helps us prevent including
physically infeasible scenarios that could degrade the performance
and generalisability of our trained ML model. Finally, OPF reflects
market-based dispatch that minimises cost, leading to more realistic
scenarios in this aspect too. The Newton-Raphson load flow and RMS-
TDS are utilised for dynamic simulations while considering N — 1
largest SG outages as the disturbance to highlight the impact of CIGs
on the system’s dynamic response. Note that any other disturbance can
work with the proposed methodology without loss of generality. The
frequency nadir and RoCoF of the system buses are recorded for each
OC as regression targets to train the ML algorithms and for the fitting
of the SHAP explainer.

2.4. Estimating locational frequency dynamics with machine learning

2.4.1. Feature selection and data pre-processing

Locational ML models are adopted in this paper as surrogate mod-
els to predict locational frequency response, and SHAP explainers to
identify important system variables defining stability boundaries. We
adopt this locational ML model approach to derive locational- and
metric-specific SHAP explanations. Performance comparison with the
COlI-based approach is also provided. From the generated dataset, a
70%-30% train-test split is used. The ML algorithm utilises M input
features comprising physical and operational characteristic variables of
the network, i.e., system demand/loading, CIG output, SG active power
set points, Tripped SG (an index indicating the location of the distur-
bance, i.e. the generator being disconnected), and SG ratings, to make
a prediction of nadir and/or RoCoF at each of the N network buses. The
performance assessment of the model fitting was performed using cross-
validation (5-fold), which randomly divides the training set into k-fold,
in which each k—1 set is used for training, and the remaining set is used
for testing [18]. Standardisation of the dataset is achieved by using the
StandardScaler function, which removes the mean for every variable
and scales it to unit variance. Following training, the stored mean and
standard deviation, through Inverse-Transform, are used to rescale the
data for testing and evaluation. The scaling process is represented as:
Xij — Hi

O

Vi=[l,...,2X N + M] (6)

z; =g
where z; is the standard score, x; ; is the input value, y; is the mean, o;
is the standard deviation and s; is the scaling factor of the jth sample. N
represents the number of buses —multiplied by 2 metrics (RoCoF and
nadir) per bus. The sklearn-GridSearchCV function, is used to optimise
the performance of each ML algorithm. The GridSearchCV uses user-
defined parameters to search for the optimal weights and biases in
the hyperparameter tuning phase. The process can be computationally
intensive; however, this is done offline and only once.
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2.4.2. Multilayer Perceptron (MLP)

The multi-layer Perceptron (MLP) ML algorithm is used in this
paper. The MLP is a feed-forward Artificial Neural Network (ANN) that
contains at least three layers, including the input layer, the hidden
layer (which can include many other hidden layers) and the output
layer. Each layer consists of neurons with an activation function. The
fully connected MLP architecture used had three hidden layers with
100 neurons each, the Rectified Linear Unit (ReLU) activation function,
0.001 alpha and a maximum iteration of 1000, determined using
sklearn-GridSearchCV hyperparameter tuning. Further details on this
algorithm can be found in [18].

Given a power system with N monitored buses, a total of N loca-
tional MLPs are required to capture the locational frequency dynamics
metric associated with each location. In this study, the frequency nadir
and RoCoF are used to represent the locational dynamics; consequently,
up to 2 x N MLPs were trained. To enhance the understanding of
system frequency characteristics, each MLP has an associated SHAP
explainer model implemented for additive feature attribution through
SHAP values. Moreover, an additional MLP is also implemented to
capture the worst-case frequency stability metric (nadir and RoCoF) at
the system level to identify associated interactions —thereby demon-
strating how operators can identify actionable insights at both local and
global scales.

2.5. ML explainability for understanding locational frequency dynamics
through SHapley additive explanations (SHAP)

We propose the use of SHAP to enhance the understanding of
the locational frequency dynamics based on locational ML models
trained to predict the frequency stability metric at each bus. This
understanding enables operators to uncover system variables affecting
the stability boundary at each monitored location —thereby making
more informed decisions based on the derived insights. SHAP is a
model-agnostic game-theoretic approach for explaining the output of
parametric ML models (often black-box models). It seeks to provide a
linear explanation, based on additive feature attribution methods [19].
The explanation can be in the form of a Local Explanation which is based
on a single sample, or a global explanation, which is the global measure
of feature effect computed by averaging Local Explanations. Concerning
this work on frequency stability, SHAP values can be interpreted as a
change in the expected model prediction (an average from the training
dataset) of the stability metric of interest, in Hz for nadir or Hz/s for
RoCoF. Therefore, the sum of all SHAP values equals the difference
between the mean (expected model) prediction and the actual prediction
of the inference model.

