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  Abstract—This paper introduces a decentralized state estimation 

framework for distribution systems using a message-aware graph 

attention model. Each node processes its own measurements, 

exchanges short messages with nearby nodes, and updates its 

state through multi-head attention. This structure captures 

feeder voltage behavior while preserving local effects from 

distributed energy resources (DERs). A Huber loss with an 

overlap-based consensus term improves the resistance to bad data 

and maintains consistent estimates between adjacent areas. The 

proposed method is validated using IEEE 123-bus and IEEE 906-

bus test feeders, showing accurate and stable state estimation with 

low communication needs. 

  Index Terms—Bad data, decentralized distribution state 

estimation, graph attention networks, robust loss function. 

I. INTRODUCTION 

Accurate state estimation is essential for reliable operation, 
real-time monitoring, and advanced analytics for electrical 
distribution systems [1]. Rapid growth of distributed energy 
resources (DERs) has increased the complexity of distribution 
system state estimation (DSSE) significantly due to 
bidirectional power flow, the sparse measurements availability, 
and higher sensitivity to noise and bad data [2],[3]. DSSE 
methods can be categorized into centralized or decentralized. 
Centralized DSSE sends all measurements to a control center 
for estimation using analytical or data-driven models. 
Analytical DSSE typically uses Weighted Least Squares (WLS) 
as a baseline [3] and often applies Gauss–Newton iterations for 
sparse Jacobians [4]. Robust methods, such as LMS [5] and GM 
formulations [6], are used to reduce the impact of bad/corrupted 
data. Analytical DSSE depends on accurate topologies and line 
parameters, sensitive to modeling errors and uncertainty. 
Centralized DSSE has therefore shifted toward data-driven 
estimators, from early shallow models, such as Artificial Neural 
Network (ANN) [7] and kernel methods [8], to deep and graph-
based approaches, such as multilayer networks [9], 
autoencoders [10], and GNNs [11]. However, these models 
often need large representative datasets, generalize poorly 
outside the training domain, may miss sharp DER-driven local 
voltage changes, and their centralized use creates heavy 
communication and computation burdens that limit scalability. 

Decentralized DSSE frameworks have emerged as an 
alternative to reduce communication burdens, improve 
scalability, and allow feeders or regions to operate more 
autonomously. Decentralized analytical methods typically 
partition the network into local areas, where each region 
performs its own WLS-based estimation and iteratively 
exchanges boundary information with neighboring regions 
through consensus [12] or gradient-tracking schemes [13]. 

These methods reduce reliance on a single control center, but 
their accuracy can deteriorate when local regions have sparse 
measurements or when coordination among areas is 
insufficient. Decentralized data-driven DSSE has gained 
significant attention to further improve scalability and 
robustness. Recent works incorporate graph neural network 
(GNN) structures into distributed settings, enabling each local 
estimator to exploit electrical connectivity while avoiding full-
system data sharing. The electrical-model-guided graph neural 
network (EleGNN) [14], for example, integrates electrical-
model guidance into a GNN architecture to improve estimation 
accuracy and robustness across different network 
configurations. More recently, personalized federated learning 
(PFL)-based DSSE allow multiple regions to collaboratively 
train models without exchanging raw measurements, 
preserving the data privacy while enabling the system-wide 
learning. Although such decentralized learning methods reduce 
communication requirements and enhance scalability, they still 
struggle with localized DER-induced fluctuations, 
heterogeneous data quality across regions, and the difficulty to 
jointly model global smoothness and local voltage 
irregularities. 

