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Abstract—High penetration of renewables in power systems is
responsible for the increased localisation of system dynamics.
These changes undermine the reliability of traditional Single
Machine Infinite Bus (SMIB)-based methods, highlighting the
need for higher granularity in modelling the dynamics, in order
to prevent unforeseen locational violations. Existing alternatives
are mainly analytical, often computationally intensive and not
predictive —only suitable for system monitoring and postmortem
analyses. We address this challenge by proposing physics-informed
learning, a data-driven approach that can represent and predict
spatially distributed dynamics with minimal computational over-
head. By integrating multi-machine swing equations in its loss
function, the approach consistently captures the physics governing
the dynamic system, enabling convergence to reliable solutions that
align with the physical reality of the network. Optimal Power
Flow (OPF) is employed to initialise the steady-state condition
of the system, ensuring that realistic system voltage magnitudes
and angles are taken into account. This highlights the potential
of the proposed approach for practical applications. Simulation
studies in the IEEE 9-bus and IEEE 39-bus demonstrate that the
proposed approach is accurate and efficient in capturing spatially
distributed dynamics, achieving over 10× computational speed-
ups compared to traditional numerical solvers.

I. INTRODUCTION

In systems with high penetration of CIGs, frequency dy-
namics are becoming increasingly localised, undermining the
reliability of Single Machine Infinite Bus (SMIB)-based meth-
ods for representing dynamics. These methods are inherently
unable to capture the full extent of spatially distributed dynamic
behaviours. As such, achieving higher granularity in dynamics
representation is crucial to avoid risks of unforeseen locational
violations, relay activations and potentially power blackouts.
[1], [2] proposed the Frequency Divider (FD) to estimate local
bus frequency, using an augmented system admittance matrix.
This method operates on the principle that local frequencies are
affected by power flows and the dynamics of nearby generators.
It defines a quota of active power that contributes to frequency
variations of buses, weighting it by electrical distances. [3]
proposed a method that uses the numerical derivative of the
voltage phase angle to model locational frequency dynamics.
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A similar approach is proposed by [4], using a function
that is parameterised by Frequency Forming Coefficient (FFC)
and Synchronising Power Coefficient (SPC). By summing the
product of FFC and SPC and dividing it by the generators’
inertia contribution, the method models the frequency at any
bus in the network. While both coefficients depend on the
system’s topology and operational variables, FFC primarily
reflects the contribution of individual SG dynamics at a specific
bus. In contrast, SPC is calculated based on the electrical
distances between the network’s SGs and respective buses.
However, despite the potential of these methods in addressing
the challenge of modelling dynamics at local granularities, they
share a common drawback: they are computationally intensive,
as they rely on solving the Differential Algebraic Equations
(DAEs) of the system to make predictions, reducing their
suitability for applications requiring fast or real-time frequency
stability assessments. Furthermore, their accuracy is challenged
as the complexity of the system grows, thereby significantly
deteriorating their accuracy —unless more assumptions are
introduced. This is because analytically deriving an accurate
function to represent locational dynamics is very hard, as it
would require finding the global minimum of a nonconvex
function [5] —justifying the continued use of the simplified
models or, if more details are required, RMS-TDS, despite
being computationally demanding.

Machine Learning (ML) models are universal approximators,
capable of learning complex functions and accurately mapping
given inputs to outputs. In the context of power system ap-
plications, inputs can include state variables of the system,
while outputs can be a stability classification or regression
target. Given that ML models are data-driven, this effectively
creates an accurate and efficient surrogate model suitable for
real-time locational dynamics assessment, offering fast predic-
tions at a small fraction of the time required by conventional
methods. However, while purely data-driven models, such as
[6]–[9], offer speed, they may lack robustness to account for
the true dynamics of the system —since they are physics-
agnostic —and only thrive in data-rich scenarios [10]. Unlike
the aforementioned methods, we propose a physics-informed
approach to learning and accurately predicting the wide-area
dynamics of power systems. This approach accounts for the
governing physics of the dynamic system by integrating multi-
machine swing equations in its loss function, which facilitates
consistent predictions and reduces reliance on training data.
Furthermore, the AC-Optimal Power Flow (AC-OPF) model



is employed to initialise the steady-state condition, allowing
the proposed approach to account for the realistic voltage
magnitudes and angles of the system, thereby demonstrating
its robustness. Such an approach becomes even more valuable
for applications in large-scale grids where real-time TDS is
impractical, or when numerous scenarios need to be screened.
This paper makes the following contributions:

i. An integrated AC-OPF-PINN framework that incorpo-
rates realistic power system state variables in the loss
function, demonstrating the potential of PINNs for appli-
cation in practical settings.