The process of deriving SHAP values is as follows: firstly, a SHAP
explainer creates a ‘dummy model’ (model without any feature inputs)
whose prediction is the mean of predictions from the training dataset.
This prediction is essentially known as the Expected value E[f(x;)].
Given an input feature set F, the effect of each x; input feature is
computed by retraining the model on all feature subsets S, i.e., S C F.
An importance value for each feature is based on the difference in pre-
dictions between the model with and without the feature, ie., fgy,)
and fg, respectively. The effect of each feature, by,» L€y the SHAP
value, is then computed based on an average weighting of all the
combinatorial differences as follows (7):

SI(|F] - |S] - D!

by, = -[f(SU{x; ) = f(9)] )

i |
SCF\{x;} LF]!

where S is the number of coalitions excluding the feature x;, F is
the total number of coalitions, while the expressions f(S U {x;}) and
f(S) are the coalitions predictions with and without the feature x;,
respectively. Therefore, ¢, is interpreted as the average marginal
contribution from all coalitions that contain x; feature, representing the
effect of the feature on model predictions. The sum of all the effects of
the M input features in set F is equivalent to the difference between the
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Expected value, E[f(x;)], and the prediction by the original ML model
fG)s e, fx) = ELfe)l+ XY, b, . Vx; € F.

The process of fitting the SHAP explainer is computationally inten-
sive and time-consuming due to the exponential increase in feature
coalitions —theoretically a total of 2. This is particularly problematic
for the power system, which has numerous devices and associated
monitored variables. To expedite the fitting process, some authors
have proposed sampling-based approximations [20]. However, there
are still some computational challenges and inefficiencies associated
with these methods when conducting detailed SHAP analysis on large
datasets [20]. Alternatively, explainers can adopt different algorithms,
such as KernelExplainer, DeepExplainer, TreeExplainer, etc., which focus
on the most impactful coalitions to compute SHAP values. For instance,
the DeepExplainer, which is used in this study and is specific for deep
neural networks, leverages neural networks (such as MLPs) to approxi-
mate ¢, , enabling it to handle high-dimensional spaces [21]. Overall,
these approaches ease the computational burden imposed by the brute-
force computation of SHAP values, which considers all coalitions.
Nevertheless, this process is conducted offline and only once, so that
thereafter, the computation of SHAP values for any previously unseen
OC is done almost instantaneously.

2.6. SHAP-informed system optimisation for secure system dispatch

This study proposes the use of SHAP as a means to enhance the
understanding and management of locational frequency issues, which
are becoming important in systems with high penetration of CIGs.
By uncovering the effect of various power system variables on the
predictions of locational ML models and their shaping of the frequency
stability boundary, power system operators and planners, combined
with domain knowledge, can minimise the risks of instability through
SHAP-informed decision-making and optimisation strategies —leading
to more secure and reliable system operation. To embed the SHAP-
derived insights into the OPF, let £ be the set of loads, B the set of
buses, and ¢ the set of generators indexed by i. The active-power output
of generator i is denoted by P;; and C;(Pg,) is its generation cost. We
can therefore write the OPF problem as:

min )' C,(Pg,) (8a)
i€G
subject to:  go(x,,u) =0 (8b)
ho(xg,u) <0 (80)
@, )0 (8d)

where: x; and u are the state and control variables under steady-state
conditions, respectively. (8b) enforces power balance, (8c) enforces
limits in the network such as line-flows, generator output etc., and
(8d) is the additional inequality constraint based on the proposed
SHAP-informed stability constraints —for operational and planning
timescales. A more detailed formulation of the OPF problem can be
found in [22].

This work leverages the valuable actionable insights derived from
SHAP values by incorporating a set of one-sided constraint inequalities,
@, , within the optimisation model to provide frequency stability-
related constraints. This is achieved by identifying the most dominant
variable and determining the direction of its SHAP value impact on
the stability metric of interest. If it has a negative sign (or direction),
minimising it would result in a positive effect on the stability metric
of interest (i.e., stability gain) and vice versa. If it has a positive
sign, maximising it would result in a positive effect. Regardless of the
direction, the goal is to bring a positive effect on the model prediction
as follows:

N
Y b Y5 EF 9)
=1

iz
¢,x, = max(|(ﬁxi ), Vx,€F (10)

1
&, =N
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¢/ xmax - _
X > ¢m‘a)l(7(;)m‘in > if d)x, >0, d),xi = |¢x,-|
(pxi = ;} _'xm);'x _ (11)
X; < —Ld otherwise, ¢, = ¢, |

where the superscripts: min and max, represent the minimum and max-
imum value of a variable (SHAP value or input feature), respectively.
This set of constraints is specifically applicable to continuous variables,
such as generator dispatch. We first compute the mean SHAP value
for each ith feature across N samples. Next, we identify the feature
with the largest absolute mean SHAP value, as it is the most critical
to the stability metric of interest. Based on the computed SHAP value,
we then implement a feature-wise constraint: if the mean SHAP value is
negative, the constraint aims to minimise the feature’s value; if positive,
it aims to maximise it. For generator ratings, typically determined
by the number of units of a specific size connected, the optimisation
process considers only the extremes as dictated by the SHAP val-
ues, i.e. minimum capacity for negative SHAP values and maximum
capacity for positive SHAP values. This ensures that the constraints
are applied in the appropriate direction, aligning with SHAP-derived
insights to enhance system stability. This approach enables the opti-
misation model to dispatch generators more securely by pushing the
frequency stability metric of interest farther away from the stability
boundary. For instance, actionable insights from SHAP values can be
used to manage and improve the stability of vulnerable locations by
identifying important variables shaping the stability boundary of those
locations.

