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Abstract—Real-time dynamic simulation requires that each
simulated time interval complete within the equivalent wall-clock
CPU time, a strict budget that large power system models, with
hundreds of thousands of state variables, cannot meet. Existing
model reduction methods either sacrifice internal network detail,
are valid only near a fixed operating point, or cannot adapt to
changing contingencies online. This paper proposes an Adaptive
Model Selection (AMS) framework that automatically reduces
a full-detail dynamic model to a smaller, contingency-specific
model by identifying which substations require full fidelity and
simplifying the rest. Given the pre-disturbance operating state
and event location, a pair of Graph Attention Network (GAT)-
based ordinal predictors classify each component’s expected
dynamic activity level; substations predicted to be inactive are
simplified from node-breaker to bus-breaker representation. Ap-
plied to a realistic French transmission network model (over 6,000
buses), AMS reduces continuous and discrete model variables by
approximately 60%, achieves up to 2.6x simulation speedup, and
maintains trajectory errors below the numerical solver tolerance,
demonstrating a practical route toward real-time operation of
large-scale dynamic simulation.

Index Terms—Adaptive model reduction, Critical area identi-
fication, Large-scale power systems, Machine learning

I. INTRODUCTION

Real-time dynamic simulation requires that each simulated
time interval complete within the equivalent wall-clock CPU
time, a strict budget that large power system models, with
hundreds of thousands of state variables, cannot meet. This
constraint is critical for operator training and dynamic security
assessment [1], where both computational speed and dynamic
fidelity must be preserved.

The core challenge is to reduce model size while satisfy-
ing three requirements simultaneously: (i) accuracy, meaning
trajectory errors remain below solver tolerance; (ii) struc-
ture preservation, meaning internal network topology and
component-level models are retained for realistic operator
interaction; and (iii) adaptivity, meaning the simplification
adjusts to the specific operating condition and contingency.

A. Literature Review

Several studies have explored machine learning (ML)-based
methods to predict power-system dynamic behavior without

full-order simulations. Early work demonstrated that post-
disturbance trajectories contain sufficient information for rapid
stability assessment [2], and subsequent deep learning and
graph-based architectures improved robustness by incorpo-
rating network topology into the learning process [3]. More
recent approaches shifted toward pre-disturbance information,
using steady-state operating conditions and physics-informed
features to estimate stability directly from the pre-contingency
state [4]. Despite these advances, ML-based methods focus
on predicting stability outcomes, typically as binary classi-
fications, and provide limited information on the level of
model fidelity required at the component or substation level.
Generalization to unseen operating conditions also remains a
concern.

In parallel, model reduction has a long history in power-
system dynamic equivalencing. Structure-preserving methods
such as coherency-based aggregation [5] and system-theoretic
approaches such as balanced truncation [6] offer mathemati-
cally principled reductions, but are computationally expensive
and strongly operating-point dependent. Measurement-based
and data-driven dynamic equivalents [7, 8] emerged as more
practical alternatives, yet reduced models are generally valid
only near the identification point, may degrade under large dis-
turbances, and obscure internal dynamics. This is particularly
problematic for operator-training applications, where preserv-
ing internal network structure and component-level behaviour
is essential. Key Performance Indicators (KPIs) [9, 10] have
been used to identify dynamically relevant components for
offline analysis, but are rarely applied as predictive targets for
adaptive online simplification.

B. Research Gap and Motivation

Despite recent advances, no existing method simultaneously
satisfies all three requirements for large-scale real-time simu-
lation. Offline reduction methods are not contingency-adaptive
and may obscure internal dynamics. ML-based approaches
output system-level stability labels rather than component-
level fidelity maps. Classical structure-preserving methods
are strongly operating-point dependent. Moreover, most ap-
proaches are validated only on IEEE benchmark systems
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[3,11], leaving scalability to realistic large-scale networks
insufficiently addressed.