ii. A physics-informed approach to learning and accurately
predicting locational dynamics of power systems, mitigat-
ing against the risks of unforeseen locational violations
following disturbances.

iii. Extensive validation in larger power systems than existing
works, going beyond the conventional SMIB model into
multi-machine models, highlighting generalisability and
benefits over conventional methods.

iv. A comprehensive data generation pipeline that simulates
trajectories of generator dynamics under disturbances,
using grid models integrated with AC-OPF initialisation,
thereby facilitating scalability and reproducibility of ML-
based learning.

The rest of the paper is organised as follows: Section II
describes the problem and proposed methodology, Section III
presents results from multiple cases, and finally, Section IV
concludes the findings.

II. PROBLEM FORMULATION AND METHODOLOGY

A. Representation of Power System Dynamics
Swing equations are used to represent the dynamic behaviour

of power systems. Assuming that the voltage magnitudes of the
system are 1 p.u., throughout, the frequency dynamics of each
synchronous generator can be captured as follows:

mk
d∆fk(t)

dt
= ∆Pmk

(t)−∆Pek(t)− dk∆fk(t) (1)

where mk and d∆fk(t)
dt are the inertia constant and rate of

change of frequency of generator k, respectively. ∆Pm,k(t)
and ∆Pe,k(t) are the change in mechanical power (turbine)
and electrical power of generator k, respectively, while dk is
the damping factor of generator k. The electrical output, Pek ,
of a generator can be calculated as:

Pek =
n∑

j=1

VkVj

[
Bkj
· sin(δk − δj) +Gkj

· cos(δk − δj)
]
(2)

where Bkj is the susceptance between buses k and j, Vk, Vj

are the voltage magnitudes for buses k and j, respectively. The
voltage phase angles for buses k and j are captured by δk and
δj , respectively. However, (2) can be simplified by removing
the cosine term without introducing significant errors, since re-
actance greatly overshadows resistance in transmission systems.
Therefore, a multi-machine swing equation for generator k can
be written as:

Fig. 1: High-level architectural representation of a multi-input multi-
output PINN for predicting locational frequency dynamics

mk δ̈k + dk δ̇k +
∑
j

VkVjBkj sin(δk − δj)− Pmk
= 0 (3)

In this study, we do not assume that all voltages in the
system are at 1 p.u., as done in most studies in the literature to
simplify (3) even further. Instead, we directly utilise the voltage
magnitudes and angles computed by the AC-OPF model, which
are physically realistic. This allows us to demonstrate the
adaptability and effectiveness of PINNs in modelling locational
dynamics of power systems (rotor angle trajectories) —over
a bounded input domain —while accounting for real state
variables. Furthermore, as in most practical settings, we do not
assume the observability of parameters mk and dk, as such,
we do not explicitly provide this information to the PINN,
allowing it to discover them, effectively turning this into a
system identification problem.

B. Physics Informed Neural Network for Predicting Wide-area
Dynamics

Conventional purely data-driven ML models are only effec-
tive in data-rich scenarios, and their performance can be highly
unpredictable [11]. The proposed physics-informed approach
addresses this challenge by incorporating physical laws and
relationships governing the dynamic behaviour of the system,
offering guaranteed consistent predictions with a lower reliance
on training data [10]. Artificial Neural Networks (ANN) are
universal approximators [12], and in their standard form, ANNs
are purely physics-agnostic. Consequently, there is a lack of
necessary trust in these models among practitioners, which
inhibits adoption and application in safety-critical power system
applications [12], [13]. However, PINNs, a modified version
of ANNs by incorporating the known system’s physics within
the ANN’s loss function, have shown promise in addressing
these challenges. Beyond the ANN’s loss function, data loss,
computed by measuring the difference between the model’s
predictions and the actual observed values, PINNs have an
additional loss function known as the physics loss, as depicted
in Fig. 1. This is computed by evaluating the consistency of the
model’s predictions with the underlying equations describing
the system’s dynamic behaviour —enabling PINNs to converge
on the correct solution efficiently and generalise effectively
even with limited training examples [10]. A framework for
implementing PINN for solving forward and inverse problems
involving nonlinear partial differential equations (PDEs) is
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introduced in [10], where the physics governing the dynamic
system is defined as follows:

