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Abstract—Accurate and continuous monitoring of the power
network is crucial for ensuring reliable and secure system oper-
ations. State Estimation (SE) plays a central role in this process.
Conventional SE approaches rely on the assumption of a known
network model. However, in practice, there may be unreported
topology changes that can cause divergence, resulting in loss of
system visibility, or worse, yield incorrect estimates that may
lead to inappropriate operator actions. Similarly, challenges may
arise when substation measurements become inaccessible with
communication failure, forcing reliance on stale measurements
as pseudo-measurements that may bias SE results.

This work builds upon a previously established framework
for non-divergent SE to isolate erroneous measurements causing
divergence, while maintaining reliable estimates for the rest of
the system. Expanding on that foundation, this paper introduces
Graph Neural Network (GNN) based methods to address the
root causes of divergence, specifically focusing on issues due to
unreported topology changes and unchanged measurements.

Index Terms—State Estimation, Weighted Least Square, Di-
vergence, Lagrange Multiplier, Topology Error Detection, Graph
Neural Network, Missing Data Imputation.

I. INTRODUCTION

State estimation (SE) remains central to modern power
system monitoring, enabling operators to evaluate real-time
system conditions and make informed operational decisions.
Its accuracy, however, relies heavily on correct topology
information - a condition often compromised by unreported
configuration changes or inaccurate network parameters. Such
discrepancies can lead to divergence or erroneous results,
preventing operators from reliably assessing system condi-
tions and responding effectively. This can result in severe
consequences, including inaccurate power dispatch decisions,
financial inefficiencies in the energy market, and a heightened
risk of unexpected outages. Additionally, state estimators may
occasionally fail to converge due to measurement losses caused
by events such as communication failures or malfunctioning
measurement devices. In such situations, using pseudo mea-
surements to force convergence can lead to biased SE results
[1]–[4].

In [4], a non-divergent state estimator was developed by in-
tegrating “Resilient” and “Recursive” SE techniques, success-
fully isolating problematic areas that caused the divergence of
SE and enabling convergence for the majority of the system.
This paper explores ways to address the underlying causes

of divergence in such problematic areas, specifically focusing
on issues arising from unreported switch status changes that
lead to split-bus errors or from static measurements that fail
to capture system dynamics.

To address issues due to unreported switch status changes,
a switch status detection method is developed based on the
well-known Lagrange Multiplier technique [5]. However, since
the isolated section of the system from [4] cannot converge,
the standard Lagrange Multiplier approach cannot be directly
applied. To overcome this limitation, two alternative methods
are considered to establish an anchor point for identifying
topology changes responsible for divergence:

1) Brute Force Approach: Starting with the initial circuit
breaker (CB) statuses, this approach iteratively tests all
possible CB configurations until the state estimator con-
verges. Once convergence is achieved, the CB statuses
are corrected accordingly. If the size of the removed
area from [4] is small, this method has low computa-
tional cost and, being offline, prioritizes accuracy over
speed. However, for large-scale or online applications,
the approach may become computationally intensive and
unsuitable. For this reason, it is discussed conceptually
but not evaluated in this work.

2) GNN-Assisted Topology Error Correction: Building
on prior studies that applied Graph Neural Networks
(GNNs) for topology identification [6]–[8], this work
proposes a hybrid approach as the primary solution.
The GNN predicts likely CB statuses from available
measurement data, providing an initial starting point
for the Lagrange Multiplier method. This eliminates the
need for exhaustive brute force searches, significantly
reducing computational overhead while maintaining ac-
curacy.

To address issues caused by unchanged measurements, a
GNN-based imputation framework is also introduced. While
various neural network models, such as Generative Adver-
sarial Imputation Networks (GAINs), Autoencoders (AEs),
and Graph Autoencoders (GAEs), have been applied for data
imputation in the past [9]–[11], most rely on temporal cor-
relations to reconstruct missing values [12], [13]. In contrast,
the scenario considered here involves measurements that may
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remain unchanged for extended periods - potentially several
hours - making temporal data unsuitable. The proposed ap-
proach uses GAEs to estimate missing measurements directly
from available system snapshots, enabling accurate imputation
without requiring time-series data.

The details of the proposed methods are presented in the
following sections.

II. UNREPORTED SWITCH STATUS CHANGES

A. Brute Force Approach

If the Weighted Least Squares (WLS) method with Lagrange
Multipliers diverges, a converged anchor point must first be
established [5]. To obtain this, all possible switch status
combinations are initialized totaling 2N −1, with N being the
number of switches. For example, with N = 5, 31 combina-
tions are tested employing a brute-force search, excluding the
original diverged configuration. Each combination is evaluated
iteratively until a single converged case is found, after which
the WLS method with Lagrange Multipliers is applied to
determine the correct switch statuses and identify the actual
topology.

