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Abstract—Accurate and reliable state estimation (SE) is critical
for situational awareness in modern distribution networks. Yet
the heterogeneity, asynchronicity, and incompleteness of real-
world measurements challenge both conventional Weighted Least
Squares (WLS) and recent data-driven models. This paper
proposes Topology-Aligned Gated Recurrent Unit with Asyn-
chronous Alignment (TAGRU), a reliability-aware and topology-
aligned SE framework that integrates heterogeneous measure-
ments through reliability-aware pooling and employs a topology-
aligned spatio–temporal encoder to capture electrical depen-
dencies and temporal dynamics. A weakly supervised learning
strategy further combines sparse labels with a physics-consistency
regularization to enforce physically plausible estimates.

TAGRU is evaluated on a modified IEEE 33-bus system
and IEEE 123-bus system. Under asynchronous and corrupted
measurements, TAGRU maintains stable performance across all
difficulty tiers, with angle RMSE increasing only from 0.993◦ to
1.051◦.

Index Terms—Distribution Network State Estimation; Neural
Network; Deep Learning; Physics-Guided Neural Networks;
Graph Neural Networks; Weak Supervision

I. INTRODUCTION

With the increasing integration of distributed generation,
power flows in distribution networks become more volatile and
uncertain. This volatility leads to more frequent fluctuations
in operating conditions and imposes stricter requirements
on secure operation, monitoring, and control [1], [2]. State
Estimation (SE) is a key tool for situational awareness, and
its accuracy and efficiency directly determine how well the
system operating state can be observed and interpreted.

In response to these deficiencies, a plurality of data-driven
approaches has been investigated. Methodologies based on
Graph Neural Networks (GNNs) are capable of leveraging
network topology[3], [4], [5]; however, their performance is
demonstrably attenuated in scenarios characterized by the
unavailability of precise topological information [6],[7],[8].

This work is supported by Smart Grid-National Science and Technology
Major Project 2024ZD0802200.

To overcome these limitations, this paper proposes a
reliability-aware and topology-aligned state estimation frame-
work, denoted as TAGRU. The proposed method introduces
a unified architecture that fuses heterogeneous measurements
with varying reliability levels. It employs a reliability-aware
pooling mechanism to adaptively emphasize trustworthy sens-
ing channels. Furthermore, a topology-aligned spatio–temporal
encoder integrates physical network structure with temporal
dynamics for robust feature representation. To address the
scarcity of ground-truth states, we formulate a weakly su-
pervised learning strategy that combines sparse supervision
with physics-consistency regularization, promoting physically
plausible and data-efficient estimation. Extensive experiments
on the modified IEEE 33-bus system and the IEEE 123-
node three-phase unbalanced system demonstrate that TAGRU
achieves superior accuracy and robustness compared with
conventional and state-of-the-art learning-based baselines.

II. PROPOSED METHOD: TAGRU

A. Problem Formulation

We address the state estimation (SE) problem in a dis-
tribution network, represented as a graph G = (V, E) with
n = |V| nodes (buses in single-phase systems, or bus-phases in
the Y-node formulation for unbalanced three-phase systems).
The system state at discrete time t is the vector of voltage
magnitudes and angles:

xt =
[
|V1|, . . . , |Vn|, θ1, . . . , θn

]⊤ ∈ R2n, (1)

where the slack bus angle is conventionally set to zero. A
set of m heterogeneous measurements zt ∈ Rm, sourced from
SCADA, AMI, and µPMUs, is available. These measurements
are related to the system state through the nonlinear AC power-
flow model:

zt = h(xt;G, θpf) + εt, E[εt] = 0, Cov(εt) = Rt, (2)
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Fig. 1. Overall architecture of the proposed TAGRU framework.

where h(·) represents the physical power flow equations, θpf
denotes network parameters, and εt is the measurement noise
with covariance Rt.

The classical Weighted Least Squares (WLS) approach,
minx(zt − h(x))⊤R−1

t (zt − h(x)), is often compromised
in modern distribution grids due to (i) low observability
from sparse metering, (ii) high non-Gaussian noise, and (iii)
uncertainty in network parameters. Furthermore, two critical
challenges emerge from sensor heterogeneity:

1) Asynchronicity: Measurements arrive at different re-
porting rates (e.g., µPMUs at 30 Hz, SCADA every
2-10s). Standard sequential models require temporally
aligned data, making pre-processing a significant chal-
lenge.

