‘ energies

Article

A Data-Driven Approach for Distribution System State
Estimation Considering Data and Topology Uncertainties

Dezhi He !, Shuchen Kang 2, Kaiji Liao 3, Chenyao Pang 2, Bin Tang !, Chengzhong Zheng !, Zhenyuan Zhang >*

and Yiping Yuan 2

W) Check for updates

Academic Editor: Anastasios Dounis

Received: 7 November 2025

Revised: 28 November 2025
Accepted: 4 December 2025
Published: 26 December 2025
Copyright: © 2025 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license.

State Grid Sichuan Electric Power Company Nanchong Power Supply Company, Nanchong 637200, China;
19908171875@163.com (D.H.); tangbin20053844@163.com (B.T.); 18227317912@163.com (C.Z.)

School of Mechanical and Electrical Engineering, University of Electronic Science and Technology of China,
Chengdu 610054, China; 202421040225@std.uestc.edu.cn (S.K.); pccyyy@126.com (C.P.);
yipingyuan_ee@uestc.edu.cn (Y.Y.)

State Grid Sichuan Electric Power Company Marketing Service Center (Metrology Center), Chengdu 610041,
China; lkj_sc@126.com

*  Correspondence: zhangzhenyuan@uestc.edu.cn; Tel.: +86-15108447851

Abstract

With the increasing integration of distributed energy resources and the growing variability
of multiple loads, distribution networks face significant uncertainties in measurement data,
line parameters, and topology. Traditional state estimation methods, such as weighted
least squares, rely on accurate network parameters and are therefore highly sensitive
to measurement noise and topology variations. To address these challenges, this work
proposes a comprehensive data-driven framework for ADN state estimation that features a
novel integration of an improved deep residual network (i-ResNet) and transfer learning.
An improved deep residual network (i-ResNet) is developed to enable fast and robust
state estimation without dependence on online parameters, even under uncertain data
conditions. Furthermore, a transfer learning-based model is introduced to accommodate
topology changes by leveraging historical data from multiple network configurations.
Experimental studies on the IEEE 33-bus and 118-bus test systems are conducted to evaluate
the performance of the proposed approach. The results demonstrate that the proposed
method achieves higher accuracy and faster convergence than conventional techniques,
with voltage magnitude errors consistently maintained below 1%.

Keywords: distribution system state estimation; deep learning; transfer learning; data
uncertainty; topology uncertainty

1. Introduction

The distribution network, as the final stage directly connecting to end-users, plays a
critical role in ensuring social welfare and economic stability. The global energy landscape
is undergoing a profound transformation driven by industrial expansion and the transition
from non-renewable to renewable energy sources [1]. Consequently, distribution networks
are increasingly integrating distributed energy resources (DERs), variable loads, and energy
storage systems. While this integration enhances supply reliability and mitigates energy
shortages, the operation process of distribution systems introduces greater complexity and
operational uncertainty [2]. Moreover, ongoing electricity market reforms and economic
dispatch mechanisms further complicate grid management, making distribution systems
more susceptible to unexpected operating conditions [3].

Energies 2026, 19, 128

https://doi.org/10.3390/en19010128


https://crossmark.crossref.org/dialog?doi=10.3390/en19010128&domain=pdf&date_stamp=2025-12-26
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/energies
https://www.mdpi.com
https://orcid.org/0009-0007-6027-1258
https://orcid.org/0000-0003-3356-0111
https://doi.org/10.3390/en19010128

Energies 2026, 19, 128

2 of 24

Distribution System State Estimation (DSSE) provides real-time estimates of system
states like node voltages, supporting analysis, control, topology, bad data detection, and
device planning for the Distribution Management System (DMS). However, conventional
DSSE faces three main challenges: (1) Low observability due to limited deployment of
high-precision devices like PMUs; (2) data uncertainty caused by noisy measurements
and outdated line parameters; and (3) topological uncertainty due to frequent changes in
distribution networks from faults, maintenance, or reconfiguration. These issues hinder
traditional estimation methods, making accurate DSSE vital for better grid management,
stability, and resilience [4-6].

Recent research on distribution network state estimation algorithms primarily concen-
trates on the Weighted Least Squares (WLS) approach, robust algorithms, and new artificial
intelligence techniques. These are typically classified into physics-model-based methods
and data-driven approaches that use historical data.

Distribution network state estimation uses static and dynamic methods based on
physics models. Static estimation employs current measurement data, with the Weighted
Least Squares (WLS) method being the most common, refined over time [7]. Enhancements
to WLS include incorporating measurement correlations [8], spatiotemporal features [9],
and augmented analysis to improve accuracy [10]. Some methods reduce measurement
data using intermediate variables [11,12] or split the network into areas [13,14], simplifying
calculations at the risk of noise sensitivity and iteration demands [15,16]. With DERs,
system dynamics can cause WLS methods to fail locally [17]. To address data issues,
alternatives like WLAV and Huber estimators [18] are used, though they involve complex,
slower models, impacting real-time performance.

Dynamic state estimation uses current measurement data and the previous state es-
timate to infer and predict the next state. While mainly based on Kalman Filtering (KF)
for linear systems, solutions for nonlinear systems include algorithms like the Extended
Kalman Filter (EKF), Unscented Kalman Filter (UKF), Cubature Kalman Filter, and Particle
Filter. Reference [19] introduced an adaptive interpolation technique to mitigate nonlinear
effects on EKF performance by quantifying the nonlinearity of measurement and state equa-
tions. To enhance robustness, reference [20] proposed an improved UKF that adjusts the
distribution of Sigma points in real-time via a correction factor, thus increasing estimation
accuracy. Reference [21] applied the Heo criterion from robust control to manage measure-
ment noise uncertainty, developing an Hoo-UKF method. Reference [22] addressed false
data injection attacks with a hybrid KF-based model, enhancing security across various
scenarios. Overall, physics-model-based solutions depend on line parameters and mea-
surement data; however, their iterative process is time-consuming, limiting applications
amid high uncertainty in distribution network operations.