Although this process is computationally intensive, the
“Recursive” SE in [4] may isolate a problematic area, which
is much smaller than the overall system, keeping the number
of combinations manageable. Since the method is executed
offline, accuracy takes priority over speed, making the brute-
force approach a practical solution for correcting topology
errors. However, its exhaustive nature may make it impractical
for situations where the number of possible configurations
grows exponentially with larger isolated areas or for online
applications.

B. Graph Attention Network (GAT) for Switch Status Identifi-
cation

While the brute-force method is effective for offline cor-
rection of topology errors in smaller isolated areas, further
efficiency can be achieved by reducing the number of com-
binations that need to be tested. To this end, a GNN-based
CB status identification method is proposed. The trained
model leverages available measurement data to predict likely
unreported CB statuses, providing an initial starting point for
the Lagrange Multiplier method and thereby minimizing the
extent of brute-force exploration.

While prior studies have applied GNNs for topology identi-
fication [14]–[16], this work adopts a hybrid approach. Rather
than relying solely on GNN predictions, the proposed method
uses GNNs as a supplementary tool to guide the Lagrange
Multiplier method. Specifically, the GNN provides an initial
estimate of topology errors replacing the brute-force search af-
ter which the Lagrange Multiplier method refines and finalizes
the CB statuses in the problematic area.

For switch status identification, a Graph Attention Network
(GAT) is employed, as it naturally incorporates edge features
into the model, allowing effective use of both node and edge
information [17]. In a GAT, attention coefficients are computed

for each connected node pair, incorporating both node and
edge features.

Each node i has a feature vector hi ∈ RF , and each edge
(i, j) has a feature vector eij ∈ RE . Node features are linearly
transformed as:

h′
i = Whi, (1)

where W ∈ RF ′×F is a trainable weight matrix. Attention
coefficients incorporate node and edge attributes:

αij =
exp

(
LeakyReLU(a⊤[h′

i ∥ h′
j ∥ eij ])

)∑
k∈N(i) exp

(
LeakyReLU(a⊤[h′

i ∥ h′
k ∥ eik])

) , (2)

where a ∈ R2F ′+E is a learnable attention vector and ∥
denotes concatenation. Node updates are computed as:

h′′
i = σ

∑
j∈N(i)

αijh
′
j , (3)

where σ is a non-linear activation (e.g., ReLU). This formu-
lation enables GAT to jointly leverage node and edge features
for richer graph representations.

After GAT processing, node embeddings (containing both
structural and attribute information) are concatenated for each
edge, producing a 2×hidden channels vector. This is passed
through a Multi-Layer Perceptron (MLP) for edge classifica-
tion.

Thus, the MLP predicts edge properties, such as whether
a CB is open or closed, using features from both connected
nodes. By combining GAT-based feature extraction with MLP-
based classification, the proposed hybrid model:

• Reduces computational overhead compared to brute force
approach.

• Leverages both graph structure and deep learning.
• Improves robustness by integrating GNN predictions with

physical system constraints.
The architecture used for CB status identification is shown

in Fig. 1.

Figure 1: Proposed model for the CB status identification.

III. MISSING DATA IMPUTATION

To address the issue of unchanged measurements, this
work presents a GNN-aided missing data imputation method
that uses observable voltage states to estimate those in un-
observable regions, improving SE accuracy and reliability.
Previously, Denoising Autoencoders (DAEs) and Denoising
Graph Autoencoders (DGAEs) have been widely applied for
reconstructing missing measurements [18]–[20]. Following
this approach, a DGAE is employed here to effectively handle
the issue of unchanged measurements in SE.
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A. Proposed DGAE Model

The DGAE is designed to impute missing node feature
values in power systems through graph-based feature learning.
It employs Graph Attention Networks (GATv2) [21] as the
encoder to capture graph-structured dependencies and an MLP
decoder to reconstruct missing values.