2) Heterogeneous Reliability: The reliability of zt, cap-
tured by the variance Rt, varies drastically between
sensor types and over time.

These challenges motivate a data-driven estimator that (1)
explicitly models and compensates for sensor asynchronicity
and reliability, (2) integrates grid topology, and (3) can be
trained effectively under weak supervision (i.e., with sparse
or absent ground-truth state labels xt).

B. TAGRU: Architecture Overview

To address these challenges, we propose TAGRU
(Topology-Aligned Gated Recurrent Unit with Asynchronous
Alignment), a unified end-to-end architecture that
maps a window of raw, asynchronous measurements
Z = {zt}tt=t−W+1, their sampling masks M = {mt}, and
covariances R = {Rt} to state estimates X̂ = {x̂t}. As
illustrated in Figure 1, the forward pass consists of four key
stages:

1) Asynchronous Alignment Module: A learnable, local
time-window processor that uses zt, mt, and Rt to com-
pute a temporally aligned and smoothed measurement
feature, zaligned,t.

2) Reliability-Aware Channel Pooling: An attention-
based module that compresses the high-dimensional
measurement vector into a low-dimensional, reliability-
weighted embedding.

3) Spatio-Temporal Encoder: A dual-branch backbone
(GNN + GRU) that processes ct and external features
ft to capture graph-spatial and temporal dependencies,
producing a fused hidden representation ut.

4) Decoder Head: A final Multi-Layer Perceptron (MLP)
that maps ut to the system state estimate x̂t.

C. Detailed Model Architecture

a) Asynchronous Alignment Module (‘AsyncAligner‘):
This module addresses sensor asynchronicity by learning a
data-driven, reliability-aware interpolation kernel. For each
channel j and time t, we define a 3-dimensional feature

vt,j =
[
zt,j , mt,j , log(1/(Rt,j + ϵ))

]
, (3)

where zt,j is the raw value, mt,j is the binary sampling mask,
and log(1/Rt,j) encodes measurement reliability. A temporal
feature extractor (MLP plus 1D depthwise convolution) maps
vt,j to logits wt,j ∈ Rk, which are normalized by Softmax
to obtain alignment weights αt,j . The aligned measurement is
then

zaligned,t,j =
∑

i∈Nk(t)

αt,j,i · zi,j , (4)

implementing a learned local interpolation that adaptively
selects informative time neighbors.

b) Reliability-Aware Channel Pooling: This mod-
ule compresses the m-dimensional aligned measurements
zaligned,t ∈ Rm into a fixed-size embedding ct. For each
channel j at time t, we construct an aligned, reliability-aware
feature vector

ṽt,j =
[
zaligned,t,j , mt,j , log(1/(Rt,j + ϵ))

]
. (5)

An attention mechanism is applied to compute a channel
importance score

st,j = MLPscore(ṽt,j), (6)

which is normalized across channels by

βt,j = Softmaxj(st,j). (7)

In parallel, each channel feature is projected as

v′t,j = MLPproj(ṽt,j). (8)

The final context vector is obtained by a reliability-weighted
aggregation:

ct =

m∑
j=1

βt,j · v′t,j . (9)

This mechanism prioritizes information from reliable and ac-
tively sampled sensors when forming the sequence embedding.
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c) Spatio-Temporal Encoder and Decoder: The core
estimator follows a standard spatio-temporal design:

• Temporal Encoder: A multi-layer GRU processes
the sequence of context vectors ct and any external
features ft, capturing temporal dynamics: hseq,t =
GRU([ct, ft], hseq,t−1).

• Spatial Encoder: A stack of Lg Topology-Adaptive
Graph Convolutional (TAGConv) layers operates on
node-level features (derived from ft or a static node em-
bedding). This captures the spatial correlations defined by
G: gt = TAGConvStack(fnode,t,G). The node features
are pooled to create a graph-level sequence hgraph,t.

• Gated Fusion: The temporal hseq,t and spatial hgraph,t

representations are fused using a learned gate αt: ut =
αt ⊙ hseq,t + (1− αt)⊙ hgraph,t.

• Decoder: A final MLP decoder maps the fused repre-
sentation ut to the state vector: x̂t = MLPhead(ut). The
angular components [θ̂n] are passed through an angle-
wrapping function to ensure they lie in (−π, π].

D. Weakly-Supervised Training Objective

A key challenge in distribution system state estimation is the
scarcity of ground-truth state vectors xt. To overcome this, we
employ a weakly-supervised training objective that combines
a sparse supervised loss (for accuracy, where available) with
a dense physics-consistency loss (for physical plausibility,
everywhere).