The domain knowledge and data-informed decisions can be in-
tegrated within the frequency control resource allocation framework
to enhance efficiency. RMS-TDS simulations on the solutions from
the SHAP-informed optimisation model are applied to evaluate the
constraint’s impact. The constraints in this study implement the first
and most significant actionable SHAP insight to (i) avoid potential
optimisation convergence issues and (ii) to accurately evaluate the
effectiveness of individual insights. Note that while analytical stability-
constrained optimisation can also improve the system’s stability, it
often fails to account for the locational frequency dynamics due to
increased complexity and/or significant computational resources re-
quired, as noted by [23]. This can result in either over-securing the
system, which comes at a cost or exposing the system to risks of
locational frequency violations. In contrast, our data-driven method
balances accuracy and computational efficiency while identifying crit-
ical features that influence a stability metric (and even location) of
interest.

2.7. Caveats of using SHAP explanations for extracting stability constraints

Although explainability models such as SHAP can uncover the cor-
relations that predictive ML models use to make accurate predictions,
these relationships are not necessarily causal [21]. Consequently, the
constraints derived from the proposed approach, implemented within
an optimisation model, provide general guidance for overall improve-
ment but do not guarantee a consistent impact across specific operating
conditions. In some cases, they may even lead to deterioration under
particular operating conditions. However, predictive models can some-
times capture causal effects if key features have a strong independent
component, meaning that their predictive power is not redundant with
other measured features or influenced by unmeasured confounders [21,
24]. Confounders are variables that influence both the independent
and dependent variable(s), potentially leading to misleading conclu-
sions [24]. Therefore, if implementing the SHAP-derived constraint
does not alter other unconstrained system features in a way that cumu-
latively creates antagonistic effects, stability metrics tend to improve.
Consequently, the extraction and utilisation of constraints following
the process based on mean SHAP values presented in Section 2.6, is
expected to yield an average improvement in stability metrics rather
than a guaranteed improvement for every single case. This is further
discussed and highlighted in the results section (Section 3).
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2.8. ML inference model accuracy evaluation

The performance of the ML models is assessed using three metrics;
Root Mean Squared Error (RMSE), Maximum Absolute Error (MAE) and
Maximum Underestimates, MU. Frequency nadir and RoCoF, the widely
used frequency stability metrics, are adopted as performance variables.
For J OCs, the RMSE between the actual variable, y, and the predicted
variable, J, is given by (12). The calculation of MU and MAE of the ML
and COl-based approaches is done as stated by (13)-(16):

J . i
Y O =92

RMSE, = 7 (12
MAE&‘}“C"F =max(|R, - R,|).Vn=[l,...,N] 3)
MAE{R" = max(|Reor = R,|).¥n =1, ..., N] as)
MU&%CCF =max(R, — R,),Vn=1,..., N] 1)
MUY = Reop — min(Ry., ..., Ry) (1%

where N is the total number of buses, MAEII\{/IOLCOF and MAEE"O(I:"F are the
MAEs for ML-based methods and the COI-based method respectively.
MU;‘}“C"F is the RoCoF MU of any ML-based model while MU(R:‘)O'%OF is
the RoCoF MU of the COI-based approach. The same logic applies
to frequency nadir. As the system’s frequency response exhibits more
locational characteristics due to high CIG integration and subsequent
changes in inertia distribution, accurate prediction or estimation of
the nodal frequency response can prevent unforeseen relay activation
during real-time operation. A model that can accurately predict the
system’s locational frequency stability metrics equally enables accurate

explanations through SHAP values to be derived.

3. Results

In this section, the results of the proposed method are presented.
Section 3.1 provides details of the case study and the modelling of CIG.
Section 3.2 evaluates the accuracy of the proposed method’s ability
to track locational frequency stability metrics. Details on the compu-
tational speed of the methodology are also provided in this section.
SHAP is then implemented in Section 3.3 to enhance understanding
of the system’s frequency dynamics by uncovering important variables
shaping stability boundaries. Section 3.4 aims to improve the stability
of the locational and global system by applying actionable SHAP in-
sights through targeted interventions, that is, one-sided optimisation
constraints, whose effectiveness is evaluated using RMS-TDS. Lastly,
Section 3.6 discusses the application of the proposed methodology by
power system operators to enhance system security.