The GAT Encoder is a multi-layer Graph Attention Net-
work (GATv2) [21] that processes node features and their
relationships to learn latent representations. It consists of
four GATv2Conv layers, each refining node embeddings by
aggregating information from neighboring nodes and incor-
porating edge features (admittance values) into the attention
mechanism. Layer Normalization (LayerNorm) is applied after
each attention layer to stabilize training, followed by ReLU
activations to introduce non-linearity. The encoding process
is:

h(1) = ReLU(LN(GATv2Conv1(X,A,E))) (4)

h(2) = ReLU(LN(GATv2Conv2(h(1), A,E))) (5)

h(3) = ReLU(LN(GATv2Conv3(h(2), A,E))) (6)

Z = LN(GATv2Conv4(h(3), A,E)) (7)

where X is the input node feature matrix, A is the adjacency
matrix, E denotes edge features, GATv2Convi is the ith

attention layer, LN is Layer Normalization, and Z is the final
encoded representation.

The MLP decoder reconstructs missing node features from
Z using four fully connected layers with ReLU activations
between layers. The DGAE integrates the encoder and decoder
to reconstruct missing features while preserving structural
consistency. A masking mechanism ensures that known val-
ues remain unchanged while missing values are replaced by
predictions.

The proposed model uses voltage magnitudes (|V |) and
voltage angles (θ) from the observable part of the system to
estimate states in unobservable areas affected by unchanged
measurements, leveraging correlations between interconnected
nodes. The overall network architecture is shown in Fig. 2.

Figure 2: Proposed DGAE model for missing data imputation.

IV. SIMULATION RESULTS

A. Unreported Switch Status Changes

While the brute-force method is discussed for context, all
experimental results presented here are based on the GNN-
based approach described in Section II-B.

To evaluate the proposed algorithm for topology error
detection in a diverged state estimator, the IEEE 30-bus system

(Fig. 3) was used, representing a portion of the network
isolated using the non-divergent SE scheme from [4]. In this
setup, if some switches were modeled as closed while the
actual measurements indicated they were open, multiple split-
bus errors would occur. In such cases, the conventional state
estimator would fail to converge for the isolated area, and
the Lagrange Multiplier method would be unable to provide a
solution.

Figure 3: IEEE 30-bus system network.

To generate the dataset for GNN training, the IEEE 30-
bus system was modified using the Pandapower library in
Python. Branches at selected switch locations (2-6, 4-6, 6-
8, 6-7, 6-28) were removed and replaced with low-impedance
lines to represent CBs. Multiple breaker configurations were
then applied. Based on the defined switch statuses, branches
were either kept in service for closed switches or removed for
open switches. The load at each bus was scaled using load
factors derived from a representative daily load curve, with
values updated at five-minute intervals. After updating the
load values, power flow analyses were performed to obtain
voltage magnitudes, voltage angles, real and reactive power
injections, and real and reactive power flows for all lines and
transformers. To prevent trivial detection of breaker statuses,
power flows on breaker branches were set to zero.

The resulting measurement set was converted into GNN
input features as shown in Table I. Node features included
voltage magnitude (|V |), real power injection (Pinj), and
reactive power injection (Qinj). Edge features included real
and reactive power flow (Pflow, Qflow) and a binary indicator
for breaker identification, where 1 denoted a breaker and 0
denoted a regular branch. Thus, the dataset contained n × 3
node features and (m − #CB) × 3 edge features, where n
was the number of buses and m was the number of branches.

Table I: Node and Edge Features

Node Features Edge Features
|V | P Flow
P Injection Q Flow
Q Injection 1 for Breakers

0 for Lines

The model was then trained on 80% of the prepared dataset
and evaluated on the remaining 20% (unseen data). The
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training and test accuracies (vs epoch) are shown in Fig. 4.
As observed, the model achieved 100% accuracy in detecting
breaker statuses for both the training and test datasets using
node and edge features.

(a) Train accuracy

(b) Test accuracy

Figure 4: Training and test results of GAT Network for switch
status detection.

To further evaluate the model performance, an unseen set of
breaker configurations was considered. Power flow simulations
were then performed, covering all breaker status combinations,
for a load scenario. The corresponding voltage magnitudes,
power injections, and power flows were extracted as node and
edge features. The trained model achieved 100% accuracy
on this unseen dataset, successfully identifying all breaker
statuses.

Finally, the well-known Lagrange Multiplier method was
integrated into the proposed approach. The predicted breaker
statuses were then used as inputs to the Lagrange Multi-
plier method, removing the need for brute-force initialization.
When predictions were fully correct, convergence occurred
in a single iteration; otherwise, the method corrected any
misclassifications, ensuring an accurate final solution.

B. Missing Data Imputation

For this task, the IEEE 30-bus system was kept in its original
configuration without introducing switches, representing a

portion of the network isolated using the non-divergent SE
scheme from [4]. A 30-day load profile was created, provid-
ing load multipliers at 5-minute intervals. These multipliers
were applied to the original load values during power flow
simulations to generate synthetic measurements that mimic
real-world SCADA data under varying loading conditions.