In this paper, a message-aware graph attention estimator 
(MAGAE) is proposed for decentralized DSSE. The method 
targets the major DSSE challenges, including the localized 
operating variability, sensitivity to noisy/uneven measurements 
(including varying pseudo-measurement penetration), and 
limited inter-area communication budgets. The key novelty is 
the message-aware inter-area learning that selectively 
prioritizes the exchanged boundary information and enforces 
the overlap consistency. A message-aware graph-attention 
network is designed for multi-area DSSE on the feeder graph 
with overlapping partitions. Compact, explicit boundary 
messages are designed for exchange between adjacent areas. 
The attention mechanism is designed to weight these boundary 
messages and suppress non-informative neighbor exchanges, 
reducing communication burden and improving the boundary-
state consistency. An encoder–decoder mapping is developed 
for heterogeneous measurements, including real measurements 
and pseudo-measurements. A robust Huber-based learning 
objective is developed with adaptive pseudo-measurement 
weighting, and an overlap-aware soft-consensus penalty is 
designed to align shared boundary states under decentralized 
operation. The main contributions of this paper include: 
• A decentralized MAGAE-DSSE architecture is proposed. 

A message-aware graph-attention network is designed with 
explicit boundary-message exchange between adjacent 
areas. The attention operator is conditioned on the 
boundary message to enable selective neighbor 
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aggregation under the limited inter-area communication. 
• A robust training objective is proposed. A Huber-based 

loss is developed with adaptive pseudo-measurement 
weighting and an overlap-aware soft-consensus penalty, 
improving tolerance to bad data and measurement 
heterogeneity while maintaining consistency across 
overlapping regions. 

The paper is organized as follows: Section II presents the 
DSSE formulation and graph-based system modeling; Section 
III describes the proposed MAGAE-DSSE architecture; 
Section IV provides numerical evaluations for IEEE 123-bus 
and IEEE 906-bus test systems under multiple operating 
scenarios using the proposed method; and Section VI concludes 
the paper and discusses the future work. 

II. PRELIMINARIES 

A.  Graph-based State Vector and Measurement 

A distribution network is modeled by a graph 𝐺𝑛𝑒𝑡 =
(𝒱, 𝐸𝑛𝑒𝑡), where 𝑈 = {(𝑛, 𝜙): 𝜐 ∈ 𝒱, 𝜙 ∈ Φ𝑛} show nodes. 
Each node (𝑛, 𝜙) ∈ 𝑈 has a complex voltage 𝑉𝑛𝜙 = 𝑣𝑛𝜙

𝑟𝑒 +

𝑗 𝑣𝑛𝜙
𝑖𝑚 . The state vector collects real and imaginary parts of all 

phase voltages as follows: 

 𝑥 = [𝑣1,𝑎
𝑟𝑒 , 𝑣1,𝑎

𝑖𝑚 , 𝑣1,𝑏
𝑟𝑒 , 𝑣1,𝑏

𝑖𝑚 , … , 𝑣𝑛,𝜙
𝑟𝑒 , 𝑣𝑛,𝜙

𝑖𝑚 , … ]
⊤

∈ ℝ2|𝑈| () 

Measurements 𝑧𝑚  are indexed by 𝑚 ∈ {1, … , 𝑀}. Each 
measurement satisfies a nonlinear model below: 

 𝑧𝑚 = ℎ𝑚(𝑥) + 𝑒𝑚 () 

where ℎ𝑚(⋅) characterizes the relationship between the state 
and the measurement, and 𝑒𝑚 shows the noise associated with 
the measurement. The vector form in (1) reads 𝑧 = ℎ(𝑥) + 𝑒. 
In a diagonal weight matrix 𝑊 = diag(𝑤1 , … , 𝑤𝑀), 𝑤𝑚 =
1/𝜎𝑚

2  . It is worthwhile noting that pseudo-measurements are 
assigned large 𝜎𝑚

2 (small 𝑤𝑚) to limit the bias. 

B. The Objective Function of DSSE 

DSSE estimates the system state from noisy measurements 
using the following weighted least-squares objective: 

 min
𝑥∈𝜒

𝐹(𝑥) = 1 2⁄   ∥ 𝑊1/2(𝑧 − ℎ(𝑥)) ∥2
2 () 

This objective penalizes squared residuals of measurements 
weighted by their inverse variances 𝑊.  