∂u

∂t
+N [u;λ] = 0, x ∈ Ω, t ∈ [0, T ] (4)

where u(x, t) is the latent (hidden) solution, N [u;λ] is a non-
linear differential operator connecting the system parameters
λ to the system state variables u. t is time, and x is the
system input vector. Here, two distinct problems which require
to be solved, i) where λ is known, how can we describe (i.e.,
inference) the u(x, t) of the system, and ii) where λ is unknown,
it becomes a system identification problem, i.e., what parameter
λ can be discovered to best describe the observational data or
the system’s hidden state [10]. In this study, we assume that
these parameters are not observable; as such, we let the PINN
discover them. The output of the PINN approximating the left-
hand side of (4), that is, the hidden state of the system (true
solution) is given as:

fθ(x, t) :=
∂u

∂t
+N [u;λ] (5)

The parameters of the neural network, θ, are learned by
minimising the Mean Squared Error (MSE) loss associated
with the data-driven part, uθ(x, t) and the physics-driven part,
fθ(x, t), as follows:

MSE =
1

Nt

Nt∑
i=1

|uθ(x
i
t, t

i
t)− u(xi

t, t
i
t)|2 +

1

Nc

Nc∑
i=1

|fθ(xi
c, t

i
c)|2

(6)
where Nt is the total number of samples in the training dataset
while Nc is the total number of collocation points, which are
the specific samples where the physics loss or the dynamic
system’s equations must be satisfied.

C. Dataset Generation Pipeline for ML Dynamics Training
We develop a comprehensive dataset generation pipeline,

described in Fig. 2, to simulate the trajectories of locational
dynamics after disturbance. The AC-OPF is used to initialise
grid models, ensuring that the PINN properly accounts for
realistic system voltage magnitudes and angles during training.
Evaluation is carried out on two test networks of varying sizes,
going beyond the conventional SMIB model, whose practical
application is limited. This process begins with system initial-
isation, where the inputs, such as network, generator, and bus
data, are prepared, and the AC-OPF is then performed. Next, we
extract essential data based on the optimisation’s solution, i.e.,
the bus voltages, phase angles, and power generation setpoints.
Then, we construct the system’s full susceptance (B) matrix,
which is crucial for modelling the power flow behaviour in
the network. Thereafter, we apply a disturbance by perturbing
the net power injection of the generators over a bounded
range. The system’s dynamic response to the disturbance is
computed by solving the angle trajectories over a defined
simulation window. Finally, the resulting trajectories, along
with the system characteristics data, including the disturbance,
are compiled to create the system dynamics dataset. A detailed
implementation of this process is provided in Algorithm 1.

Fig. 2: The process for generating training and testing datasets for
training ML models to predict locational dynamics in power systems

Algorithm 1 Dataset Generation Pipeline for System Dynamics
Learning
Input: power system model
Output: trajectories of generator angles and frequencies
1: load grid model data, and variables (loads, gens., etc.)
2: solve AC-OPF, extract baseMVA, bus angles Va, magnitudes
Vm, generator Pe0
3: convert Va in radians and construct the Susceptance matrix
B 4: for each generator k
5: compute Pm0[k] using (3)
6: end for
7: initialise grid model at steady state condition, Pm0

= Pe0
8: extract generator inertia constant mk and damping dk vectors
9: set initial states: δ0 ← Va, ω0 ← 0, y0 ← [δ0;ω0]
10: for each disturbance d ∈ [Pmin

mk
, Pmax

mk
] and generator k

11: Pmk
← Pm0[k] + d · Pm0[k]

12: model generator k dynamics using swing equation (3)
13: numerical solver integration, store matrix δk(t), ωk(t)
14: end for
15: compile dataset; matrix and variables: Va, B, Vm, busk, t

III. CASE STUDIES AND RESULTS

A. Test Networks and Simulations Setup

This study proposes PINNs to capture the locational dynam-
ics of power systems. We demonstrate this using two test net-
works of varying sizes, going beyond the SMIB model —which
is of limited application. First, we evaluate the performance of
PINN in the IEEE 9-Bus system, which has 3 synchronous
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machines, 3 loads, and 9 buses, as shown in Fig. 3a. Second,
we evaluate the PINN in a larger system, the IEEE 39-Bus
network, which has 10 synchronous machines, 19 loads and
39 buses, as shown in Fig. 3b. In both test cases, all physical
and characteristic data, as well as generator cost functions, are
default as documented in [14].