To address these limitations, this work proposes an Adap-
tive Model Selection (AMS) framework that combines KPI-
driven activity estimation with graph-based learning and
adaptive topology simplification. The framework (i) pre-
dicts component-level dynamic activity from pre-disturbance
operating conditions and event location, and (ii) converts
those predictions into substation-level simplification decisions,
replacing node-breaker models with simplified bus-breaker
representations for substations predicted to be dynamically
inactive. Component-level predictions are aggregated to ensure
consistent substation-level actions, enabling computational ac-
celeration while preserving full fidelity in dynamically impor-
tant regions.

The remainder of the paper is organized as follows. Sec-
tion II presents the methodology, Section III describes the
case study, Section IV discusses the results, and Section V
concludes the paper.

II. METHODOLOGY

This section presents the proposed adaptive model-selection
methodology, organized into two phases: an offline learning
phase, where component-level dynamic activity targets are
constructed and graph-based predictors are trained, and an
online adaptation phase, where predicted activity classes are
converted into simplification decisions. Following a distur-
bance, different regions of the power system exhibit het-
erogeneous activity levels depending on electrical distance,
operating conditions, and network interactions; simplifying
the model uniformly without identifying these regions risks
inaccurate or unstable simulations. The framework addresses
this by training graph-based surrogates offline and deploying
them online to predict which components are dynamically
active, so that only inactive regions are simplified while critical
areas retain full fidelity.

A. Step 1: Dataset Construction

A representative dataset is generated by simulating a di-
verse set of operating conditions and disturbance events. Each
simulation produces a post-disturbance trajectory, and together
these trajectories cover a broad range of system responses.
This diversity is important for training robust predictors that
generalize across operating regimes.

For each scenario, components that are disconnected or
subjected to control actions (e.g., protection trips or operator
interventions) are identified first. These are assigned directly
to the highest activity class, indicating that no simplification
is permitted, and are excluded from the KPI computation and
normalization steps that follow.

For all remaining components, the activity index is com-
puted using the maximum moving-window variance formula-
tion of [9]:
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Fig. 1: Graph construction principle used

The variance is computed over a sliding window of length
Atwindow, shifted by Atgep at each step. The activity score
S; is the maximum variance across all windows, capturing the
peak dynamic behavior of component .

To avoid scale bias across heterogeneous physical quantities,
normalization is applied separately to each KPI group. A KPI
group G collects variables sharing the same physical meaning
and units (e.g., all bus voltage magnitudes, or all generator
apparent powers). Each group is normalized independently
using global min-max scaling over the complete dataset D:

3 _ 87 —minjeg, 0557 @)
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Global normalization, as opposed to per-scenario normal-
ization, preserves absolute severity information and ensures
that activity scores are comparable across different operating
conditions and disturbances. In this work, voltage magnitudes
form one KPI group and apparent power form another.

The normalized scores u € [0,1] are then discretized into
K ordinal classes, each representing an increasing level of dy-
namic severity. The highest class is reserved for disconnected
or controlled components and is assigned independently of the
KPI discretization.

B. Step 2: Power System Graph Representation

Each scenario is represented as a homogeneous graph, illus-
trated in Fig. 1. Nodes correspond to buses, generators, and
loads; edges correspond to transmission lines, transformers,
and connection links. This representation encodes both net-
work topology and electrical interactions in a unified structure
suitable for graph-based learning.

A homogeneous formulation is adopted for simplicity and
training stability. Type-aware architectures such as R-GCNs
(Relational Graph Convolutional Networks) or heterogeneous
GATs can define separate message-passing rules per com-
ponent type, but at the cost of increased model complexity
and parameter count. Here, node and edge types are in-
stead encoded directly as input features alongside electrical
quantities and impedance-based distances, allowing the model
to distinguish component roles without requiring separate
embedding spaces. Type-aware extensions are left for future
work.

Each node carries a 7-dimensional feature vector x; =
[t;, vi, 6, Diy @, fi, d;], where t; is the node type,
(vi,0;) the voltage magnitude and angle, (p;,q;) the active
and reactive power injections, f; a binary event indicator, and
d; a graph-distance feature. The graph-distance feature d; is
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Fig. 2: AMS methodology diagram with parallel Voltage/Spower
models and substation-level conversion

the shortest impedance-weighted distance from the node to
the disturbance location, computed via Dijkstra’s algorithm.
A logarithmic transform is applied to reduce skewness and
improve numerical stability [12]. This feature is well-suited
to graph message passing, as it reflects how electrical influ-
ence propagates along network paths. Each edge carries a 4-
dimensional feature vector e;; = [¢i;, fij, Tij, %ij], encoding
the edge type c;;, a binary event indicator f;;, and the branch
resistance and reactance (75, Z;;).