To replicate the SE process, SE was first performed on the
full system using these synthetic measurements to obtain the
ground truth. For each loading scenario, voltage magnitudes,
angles, branch data, and the admittance matrix were extracted
for GNN input. Voltage magnitude and angle values served
as node features, with 30% of them replaced by NaN to
simulate missing data. An additional node feature indicating
missingness (1 for missing, 0 for available) was included. The
dataset was split 80/20 for training and testing, and the model
was trained for 200 epochs. The trained model reconstructed
voltage magnitudes and angles for nodes with missing data,
replacing the NaN entries with predicted values. The loss
curves in Fig. 5 show the Mean Square Error (MSE) between
predicted states and the ground truth, quantifying imputation
accuracy during training and testing.

Figure 5: Loss curves for training and testing phases over 200
epochs.

To further evaluate the proposed data imputation scheme, a
new measurement set was generated by running power flow
based on a different load scenario. SE was first solved using
these synthetic measurements for the full system to obtain
the ground truth. Next, measurements at selected buses were
removed to create single unobservable points at buses 8, 9,
11, 14, 15, 18, 19, 28, 29, and 30. SE was then executed
on the remaining 20-bus observable system, where voltage
magnitudes (|V |) and angles (θ) for unobservable states were
replaced with NaN values. Observable states from the partial
SE solution were used to generate input features for the GNN
model.

The trained GNN model predicted the missing states, replac-
ing the NaN entries in the SE results. The reconstructed states
were then compared against the ground truth to calculate the
MSE metric. Robustness was further assessed under two con-
tingency scenarios while keeping the loading level unchanged:
(i) removing the line between Bus 4 and Bus 6, and (ii)
removing both lines between Bus 4–Bus 6 and Bus 9–Bus 10.

979-8-3315-8138-1



Table II: MSE results for reconstructed system states under
different test scenarios

Test Scenario Voltage Mag. MSE Voltage Ang. MSE

Base case (33% states
missing)

8.4104× 10−6 5.1261× 10−6

Line 4–6 removed
(33% states missing)

6.7678× 10−6 1.0644× 10−5

Lines 4–6 and 9–10
removed (33% states

missing)

3.9191× 10−5 1.0657× 10−5

Table III: MSE comparison: GNN vs. pseudo measurements

Approach Frozen
Measurement

Voltage
Magnitude

MSE

Voltage
Angle MSE

J(x)

GNN-based
approach

– 6.7261×
10−6

2.6719×
10−5

13.2571

Pseudo
measurement

1% load change
since recorded

5.3402×
10−5

8.9431×
10−5

275.9749

Pseudo
measurement

10% load change
since recorded

N/A N/A Diverged

The MSE results for all scenarios are summarized in Table II.
The proposed scheme was also tested on the larger IEEE

300-bus system using the same procedure as for the IEEE 30-
bus case. After training the model, test scenarios were created
by introducing states that conventional SE could not estimate.
The GNN-based imputation algorithm accurately reconstructed
these missing states, achieving MSE values on the order of
10−6 for both voltage magnitudes and angles, demonstrating
its scalability and effectiveness for larger systems.

Lastly, for comparison, a pseudo-measurement approach
was tested on the IEEE 300-bus system, where historical mea-
surements were frozen for states that could not be estimated.
While this sometimes reduced MSE, it significantly increased
the estimator’s cost function, increasing the risk of false bad-
data detection and, in extreme cases, causing divergence when
the interval between frozen and updated measurements grew,
as shown in Tables III. In contrast, the GNN-based method
consistently converged by using only the observable portion
of the system, though its performance may decline when the
unobservable region is large or weakly connected.

V. CONCLUSION

This work investigated and addressed the root causes of
divergence in problematic areas identified by the “Resilient”
and “Recursive” state estimators, with a focus on topology
errors and unchanged measurements. A framework to address
topology error was developed by integrating a Graph Attention
Network (GAT) for switch status detection with the Lagrange
Multiplier method, eliminating the need for exhaustive brute-
force searches. The proposed approach was validated through
case studies, demonstrating its effectiveness and efficiency.

For unchanged measurements, a missing data imputation
technique based on Graph Autoencoders (GAEs) was imple-
mented to reconstruct unavailable states. Comparative analysis

against a pseudo-measurement-based method confirmed the
improved performance of the proposed approach. Overall,
these schemes enhanced state estimator robustness, improv-
ing reliability and observability under challenging operating
conditions.
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