With the increasing adoption of various machine learning algorithms, applying artifi-
cial intelligence techniques to solve complex power system issues, including state estima-
tion, has garnered growing research interest. Data-driven Al methods analyze the nonlinear
relationships between measurement vectors and state variables using historical data to
develop models tailored to the data. These methods significantly improve the accuracy and
robustness of state estimation, making them a popular research area. This field includes
directly modeling the relationship between input measurements and output state variables
with data-driven models and using these models to support physics-based solutions. For
example, Ref. [18] used historical data and associated states to learn the mapping from
current measurements to state variables. By inputting current measurement data into the
trained model, an estimate of the current state is obtained. Similarly, Refs. [23,24] combined
distributed local measurements with polynomial regression to estimate system voltage
magnitude and phase angle, requiring a measurable controller in the distributed energy
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resource system as input. Reference [25] proposed a fast state estimation method suitable
for large systems, where neural networks output node voltage magnitudes and phase an-
gles, with measurements such as branch power, which have strong correlations, serving as
inputs selected through correlation analysis. After offline training, the model can generate
voltage estimates from measurement data in online operation, although the varying inputs
for each node increase the complexity of training. In [26], a deep ensemble approach was
introduced to enhance training stability by combining models with linear regression to
reduce uncertainty. Meanwhile, Refs. [27,28] employed neural networks to explore the
relationship between measurements and state variables, providing initial estimates for
Gauss-Newton methods. Given the vast data in distribution network databases, extracting
valuable insights and utilizing data-driven methods for state estimation has become a key
research focus.

Moreover, the topology of the distribution network changes during real operation,
and data for these time-varying topologies are limited, complicating the training of the
data-driven models mentioned earlier [29]. Currently, research on state estimation with
dynamic topologies is quite limited. The main approach is to leverage abundant data
from other topological structures in the database to offset the lack of sample data for
the new topology [30]. For instance, reference [31] introduced a model transfer method
where the model is initially trained on the original topology, most layers are frozen, and
then it is fine-tuned with limited data from the new topology. Similarly, reference [32]
combined artificial neural networks with transfer learning to develop a transfer neural
state estimation method, allowing the current distribution network state estimator to adapt
to other networks. Overall, using data-driven algorithms for distribution network state
estimation is increasingly compatible with smart grid development, though research in the
context of dynamic topologies still requires more focused exploration.

This paper addresses limitations of current methods, noting that parameter changes
and measurement data uncertainty during operation limit traditional physical methods
and reduce accuracy. It proposes i-ResNet, a modified residual neural network, to de-
velop a state estimation model based on data analysis, requiring only small real-time
and pseudo-measurements without complex parameters. The method is robust to data
errors and improves operational efficiency. Due to frequent topology changes from system
optimization, a time-varying topology state estimation based on migration learning is
proposed, using historical data from source topologies and small new topology datasets
to enhance data-driven effectiveness. Simulations across various networks confirm the
approach’s efficacy.

The contributions of this paper can be summarized as follows:

(1) A refined i-ResNet state estimation approach is extended to analyze the influence
of measured data and topology uncertainties on the operation state of distribution
network. The proposed strategy enhances robustness against measurement noise
while significantly improving computational efficiency, thereby meeting both accuracy
and speed requirements.

(2) Experimental evaluations are performed on the IEEE 33-bus and 118-bus benchmark
systems to assess the effectiveness of the proposed approach. The results confirm that
the method achieves superior accuracy and faster convergence compared with con-
ventional techniques, maintaining voltage magnitude errors consistently below 1%.

The rest of this article is structured as follows. Section 2 introduces the i-ResNet model-
based approach for state estimation, which considers data uncertainty. Section 3 explores
the impact of topology changes on state estimation outcomes and discusses potential
improvements for handling topology uncertainty in practical applications. Case studies are
presented in Section 4. The article concludes with Section 5.
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2. Distribution Network State Estimation Considering Data Uncertainty

Traditional distribution network state estimation struggles with practical challenges
due to uncertainties in line parameters and measurement data arising from equipment
aging, maintenance, and measurement errors. These uncertainties reduce estimation
accuracy. Additionally, the iterative nature of standard physical models results in long
computation times, making them unsuitable for the quick response needed in modern grids.
The widespread integration of distributed energy resources has also changed distribution
networks from simple, unidirectional power flow systems to complex, bidirectional ones.
This shift introduces voltage volatility caused by renewable energy’s intermittency and
peak output, potentially endangering grid stability.

This section introduces a new state estimation model using i-ResNet to overcome
issues in line parameter accuracy, measurement reliability, and efficiency. It directly links
measurements and state variables via offline training on historical data. During real-time use,
the trained model quickly produces state estimates from current measurements, removing
reliance on line parameters and showing improved resistance to measurement uncertainties.

2.1. Data-Driven State Estimation Model

Using artificial intelligence for power system monitoring and analysis is essential for
developing smart grids. As Al technology progresses, diverse machine learning algorithms
are increasingly used in the power sector. Data-driven models examine the spatial and
temporal correlations in historical data, converting the distribution network state estimation
from a problem based on line parameters and measurements into a process that directly
addresses the nonlinear relationship between measurement data z and state variables x.

Xt = ]’lil(Zt), (1)

where z is the measurement matrix; x is the state variable matrix at the current time; and
the function h~!(-) is a nonlinear mapping function containing weights (w1, w; ... w;),
reflecting the relationship between the input measurement values and the output state
variables. The task of offline training is to find the weights that minimize the loss between
predicted values and the actual states through training.

The Al training usually depends on extensive historical data to capture the nonlinear
relationship between measurement and state variables. Distribution network databases
hold large amounts of historical data from measurement devices like SCADA and PMUs,
satisfying the needs for training data-driven models. Unlike traditional physical models,
data-driven models use measurement data as input and state variables as output, eliminat-
ing the need for precise topology parameters and directly avoiding issues caused by line
parameter uncertainties.

2.2. Variant of Deep Residual Network

This section begins by explaining the principles and benefits of Deep Residual Net-
works. It then introduces a specialized variant designed for the distribution network state
estimation task and concludes by presenting the state estimation model based on this deep
residual network.