C. Step 3: Training Architecture and Ordinal Regression For-
mulation

Two GAT-based predictors are trained in parallel: a bus-level
voltage model and a generator-level apparent-power (Spower)
model. Both share the same edge-aware message-passing
backbone (Fig. 3), but differ in their output heads and training
masks. The voltage model is trained exclusively on bus nodes,
while the Spower model is trained exclusively on generator
nodes. This masked supervision confines each model to a
physically meaningful subset of the system. Through edge-
aware message passing, each node aggregates both local elec-
trical conditions and non-local network interactions, producing
embeddings that reflect topological structure and electrical
coupling. The two models produce independent node-level
activity predictions, which are later aggregated into substation-
level decisions as shown in Fig. 2.

Activity prediction is formulated as an ordinal regression
problem rather than standard multi-class classification. The
activity classes represent increasing levels of dynamic severity,
and the ordering between classes carries physical meaning: a
prediction error of one class is qualitatively less harmful than
an error of several classes. Preserving this monotonic structure
improves robustness to intermediate misclassifications. The

Input Graph GAT Backbone JE——
oo - = Node Head (MLP) 0 IOU‘P'-"S |
[ 2% L8 JNE ] 2.2? + £ Feed-forward readout values per node
oY EEL, 232, 28], 22 1, Linear>ReLU->Dropout-> Linear| |i9 v‘alueg per node
JEE 5 AES 5 > class
Node features x ' | = £ & & % E & g? 2 % ®
Edge features e | | @ < ¥ 3 [§=<%0 3 °
xin RN x F} (> class 8

einRNE xd_e}

Fig. 3: Graph attention forward architecture for node-level
ordinal classification

CORAL framework [13] is adopted for this purpose. CORAL
(COntinuous RAnk Logits) decomposes the K-class problem
into K —1 ordered binary tasks, each corresponding to a sever-
ity threshold, and enforces consistent rank ordering across
predictions. The GAT encoder captures spatial dependencies
in the network, while CORAL enforces the ordered severity
boundaries. An additional asymmetric penalty term further
biases the model toward conservative predictions in safety-
critical conditions.

The training objective combines weighted binary cross-
entropy (BCE) over the ordinal levels with a penalty for
underestimating severe events. Let z; € R¥~! denote the
logits for sample i and t; € {0,1}%~1 the corresponding
CORAL encoding. The objective is:

1 B K-2
L= BCE(%; &, ti,k; we) + Alpen, (3)
B(K -1) i=1 k=0 ’
where wy, = %}’\%1) corrects for ordinal class imbalance,

and A\ > 0 controls the strength of the underestimation
penalty. The penalty is computed from the predicted severity
level g;, obtained by aggregating sigmoid probabilities over
the ordinal logits. The underestimation error for sample ¢ is
9; = max(0,y; — ¥;), and the penalty term is:

1
en — T /175 v 52
Ly max(|H|, 1) ZEZH v
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The set H contains only samples with true severity at or
above threshold 7, focusing the penalty on conditions where
underestimation carries the greatest operational risk.

Model selection and hyperparameter tuning prioritize high-
severity detection. In addition to early stopping based on
validation loss, the decision threshold e used during simpli-
fication is selected on the validation set to maximize high-
severity recall while maintaining acceptable overall perfor-
mance. Learning-rate scheduling is driven by a composite
validation metric emphasizing recall and Fl-score for high-
severity classes. Feature scaling uses training-set statistics
only, applied separately to node and edge features, to prevent
information leakage across dataset splits.