3.1. Test network and case study

In this study, a modified version of the IEEE 39-bus network is
used [14]. The network is divided into two areas as shown in Fig.
2, whereby Area 2 is a low inertia region due to the penetration of
CIG. The CIG is modelled using a Type IV Wind Turbine Generator
(WTG) utilising the Western Electricity Coordinating Council (WECC)
model [25]. The CIG is connected at Bus 16, using a full-rated con-
verter. SG dispatch is achieved using AC-OPF in MATPOWER, while
dynamic simulations are done in the DIGSILENT environment. The
instantaneous penetration of CIG ranges from 100 MW to 1000 MW,
representing close to 40% and 95% of the system and area generation,
respectively. The considered disturbance is the disconnection of the
largest SG dispatch —excluding G 01, which is a large equivalent
generator. All simulations were carried out on an 11th Gen Intel (R)
Core (TM) i7-11700 @ 2.50 GHz with 16 GB installed RAM.
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Fig. 2. The modified IEEE 39-Bus Network highlighting a low inertia region with the CIG integrated at bus 16.

Frequency stability metric ((RoCoF (Hz/s) and Nadir (Hz)) estimation performance by
different models.

Model Evaluation Max Max Mean Mean
metric RoCoF nadir RoCoF nadir
MU 0.0374 0.0005 0.0311 0.0002
MAE 0.0374 0.0005 0.0311 0.0003

MLP RMSE 0.0077 0.0001 0.0067 0.0000
MU 0.1005 0.0005 0.0537 0.0003
MAE 0.2782 0.0009 0.1565 0.0004

COI RMSE 0.1244 0.0003 0.0586 0.0002

3.2. Accuracy and decision time of the locational ML models for frequency
stability metric prediction

In this section, the accuracy of the locational ML models to predict
frequency stability metrics is presented and compared against the con-
ventional COI-based approach. It is noted that it is important to have
high prediction accuracy for the ML models for the SHAP explainers to
extract meaningful insights. A single ML model is required per location
per stability metric (frequency nadir and RoCoF are used in this study),
as a result, the 39 buses in the network required 78 MLPs. Based
on the three main evaluation metrics discussed in Section 2.8, the
performance of the models is shown in Table 1. It can be seen that the
COI-based approach incurs the highest errors as it cannot account for
the locational variations in the network. Of critical importance is the
MU metric, where the model is most likely to provide false positives,
especially for RoCoF. It can be seen that the maximum and mean MU
for RoCoF by the COI-based method are 0.1005 Hz/s and 0.0537 Hz/s,
respectively. In comparison, the MLP method has the maximum and
mean MU of 0.0374 Hz/s and 0.0311 Hz/s, respectively, demonstrating
the ability of the locational MLPs to effectively capture the complexities
in the locational frequency responses. The trend remains consistent for
the nadir stability metric, although with less significant differences.
This is attributed to the specific case but still demonstrates the gen-
eral applicability of the MLP method as being more robust than the
COI-based method locational-wise, without any loss of generality.

3.3. Understanding the system-wide minimum RoCoF with SHAP values

In this section, we use results from the SHAP DeepExplainer [21]
to enhance understanding of frequency dynamics. The system-wide

minimum RoCoF is used as an example to demonstrate how SHAP can
uncover important variables defining the system’s stability boundary.

3.3.1. Local SHAP explanation - Revealing Fffects around a specific oper-
ating condition

Local SHAP explanations enable the characterisation of variables or
features affecting a stability metric (RoCoF in this case) specifically for
a particular OC. Shown in Fig. 3, is a waterfall plot of the local SHAP
values, where the horizontal axis represents SHAP values (the differ-
ence between the expected value, E[f(x)], and the model prediction,
f(x) in Hz/s) whilst the vertical axis contains a sorted list of variables
starting with the most significant. The bars in red indicate a positive
effect where an increase in the magnitude of the variable leads to an
increase in the model’s prediction (compared to the expectation), while
the bars in blue represent the inverse, i.e., an increase in the prediction
of the model is achieved by decreasing the magnitude of the variable.

For the sampled scenario shown in Fig. 3, the expected value,
E[f(x)], is —0.327 Hz/s. In this plot, the most dominant variable affect-
ing the model’s prediction is the 297 MW dispatch of G 07 (G 07 MW).
It reduces the model’s prediction by —0.24 Hz/s. This is followed by the
800 MVA rating of G 04 (G4 MVA), which increases the prediction by
+0.16 Hz/s. The sum of all the SHAP values moves the prediction of the
ML model from E[f(x)], to the left towards the final prediction, f(x), of
—0.353 Hz/s. Thus, for the sampled scenario, minimising the dispatch
of G 07 suggests an improvement in the system-wide minimum RoCoF.
This may occur because the N —1 SG candidate is likely shifted outside
of this critical low-inertia region, or the actual disturbance is reduced,
thereby leading to a more stable response. It can also be noted that the
most dominant variables for this OC belong to the group of SGs situated
in the low inertia region, Area 2, i.e., G 04 to G 07, which aligns with
the findings by [17].