To guard against bad data, a Huber loss is often used. With 
a threshold 𝛿 > 0 , the Huber penalty for residual 𝑟 is 

 𝜌𝛿(𝑟) = {
1 2⁄ 𝑟2, |𝑟| ≤ 𝛿,

𝛿 |𝑟| − 1 2⁄ 𝛿2, |𝑟| > 𝛿,
                     (4) 

The common robust choice is 𝛿 ≈ 1.345 𝜎𝑚  for a high 
efficiency under noisy conditions. The robust objective is 

 𝐹𝐻𝑢𝑏(𝑥) = Σm𝜌𝛿(𝑤𝑚
1/2[𝑧𝑚 − ℎ𝑚(𝑥)]) () 

To ensure the estimated states are feasible, the following 
constraints are applied: 

 𝑃𝑖𝑛𝑗.𝑛𝜙
min ≤ Pinj,nϕ(𝑥) ≤ Pinj,nϕ

max , ∀(𝑛, 𝜙) ∈ 𝑈  () 

 𝑄𝑖𝑛𝑗.𝑛𝜙
min ≤ Qinj,nϕ(𝑥) ≤ Qinj,nϕ

max , ∀(𝑛, 𝜙) ∈ 𝑈 () 

 vmin ≤ |𝑉𝑛𝜙(𝑥)| ≤ vmax, ∀(𝑛, 𝜙) ∈ 𝑈  () 

 |𝐼𝑖𝑗,𝜙(𝑥)| ≤ Iij,ϕ
max  () 

These constraints restrict the estimated states to physically 
feasible operating regions and serve as lightweight physics-
informed regularization for the proposed framework. 

C. Decentralized DSSE  

Let the feeder be portioned into 𝐾 areas 𝒦 = {1, … , 𝐾} with 
index sets ⋃ 𝑈𝑖 = 𝑈𝑖  (overlap allowed). Define selection 
matrices  𝑆𝑖 that extract local states: 

 𝑥𝑖 = 𝑆𝑖𝑥 ∈  ℝ2|𝑈𝑖|  () 

Let 𝒩𝑖 be the set of neighboring areas that share boundary 
with the area 𝑖. With overlap selectors, 𝐶𝑖𝑗 and 𝐶𝑗𝑖 enforce 

consensus on the shared components as follows: 

 min
{𝑥𝑖}𝑖∈𝐴

𝑓𝑖(𝑥𝑖)  () 

 𝑠. 𝑡.  𝐶𝑖𝑗𝑥𝑖 = 𝐶𝑗𝑖𝑥𝑗 , ∀𝑖 ∈ 𝒦, ∀𝑗 ∈ 𝒩𝑖    () 

where 𝑓𝑖(𝑥𝑖) is the local WLS objective by restricting (3) to the 
measurement subset assigned to the area 𝑖, i.e., Eq. (3) with 
(𝑧, 𝑊, ℎ) is replaced by (𝑧𝑖 , 𝑊𝑖 , ℎ𝑖)). For the robust variant, 
replace each 𝑓𝑖 by the Huber form induced by (4)–(5) on the 
local subset. 

III. THE PROPOSED DECENTRALIZED MESSAGE-AWARE 

GRAPH ATTENTION-BASED DSSE 

A. Message-Aware Graph Attention-based DSSE 

Each node exchanges local information over a 
communication graph, and selectively aggregates messages 
from its neighboring nodes through an attention mechanism. At 
each iteration, the hidden representation of the node 𝑣 =
(𝑛, 𝜙) ∈ 𝑈 is denoted as 𝑠𝑣 ∈ ℝ𝑑 , derived from its local 
measurement features 𝑧𝑣  and system metadata (e.g., phase type, 
measurement class, device type). The overall node feature 
matrix is: 

 𝑆 = [𝑠𝑣1
, 𝑠𝑣2

, ⋯ , 𝑠𝑣|𝑈|
]