D. Step 4: Online Inference and Adaptive Simplification

During operation, the trained models are deployed for adap-
tive simplification, as illustrated in Fig. 2. The current system
state, including topology, operating conditions, and out-of-
service components, is obtained from Supervisory Control
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and Data Acquisition (SCADA) or Phasor Measurement Unit
(PMU) measurements and converted into a graph using the
same construction as during training, with features normalized
using training-set statistics. The voltage model predicts activity
classes for bus nodes and the Spower model predicts classes
for generator nodes through masked inference; predictions are
aggregated to the substation level by taking the maximum
predicted class among all associated buses and generators.
Finally, a threshold € € {0, ..., K} governs the simplification
decision: substations with predicted class > ¢ are retained
in full node-breaker detail, while all others are converted to
simplified bus-breaker representations, focusing computational
effort on dynamically active regions.

III. CASE STUDY

All simulations are performed using Dynawo [14], an open-
source dynamic simulation environment developed jointly by
RTE and academic—industrial partners. Dynawo provides di-
rect access to solver internals and detailed per-step timing data,
making it well suited for evaluating real-time performance. Its
availability with a validated French transmission system model
further motivates its use.

A. French Power System Dynamic Model

The test network includes more than 6000 buses, 7075
transmission branches, and 335 synchronous generators, each
equipped with detailed models for excitation systems, auto-
matic voltage regulators, power system stabilizers, turbines,
and speed governors. The network also contains 3039 dy-
namically modeled loads, including voltage-control devices,
voltage-dependent loads, and specialized load models. It spans
voltage levels from 63kV to 400kV (excluding the eastern
63kV network), comprises 4009 substations, and includes
neighboring substations for boundary consistency. Long-term
dynamics are captured through 839 load tap changers dis-
tributed over 2138 transformers, with current-limiting and tap-
blocking devices. In total, the model contains approximately
319 880 continuous variables, 334 848 discrete variables, and
276 151 root functions, making it substantially larger than the
IEEE benchmark systems used in most related work.

B. Scenario Generation

The dataset is built by combining ten operating points (OPs)
with a large set of N-/ contingencies, as listed in Table 1. The
contingency set contains approximately 1500 unique events,
covering disconnections of transmission lines, generators, and
other grid components. A filtering step removes contingencies
that are inapplicable to a given operating point, retaining only
those where the target component exists and is in service.
Multi-element disturbances and cascading failures are left for
future work.

Each scenario is simulated independently, enabling straight-
forward parallel execution. After contingency filtering, the
final dataset contains 10360 dynamic simulations. Scenarios
are randomly partitioned at the scenario level into 80% train-
ing, 10% validation, and 10% test sets, where each scenario

TABLE I: Operating points considered in this work.

op Description

SCADA snapshot (peak load, ~80 GW).

SCADA snapshot (stressed condition, France—Spain interface).
SCADA snapshot (minimum load, ~30 GW).

4-5 Variants of OP 1 via regional load scaling.

Variants of OP 2 via uniform and regional scaling.

W N =

7
o
o

corresponds to a unique operating point—contingency pair. The
same split is used for both the voltage and Spower models, and
all reported metrics are evaluated on the 10% test set.

C. Class Construction and Labeling Strategy

The normalized activity space is uniformly discretized into
nine bins, producing classes 0-8. Class 9 is reserved for man-
ually disconnected or controlled components (discrete events)
and assigned independently of the KPI discretization. The 10-
class scheme is chosen to capture fine-grained variations in
dynamic severity: a finer ordinal resolution allows the model
to distinguish intermediate activity levels, which is important
for setting conservative simplification thresholds. The same
labeling strategy is applied to both voltage and apparent power
KPIs, ensuring consistency between the two prediction targets.

D. Simplification Configuration

For all experiments, the simplification threshold is set to
€ = 1, so only substations assigned to Class O are simplified;
all others retain the full node-breaker representation. This is
the most conservative operating point of the framework.

A heuristic simplification strategy, called ‘Regional’, is used
as a baseline. It preserves the directly affected substation and
all substations within a third-order graph neighborhood in
full detail, converting all others to bus-breaker representations.
Unlike AMS, the Regional strategy uses only topological prox-
imity and requires no learned model, making it a transparent
reference for assessing the accuracy—performance trade-off.