Ltotal = λsup · Lsup + λphys · Lphys + λtemp · Ltemp (10)

where λ terms are scalar weights.
1) Sparse Supervised Loss (Lsup): This is a standard

Mean Squared Error (MSE) loss, but it is applied *only*
at time steps t ∈ TL where high-fidelity ground-truth
labels are available. Let TL ⊆ {1, . . . ,W} be the set of
labeled time steps (e.g., only the last step, or every k-th
step).

Lsup =
1

|TL|
∑
t∈TL

(
wθ · ∥θ̂t − θt∥2 + wv · ∥|V̂ |t − |V |t∥2

)
(11)

This term anchors the model to known-good states,
while wθ and wv balance the angle and magnitude
errors.

2) Physics-Consistency Loss (Lphys): This loss serves as
the primary regularizer, applied at all time steps t. It
enforces physical laws by ensuring the state estimate x̂t

is consistent with the measurements zt. It minimizes the
weighted squared residual between the actual measure-
ments zt and the measurements recalculated from the
estimate, h(x̂t):

Lphys = Et

[∥∥zt − h(x̂t)
∥∥2
R−1

t

]
(12)

where ∥·∥2
R−1

t

is the squared Mahalanobis distance. This
loss requires no state labels, only the physical model h(·)
and measurement covariances Rt.

PV-connected nodes

WT-connected nodes

Nodes with PMU

Nodes with SCADA

Fig. 2. Topology of the modified IEEE 33-bus test system.

3) Temporal Smoothness Loss (Ltemp): A simple L2
regularization on the first-order difference of the esti-
mates to discourage unrealistic state jumps: Ltemp =
Et

[
∥x̂t − x̂t−1∥2

]
.

This hybrid objective allows the model to learn from sparse,
high-quality labels while leveraging the dense, unlabeled mea-
surement data and physical priors for robust and plausible
estimation.

III. CASE STUDY

A. Experimental Setup

Numerical validation was performed on a modified IEEE
33-bus test system(FIG.2) integrated with photovoltaic (PV)
and wind turbine (WT) generators. Time-series profiles were
sourced from SimBench to create spatio-temporal windows.
Each data sample includes nodal injection powers, branch
power flows, and the ground-truth system voltage magnitudes
(|V |) and phase angles (θ).

To emulate a realistic and challenging observability sce-
nario, we established a hybrid measurement model during data
generation, comprising three distinct types:

1) Pseudo-measurements: All nodal active (P) and re-
active (Q) power injections were treated as pseudo-
measurements, contaminated with Gaussian noise cor-
responding to a standard deviation of 20% relative to
their nominal values.

2) SCADA measurements: Bus voltage magnitudes (|V |)
at selected locations and branch active (P) and reactive
(Q) power flows were simulated as conventional SCADA
measurements, contaminated with Gaussian noise corre-
sponding to a standard deviation of 1%.

3) µPMU measurements: Voltage phasors (both magni-
tude |V | and angle θ) at sparsely chosen locations were
simulated as µPMU measurements, featuring higher pre-
cision with Gaussian noise corresponding to a standard
deviation of 0.1%.

The measurement covariances Rt used in Lphys and the
‘Reliability-Aware Channel Pooling‘ are populated with the
ground-truth variances from this noise generation process.

The numerical experiments were conducted on an NVIDIA
RTX 4090 GPU platform.

B. Accuracy Analysis of State Estimation

We benchmark the proposed TAGRU framework against
four representative baselines: weighted least squares (WLS),
a topology-aware graph neural network (GNN), a recurrent
GRU model, and a Transformer-based sequence model. Table I
summarizes the state-estimation accuracy in terms of RMSE
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TABLE I
STATE-ESTIMATION ACCURACY COMPARISON ON THE MODIFIED IEEE

33-BUS SYSTEM.

Algorithm θ-RMSE (◦) |V |-RMSE (p.u.) θ-MAE (◦) |V |-MAE (p.u.)

WLS 15.30 0.054 7.54 0.014
GNN 2.603 0.101 2.456 0.071
GRU 1.12 0.081 0.721 0.057
Trans 1.414 0.027 1.057 0.023
Ours(TAGRU) 0.990 0.028 0.694 0.019

and MAE for both voltage phase angle (θ) and magnitude
(|V |).

