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Abstract—Accurate evaluation of inertial response is essential
for the secure operation of renewable-rich power systems
characterized by reduced and time-varying inertia. This paper
proposes a practical, model-free, data-driven framework to
quantify the spatiotemporal distribution of bus-level inertial
support from synchronous generators, inverter-based resources,
and dynamic loads. Three learning architectures—Bi-LRCNN,
GCNN, and STGCNN—are developed to capture network-coupled
spatial and temporal dependencies using time-synchronized PMU
measurements. The framework is validated on modified IEEE test
systems and further supported using field data from the Rajasthan
renewable energy complex under diverse contingency scenarios.
Optimal PMU placement ensures numerical observability, while
physics-consistent supervisory labeling preserves physically real-
izable system dynamics. Comparative results demonstrate that
STGCNN achieves the highest prediction accuracy of 98.45%,
highlighting the effectiveness of spatiotemporal graph learning
for real-time situational awareness in low-inertia grids.

Index Terms—Bus inertia, graph convolution neural network,
inertial response, inertial time frame, spatiotemporal

I. INTRODUCTION

The increasing penetration of inverter-based resources (IBRs)
has fundamentally transformed power-system dynamics by re-
ducing physical inertia and introducing faster electromechanical
transients. Low-inertia operating conditions increase the risk of
frequency excursions, protection failure, and cascading failures,
thereby necessitating continuous monitoring of the system’s
inertial response to support corrective actions, such as frequency
containment reserves and synthetic inertia controls [1]-[2]. A
broad spectrum of inertia-estimation methods has been reported
in the literature. Conventional approaches primarily rely on
disturbance-based analysis and swing-equation formulations
using frequency and active-power measurements. While these
methods typically assume known perturbations and accurate
network parameters, they are limited in applicability to hetero-
geneous grids with high renewable penetration [3]-[7]. Recent
studies extend inertia assessment to include contributions from
inverter-based resources and demand-side dynamics; however,
many focus on aggregated system behavior and fail to capture
the spatial variability of inertial support across the network.

With the rapid expansion of phasor measurement unit
(PMU) deployment, data-driven techniques have emerged
as promising tools for real-time inertia estimation [8]-[13].
Existing learning-based approaches predominantly estimate
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total system inertia and often overlook bus-level dynamics
within the inertial time frame. Furthermore, biased measurement
placement and limited observability can restrict their practical
deployment. Although some formulations treat bus inertia
as synchronous generators do, they often neglect inertial
contributions from loads and emulated sources, which are
increasingly significant in renewable-rich systems [14]-[15].
Graph-based learning methods offer a powerful framework
for modeling the non-euclidean structure of power networks
by explicitly incorporating electrical connectivity. Variants of
graph neural networks have demonstrated strong performance
in applications such as power system prediction, renewable
energy forecasting, and fault analysis [16]-[22]. However,
existing studies have not adequately addressed evaluating bus-
level inertial response within the inertial time frame using
spatiotemporal graph architectures.

Although analytical formulations can estimate inertia when
network parameters are precisely known, practical renewable-
rich power systems increasingly operate under uncertain
topology, dynamic inverter controls, measurement noise, and
partially observable conditions. These factors limit the relia-
bility of algebraic or least-squares-based approaches for real-
time inertia evaluation. To address these challenges, a model-
free, fully data-driven framework is developed that learns the
nonlinear mapping between measurable system dynamics and
bus-level inertial response directly from time-synchronized
measurements while preserving physics consistency through
supervisory labeling. Motivated by these gaps, the primary
contributions of this work are summarized as follows:

1) A model-free, data-driven framework is proposed to
quantify the spatiotemporal distribution of inertial support
at each bus, capturing contributions from synchronous
generators, inverter-based resources, and geographically
distributed loads.

2) Spatiotemporal learning architectures are developed and
validated using real-time datasets representing diverse grid
conditions, including varying renewable penetration levels,
contingency scenarios, and weak-grid operation.

3) Both grid-following and grid-forming modes of IBR oper-
ation are incorporated to ensure a realistic representation
of converter behavior in modern power systems.



The remainder of this paper is organized as follows. Section
II reviews the foundations of inertia estimation and learning.
Section III presents the proposed methodology. Section IV
discusses the results, and Section V concludes the paper.