2.2.1. Deep Residual Network

The Deep Residual Network (ResNet) [33] is one of the most successful deep learning
models in recent years. Building residual learning modules helps resolve problems such as
vanishing or exploding gradients that can arise during deep neural network training. A
deep residual network consists of a series of blocks, with the fundamental residual block
shown in Figure 1.

https://doi.org/10.3390/en19010128


https://doi.org/10.3390/en19010128

Energies 2026, 19, 128

50f24

X

Weight Layer

RelLU

Weight Layer

F(x,,1,) S?

x, +F(x,,W)

Figure 1. Schematic diagram of a residual block.

A residual block includes weight layers, activation functions, normalization, and
identity mapping. The core component is the identity mapping, which helps lower the
number of parameters and computational load. Additionally, residual blocks use skip
connections to transfer input information quickly. The formula for a residual block is
as follows:

x41 = x;+ F(x;, W), 2)

where x; and x; 1 represent the input and output of the current residual block, respectively;
F is the residual function. Each residual unit is a serial connection structure. Based on the
above formula, the learned features of the overall residual network are as follows:

L-1

X[, = Xxo + 2 F(Xi, Wi)r 3)
i=0

where x( is the input to the residual neural network; x; is the output. The structure of the
residual network is shown in Figure 2.

Input

| Residual [ ) Residual Residual Residual A
"| Block 1 Block 2 Block 3 Block n I

Figure 2. Schematic diagram of the residual neural network.

According to the chain rule, the gradient of the backward process can be obtained as

dloss  dloss o L=l
axo - axL : (1 + E ; F(xi/ Wi))/ (4)

where dloss/dxy is the gradient reaching the loss function. The “1” in the parentheses
indicates that the shortcut mechanism allows gradient propagation without attenuation,
while the residual gradient is propagated through the weighted layers, not directly. The
residual gradient will not always be —1, and even if the gradient is slight, the shortcut
mechanism prevents gradient vanishing. Therefore, residual learning effectively addresses
the vanishing /exploding gradient problem, improving efficiency.

For a specific domain, the process of optimizing model parameters can be summarized
as the following optimization problem:

W; = argmin ) i (fi(Xir, Wi), vi), (5)
Wi teT
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where f;(-) is the target regression function on the domain; W; represents the parameters of
this domain; and y; represents the actual value.

2.2.2. Variant of Deep Residual Network

A state estimation model utilizing a deep residual neural network can be developed
based on the previous discussion. Although deep residual neural networks are mainly
used in image recognition and computer vision—areas with different task characteristics
from the state estimation task described here—necessary adjustments are made to tailor
the network to this study’s environment. This customized network is called i-ResNet, and
its architecture is illustrated in Figure 3.

Measurements

Integrity layer

7~ R
[ Residual block

Expand residual v .
block [ Residual block Normalize
Weights

[ Residual block

[ Expand residual l. ¥
block [ Residual block

;

Normalize
N Weights
Y
- D
[ Residual block ] \,/
Expand residual v Activations
block ([ Residualblock ]

| e |

Integrity layer

State estimation

Figure 3. Structure of i-ResNet for the state estimation task.

The i-ResNet architecture includes a reshaping layer, multiple residual blocks, and
extended residual blocks. The reshaping layer adjusts the dimension of the intermediate
feature space. The extended residual block serves as the central component. Compared to
traditional deep residual neural networks, the enhancements and their reasons are outlined
as follows:

(1) Replacing the convolutional layers in standard residual blocks with fully connected
layers improves processing of one-dimensional input data, such as branch ac-
tive/reactive power and node injection active/reactive power. Fully connected layers
effectively model the input-output relationship and help reduce model complex-
ity [34].

(2) Incorporating identity mappings on the left, similar to the traditional deep residual
network, combines two residual blocks into a single extended residual block. This
structure includes two basic residual blocks with skip connections that transfer feature
information across non-adjacent layers, representing an improved version of the deep
residual network [35,36]. The benefit of this approach is enhanced information flow
and reduced information loss, allowing for more effective utilization of the residual
network’s optimization potential.
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(3) The Huber function serves as the loss function because of its robustness to outliers.
The ReLU function is selected as the activation function, with its expression provided
in Equation (6).

x,x >0
relu(x) = { 0% <0 (6)

2.2.3. State Estimation Model Based on i-ResNet

Once the i-ResNet model structure is designed, the overall architecture of the proposed
i-ResNet-based distribution network state estimation is illustrated in Figure 4. It consists of
several components: data preprocessing, offline training of the i-ResNet model, and online
implementation. Each element is explained below.

Data Preprocessing Offline Training

Establish
i-ResNet Model
Reverse tuning

Yes

ave mode
parameters

Online Application

Collect historical
measurement data of the
source topology

Measurement in
urrent Time

Well Trained
i-ResNet Model

Randomly add error

[ data standardization

[ State Estimation J

J
J
1 J

Figure 4. Flowchart of the state estimation model based on i-ResNet.

End

(1) Data Preprocessing Unit

Initially, historical operational data from the distribution network is gathered, and
an initial training dataset is created via random sampling. Next, because the data varies
greatly in scale across the network, normalization is performed on all data to reduce the
effects of differing variable scales during model training. Specifically,

1 X— min(X)
max(X) — min(X)’

@)

where X! represents the normalized data and max(X) and min(X) represent the maxi-
mum and minimum values in the dataset X, respectively. After standardization, the data
X! € [0,1] and is dimensionless. A specific error level is randomly added to the standard-
ized data to simulate the errors of measurement devices in actual operation. Finally, the
training set and test set are partitioned.

(2) Offline Training Phase

During the offline training phase, measurement data from various time points in
the dataset are fed into the model through the input layer. Features are extracted with
a reshaping layer, mapped to a high-dimensional space and passed through a series of
residual blocks. After processing these residual blocks and another reshaping layer, the
model outputs a state estimate and calculates if the accuracy meets the standards. If it does
not, the loss function—comparing the estimated results with actual values—is computed,
and parameters are updated using the optimizer. The Huber loss function is chosen for its
robustness to outliers, combining the benefits of MSE and MAE, as shown in Equation (8).
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The Adam optimizer is used for training. Once the accuracy criteria are satisfied, the
network parameters and the model are saved, and training terminates.