It is important to note that driving the model’s prediction towards a
desired direction by altering a variable can lead to unintended results,
due to the combined effect of the remaining unconstrained variables,
which can counteract the former. For instance, variables related to
generator dispatch are more dependent on the system loading condition
than generator rating —although the rating of the generator determines
the maximum dispatch. Therefore, varying the dispatch of a particular
generator while maintaining the system loading means that several
other generators alter their dispatch as well, whose combined effect
may lead to negative effects.
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Fig. 3. Local SHAP explanation of a randomly sampled scenario for the system-wide minimum RoCoF. SHAP values (horizontal axis) are plotted against system features (vertical

axis).

3.3.2. Global SHAP explanation - Revealing overall system trends

A global perspective of SHAP values can also be used to get a holistic
understanding of how various variables affect particular aspects of a
metric across multiple OCs. This is generated based on the scenarios
dataset as an average of Local Explanations. Global SHAP explanation
provides a summary of the most significant variables across a specific
dataset affecting the model’s prediction of the regression target. In Fig.
4, a beeswarm summary plot shows the system variables (vertical axis)
against the global explanation SHAP values (horizontal axis) of the
test dataset. The colour bar represents the normalised magnitude of
features, from low (blue) to high (red), and the rating of G 04 (G4 MVA)
is the most significant variable, followed by the dispatch of G 03 (G 03
MW) and G 02 (G 02 MW).

The plot gives an insight into the most significant variables in the
system, which dominate in defining the system-wide minimum RoCoF.
The explainer indicates that by increasing the rating of G 04, the RoCoF
of the system can potentially be improved by up to +0.25 Hz/s. G 04
is located in the low inertia region, Area 2, and its increased rating
improves the inertial response available in this vulnerable region. In
modern large and interconnected power systems, this kind of insight
can inform frequency control resource allocation decisions, thereby
enhancing efficient resource utilisation. Additionally, the plot also in-
dicates that minimising the dispatches of the two generators, G 03 and
G 02, can potentially improve the stability metric by +0.50 Hz/s and
+0.44 Hz/s, respectively. This is because the two are among the largest
SG units in the system, whereby, minimising their dispatch improves
their response to system imbalances following a disturbance due to the
freed higher ramp rates as demonstrated in [26] —demonstrating that
the initial operating point of an SG largely influences the generator
response following a disturbance, i.e., heavily loaded SGs exhibit a
damped response as compared to lightly loaded SGs.

Following the above, SHAP attributions can effectively act as a good
starting point to provide guidance/insights to system operators and
planners related to variables affecting complex power system dynamics,
without having to conduct brute force analyses through the computa-
tionally demanding RMS-TDS. In addition, other than local and global
plots, SHAP explainers can also enable the inspection of a specific
variable of interest to analyse its influence on stability metrics through
Feature Dependency Analysis. This knowledge can be beneficial as well,
for instance, where operators would like to investigate the impact of
a CIG plant on the stability boundary. This is discussed in the next
section.

3.3.3. Feature dependence analysis - A focus on particular feature effects

SHAP explainers can analyse the effect of a variable or feature
on the stability metric for additional insights. For example, system
operators may want to understand the impact of CIGs on frequency
stability. Shown in Fig. 5 is a feature dependence plot for the CIG
in the system, where the vertical axis represents SHAP values and
the horizontal axis represents the CIG output in MW. The colour bar
represents a closely related variable identified in the system, which is
the dispatch of G 04 (G 04 MW).

This plot demonstrates how integrating domain knowledge with
SHAP insights can enhance decision-making for system operators and
planners. A moderate penetration of CIG of up to 400 MW, combined
with a high generation output from G 04, suggests a positive effect on
the minimum RoCoF of the system, with a potential improvement of up
to +0.035 Hz/s. Furthermore, the CIG Dependence Analysis plot indicates
that at higher CIG penetration levels (beyond 400 MW), the RoCoF can
potentially deteriorate by up to —0.150 Hz/s (especially when combined
with high G 04 loading). This insight aligns with existing literature
on the impact of CIG and inertia reduction, which validates the SHAP
explanations. However, our proposed method can provide specific de-
tails for specific units and thresholds as well as provide quantifiable
indications of potential impacts, something that is not straightforward
to do otherwise. By uncovering these interactions, system operators
and planners can gain more confidence in SHAP-derived insights for
improved system stability.