𝑇

∈ ℝ|𝑈|×𝑑    () 

The DSSE inference process performs graph convolutions 
with message-aware attention weights as 

 𝐻 = 𝜎((𝐸 ⊙ 𝐴)𝑆𝑊)   () 

where 𝐴 is the adjacent matrix of the communication graph, 𝐸 
is the attention matrix representing the importance of 
neighboring messages, ⊙ denotes element-wise multiplication, 
𝑊 is the trainable transformation matrix, and 𝜎(∙) is an 
activation function. The normalized attention coefficients 
between nodes 𝑖 and 𝑗 are defined by 

 𝐸𝑖𝑗 =
exp(𝐿𝑒𝑎𝑘𝑦𝑅𝑒𝐿𝑈 (𝑒𝑖𝑗))

Σ𝑘∈𝒩𝑖 exp(𝐿𝑒𝑎𝑘𝑦𝑅𝑒𝐿𝑈 (𝑒𝑖𝑘)) 
   () 

where the unnormalized attention score is computed by the 
following key–query operation: 

 𝑒𝑖𝑗 = (𝑊𝑞𝑠𝑖)
𝑇

(𝑊𝑘𝑠𝑗)   () 

where 𝑊𝑞 and 𝑊𝑘 are trainable query and key matrices, 

respectively. 𝑊, 𝑊𝑞, and 𝑊𝑘 are learned end-to-end jointly with 

the remaining model parameters by minimizing the overall 
training objective using the standard backpropagation. This 
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formulation allows each node to adaptively weigh the 
information received from neighbors based on the message’s 
relevance and context. 

B. Multi-Head Attention and Aggregation  

The multi-head attention mechanism is used in the proposed 
framework to improve stability and representation of richness. 
Considering 𝑃  independent attention heads used to process 
parallel feature subspaces, the output features from all heads are 
concatenated as follows: 

 𝑆′ = 𝑓𝑐𝑜𝑛𝑐𝑎𝑡 [𝜎 ((𝐸𝑝 ⊙ 𝐴)𝑆𝑊(𝑝))] , ∀p = 1, ⋯ , P () 

The resulting 𝑆′ is then mapped to the estimated state vector 
𝑥 using a feed-forward network as follows: 

 𝑥 = 𝑓𝜃(𝑆́)   () 

where 𝑓𝜃(∙) represents the decoder with the parameters  𝜃. The 
network is trained to minimize the robust Huber objective 
defined in (5), incorporating pseudo-measurements with 
adaptive weights. 

C. Overal Structure of  the Poposed Framework 

The proposed framework is a decentralized estimator that 
runs at each node and proceeds in three stages per iteration: 1) 
local feature encoding, 2) message-aware graph attention 
aggregation, and 3) state decoding with overlap consensus. The 
design minimizes communication, scales to large feeders, and 
remains robust to heterogeneous measurements. 

1) Local feature encoding: Each node 𝑣 = (𝑛, 𝜙) collects 
its local measurement 𝑧𝑣, which are processed by a lightweight 
encoder 𝑔(⋅) to produce a compact latent representation: 

 𝑠𝑣 = 𝑔(𝑧𝑣)   () 

2) Message-aware graph attention aggregation: Encoded 
features are exchanged among neighboring nodes according to 
the communication graph defined by 𝐴. Each node aggregates 
messages from its neighbors through the attention mechanism 
introduced in (14)–(17), which adaptively weighs incoming 
information based on its relevance. This process yields the 
refined representation 𝑆′ that embeds both local measurement 
content and network-topological relationships. 

3) State decoding and overlap: The aggregated features are 
mapped to the estimated node states through the decoder 𝑓𝜃(∙) 
as formulated in (18), producing 𝑥 for all nodes. In feeders 
divided into multiple areas, shared boundary states are aligned 
via a soft consensus constraint, ensuring consistent estimates 
across overlaps. The consensus term is incorporated into the 
total loss as in (20), balancing local accuracy with global 
coordination. 