Fidelity is measured using Dynamic Time Warping (DTW)
[15], computed on voltage trajectories relative to the full
node-breaker reference simulation. DTW accommodates mi-
nor temporal shifts arising from numerical discretization and
is well established for electromechanical transient comparison.
Speedup and DTW results are reported for three representative
contingencies from the test set: a transmission line disconnec-
tion, a busbar section disconnection, and a generator discon-
nection, selected to cover different disturbance categories.

IV. RESULTS

To illustrate the ordinal classification behaviour, Fig. 4
shows representative apparent power and voltage time series
across activity classes. The class index reflects increasing
system dynamics: lower classes correspond to near steady-
state conditions, while higher classes capture stronger fluctu-
ations and transient events. This ordinal structure is explicitly
exploited in the proposed learning framework (Section II).

The Spower and voltage models are evaluated on 1036 test
scenarios. Prediction outcomes at node and substation level are
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Fig. 4: Representative apparent power and voltage time-series
examples across ordinal activity classes.

TABLE II: Prediction outcomes at node and substation level

Level / Model Correct Under Over MAE
Spower 79.47% 0.01% 20.51% 1.8467
(445432/560475) (75/560475)  (114968/560475)
Voltage 93.26% 0.01% 6.73% 0.6017
(5392523/5782301)  (419/5782301)  (389359/5782301)
O] 0
Substation 94.26% 0.01% S74% 5361

(4431815/4701914)  (339/4701914)  (269760/4701914)

reported in Table II. At node level, the voltage model achieves
93.26% accuracy and the Spower model achieves 79.47%, with
underestimation below 0.01% in both cases. The near-zero
underestimation rate is a direct consequence of the asymmetric
loss, which penalizes underestimation more strongly than
overestimation, enforcing a conservative prediction bias. This
is intentional: in safety-critical applications such as operator
training, underestimating the activity of a substation risks
hiding critical dynamic conditions, whereas overestimation
leads only to conservative but safe simplification decisions.

Accordingly, the dominant error type is overestimation:
20.51% for Spower and 6.73% for voltage. The lower accuracy
of the Spower model is partly attributable to its restriction
to generator nodes, which reduces the number of labeled
training samples and introduces more heterogeneous dynamics
compared to bus-level voltage prediction. The Mean Absolute
Error (MAE) column in Table II quantifies the average magni-
tude of ordinal errors, accounting for both under- and overes-
timation. At substation level, max-based aggregation improves
accuracy to 94.26% while maintaining 0.01% underestimation;
MAE also decreases to 0.5361, reflecting reduced local pre-
diction noise and improved robustness after aggregation.

The impact on model complexity is summarized in Table III.
The present analysis is restricted to substation-level topology
reduction (node-breaker to bus-breaker); simplification of gen-
erator, load, and control component models is left for future
work. In the reduced configuration, substations with s, < €
are simplified by removing internal switching devices. Across
the test set, AMS achieves average reductions of 63.54% in
continuous variables, 58.25% in discrete variables, and 31.69%
in root functions. The comparatively smaller reduction in
root functions reflects their indirect dependence on network
topology rather than a direct correspondence to substation

TABLE III: Reduction in system size (continuous variables,
discrete variables, root functions)

System System Size System Size (%)

Full (319880, 334848, 276151) (100.00%, 100.00%, 100.00%)
Regional (102328, 136081, 225216) (27.45%, 34.30%, 64.18%)
AMS (137962, 169460, 240838) (37.01%, 42.71%, 68.63%)

Predict |

Fig. 5: Comparison between predicted and ground-truth sub-
station classifications for a generator disconnection event.

switching devices.

Figure 5 compares predicted and ground-truth substation
classifications for a generator disconnection event. The main
plot shows the network colored by activity class, with red
indicating highly dynamic substations that require full-detail
modeling. The zoomed areas focus on the fault region: the
lower panel shows the true values and the upper panel shows
the model predictions. The classifier correctly identifies most
affected substations; the residual errors are predominantly
overestimations, consistent with the conservative design.