3.4. SHAP-informed optimisation - Enhancing frequency stability through
actionable SHAP insights

The proposed method uses SHAP values to identify key variables
that define the frequency response of the power system. This can be
useful for implementing targeted interventions within unit commitment
and/or dispatch models to enhance system security. In this section, we
demonstrate how our method utilises SHAP explanations to provide a
simple guide, in the form of one-sided SHAP-informed constraints, to
the system optimisation model as discussed in Section 2.6 using (11).
The RoCoF of the system is used as the stability metric to evaluate the
performance of the proposed approach as follows:

» Case Study 1 - Localised Stability Improvement: Improve the local
RoCoF at the most vulnerable location in the network, using
the most significant feature from the corresponding global SHAP
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Fig. 5. System-wide minimum RoCoF Dependence plot for CIG MW penetration. Colour represents G 04 dispatch in MW.

explanation. RMS-TDS results show that Bus 34, in the low inertia
region (Area 2), is the most vulnerable, contributing over 45% of
the lowest RoCoF metric values. Bus 38 follows this, contributing
32%, while the remaining 22% is shared among the remaining
buses.

Case Study 2 - System-wide Stability Improvement: Using a separate
ML model trained to predict the minimum RoCoF across the sys-
tem, improve the system-wide RoCoF using the most significant
feature from the system-wide global SHAP explanation. We use
a dedicated ML model for this task to reduce the complexity of
handling constraints resulting from deriving the system-wide min-
imum RoCoF from all the previously trained locational models,
which could also introduce convergence issues.

Case Study 3 - Local and System-wide Stability Improvement: Im-
prove both local and system-wide minimum RoCoF by identifying
the first common feature between global SHAP explanations for
the RoCoF at a specific location (Bus 34, identified as the most
vulnerable) and the system-wide minimum RoCoF.

3.4.1. Case study 1 - Localised stability improvement

Localised stability improvements can be achieved by applying in-
sights from global SHAP explanations at the location of interest. Fig. 6,
shows a global SHAP explanation for RoCoF at the vulnerable location
of interest, Bus 34. The most significant feature is Tripped SG, which
determines the location of the disturbance. Since this study looks at the
system-wide N —1 SG outage, this feature is considered uncontrollable.

Consequently, the subsequent feature, i.e., G4 MVA, which concerns
the rating of G 04, is chosen. The SHAP-informed constraint on this
feature ensures that the rating of G 04 is minimised. We therefore limit
the rating to the minimum possible value of 200 MVA. Results obtained
from RMS-TDS following incorporation of this constraint within the AC-
OPF are shown in Fig. 7, and are compared to Base Case —involving the
AC-OPF without any SHAP-related constraints. The Base Case indicates
that the RoCoF at Bus 34 ranges from —0.4122 Hz/s to —0.1491 Hz/s and
has a mean of —0.2676 Hz/s. The 1st SHAP Feature case incorporates
the SHAP-informed constraint, and this improves the initial RoCoF
range at the bus to between —0.2938 Hz/s and —0.1403 Hz/s, with a
mean of —0.2112 Hz/s. Thus, 21% and 29% improvement in the mean
value and worst-case scenario, respectively. In addition, even when
considering outliers, the lowest RoCoF is —0.3369 Hz/s, which remains
an improvement over the lowest RoCoF observed in the Base Case by
15%.

3.4.2. Case study 2 - System-wide stability improvement

Improvement in the minimum RoCoF observed in any system bus
can be achieved using insights from the global SHAP explanation of the
system-wide stability metric as described in Section 3.3.2. Therefore,
the MLP model applied for this task is trained to capture the system-
wide worst-case RoCoF (global minimum), and the SHAP explainer is
used to identify associated global interactions. This allows system oper-
ators and planners to improve the system stability, i.e., RoCoF, across
the entire network. In Fig. 4, the global SHAP Explanation plot for the
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system-wide minimum RoCoF shows that the most significant feature
is the rating of G 04, i.e., G4 MVA. The SHAP-informed constraint is
implemented using this feature, which aims to maximise the generator’s
rating. We, therefore, constrain the limit to an available maximum
rating of 800 MVA. RMS-TDS results following this implementation
are shown in Fig. 8. The Base Case indicates that the system-wide
minimum RoCoF ranges between —0.4123 Hz/s to —0.2350 Hz/s, and
the mean is —0.3236 Hz/s. However, this is improved in the 1st SHAP
Feature: System-wide by the SHAP-informed constraint on G 04 rating,
which increases this range to between —0.3784 Hz/s and —0.1892, with
a mean of —0.2700 Hz/s. This represents a 15% improvement in the
mean value and a 10% improvement in the worst-case scenario. Note
that this insight is in the opposite direction of the SHAP insight for
Case 1 (Section 3.4.1) on the same feature, highlighting SHAP’s ability
to accurately identify the direction of impact.