Ry —f@)? - fx) <
Ls(y, f(x)) = { gly—f(x)l (182 ly— f) > 5 (8)

(3)  Online Application Phase

During the online application phase, the measurement data from the current time step
is fed into the trained model to produce the relevant state variable results rapidly. These
results help inform the subsequent operation and dispatch of the distribution network.

3. Distribution Network State Estimation Considering
Topology Uncertainty

The previously proposed i-ResNet-based model effectively captures the nonlinear
relationship between states and measurements using historical data. It removes the need for
exact line parameters, offers quick and precise estimates, and is robust against measurement
noise. However, in real-world operations, distribution network topologies often change due
to dispatch demands or unforeseen events, leading to topological uncertainty. When such
changes occur, the lack of sufficient measurement devices often prevents obtaining accurate
structural parameters quickly, making traditional physical models unsuitable. Additionally,
a new topology’s limited operational history hampers data-driven approaches that depend
on extensive historical data for training.

To address the state estimation problem for new topologies, this section introduces a
transfer learning-based method. It creates links between source and target topologies, using
inductive transfer to harness extensive historical data from source topologies to enhance
performance on the target topology.

3.1. Topology Uncertainty in Distribution Networks

Unlike the stable topology of transmission networks, distribution network structures
frequently change due to operational scheduling or unexpected events [37], with modifica-
tions happening from weeks to months [38]. The growing integration of renewable energy
sources and variable loads adds more uncertainty, sometimes causing system state changes
hourly [39]. Some adjustments are planned, like network reconfiguration for economic
reasons after DER integration [40], but many are unplanned and challenging to predict,
such as line aging or fault outages [41].

Using the IEEE 33-bus system as an example, Figure 5 illustrates three distinct
topological configurations. At the same time, Figure 6 compares their operational
states—specifically, node voltage magnitudes and phase angles, which are the state vari-
ables considered in this work—at a specific moment.

19 20 21 22 Topology 1 DRy R Topology 2

9
1 4 5 [6 7 8 10 11 12 13 14 ‘l 4 5 |67 8 9 10 11 12 13 14 15 16 17 18

15 16 17 18

—eo—o
26 27 28

" —0—0—0—0—0—0—0
26 27 28 29 30 31 32 33 ‘ y
23 24 25 29 30 31 32 33

—o—o
23 24 25

I—Q Topology 3
| 21 22
I d

li 4 5 6 7 8 9 10 11 12 13 14 15 16 17 I

*"—0—0—0—0—0—0—0
26 27 28 29 30 31 32 33

Figure 5. Three Representative Topologies of the IEEE 33-bus Distribution Network.
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Figure 6. Operational State Comparison under Different Topologies. (a) Voltage Magnitude; (b) Volt-
age Phase Angle.

Figure 6 clearly illustrates how changes in the distribution network topology lead to
notable variations in voltage magnitude and phase angle profiles. This demonstrates that a
state estimation model trained only on the original topology cannot reliably estimate the
operational features of a new target topology.

Frequent topological changes and the absence of real-time measurement devices
hinder the acquisition of precise and timely line parameters and topology data, limiting the
effectiveness of traditional physical models. The i-ResNet model introduced in previous
section, which does not rely on topology parameters, faces difficulties due to limited
operational data for new topologies, making accurate training impossible. To overcome the
issue of topology uncertainty, this section presents a distribution network state estimation
model that leverages transfer learning.

3.2. Transfer Learning-Based State Estimation Model

Based on the analysis in Sections 4.1 and 4.2 and using the IEEE 33-bus system as
an example, the potential for applying transfer learning to this problem is evident from
Figure 6. While operational states vary significantly across different topologies, certain
nodes exhibit similarities. For instance, Topology 2 and Topology 3 show comparable
voltage magnitude patterns at nodes 1-18, whereas Topology 1 and Topology 2 are identical
at nodes 19-23. Moreover, ample labeled data exists for other topologies, indicating
that data from various topologies can compensate for the limited data in a new target
topology, making transfer learning highly suitable. For practical purposes, this paper
utilizes inductive transfer learning.

Estimating time-varying topology states involves identifying the recently changed
topology as the target domain and linking it to known topologies in a database, which act
as source domains. Knowledge transfer is then employed to develop an estimation model
for the modified topology. This process is depicted in Figure 7.

ETEETTE
[ Topo.1 I l i-ResNetl ] [ Target Topo. Training Set] (Target TopoA)

[ Topo.2 ]——-[ i-ResNet2 ]—

Information Transfer
Transfer T — —0[ Target Model ]
[ Topo.k-1 H i-ResNet4 ]—
(Est. Results )
[ Topo .k ]—'[ i-ResNet5 ]—

Figure 7. Time-Varying Topology State Estimation Model.
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The transfer-combined state estimation model involves several steps: initially, his-
torical measurement data from various source topologies are gathered from the database,
and corresponding source topology state estimation models are trained using the i-ResNet
model introduced in Section 2. Next, a small set of measurement data from the new (target)
topology is used to combine these source models and determine their respective weights.
Finally, the combined model estimates the state of the target topology. Unlike training
a dedicated model for each topology as described in Section 2, this approach primarily
leverages pre-trained i-ResNet models from other topologies, which are then combined
with limited data from the target topology to create an accurate state estimation model
for the current topology. Since the process of generating source domain models with
i-ResNet was detailed in the previous section, the following section discusses the model
combination strategy.

A traditional linear combination model is often expressed as

flx)=w'x )

The limitation of this method is its reliance on fixed weights w; and the need for a
specific causal connection between input and output, which results in subpar performance
with nonlinear problems. To overcome this, this paper adopts Bayesian Ridge Regression
(BRR) [42].