WLS yields the lowest accuracy (θ-RMSE 15.30◦, |V |-
RMSE 0.054 p.u.; θ-MAE 7.54◦, |V |-MAE 0.014 p.u.), which
is consistent with strong reliance on pseudo-measurements
and sensitivity to measurement noise, missing data, and low-
observability regimes that are common in practical distribu-
tion systems. Incorporating network topology with a GNN
improves the phase-angle accuracy substantially (θ-RMSE
2.603◦) but does not consistently improve voltage-magnitude
estimation (|V |-RMSE 0.101 p.u.). The relatively large MAE
values (θ-MAE 2.456◦, |V |-MAE 0.071 p.u.) further indicate
instability under heterogeneous sensor reliability.

Sequence-learning baselines provide additional improve-
ments. The GRU model reduces the phase-angle error to
θ-RMSE 1.12◦ but exhibits degraded voltage-magnitude ac-
curacy (|V |-RMSE 0.081 p.u.). The Transformer achieves
the best voltage-magnitude accuracy among the baselines
(|V |-RMSE 0.027 p.u.; |V |-MAE 0.023 p.u.) but produces
larger phase-angle errors (θ-RMSE 1.414◦; θ-MAE 1.057◦),
which can be attributed to a weaker inductive bias for graph-
structured physical systems. Overall, these results suggest
that temporal modeling mitigates part of the noise and mis-
alignment, but it remains insufficient when spatial–temporal
interactions and measurement uncertainty are tightly coupled.

TAGRU achieves the best performance across all metrics,
with θ-RMSE 0.990◦ and |V |-RMSE 0.028 p.u., and corre-
sponding MAE values of 0.694◦ and 0.019 p.u.. Relative to the
strongest baseline, which is the Transformer, TAGRU reduces
θ-RMSE by 30.0% while maintaining comparable voltage-
magnitude accuracy. Relative to the GNN, TAGRU reduces
θ-RMSE by 62.0% and |V |-MAE by 73.2%. Relative to WLS,
TAGRU reduces θ-RMSE by 93.5% and |V |-RMSE by 48.1%.

Figure 3 depicts the RMSE trajectories of voltage magnitude
and phase angle over the final 95 timesteps of the test window.
However, the WLS phase-angle curve is omitted because its
errors are orders of magnitude larger than all learning-based
models, making joint visualization impractical and visually
misleading.

Across both voltage channels, the proposed model follows
the true temporal evolution more faithfully than the baseline.
It exhibits substantially reduced angular drift and diminished
magnitude bias, aligning with the quantitative improvements
reported in Table I.

To further evaluate the effectiveness of the proposed model,
the experiments are conducted on the IEEE 123-bus system

Fig. 3. RMSE of (a) voltage phase angle and (b) voltage magnitude over the
last 95 test steps for WLS, GNN, GRU, Transformer, and TAGRU.

TABLE II
STATE-ESTIMATION ACCURACY COMPARISON ON THE IEEE 123-NODE

SYSTEM (THREE-PHASE UNBALANCED, Y-NODE STATE).

Algorithm θ-RMSE (◦) |V |-RMSE (p.u.) θ-MAE (◦) |V |-MAE (p.u.)

GNN 1.56 0.060 1.47 0.043
GRU 0.52 0.036 0.33 0.026
Trans 0.66 0.012 0.48 0.010
Ours (TAGRU) 0.45 0.013 0.31 0.009

using the same parameter settings for the proposed method and
the baseline models. The corresponding results are reported in
the table and the figure.

For three-phase unbalanced systems, we adopt a Y-node
(bus-phase) formulation where each bus-phase is treated as
a node; accordingly, n = |V| denotes the number of Y-nodes
and the state dimension is 2n.

Compared with the modified IEEE 33-bus setup, the IEEE
123-node scenario is configured with denser and more infor-
mative measurements, which reduces the overall estimation
uncertainty. Consequently, the absolute errors of all neural
estimators decrease noticeably, with typical reductions on the
order of 50–60% relative to IEEE 33-bus results. Moreover,
the performance gaps among sequence models become smaller
because the richer sensing alleviates the reliance on temporal
dynamics to compensate for missing information. In contrast,
the graph-only baseline tends to degrade relatively in the
unbalanced three-phase setting, since it does not explicitly
model inter-phase coupling in the Y-node formulation. Overall,
our model remains the most accurate, benefiting from jointly
leveraging temporal structure and the unbalanced-network
representation.