3.4.3. Case study 3 - Localised and system-wide stability improvement
Combined stability improvements can be achieved by applying com-
mon features from respective global SHAP explanation insights. This is
demonstrated using localised RoCoF (at Bus 34, which is identified as
most vulnerable) and the system-wide minimum RoCoF, whose global
SHAP explanations are shown by Figs. 4 and 6 respectively. The first
common feature across the two plots is the rating of G 05, i.e., G5 MVA.
This insight suggests that stability can be enhanced by maximising
the MVA capacity or increasing the number of online units at power
plant G 05. Therefore, the SHAP-informed constraint is designed to
maximise the MVA capacity of G 05. We therefore limit the rating to a
maximum available rating of 300 MVA. The RMS-TDS results are shown
in Fig. 9. A simultaneous improvement across the two chosen stability
metrics is observed. The RoCoF range, specific to Bus 34, is seen to
improve to between —0.3223 Hz/s to —0.1508 Hz/s, and a mean value
of —0.2425 Hz/s. This represents a 10% improvement in the mean value
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and a 22% improvement in the worst-case scenario, compared to the
base case. Likewise, the system-wide minimum RoCoF experiences a
similar, but more pronounced improvement to between —0.3223 Hz/s
and —0.1909 Hz/s and a mean of —0.2640 Hz/s, representing 18% mean
value and 22% worst-case scenario improvements. Thus, by maximising
the capacity of G 05, a simultaneous improvement in the local and
system-wide minimum RoCoFs is achieved.

3.5. Computational aspects

To facilitate the practical adoption of methodologies in power sys-
tems, computational efficiency is crucial. The proposed method em-
ploys ML to capture the system’s locational frequency dynamics, offer-
ing a computationally attractive alternative that enables near-instant
predictions since solving the system’s DAE is no longer required to
make predictions. The process of generating the ML dataset involves
running RMS-TDS to produce simulation result files, reading those
files, and then calculating frequency stability metrics. For a dataset
comprising 4,500 operating conditions, this process took up to 12 h.
Model training is a one-time process moved to the offline phase, where
there is more time. To train each of the 39 MLP models, one at every
location, it took 240 s per model. The trained ML model required
0.0808 s to predict every 500 samples —equivalent to 0.1 ms per single
prediction. In contrast, TDS would require up to 1.3 h on the same
sample of 500 scenarios, or about 9.4 s per single prediction, assuming
the same computational process described above. The SHAP explainer
(DeepExplainer), also computed once and offline, following the MLP
training phase, took approximately 70 s for the test dataset containing
around 1,200 samples. It generated a global explanation plot in only
0.1494 s. When explanations are performed online, local SHAP expla-
nations are generated, requiring approximately the same amount of
time. Therefore, these results demonstrate that the proposed approach
is suitable for practical applications as it can balance computational
efficiency and accuracy, delivering performance comparable to TDS at
a fraction of the computational cost.

However, authors acknowledge that training N separate MLPs can
be burdensome, particularly for very large-scale power systems with
significant datasets, despite being a one-time exercise. To address this,
there are two main mitigation strategies as follows: (i) instead of
training MLP models per bus, the models can be trained at a regional
level, significantly reducing the overall number of required models.
In such cases, the models can be trained to predict the worst-case
responses of the respective region, thereby avoiding unforeseen viola-
tions. Similarly, SHAP value-based explanations can remain useful in
providing regional-level actionable insights for improving the stability
within respective regions. (ii) Utilising a single MLP to capture the
worst-case locational frequency response across the entire system, as
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demonstrated by Case 2 (Section 3.4.2). Thereafter, SHAP value-based
explanations remain valid in deriving actionable insights for improving
the overall system’s stability without requiring N separate models.

3.6. A discussion on SHAP-derived rules for frequency stability enhance-
ment

The proposed approach applies explainable ML to identify impor-
tant system interactions in real time. A sample of scenarios demonstrat-
ing the performance of the proposed approach is shown in Fig. 10 using
results obtained in Case Study 1, from Section 3.4. The figure shows
the RoCoF at Bus 34 following a disturbance for the Base Case and the
SHAP-informed optimisation case, i.e., SHAP: Bus 34. Generally, while
significant improvements are achieved in most cases, some scenarios
show RoCoF deterioration following the inclusion of SHAP-informed
constraints. This is primarily due to the remaining unconstrained fea-
tures, whose aggregated effect may dominate and lead to unexpected
outcomes.