 𝐿𝑡𝑜𝑡𝑎𝑙 = 𝐿𝐻𝑢𝑏𝑒𝑟 + 𝜆𝑐𝑜𝑛𝑠𝐿𝑐𝑜𝑛𝑠    () 

where 𝜆𝑐𝑜𝑛𝑠 controlling the trade-off between local accuracy 
and global agreement. In the decentralized framework, local 
estimators exchange boundary states with their neighboring 
areas. The overlapping states are enforced to reach consensus 
through the following soft penalty term: 

 𝐿𝑐𝑜𝑛𝑠 = ∑ ‖𝐶𝑖𝑗𝑥𝑖 − 𝐶𝑗𝑖𝑥𝑗‖(𝑖,𝑗)∈𝜀 2

2
   () 

where 𝐶𝑖𝑗 and 𝐶𝑗𝑖 are selection matrices extracting the shared 

states. Fig. 1 shows the three-stage pipeline of the proposed 
MAGAE-based DSSE, showing the flow from measurement 
inputs to decentralized state reconstruction. 

IV. NUMERICAL RESULTS  

The proposed framework is evaluated using the IEEE 123-
bus and IEEE 906-bus test systems. The IEEE 123-bus feeder 
includes two 500-kVA PV units and two 100-kVA wind 
turbines, and it is divided into five zones. The IEEE 906-bus 
low voltage (LV) test system, supplied by an 11 kV/0.4 kV 
transformer, is partitioned into twenty-one zones. Time-series 
load and renewable energy profiles are generated in OpenDSS 
using historical smart meter, solar irradiation, and wind speed 
data in [15], with 75% real measurements and 25% pseudo-
measurements. The model is trained using Adam with a 
learning rate of 0.005, a batch size of 64, 4 attention heads, and 
𝜆𝑐𝑜𝑛𝑠 = 1𝑒−4. Training and test datasets are generated via 
OpenDSS time-series power flow simulations. Load and DER 
profiles are applied to generate operating points. Measurement 
vectors are constructed from simulated states and then 
corrupted with zero-mean Gaussian noise according to the 
assumed sensor variances. Samples are down-sampled to 30-
minute resolution and split into 70% training and 30% testing 
sets. In all initial simulation scenarios, 𝑇 = 4. The proposed 
MAGAE-based DSSE is compared with DSS² in [11], EleGNN 
in [14], and PFL-DSSE in [16], representing centralized, 
physics-guided, and federated learning-based DSSE methods. 
These methods are implemented according to the original 
publications and publicly available configurations. Fig. 2 shows 
stable loss convergence across all areas for both test systems. 

 
Fig. 1. The overall architecture of the proposed framework.  

 
Fig. 2. Training loss convergence for: (a) IEEE 123-bus test system with 5 

zones, (b) IEEE 906-bus test system with 21 zones. 

A. Metrics 
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Two metrics are used to evaluate the proposed MAGAE-
based DSSE framework: the mean absolute percentage error 
(MAPE), and the normalized root mean square error (NRMSE). 
For each measurement index 𝑚 ∈ {1, … , 𝑀} and each time step 

𝑡, the MAPE and NRMSE are defined by 

 𝑀𝐴𝑃𝐸 =
1

𝑀
∑ ∑ |

𝑌̃𝑡
𝑚−𝑌𝑡

𝑚

𝑌𝑡
𝑚 |𝑇

𝑡=1
𝑀
𝑚=1    () 

𝑁𝑅𝑀𝑆𝐸 =
1

𝑀.|max(𝑌𝑡
𝑚)−min(𝑌𝑡

𝑚)|
√(𝑌̃𝑡

𝑚 − 𝑌𝑡
𝑚)

2
   () 

B. The Baseline Scenario 

The baseline scenario evaluates the performance of the 
proposed MAGAE-based DSSE framework under normal 
operation with full measurements and no bad data. Fig. 3 shows 
a 24-hour voltage estimation at bus 72, phase A. The estimated 
values track smart meter readings throughout the day. Table I 
reports the baseline accuracy for IEEE 123-bus and IEEE 906-
bus test systems. MAPE improvements compared with DSS², 
EleGNN, and PFL-DSSE are 72.5%, 85.6%, and 86.9% for 
IEEE 123-bus test system, and 71.7%, 85.1%, and 86.6% for 
IEEE 906-bus test system. 