According to Bayesian regression theory [43], the state estimate at time t is assumed
to be

n

Xt = thl(zt)wi +e¢, (10)
i=1
where w; corresponds to the weight of the i-th source topology model; hi_1 (z¢) represents
the estimation result of the i-th model at time t; ¢ is the noise, distinguishing it from
linear regression, and ¢ is assumed to follow a Gaussian distribution with zero mean and
variance 0?2

e~ N(0,02). (11)

Based on Equation (11), the probability density of the observed data likelihood function
can be expressed as

p(x|Z,w,02)

N 1
l:Ilp(xt‘h[ (zt),w;)

_ 2
N 1 exp (x¢t — ;7 Y(zp))
=1 V270, 207

1 |x — ZTw|2
V2o, P 202

where N = {z,x} = {(zt,xt)}fil represents the target topology dataset and w is the

~

, (12)

Bayesian model weight vector. Thus, the model combination problem transforms into
deriving the conditional distribution of the weights w.

Applying Bayes’ theorem, and assuming a prior distribution for the parameters
w ~N(0,%)), the posterior probability can be derived:

p(x|Z,w,03)p(w) -

2N _
PO =Tz, 0)
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Based on Equation (13), the posterior distribution of w is derived from the likelihood
function, observed data, and prior distribution. Hence, the posterior distribution for w is
as follows:

p(w|x,Z) = N(w %A‘1Zx,/\_l), (14)
n
where A1 = ¢,;2XXT. Given a test measurement dataset Z., the predictive distribution
for the state estimate is obtained by averaging over all parameters and the posterior
weight distribution:

p(felZ,Zs,07) = [ p(f]Ze,w,07)p(w|Z, x )dw

1 : 15
= N(f*’(szIAlzyc,Z*TAlZ*) (15
n

Bayesian Ridge Regression is a common type of Bayesian regression, which assumes

that the prior distribution for the weights w is a spherical Gaussian [44,45]:

p(w|A) = N(w|0,A'Ip), (16)

where the prior parameter A follows a Gamma distribution. The resulting model is
called Bayesian Ridge Regression. During model fitting, the parameters w and A are
estimated jointly.

As a probabilistic model, Bayesian Ridge Regression may produce parameters that
slightly differ from those derived using ordinary least squares. Nonetheless, it generally
offers greater stability in complex situations. The derivation process also shows that
this method can fully utilize data, which makes it especially effective in scenarios with
limited operational data, topological uncertainty, and changing topologies, like those
encountered in this study. This advantage is similarly observed in other fields where data
is challenging to obtain [46]; for instance, in medical diagnostics, probabilistic models like
Naive Bayes have been successfully applied to migraine classification using limited patient
data augmented with synthetic samples [6].

4. Case Analysis and Results
4.1. Validating the State Estimation Performance Under Data Uncertainty

To validate the effectiveness and applicability of the proposed method, an IEEE 33-bus
distribution network with a 12.66 kV base voltage is used for initial testing. Its topology
features five tie lines (depicted as dashed lines in Figure 8), enabling reconfiguration and
illustrating topology uncertainty. The dataset is generated through power flow calculations
in MATPOWER combined with random sampling and then split into training and testing
sets for the data-driven algorithms. PV generators are attached at nodes 6, 9, 16, and 29 to
model the uncertainty in renewable integration, utilizing actual historical generation data
(refer to output profile in Figure 9).

19 20 21 22

I Branch Power Measurment

Distributed Energy (PV)

Figure 8. IEEE 33-bus Network Topology and Measurement Placement.
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Figure 9. A Sample of PV Output Profile.

The measurement set consists of 18 real-time measurements of branch active and
reactive powers, along with 64 pseudo-measurements of node injection powers, totaling
82 dimensions. Pseudo-measurement errors are evaluated under two scenarios: 15% for
high accuracy and 50% for low accuracy, reflecting practical uncertainty. The state variables
include node voltage magnitudes and phase angles. The real-time measurement locations
are summarized in Table 1.

Table 1. Real-Time Measurement Locations.

Node Injection Power (P;, Q;) Branch Power (P;j, Q;;)
/1 2,5,7,10, 14,19, 23,27, 30

1 “/” means no node injection in this case.

To showcase the effectiveness of the proposed method compared to traditional phys-
ical techniques, the WLS algorithm, a common choice for state estimation, is used for
comparison. Additionally, since residual neural networks are tailored for tackling deep
learning problems, other data-driven approaches are included as benchmarks: Support
Vector Machine (SVM), Long Short-Term Memory (LSTM), and the original Residual Net-
work (ResNet). The accuracy is assessed using Mean Absolute Error (MAE) and Root Mean
Square Error (RMSE).

As a physics-based approach, WLS does not need training data and relies only on
measurements and the topological model. Conversely, methods like SVM, LSTM, ResNet,
and the proposed i-ResNet are trained on 3000 datasets and do not require topological
structure data. Their performance is assessed with a separate test set of 200 samples.

4.1.1. Scenario 1 (15% Pseudo-Measurement Error)

The results in the table clearly show that the proposed method outperforms others in
accuracy across all metrics, with the lowest mean error and minimal variation from true
values. For estimating node voltage magnitudes, the i-ResNet model decreases the MAE by
97%, 92%, and 55% when compared to SVM, LSTM, and the baseline ResNet, respectively.
The poor results from SVM highlight the need to choose suitable data-driven techniques
for particular tasks. Although the traditional WLS method can yield fairly accurate results
under ideal conditions with exact topology and measurements, it consistently falls short of
the performance achieved by our proposed method.

Estimating the phase angle is more difficult, leading to higher errors across all methods.
However, i-ResNet still offers the best accuracy, with 92%, 90%, and 69% improvements
over SVM, LSTM, and ResNet, respectively. The difference in performance compared
to WLS is even greater for phase angles than for voltage magnitudes. These findings
demonstrate that deep residual networks outperform LSTM models, and our proposed
modifications to the residual structure further enhance data flow and estimation precision.
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Visual comparisons serve as an extra validation step. Figure 10 shows the estimated
voltages at all 33 nodes at a specific time (excluding SVM for clarity). Even with notable
operational changes across the network, the proposed method’s estimates remain closely
aligned with the real values at every node. The state estimation errors for both node
voltage magnitude and phase angle in Scenario 1 of the IEEE 33-bus system are presented
in Tables 2 and 3, respectively.
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Figure 10. Voltage Estimation Results for All Nodes in Scenario 1 of IEEE 33 system. (a) Voltage
Magnitude; (b) Voltage Phase Angle.