These results further demonstrate that enforcing physics-
consistency constraints allows the model to better capture
the intricate temporal–topological correlations of distribution
networks, yielding estimates that remain stable under long-
horizon propagation and heterogeneous sensor conditions.
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C. Robustness Evaluation under Asynchronous and Corrupted
Measurements

We further evaluate TAGRU under realistic measurement
degradations by transforming the synchronous test set into
heterogeneous, asynchronous, and corrupted streams. The
perturbations emulate three major sources of uncertainty:
(i) heterogeneous sampling rates across PMU, SCADA, and
pseudo-measurements, (ii) temporal misalignment induced by
jitter and reporting delays, and (iii) missing or anomalous
measurements caused by burst outages and outliers.

To control the difficulty of the robustness assessment in
a systematic manner, the scenarios are grouped into three
tiers, L, M, and H. The L tier introduces mild corruption
that is representative of low-cost sensing deployments. The
M tier increases the degree of misalignment, the length of
burst-missing segments, and the magnitude of outliers. The
H tier represents a worst-case setting with aggressive down-
sampling, strong jitter, long burst gaps, and rare but extremely
large outliers.

Table III reports the estimation accuracy across the three
tiers. Several observations follow. First, the classical WLS
estimator degrades substantially as the corruption severity
increases. The |V |-RMSE increases from 0.390 p.u. in the
L tier to 41.187 p.u. in the H tier, which indicates high
sensitivity to asynchronous and missing measurements due
to reliance on synchronous pseudo-measurements and sensi-
tivity to poor observability. In the most challenging H-tier
scenarios, WLS occasionally diverges under severe outliers
and long missing segments, which results in extremely large
RMSE values. These failure cases are retained in the reported
statistics to reflect the limited robustness of WLS. Second, the
GNN and sequence-based baselines (GRU and Transformer)
exhibit improved robustness compared with WLS, but their
performance still deteriorates as temporal corruption increases.
For example, the θ-RMSE of GRU increases from 1.051◦ in
the L tier to 1.758◦ in the H tier. This trend indicates that
purely data-driven models remain sensitive to severe jitter
and misalignment when temporal dependencies cannot be
reconstructed reliably.

Most importantly, the proposed TAGRU maintains con-
sistently strong performance across all tiers. The θ-RMSE
increases only mildly from 0.993◦ in the L tier to 1.051◦ in the
H tier, and the |V |-MAE remains below 0.025 p.u. even in the
H tier. These results indicate that the asynchronous alignment
module and physics-guided graph refinement mitigate the im-
pact of heterogeneous sampling and missing bursts effectively.
By leveraging network topology and physical constraints ex-
plicitly, TAGRU reconstructs coherent temporal features even
when the raw measurement streams deviate substantially from
ideal synchronous conditions.

Overall, the results confirm that TAGRU outperforms both
classical and learning-based baselines under realistic robust-
ness scenarios, while remaining accurate and stable even under
extreme measurement corruption.

TABLE III
STATE-ESTIMATION ACCURACY COMPARISON BY TIER (L, M, H) ON THE

MODIFIED IEEE 33-BUS SYSTEM.

Algorithm θ-RMSE (◦) |V |-RMSE (p.u.) θ-MAE (◦) |V |-MAE (p.u.)

Tier L
WLS 26.274 0.390 16.929 0.069
GNN 2.712 0.106 2.530 0.075
GRU 1.051 0.034 0.712 0.024
Trans 1.455 0.028 1.104 0.024
TAGRU 0.993 0.030 0.697 0.019

Tier M
WLS 27.024 1.631 17.071 0.090
GNN 2.938 0.112 2.725 0.081
GRU 1.353 0.039 0.880 0.029
Trans 1.855 0.033 1.390 0.029
TAGRU 1.002 0.037 0.710 0.019

Tier H
WLS 31.265 41.187 18.691 0.766
GNN 3.150 0.118 2.915 0.086
GRU 1.758 0.045 1.050 0.055
Trans 2.355 0.039 1.680 0.076
TAGRU 1.051 0.046 0.818 0.024

IV. CONCLUSION

The proposed TAGRU integrates reliability-aware pool-
ing, topology-aligned spatio–temporal modeling, and physics-
consistency regularization under weak supervision. Experi-
ments on the IEEE 33-bus and IEEE 123-node systems verify
improved accuracy and robustness under heterogeneous and
asynchronous measurements. Future work will focus on larger
real-world feeders and online adaptation to topology and
sensing changes.
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