Real-time performance results are reported in Table IV and
Fig. 6. The full node-breaker model incurs multiple real-time
violations per contingency, confirming that it cannot meet the
real-time execution budget without reduction. The Regional
model eliminates all violations but at a significant accuracy
cost: DTW errors are on the order of 1072, three orders
of magnitude above the solver tolerance of 10—, indicating
non-negligible trajectory deviation. AMS achieves a more
balanced outcome: only one timing violation per contingency
remains, solver time per step is substantially reduced relative

--- realtime threshold —— regional_simplified 1.0375

— full — ams_simplified

o A
Wh

Simulation time (s)

— full
—— regional_simplified
—-— ams_simplified

o
o

~ 1.0350
S

o

< 10325
Q

w

2 1.0300
S

o

< 10275

Solving time (s)
o r B N

[

1.0250 —
0 10

o
o

20 30
Simulation time (s)

40

Fig. 6: (Left) Solver time comparison. (Right) Dynamic re-
sponse across model configurations.
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TABLE IV: Real-time performance and voltage fidelity com-
parison across scenarios and models

Scenario Model ~ RT Viol. |[[Tsoil]oo DTW Speedup
Full 8 2.7245 ref ref
Line Disc.  Regional 0 0.5056 0.035 5.39x
AMS 1 1.1268  1.55 x 107°  2.42x
Full 7 2.7321 ref ref
Busbar Sect. Regional 0 0.5132 0.036 5.32x
AMS 1 1.1036  1.53x 107°  2.48x
Full 23 2.6736 ref ref
Generator Regional 0 0.4547 0.056 5.88x
AMS 1 1.0390 6.2932 x 10~% 2.57x

to the full model, and DTW errors remain around 1075,
well below solver tolerance. This confirms that the trajectory
deviation introduced by AMS simplification is negligible from
a numerical standpoint.

Overall, AMS reduces timing violations and preserves high-
fidelity dynamics, but does not yet fully guarantee real-time
compliance under severe transients. Its key advantage over the
Regional strategy lies in selectivity: rather than applying a uni-
form topological rule, AMS focuses full-detail modeling on the
substations predicted to be dynamically active, concentrating
computational effort where it is most needed.

V. CONCLUSION

This paper presents the Adaptive Model Selection (AMS)
framework, which uses graph-based ordinal predictors to guide
substation-level simplification for real-time dynamic simula-
tion. In the current formulation, simplification is restricted to
substations; extensions to generators, loads, and control system
models are left for future work.

The results illustrate a clear trade-off between computational
efficiency and simulation accuracy across the three strategies
evaluated. The full node-breaker model preserves complete
dynamic fidelity but fails to meet the real-time execution
budget during contingencies. The Regional strategy achieves
faster execution by simplifying all topologically distant substa-
tions, but at the cost of significant trajectory deviation. AMS
occupies the middle ground: it operates close to the real-
time budget, with only isolated timing violations during severe
transients, while keeping DTW errors below the numerical
solver tolerance. This confirms that the trajectory deviation
introduced by AMS simplification is negligible in practice. By
selectively preserving full-detail models only where dynamic
activity is predicted, AMS delivers substantial computational
savings without meaningful loss of accuracy, supporting its
suitability as a practical approach to real-time simulation of
large-scale power systems.

Several directions remain open for further development.
First, the simplification framework will be extended beyond
substations to include generators, loads, and control system
models, enabling a more complete system-wide reduction.
A key objective of this extension is to further reduce com-
putational cost and achieve consistent real-time compliance

even under severe transients. Second, the underestimation

rate, while already near zero, will be further reduced through
improved asymmetric loss formulations and refined threshold

selection strategies that more rigorously enforce conservative
predictions. Third, the current framework is limited to single-
element contingencies; handling cascading and multi-event
disturbances will require richer event representations capable
of capturing the spatial propagation and interaction effects of
simultaneous or sequential faults. Finally, incorporating addi-
tional system-level operating descriptors into the graph repre-
sentation may improve robustness and generalization across a
wider range of grid conditions and topological configurations.
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