Table 2. Node Voltage Magnitude State Estimation Errors in Scenario 1 of IEEE 33 bus system.

Algorithm MAE RMSE
WLS 24 x 1074 32 x 1074
SVM 82 x 1073 1.2 x 1072
LSTM 22 %1073 3.1 %1073
ResNet 40 x 1074 55 x 1074

i-ResNet 1.8 x 1074 26 x 1074

Table 3. Node Voltage Phase Angle State Estimation Errors in Scenario 1 of IEEE 33 bus system.

Algorithm MAE RMSE
WLS 8.7 x 1073 1.2 x 1072
SVM 2.6 x 1072 3.3 x 1072
LSTM 2.3 x 1072 5.3 x 1072
ResNet 6.3 x 1073 9.5 x 1073

i-ResNet 2.0 x 1073 3.2 x 1073

Further analysis of temporal performance (Figure 11) shows that i-ResNet precisely
monitors system state changes over time. Although WLS performs well when system
parameters are accurate, it falls short compared to our method, especially in phase angle
estimation. The ability to track significant voltage fluctuations highlights the effectiveness
of our approach and underscores the need for advanced estimation techniques in modern
distribution systems.
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Figure 11. Node Voltage Estimation Results Over Consecutive Time Steps in Scenario 1 of IEEE 33
system. (a) Voltage Magnitude; (b) Voltage Phase Angle.

4.1.2. Scenario 2 (50% Pseudo-Measurement Error)

This scenario tests realistic distribution network operation conditions with re-
duced pseudo-measurement accuracy, reflecting higher measurement data uncertainty.
Tables 4 and 5 show the voltage magnitude and phase angle estimation errors for various
algorithms in this scenario.

Table 4. Node Voltage Magnitude State Estimation Errors in Scenario 2 of IEEE 33 bus test system.

Algorithm MAE RMSE
WLS 42 x 1074 6.8 x 1074
SVM 8.3 x 1073 1.3 x 1072
LSTM 31x 1073 40 x 1073

ResNet 6.2 x 1074 1.1 x 1073
i-ResNet 24 x 1074 33 x 1074

Table 5. Node Voltage Phase Angle State Estimation Errors in Scenario 2 of IEEE 33 bus test system.

Algorithm MAE RMSE
WLS 14 x 1072 2.3 x 1072
SVM 42 x 1072 6.7 x 1072
LSTM 3.6 x 1072 5.8 x 1072

ResNet 9.0 x 1073 1.3 x 1072
i-ResNet 3.8 x 1073 5.8 x 1073

The tables indicate that all algorithms” accuracy diminishes as pseudo-measurement
errors grow. Although the traditional WLS, which relies on physics, performed similarly
to the proposed method with low pseudo-measurement errors in the previous section, its
accuracy drops notably when errors reach 50%, mimicking real-world grid conditions. In
particular, for voltage phase angles, the difference in performance between WLS and the
i-ResNet method becomes roughly tenfold in both metrics, highlighting how physics-based
techniques depend heavily on accurate topology and measurement data.

Meanwhile, the i-ResNet-based method introduced in this section achieves high
estimation accuracy. It shows that practical data-driven strategies can more effectively
manage uncertainties in distribution system state estimation and adapt better to distribution
network fluctuations. Additionally, the model provides the best estimates for voltage
magnitudes and phase angles.

The state estimation results for all 33 nodes at the same sampling time as in Scenario 1
are shown in Figure 12. Compared to Figure 10, there is a visible decrease in estimation
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accuracy across the results, highlighting the effect of data uncertainty. Despite this, the
proposed method still provides accurate state estimates for every node.
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Figure 12. Node Voltage Estimation Results in Scenario 2 of IEEE 33 system. (a) Voltage Magnitude;
(b) Voltage Phase Angle.

This subsection illustrates the constraints of traditional physical methods regarding
accuracy in practical conditions, based on experiments with various pseudo-measurement
error levels. The findings confirm that the i-ResNet-based state estimation algorithm
introduced here can deliver high accuracy in real distribution network operations and
effectively withstand data uncertainty.

4.2. Validating the State Estimation Performance Under Topology Uncertainty

This section demonstrates the method’s effectiveness under Topology Uncertainty
through simulation experiments on IEEE 33-bus and 118-bus distribution networks of
varying scales.

The measurement data setup follows Section 3.1. Since this section mainly verifies
the transfer model’s performance, experiments are conducted with pseudo-measurement
errors set at 15%, excluding the 50% error scenario used for comparison. The original
topology training data consists of 1000 sets, while the new topology historical data includes
only 48 sets, simulating situations with limited operational data under changing topologies.
Comparisons are made against the non-transferred i-ResNet and the transfer model i-
ResNet-LR. The non-transferred i-ResNet model is trained only on the 48 datasets from
the new topology, while i-ResNet-LR follows the same training process as the proposed
i-ResNet-BRR in this section. This comparison demonstrates the superiority of the proposed
method over traditional data-driven approaches and other transfer learning techniques.
Detailed experimental parameters are listed in Table 6. Evaluation metrics MAE and RMSE
are chosen to comprehensively reflect the deviation between estimated and actual values.

Table 6. Transfer Model Parameter Configuration.

Parameter of Testing Quantity
Source Domain Topologies 12
Source Domain Topology Training Sets 1000
Source Domain Topology Testing Sets 200
Target Domain Topology Training Sets 48
Target Domain Topology Testing Sets 200

4.2.1. Validation Under IEEE 33-Bus Distribution Network

This subsection uses the IEEE 33-bus distribution network to demonstrate the advan-
tages of i-ResNet-BRR over other algorithms through simulations on two target topologies.
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Target Topology 1 is depicted in Figure 13, with system measurement devices aligned with
those listed in Table 1. For clearer visualization of the topological changes, measurement
devices are not shown in the figure.

19 20 21 22

11 12 13 14

26 27 28 15 16 17 18

23 24 25 29 30 31 32 33

Figure 13. Target Topology 1 Structure for IEEE 33 System.