Table 2 provides a detailed quantification of the RoCoF changes
due to the SHAP-informed constraints for the three case studies of
Section 3.4, both in terms of their magnitudes and the proportion of
samples affected. In Case Study 1, which focuses on localised RoCoF at
a specific location of interest (Bus 34 was considered as it was identified
as the most vulnerable), 90% of the sample experienced a RoCoF
improvement following the SHAP-informed constraints, recording a
maximum improvement of +0.232 Hz/s. A maximum RoCoF deterio-
ration of —0.170 Hz/s was observed in almost 10% of the remaining
sample, indicating some negative impacts due to the introduced con-
straints. In contrast, 57% of the samples in Case Study 2, targeting the
system-wide minimum RoCoF, experienced improvement, recording a
maximum improvement of +0.208 Hz/s. No deterioration was observed
in any of the samples, suggesting that the constraint effectively avoided
negative outcomes at the system level (system-wide), albeit a smaller
sample improvement compared to Case 1. Furthermore, 42% of the
sample experienced no change. Additionally, for Case 3, 85% of the
samples showed improvement, recording a maximum improvement
of +0.192 Hz/s. On the contrary, 10% of the sample exhibited some
RoCoF deterioration, with a maximum recorded value of —0.067 Hz/s,
indicating a negative —but not significant in magnitude —effect of the
introduced SHAP-informed constraints. Note that while the feature with
the dominant SHAP value may not always be directly controllable at
operational timescales, lower-ranked features may still offer viable in-
sights for guiding practical interventions —as observed in Section 3.4.1,
where interventions to improve local stability were informed by the sec-
ond most significant feature, since the most significant one, i.e., Tripped
SG (the location of the disturbance), was considered uncontrollable.
This suggests that even when the most significant feature is not directly
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Table 2
Performance of the SHAP-informed optimisation model for three case studies.

Description Case study 1 Case study 2 Case study 3
Max. Deterioration —0.170 Hz/s 0.000 —0.067 Hz/s
Max. Improvement +0.232 Hz/s +0.208 Hz/s +0.192 Hz/s
OCs with Improvement 90.52% 57.14% 85.09%

OCs without Changes 0.00% 42.86% 4.39%

OCs with Deterioration 9.48% 0.00% 10.53%

controllable, SHAP explanations may still support the identification of
practically useful interventions.

The insights derived from SHAP values lead to a better understand-
ing of the system’s frequency dynamics. The proposed method can
facilitate the understanding of the system by providing a foundation for
further analysis of system interactions, without relying on the compu-
tationally intensive brute force RMS-TDS. Important variables shaping
the stability boundary at critical or vulnerable locations, or system-
wide stability boundary, can be uncovered and targeted interventions,
combined with domain knowledge, can be implemented. Moreover,
the efficiency of decisions such as the allocation of frequency control
resources can be enhanced through such actionable insights. Note that
the proposed method can effectively identify crucial interventions for
improving system stability, even if the disturbance location changes
due to SHAP-informed re-dispatch. This is because it accounts for the
worst-case disturbance in every scenario. However, while the insights
offer general improvement, this approach cannot offer guarantees that
opposite effects will not appear for specific operating conditions as
discussed in this section.

4. Conclusion

In this paper, we have demonstrated that Machine Learning (ML),
combined with explainability methods like SHapley Additive exPla-
nations (SHAP), can effectively capture and provide insights into the
local characteristics of system frequency response. This approach also
offers ways to improve local frequency characteristics through targeted
interventions in the form of constraints during security-constrained op-
timisation. As local frequency characteristics become more prominent
due to the increasing CIG penetration, conventional COl-based ap-
proaches become ineffective in detecting local violations of frequency
stability metrics, particularly the Rate of Change of Frequency (RoCoF).
This can lead to unforeseen relay activations, potentially resulting in
load shedding or local disconnection of distributed resources.

To this end, we propose a machine learning-based approach for
estimating locational frequency nadir and RoCoF across the system. We
also use SHAP values to enhance the interpretability of high-accuracy
black-box ML models, such as neural networks, and understand the
locational aspects of frequency dynamics. Using both local and global

11

SHAP explanations, system operators can gain detailed insights into
system parameters affecting local frequency characteristics for specific
operating conditions and general insights across various conditions.
Finally, we propose implementing targeted interventions derived from
SHAP insights in the form of optimisation constraints to improve local
frequency characteristics.

The method is applied and tested in the modified IEEE 39-bus
network and validated with dynamic time domain simulations (TDS),
showcasing improvements in frequency response characteristics, both
targeted at specific locations as well as across the entire system. The
impact of SHAP insights implemented as actionable insights in an
AC-OPF is also validated, showing overall improvement. However,
limited cases (up to 10% in our studies) were observed where local
frequency characteristics deteriorated due to the cumulative effect of
the remaining unconstrained features —indicating the need for caution,
as no formal guarantees can be offered for no violation by controlling
only a very limited number of features. Future research could explore
the simultaneous implementation of multiple SHAP-derived feature
constraints rather than applying them individually. This would require
a structured and coordinated approach to constraint implementation,
to balance the influence of multiple features on the stability metric(s)
of interest, while avoiding antagonistic effects.
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