We solve the AC-OPF in MATPOWER using MATLAB
Interior Point Solver (MIPS) [14]. We apply our disturbance
as a step change to each generator’s net input, Pm0[k] ∈
[Pmin

mk
, Pmax

mk
], within the range 0.05 p.u. to 0.25 p.u., for

100 samples. We use the ode45 as our numerical solver
in MATLAB to solve the differential equations defined by
(3). This is computed over 300 time steps, as our simulation
window —equivalent to 30 seconds. We ensure high-precision
results by setting tight solver tolerances of 1e− 08 to 1e− 10
to prevent poor initialisation, which can affect the system’s
dynamic response to disturbances. For instance, numerical
inaccuracies may result in Pm0k ̸= Pe0k at the start of the
simulation, causing unintended drift in dynamics even before
the disturbance is applied. Based on the approach described, our
dataset consists of 30,000 samples × the number of generators
in the network, i.e., 90,000 samples in the IEEE 9-Bus system
and 300,000 samples in the IEEE 39-Bus system.

(a) IEEE 9 Bus Test System [15]

(b) IEEE 39 Bus Test System [16]

Fig. 3: Two test systems used for validation of the multi-input multi-
output PINN for locational dynamics prediction

Regarding the PINN implementation, hyperparameter tuning
is done using a brute-force technique, exploring all combi-
nations over a given range. From this process, we determine
optimal depth (number of hidden layers), width (number of
neurons per hidden layer), activation functions, learning rate,
alpha and the optimiser of the PINN. We assess the performance

Fig. 4: Side-by-side heatmap comparison of the PINN predictions and
the Ground Truth in the IEEE 9-Bus Network

Fig. 5: IEEE 9-Bus Network rotor angle trajectory showing the best
(left) and the worst predictive performance (right)

of our model using Relative Error = ∥δk−δ̄k∥2

∥δk∥2
, which computes

the relative L2 error between the predicted values δ̄k and the
dataset reference δk —enabling us to measure how close the
prediction is to the hidden solution [12]. In both test cases, a
maximum of 10% of the dataset is available for training of the
PINN. Collocation points are generated using Latin Hypercube
Sampling (LHS), a statistical method for generating samples by
dividing the input dimension into equally probable intervals and
then sampling once from each interval, thereby ensuring a more
uniform space coverage compared to random sampling. The
maximum number of collocation points per test case is limited
to 50% the size of the dataset. The PINN is implemented in
TensorFlow and uses a Tanh activation function (five hidden
layers, each with 128 neurons in the IEEE 9-Bus network
and five hidden layers, each with 64 neurons in the IEEE 39
Bus network). All simulations are implemented on the Predator
Helios Neo laptop (high performance mode) with an Intel(R)
Core(TM) i7-14700HX @ 2.10 GHz and 16.0 GB RAM.

B. Accuracy in Capturing Locational Dynamics

In this section, we demonstrate that PINNs can accurately
capture the locational dynamics of the network, without access
to all essential parameters. According to the second-order
swing equation in (1), generator damping, dk, and inertia,
mk, constants are required to compute the angle trajectories.
However, these are not always observable in practical settings.
To reflect this challenge, the PINN has no access to these
parameters; instead, we train the PINN to infer both the rotor
angle trajectories and the generator parameters.

Fig. 4 is a side-by-side heatmap comparison of the PINN
predictions and the Ground Truth in the IEEE 9-Bus network,
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Fig. 6: PINN errors across scenarios and timesteps in the IEEE 9-Bus network

Fig. 7: Side-by-side heatmap comparison of the PINN predictions and
the Ground Truth in the IEEE 39-Bus Network

Fig. 8: IEEE 39-Bus Network rotor angle trajectory showing the best
(left) and the worst predictive performance (right)

indicating a very good predictive accuracy. This is substantiated
in Fig. 5, where rotor angle trajectories show the best prediction
with the least prediction error (left) and the prediction with
the highest error (right). In this network, the lowest prediction
relative error is 4.47× 10−3, the highest error is 3.94× 10−2,
and the mean relative error is 2.99 × 10−2. Fig. 6 shows 3D
PINN errors across scenarios and 300 timesteps of a sample
generator in the network. For this generator, the rotor angle
deviation (δk− δ̄k) has a maximum value of around 0.08, while
the minimum deviation is -0.06.