After training all models, Tables 7 and 8 display their performance on the test set. The
results show that the non-transferred i-ResNet model, trained with only 48 target topology
datasets, produces significant errors in voltage magnitude and phase angle estimation.
For example, using RMSE, the proposed method reduces errors in voltage magnitude
by 90% and in phase angle by 44%, indicating that training with limited data alone is
insufficient for satisfactory state estimation. In contrast, the proposed approach greatly
improves accuracy by leveraging knowledge transferred from source topologies stored in
the database. Compared to the transfer model i-ResNet-LR, the proposed method increases
accuracy by 77% for voltage magnitude and 14% for phase angle. This demonstrates that
our model combination approach outperforms traditional linear regression algorithms,
effectively mitigating negative transfer effects, utilizing 100% of the data, and reducing
overfitting risks.

Table 7. Voltage Magnitude Estimation Errors for Target Topology 1.

Algorithm MAE RMSE

i-ResNet 9.7 x 1073 1.9 x 1072
i-ResNet-LR 51 x 1073 7.8 x 1073
i-ResNet-BRR 1.0 x 104 1.8 x 1073

Table 8. Voltage Phase Angle Estimation Errors for Target Topology 1.

Algorithm MAE RMSE

i-ResNet 5.0 x 1072 9.7 x 1072
i-ResNet-LR 43 x 1072 6.3 x 1072
i-ResNet-BRR 34 x 1072 54 x 1072

Figure 14 display test set sampling results to compare voltage magnitude and phase
angle estimation performance more intuitively. The standalone i-ResNet model does not
achieve the required accuracy and struggles to track operational trends across nodes,
mainly due to limited training data. Although both transfer learning approaches broadly
approximate the actual values, the proposed method aligns more closely with the real
voltage magnitude and phase angle results compared to i-ResNet-LR, highlighting its
superiority over other transfer learning models.
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Figure 14. Node Voltage Estimation Results for Target Topology 1. (a) Voltage Magnitude; (b) Voltage
Phase Angle.

Another target topology, Target Topology 2 (Figure 15), is tested to confirm that the
methodology is broadly applicable. Tables 9 and 10 display consistent performance trends
across various evaluation metrics, with i-ResNet-BRR consistently achieving optimal results.

19 20

10 11 12 13 14 15 16 17 18

26 27 28 29 30 31 32 33

23 24 25

Figure 15. Target Topology 2 Structure for IEEE 33 System.

Table 9. Voltage Magnitude Estimation Errors for Target Topology 2.

Algorithm MAE RMSE

i-ResNet 8.6 x 1073 1.1 x 1072
i-ResNet-LR 54 x 1073 82 x 1073
i-ResNet-BRR 1.1 x 1073 22 x 1073

Table 10. Voltage Phase Angle Estimation Errors for Target Topology 2.

Algorithm MAE RMSE

i-ResNet 48 x 1072 7.8 x 1072
i-ResNet-LR 41 x 1072 59 x 102
i-ResNet-BRR 29 x 1072 5.0 x 1072

Figure 16 displays the test set sampling results for voltage magnitude and phase angle
estimation across all nodes. The non-transferred i-ResNet shows considerable volatility and
notable deviations from accurate results when training samples are limited. In contrast, the
proposed i-ResNet-BRR consistently performs well across various topological structures.
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Figure 16. Node Voltage Estimation Results for Target Topology 2. (a) Voltage Magnitude; (b) Voltage
Phase Angle.

Further validation involves randomly choosing 3, 5, 7, 9, and 12 topological structures
as source domains to assess how the number of source topologies affects estimation results.
Table 11 shows the voltage estimation MAE at different source domain scales (using
voltage magnitude as an example). The results indicate that as the number of source
topologies increases, the transfer model’s accuracy improves and stabilizes. Smaller source
domains offer limited transferable information, preventing BRR from achieving an optimal
combination. Increasing source topologies from 3 to 12 decreases estimation error by 53%,
highlighting the need to select an appropriate number of source topologies in practice to
provide enough transfer information for effective model combination.

Table 11. State Estimation Results Under Different Topology Quantities.

Number of Source Domain Topology MAE of i-ResNet-BRR

3 236 x 1073
5 1.98 x 1073
7 1.26 x 1073
9 1.17 x 1073
12 1.10 x 1073

4.2.2. Validation Under IEEE 118-Bus Distribution Network

Additional simulations on the IEEE 118-bus system are performed to test the method’s

effectiveness across various distribution network sizes. The experimental parameters
shown in Table 12, and comparison algorithms include non-transferred i-ResNet and
transfer model i-ResNet-LR. Figure 17 illustrates the target topology, with red lines showing
connected tie lines that are part of the distribution network (for example, Node 17 connected

to Node 27 instead of Node 16).

Table 12. Real-Time Measurement Locations in IEEE 118 system.

Node Injection Power (P;, Q;)

Branch Power (Pi]-, Q,-j)

4,13, 20, 25, 30, 40, 43, 48, 59, 65, 69,
72,74, 81, 86,91, 97,100, 106, 115

1,5,10,13,19, 22, 28, 31, 35, 40, 43, 48, 52, 55, 65,
69,73,78,81, 86,89, 93,97,102, 108, 110, 116
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Figure 17. Target Topology Structure of IEEE 118 System.

Node voltage magnitude and phase angle estimation results for the target topology are
shown in Tables 13 and 14. The proposed method delivers the best estimation performance
compared to other approaches, even in large-scale distribution networks. In terms of MAE,
it improves by 73% and 62% over the non-transferred model for voltage magnitude and
phase angle, respectively, and by 39% and 25% over the transfer model. For RMSE, it
exceeds the non-transferred and transfer models by 63% and 15% in magnitude, and by
58% and 20% in phase angle, confirming its suitability for large-scale distribution networks.

Table 13. Voltage Magnitude Estimation Errors for Target Topology of IEEE 118 System.

Algorithm MAE RMSE

i-ResNet 4.0 x 1073 6.0 x 1073
i-ResNet-LR 1.8 x 1073 2.6 x 1073
i-ResNet-BRR 1.1x10°3 22 %1073

Table 14. Voltage Phase Angle Estimation Errors for Target Topology of IEEE 118 System.