 
Fig. 3. A 24-hour voltage estimation at bus 72, phase A in IEEE 123-bus test 

system. 

TABLE I.  BASELINE MAPE AND NRMSE COMPARISON USING IEEE 123-
BUS AND IEEE 906-BUS TEST SYSTEMS. 

Methods MAPE NRMSE 

IEEE 123-

bus test 

system  

IEEE 906-

bus test 

system  

IEEE 123-

bus test 

system  

IEEE 906-

bus test 

system  
MAGAE-DSSE 
(proposed) 

0.92 1.04 0.17 0.2352 

DSS2 [11] 3.344 3.684 0.58 0.6827 

EleGNN [14] 6.389 6.994 0.9009 0.7838 

PFL-DSSE [16] 7.054 7.764 1.030 0.7917 

C. Pseudo-Measurement Penetration 

This subsection evaluates the effect of pseudo-measurement 
penetration using the IEEE 123-bus test system. Ten different 
penetration levels, ranging from 10% to 100%, are tested for 
the three selected benchmark methods in [11], [14], [16]. Fig. 
4(a) shows the MAPE distribution heatmap. The proposed 
method keeps a narrow spread across all levels, while the three 
benchmark methods show wider variations and higher errors as 
the penetration level increases. Fig. 4(b) shows the NRMSE 
distribution heatmap with similar patterns. The heatmaps 
provide a clear view of how performance changes with 
penetration. The proposed method shows a slow and controlled 
rise in MAPE and NRMSE, while DSS², EleGNN, and PFL-
DSSE show faster and larger increases. 

D. Bad data Injection 

Bad data are generated by randomly corrupting 5–20% of 
measurements with large additive noise spikes modeled as zero-

mean Gaussian noise with an inflated variance, while the 
remaining measurements retain their nominal noise levels. Figs. 
5(a)–5(b) show that the proposed method consistently achieves 
the lowest MAPE and NRMSE, while the three benchmark 
methods deteriorate as the data corruption increases. The 
proposed method shows superior performance, which down-
weight outliers and maintain stable estimates for bad data.  

 
Fig. 4. The proposed method with various pseudo-measurement penetration 

levels for IEEE 123-bus test system: (a) MAPE distribution heatmap, (b) 

NRMSE distribution heatmap. 

 
Fig. 5. The proposed method with increasing bad data for IEEE 123-bus test 

system: (a) MAPE distribution heatmap, (b) NRMSE distribution heatmap.  

E. Communication Budget 

This scenario studies the effect of limiting message-passing 
iterations in the proposed framework. The communication 
budget is set by the number of iterations 𝑇 exchanged between 
neighboring areas. Lower T reduces the communication cost, 
but may also reduce the estimation accuracy. Table II shows the 
MAPE and NRMSE for 𝑇 =  1, 2, and 4 on IEEE 123-bus and 
IEEE 906-bus test systems., Reducing T from 4 to 1, MAPE 
increases from 0.92% to 1.35%, and NRMSE increases from 
0.17 to 0.24, respectively, for IEEE 123-bus test system; while 
MAPE increases from 1.04% to 1.55% and NRMSE increases 
from 0.2352 to 0.31, respectively, for IEEE 906-bus test 
system. Although synchronous communication is assumed in 
this work, the proposed message-aware attention and overlap-
consensus mechanisms provide inherent robustness to partial 
message loss and delayed updates. 