II. INERTIA ESTIMATION AND LEARNING ALGORITHMS

In synchronous generator (SG)-dominated systems, inertia
represents stored kinetic energy, whereas in the IBR-rich grids,
it is emulated through control mechanisms. For a system
comprising multiple SGs and loads, the augmented admittance
matrix [15] is expressed as
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where V4, (t), ip(t), Vy4(t), and i4(t) denote the bus and
generator voltages and currents, respectively. Replacing the
generator terminal voltage with its internal electromotive force
(emf) behind internal impedance yields

Vg(t) = ég(t) - ggZy

ey
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Substituting (2) into (1) and following the procedure in [21]
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Following [21], the load-bus frequency deviation is expressed
as

3

Awy(t) = Awyp(t) Awg(t), @

where Awy(t), Awyp(t), and Awgy(t) denote the load-bus
frequency deviation vector, the weighted bus matrix, and the
generator speed deviation vector, respectively. The weighted
bus matrix represents the electrical coupling strength between
generators and load buses and is derived from the reduced
network admittance matrix. Each entry quantifies the relative
influence of generator speed deviations on the corresponding
bus frequency, thereby enabling the mapping of generator dy-
namics to bus-level inertial response. Similarly, the relationship
between generator inertia and bus inertia is given by [15]

Hy(t) = Awe Hy(t), 5)

where Hy(t), Aw., and Hgy(t) denote the bus inertia, con-
nection matrix, and generator-inertia matrix, respectively. The
formulation in (5) accounts only for synchronous-generator
inertia and neglects inertial support from loads and IBRs.
Because representing these heterogeneous contributions through
a single inertia constant is inadequate [14], evaluating post-
contingency inertial response requires a framework capable of
capturing nonlinear and network-coupled dynamics.

To address this limitation, three learning-based archi-
tectures—Bidirectional long recurrent convolution neural
network (Bi-LRCNN), graph convolution neural network
(GCNN), and spatiotemporal graph convolution neural network
(STGCNN)—are developed, as illustrated in Fig. 1. These
models are designed to learn the mapping between measurable
system dynamics and bus-level inertial response while preserv-
ing the underlying network structure. The Bi-LRCNN combines
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convolutional neural networks (CNNs) for spatial feature
extraction with bidirectional long short-term memory (Bi-
LSTM) units to capture temporal dependencies [22]. Dropout
regularization is incorporated to mitigate overfitting. Graph
convolutional neural networks extend convolutional operations
to non-euclidean domains, enabling explicit modeling of power
system topology. Using an undirected heterogeneous graph
representation, the graph convolution layer extracts structural
dependencies and is expressed as

f(X,A) =o(D"Y?(A+1)D™V2XW), (6)

where A, I, and D denote the adjacency, identity, and degree
matrices, respectively. X represents the node feature matrix, W
contains learnable weights, and o(+) is the activation function.

The STGCNN further embeds temporal evolution by incor-
porating time-varying node features into the graph structure,
enabling simultaneous learning of spatial and temporal cor-
relations. While (6) captures spatial dynamics, the temporal
update is defined as

HYD = o(W,H + b,), (7)

where HY, W,, and b, denote the hidden state, learnable weight
matrix, and bias at time ¢, respectively. As node features evolve
over time, the corresponding graphs are updated, allowing
STGCNN to identify latent spatiotemporal patterns and deliver
improved prediction accuracy.

III. PROPOSED METHODOLOGY

Fig. 1 illustrates the overall workflow of the proposed
framework. Time-synchronized measurements from optimally
placed PMUs are used to construct node feature vectors that
represent the dynamic state of each bus. These features are
embedded into graph structures that preserve the network’s
electrical topology and are subsequently processed using Bi-
LRCNN, GCNN, and STGCNN architectures to learn hidden
spatial and temporal dependencies. The trained models estimate
bus-level inertial support while disaggregating the contributions
from SGs, inverter-based resources, and dynamic loads.

A. Input Feature Construction for Learning Models
The learning models utilize PMU measurements captured
during the inertial time frame immediately following a dis-

turbance. For each monitored bus, the node feature vector is
defined as X (t) where

dfy(t)
dt

X(t) = ®)

Vi(t), 06 (1), fo(t), s Py (t), Qu(t)
where V() and 6, (¢) denote the voltage magnitude and phase
angle, f,(t) represents the bus frequency, df th) is the rate of
change of frequency (ROCOF), and P, (t) and Q(t) correspond
to the active and reactive power injections at a bus, respec-
tively. These features capture early frequency acceleration and
electromechanical power imbalance following a contingency,
which predominantly governs inertial response. Time-stacked
feature sequences enable the models to learn transient dynamics

while preserving spatial correlations imposed by network
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Fig. 1. Proposed system setup

connectivity. Prior to training, all features are normalized to  The inertial load support includes contributions from frequency-
improve numerical stability and convergence. The proposed and voltage-dependent loads:
method estimates post-disturbance inertial support at each bus }

and separates the contributions from SGs, IBRs, and loads as AP (t) = k PL(t)AF(2), AP, (t) = Py(t) — Z P,

i=1
AP (t) = W1APyg, (1) + WoAPyy o () + W3 AP, (t) (9) (1)
APL(t) = APs(t) + AP,(t), (12)
where Wi, Wy, and W3 denote the respective connection
matrices. PMUs are optimally placed to ensure numerical
observability [23]. The cumulative SG response at any bus APy, (t) = W3APL(t). (13)
is expressed as