Algorithm MAE RMSE

i-ResNet 5.5 x 1072 7.7 x 1072
i-ResNet-LR 2.8 x 1072 4.0 x 1072
i-ResNet-BRR 2.1 x 1072 3.2 x 1072

Figure 18 displays a comparison of operational states across all nodes at a specific
time sample from the test set. As the system scale increases, the non-transferred i-ResNet
becomes highly volatile, performing worse than in the IEEE 33-bus scenario and struggling
to accurately track node states. This highlights the challenge of precise state estimation in
large-scale distribution networks with limited data, emphasizing the importance of transfer
learning. For voltage magnitude and phase angle estimates, i-ResNet-BRR effectively
follows the state changes across all nodes, aligning more closely with the actual values.
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Figure 18. Node Voltage Estimation Results for Target Topology of IEEE 118 System. (a) Voltage
Magnitude; (b) Voltage Phase Angle.

According to literature [46], the main focus for demonstrating the practical utility of the
proposed method is the voltage magnitude distribution across distribution network nodes.
Since voltage phase angles can be zero, calculating the Mean Relative Error (MRE) can
sometimes be undefined, so only voltage magnitude analysis is performed here. Table 15
presents a comparison of voltage magnitude relative errors among different methods,
indicating that the proposed estimation model achieves an MRE of 1% (99% accuracy),
which aligns with the precision of real-time measurement devices and underscores its
practical value in real distribution networks.

Table 15. Voltage Phase Angle Estimation Errors for Target Topology.

Topology RMSE
IEEE 33 (Topology 1) 0.10%
IEEE 33 (Topology 2) 0.11%
IEEE 118 0.11%

Simulation results from both scenarios demonstrate that the i-ResNet-based state
estimation approach maintains excellent performance even in large-scale distribution
networks. These comprehensive simulations confirm that the proposed method exhibits
strong scalability and adaptability across distribution systems of varying scales.

Additionally, the developed i-ResNet state estimation model effectively reduces the
computational complexity typically associated with traditional physics-based estimation
methods, greatly improving speed. Table 16 shows the computation times for various state
estimation methods on the test system.

Table 16. Computational Efficiency of State Estimation with Different Algorithm.

Algorithm Computational Efficiency (s)
WLS 3.6s
LSTM 1.12s
ResNet 0.7s
i-ResNet 0.39s

The findings highlight a significant difference between the computation times of tra-
ditional physics-based methods and data-driven approaches. The proposed approach
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is nearly nine times faster than WLS. This gap in efficiency arises from the iterative
Jacobian matrix calculations in traditional models, a process that becomes much more
time-consuming as network size increases, making real-time processing more difficult.
Conversely, data-driven methods use multi-threaded parallel processing, where the system
size mainly affects offline training time, with little impact on online estimation. Addition-
ally, the i-ResNet shows a 79% increase in efficiency over the standard ResNet, thanks to
task-specific modifications that streamline the model and improve computational efficiency.

Regarding offline training costs, each topology-specific i-ResNet model requires ap-
proximately 3.5 h (in case of Figure 1) of training on standard GPU hardware (single GPU),
This process involves iterative optimization to converge the model parameters. The training
process for one model has a peak memory footprint of about 4.2 GB of GPU memory. Each
trained model file is about 95 MB in size.

For a utility maintaining about 9 common topologies (typical topology numbers
achieved from local utility company), the total initial training time is 33.7 h, this is a one-
time, parallelizable investment (we did not use computing cluster with multiple GPUs).

As the comparison, for traditionally used WLS, while a single WLS run is fast (~3.6 s in
our tests), it must run continuously, so the cumulative computational burden is significant.
Moreover, for WLS any change in topology or parameters requires re-initialization and
re-convergence of the WLS algorithm.

To be noted, every time once new topology emerges (not occurred before), the re-
training process would be executed. Meanwhile, to avoid the problem of model aging, we
recommend periodic retraining using the newly accumulated operational data.

In summary, the method presented in this chapter offers notable benefits in compu-
tational efficiency and estimation accuracy compared to traditional physical models and
other data-driven methods.

5. Conclusions

The widespread integration of distributed energy resources and variable loads has
introduced significant volatility in distribution networks. To maintain stable grid opera-
tion, ensure reliable power supply, and build resilient smart grids, this paper addresses
operational uncertainties by focusing on distribution system state estimation, primarily
exploring two key areas: measurement systems for distribution networks and state estima-
tion algorithms.

To tackle uncertainties in line parameters and measurement data that hinder the
application of physical models, an i-ResNet-based state estimation model has been devel-
oped. This model trains on historical measurements and state variables from databases,
eliminating the need for line parameters and avoiding errors caused by parameter inac-
curacies. Experimental results confirm the method’s high accuracy even with substantial
measurement errors, demonstrating strong robustness. Furthermore, this model outper-
forms traditional physical models in computational efficiency, delivering faster results to
dispatch centers for operational decisions.

It should be noted that this study primarily addresses measurement uncertainties and
limited observability in conventional distribution system operations. While the proposed
method exhibits certain robustness to random errors and anomalous data through the
Huber loss function and Bayesian ridge regression ensemble characteristics, we recognize
that coordinated false data injection attacks represent a distinct category of cybersecurity
threats that require specialized protection mechanisms. This important direction will be a
focus of our future research.

For scenarios with limited historical data following topology changes during distri-
bution network operation, a transfer learning-based state estimation model is introduced.
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This approach leverages correlations between source and target topologies to transfer
knowledge from data-rich domains to data-scarce scenarios, effectively overcoming limita-
tions of traditional data-driven training and significantly improving estimation accuracy.
Tests across networks of varying scales and configurations validate the model’s enhanced
performance and consistent accuracy.

While the methods proposed in this paper demonstrate effectiveness across multiple
case studies, certain limitations remain. The transfer learning-based time-varying topology
state estimation requires some operational data from the target topology, suggesting the
need to explore zero-shot learning scenarios in future work. Although this transfer learning
method approximates actual operational states reasonably well, its performance still trails
models trained with sufficient samples. Subsequent research will focus on further im-
proving estimation accuracy while considering the integration of cybersecurity protection
mechanisms to enhance system resilience against various threats.
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