In the IEEE 39-Bus network, the heatmap in Fig. 7 exhibits a
similar trend of good predictive accuracy. The angle trajectories
shown in Fig. 8 indicate that the PINN can track the locational
system dynamics accurately. Based on the best prediction (left)
and the worst prediction (right), the lowest, highest, and mean
relative errors are 3.63× 10−3, 8.55× 10−3, and 3.93× 10−3,

respectively. Fig. 9 shows 3D PINN errors across scenarios and
300 timesteps of a sample generator in the network. For this
generator, the rotor angle deviation (δk − δ̄k) has a maximum
of around 0.04, while the minimum deviation is around -0.01.
In Fig. 10, angle trajectories across all 10 generators in the
network for a disturbance of 0.2398 p.u. are shown, demon-
strating how PINNs can accurately capture spatially distributed
dynamics, successfully tracking the governing physics in the
system.

For parameter discovery, the true values for generator inertia,
mk, and damping, dk, are 0.6 p.u. and 0.5 p.u., respectively. In
the IEEE 9-Bus network, the PINN estimated these values as
0.6860 p.u. (0.14 error) and 0.4194 p.u. (0.16 error), while in
the IEEE 39-Bus network, the estimates were 0.6199 (0.03 er-
ror) p.u. and 0.5139 p.u. (0.03 error). These results demonstrate
PINN’s capacity to discover hidden parameters. Furthermore,
it is expected that implementing upper and lower parame-
ter bounds —based on prior knowledge typically available
to operators —would further enhance accuracy and facilitate
convergence.

C. Computational Considerations
Computational efficiency is crucial in modern systems to

allow for applications in close-to-real-time settings. Training
the PINNs required 960.30 seconds and 3708.50 seconds in the
IEEE 9-Bus and IEEE 39-Bus networks, respectively. This is
a one-shot process performed offline where time is not as crit-
ical. To generate the dataset of angle trajectories, MATLAB’s
ode45 solver took 7.87 seconds and 13.34 seconds in the IEEE
9-Bus and IEEE 39-Bus networks, respectively. This jump in
computation time between these two systems results from the
corresponding increase in the number of differential equations
(generator swing equations) to be solved. In contrast, PINN
only took 1.00 seconds (≈ 7 times faster) and 1.14 seconds
(≈ 13 times faster) to recreate the datasets in the IEEE 9-
Bus (90,000 samples) and IEEE 39-Bus (300,000 samples) net-
works, respectively. Notice how prediction time remains fairly
constant regardless of the system size. These results demon-
strate how PINNs are a promising alternative to traditional
solvers, since solving DAEs is no longer required —justifying
why significant computational speedups were possible in both
test cases. Moreover, such benefits would yield even greater
benefits in larger systems, where the number of DAEs (or swing
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Fig. 9: PINN errors across scenarios and timesteps in the IEEE 39-Bus network

Fig. 10: IEEE 39-Bus Network rotor angle trajectories across all ten
(10) generators for a 0.2398 p.u. disturbance

equations) would make it almost computationally intractable to
apply conventional solvers in close-to-real-time settings.

IV. CONCLUSION

As renewable energy penetration increases in power sys-
tems, maintaining stability presents new challenges. In par-
ticular, system dynamics are becoming increasingly localised,
reducing the reliability of traditional Single Machine Infinite
Bus (SMIB)-based methods. Ensuring secure operation under
these conditions requires more granularity in modelling the
system’s dynamic behaviour. However, numerical solvers can
be computationally intensive, especially when the number of
machines is significant, making them less suitable for close-to-
real-time applications. To address this, we propose the use of
physics-informed neural networks (PINNs) to represent these
dynamics. As a data-driven technique, this does not require
solving differential equations, after training, enabling rapid
and computationally efficient predictions. Validated on two
test systems, simulation results demonstrate that the proposed
approach can accurately predict power systems’ spatially dis-
tributed dynamics while achieving computational speedups of
over 10 times that of traditional solvers. In future work, we
aim to extend this approach to larger and more complex power
systems.
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