with the corresponding bus-level contribution given by

The inertial support from non-synchronous resources is ob-
m tained by rearranging (9):
APsq(t) =Y AP(t), APy (t) = WiAPsq(t)

i=1

WQAPbNSG (t) = APb(t) - (W]-APbSG (t) + W3API7L (t))
(10) (14)
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TABLE 1
CUMULATIVE INERTIAL CONTRIBUTIONS DURING THE INERTIAL TIME
FRAME
IBR Integrated IBR Pen. (%) Contingency Load IR(MMW) IBR IR(MW)
SG (G8) Trip 1875 87.12
1 PV (G3) 0-10 Load (DL7) Trip 96.26 4437
SG (G8) Trip 222 163
1PV (G5) +1 WT (G6) 10-20 Load (DL23) Trip 12325 94
SG (G7) Trip 210.11 159.62
PV at G5 & G8 10-20 Load (DL23) Trip 12,5 75.32
] SG (G8) Trip 200 135
WT at G6 & G10 10-20 Load (DL23) Trip 85.41 67.11
SG (G7) Trip 368.25 240
2WT + 1PV >20 Load (DL7) Trip 184.5 122.62
NSG (PV G5) Trip  217.32 178

Supervisory labels used for training are derived from the post-
contingency power imbalance relationships defined in (9)—(13).
This physics-consistent labeling ensures that the learning
process remains anchored to realizable system dynamics while
enabling the models to approximate nonlinear mappings that
are difficult to capture analytically.

IV. RESULTS AND VALIDATION

The proposed framework is validated on multiple bench-
mark systems and field datasets to assess its effectiveness in
estimating bus-level inertial response under diverse operating
conditions. Although the STGCNN architecture achieves the
highest prediction accuracy, it requires greater training effort
due to graph convolution and temporal feature propagation.
Training is performed offline, whereas inference requires only
milliseconds, making the framework suitable for real-time
situational awareness. Simpler architectures, such as ANN and
CNN, impose a lower computational burden but fail to capture
network-coupled dynamics adequately, thereby justifying the
use of spatiotemporal graph learning.

A. Estimation of Cumulative Inertial and IBR Response During
the Inertial Time Frame

Table I summarizes the cumulative inertial contributions
from SGs, IBRs, and loads for the MI-39BS across varying
renewable penetration levels. At low penetration (0—10%),
SGs supply most of the imbalance, whereas beyond 20%
penetration, the response becomes increasingly dominated by
fast-emulated support from IBRs. This transition highlights the
evolving dynamics of renewable-rich grids. Unlike prior work
that considers partial observability, the present study adopts
optimal PMU placement to ensure numerical observability
and improve estimation reliability. The impact of inertial
control is also examined by operating PV and wind turbine
units in reserve mode (Rasoqe) [24], enabling enhanced post-
contingency support.

B. Computation of Bus Inertial Response

Table II reports the predicted inertial support at individual
buses. Across datasets representing diverse system config-
urations, STGCNN consistently achieves the lowest mean
squared error, confirming its superior ability to learn coupled
spatiotemporal dependencies. IBRs are integrated using both
grid-following (GFL) and droop-based grid-forming (GFM)
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strategies [24]. Weak-grid conditions are emulated by increasing
renewable penetration beyond 30%, thereby exposing the
models to enriched dynamic scenarios. Hyperparameter tuning
ensures robust performance across operating conditions.

While optimal PMU placement guarantees numerical observ-
ability, additional analysis indicates that prediction accuracy
degrades gracefully under moderate reductions in measurement
density, suggesting practical applicability even when ideal PMU
coverage is unavailable.

C. Validation Using the Rajasthan Renewable Energy Complex

The framework is further validated using field measurements
from the Rajasthan renewable energy complex, which comprises
large-scale solar and hybrid installations interconnected via
multi-voltage transmission corridors [1]. Contingency datasets
provided by Grid Controller of India Limited were used for
training and evaluation. Results in Table III demonstrate strong
agreement between predicted and measured inertial support
across disturbance events, confirming the practical applicability
of the proposed approach for real-world renewable-rich grids.
The mean squared error (MSE) is used as the evaluation metric
[25].

V. CONCLUSION

This paper proposes a data-driven, model-free framework to
estimate the geo-temporal inertial response of power systems
by capturing contributions from SGs, IBRs, and dynamic
loads. Learning models are trained on real-time datasets that
reflect varying renewable penetration levels, contingencies,
and operating states. Among the models, STGCNN achieves
the highest accuracy in estimating bus-level and system-wide
inertial responses, as validated using field data from the
Rajasthan renewable energy complex. The results are consistent
with expected converter behavior in both grid-following and
forming modes, demonstrating the practicality of data-driven
approaches for stability assessment in low-inertia grids. The
proposed method offers a scalable real-time solution for
improved situational awareness and adaptive grid operation in
renewable-rich systems.
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