TABLE II.  COMMUNICATION BUDGET IMPACT ON THE PROPOSED 

MAGAE-BASED DSSE. 

 
IEEE 123-bus 

test system 

IEEE 906-bus 

test system 

IEEE 123-bus 

test system 

IEEE 906-bus 

test system 

T MAPE MAPE NRMSE  NRMSE  

1 1.35 1.55 0.24 0.31 

2 1.05 1.0 0.19 0.26 

4 0.92 1.04 0.14 0.2352 

F. Computational Complexity 
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The training time, inference speed, and communication 

overhead are evaluated here. The proposed method converges 

faster than the three benchmarks due to message-aware 
attention and compact node features, and its decentralized 

design limits communication to boundary nodes. Table III 

shows that the proposed method uses fewer parameters and 

achieves a shorter training and inference time for IEEE 123-bus 

and IEEE 906-bus test feeders, while requiring fewer consensus 

iterations and lower computation and communication load. 

TABLE III.  TRAINING AND INFERENCE EFFICIENCY 

Metric 
MAGAE-

DSSE 
(Proposed) 

DSS2  
[11] 

EleGNN 
[14] 

PFL-
DSSE 
[16] 

Train / Epoch (s) 0.82 1.96 2.44 3.12 
Train Time (min) – 

IEEE 123-bus 
14.8 42.3 51.7 63.4 

Train Time (min) – 
IEEE 906-bus 

31.4 88.1 104.5 128.8 

Inference (ms) – 
IEEE 123-bus 

4.8 7.9 12.3 16.5 

Inference (ms) – 
IEEE 906-bus 

11.4 19.2 28.7 34.9 

Trainable Params 
(×10³) 

185 510 640 720 

Communication 
Cost / Iter. 

5×boundary 
nodes; 3.2 

kB/msg 
Centralized 

Full-
graph; 7.8 
kB/msg 

Client–
server; 
12.4 

kB/msg 
Convergence Iters. 8–10 – 18–22 25–30 

G. Number of Zones 

The impact of partition granularity is evaluated by varying 

the number of zones, 𝐾. As 𝐾 increases, the local problem size 

decreases, but the boundary coupling and reliance on inter-area 

messages increase, which can reduce the estimation accuracy. 

Fig. 6 shows that when 𝐾 increases from 5 to 10 on IEEE 123-

bus test system, MAPE increases from 0.94% to 1.17%, and 
NRMSE increases from 0.171 to 0.204, respectively; Similarly, 

when 𝐾 increases from 16 to 25, MAPE increases from 1.05% 

to 1.28%, and NRMSE increases from 0.241 to 0.278, 

respectively, for IEEE 906-bus test system. 

 
Fig. 6. Impact of partition granularity on the proposed method: (a) MAPE vs. 

number of zones on IEEE 123-bus test system, (b) MAPE vs. number of zones 

on IEEE 906-bus test system, (c) NRMSE vs. number of zones on IEEE 123-

bus test system, (d) NRMSE vs. number of zones on IEEE 906-bus test system. 

V. CONCLUSION AND FUTURE WORK 

This paper proposes a decentralized DSSE method based on 

message-aware graph attention. The proposed MAGAE-based 

DSSE framework combines local measurements with neighbor 

information through cooperative attention and improves 

robustness using Huber loss with an overlap-consensus term. IT 

reduces MAPE and NRMSE substantially compared to the 
three benchmark methods, converges faster, and requires fewer 

message-passing rounds, cutting communication needs by more 

than half, while maintaining stable estimates with up to 20% 

bad-data injections. For future work, the proposed framework 

can be extended by incorporating explicit power-flow–based or 

physics-informed regularization beyond current feasibility 

constraints; relaxing the synchronous communication 

assumption to account for delays, packet loss, and 

asynchronous message passing; and further strengthening 

evaluation rigor through unified baseline tuning, uncertainty 

quantification, and enhanced reproducibility and presentation. 
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