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Abstract 

Modern distribution networks operate under increasingly demanding conditions, charac-
terized by the integration of distributed energy resources, unbalanced three-phase opera-
tion, low measurement redundancy, variable topologies, and data uncertainty. In this con-
text, distribution system state estimation (DSSE) is a key tool for operational monitoring; 
however, its practical deployment is often hindered by topological inconsistencies and 
gross measurement errors. This paper proposes an integrated and modular deep learning-
based methodological framework that combines active topology identification (ATI), 
gross error detection (GED), error-type identification (ETI), error-location identification 
(ELI), measurement reconstruction and correction (MRC), and DSSE. The ATI module is 
formulated as a global multiclass classifier, whereas the subsequent modules are trained 
as topology-specific models. Compromised measurements are handled through an itera-
tive GED–ETI–ELI–MRC loop that detects, identifies, locates, and corrects one anomalous 
measurement per iteration before re-evaluating the input vector. The proposed method-
ology was validated by using simulation-based scenarios generated in OpenDSS for a real 
unbalanced three-phase 240-node distribution feeder. The results show that no single ar-
chitecture is dominant across all subproblems: WaveNet1D achieved the best relative per-
formance in ATI, GED, and ETI; EncDec-CNN in ELI; NBEATS1D in MRC; and EncDec-
GRU in DSSE. Additionally, WLS estimators based on both nodal voltages and branch 
currents failed to achieve numerical convergence on the 240-node test system under the 
evaluated conditions, a finding consistent with recent literature reporting analogous con-
vergence failures in distribution networks of similar or smaller scale. Furthermore, the 
integrated evaluation shows that omitting ATI increases the voltage-magnitude MAE by 
a factor of 12.3 and the voltage-angle MAE by a factor of 8.1 with respect to the complete 
framework, whereas omitting only the compromised-measurement treatment increases 
these errors by factors of 1.8 and 1.9, respectively. The total offline computational cost was 
approximately 1587.9 h (66.2 GPU-days), while the online inference latency was approxi-
mately 0.45 ms per sample, making the framework compatible with AMI- and SCADA-
based monitoring cycles. These findings confirm that topological consistency is the dom-
inant factor in DSSE accuracy and that iterative measurement correction meaningfully 
improves estimator robustness under anomalous measurement conditions. 
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1. Introduction 
Electric distribution networks are undergoing a structural transformation driven by 

the large-scale integration of distributed energy resources, photovoltaic generation, en-
ergy storage systems, electric vehicles, and controllable loads, along with infrastructure 
digitization and the transition toward bidirectional and dynamic operating schemes [1–
3]. In this context, distribution system operators require up-to-date information on the 
electrical state of the network, a function traditionally provided by distribution system 
state estimation (DSSE) [4,5]. Unlike transmission systems, distribution networks exhibit 
several features that make this task particularly challenging: limited measurement cover-
age and low redundancy [1,6,7]; inherently unbalanced three-phase operation with non-
transposed lines [5,8]; high R/X ratios and radial or weakly meshed structures [4,5,9]; and 
variable network configurations caused by feeder reconfiguration, post-fault operation, or 
the flexible connection of distributed resources [10–12]. The combined effect of these char-
acteristics often leads to numerically ill-conditioned problem formulations and makes the 
estimator highly sensitive to mismatches between the assumed and actual network topol-
ogy, as well as to inconsistencies in the measurement set [4,8,9,13]. 

Data quality is a critical factor in distribution systems. Measurements collected from 
advanced metering infrastructure (AMI), supervisory control and data acquisition 
(SCADA) systems, and distribution-level phasor measurement units, such as micro-
phasor measurement units (µPMUs), may be affected by noise, systematic bias, missing 
data due to communication failures, time-synchronization errors, and, in some cases, 
gross errors associated with instrumentation failures or anomalous events during the ac-
quisition process [1,3,14–16]. Therefore, gross error detection (GED), error-type identifica-
tion (ETI), error-location identification (ELI), and measurement reconstruction and correc-
tion (MRC) are necessary stages to improve the robustness of the DSSE process [1,4,15–
17]. In parallel, active topology identification (ATI) plays a central role. In distribution 
networks, the open/closed status of switching devices is not always available in real time 
or synchronized with electrical measurements. This may introduce structural errors that 
significantly degrade estimator performance and, in extreme cases, compromise the con-
vergence of the iterative estimation algorithm itself [10–12]. 

To address these limitations, deep learning has emerged as a promising approach for 
handling nonlinearity, low redundancy, and uncertainty in distribution systems. Deep 
learning models offer universal approximation capabilities without requiring an analyti-
cal derivation of the Jacobian matrix, while shifting most of the computational burden to 
the offline training stage [2,4,18–20]. However, a review of the recent literature reveals 
three recurring limitations in data-driven approaches. First, most studies focus on a re-
stricted subset of functions, typically treating DSSE as an isolated task or, alternatively, 
addressing ATI or error detection separately [10,11,15,16]. Second, many approaches rely 
on a single architecture to solve heterogeneous tasks, including classification, localization, 
reconstruction, and regression, without explicitly discussing whether the selected induc-
tive bias is suitable for all of them [4,18]. Third, and most importantly, existing studies 
often do not explicitly quantify the functional contribution of each stage to the final state-
estimation outcome. As a result, operationally relevant questions remain open, such as 
how much DSSE accuracy deteriorates when topology identification is omitted or when 
compromised measurements are not properly treated. Therefore, it is necessary to evalu-
ate frameworks that organize these functions as a modular inference sequence, clearly 
distinguishing among topology identification, gross error detection, error-type and error-
location identification, measurement reconstruction, and final state estimation, while en-
abling ablation studies to quantify how the omission of specific modules affects overall 
performance [4,19]. 
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The primary objective of this work is to design and validate a modular deep learning-
based inference framework that integrates the six functions required for distribution net-
work monitoring ATI, GED, ETI, ELI, MRC, and DSSE—and to quantify, through an ab-
lation study, the functional contribution of each module to the final state-estimation accu-
racy. The central novelty does not reside in proposing a new neural network architecture, 
but rather in three complementary aspects: (i) the modular functional organization that 
enables selecting the best-performing architecture for each subproblem; (ii) the iterative 
formulation of compromised-measurement treatment that avoids the combinatorial com-
plexity of simultaneous multilabel identification; and (iii) the quantitative evidence, ob-
tained through ablation, regarding the dominant impact of topological consistency on es-
timator accuracy. Furthermore, the decision to adopt a fully data-driven framework is 
grounded in the well-documented numerical difficulties that classical WLS estimators face 
under the specific operating conditions of this study, including the numerical non-conver-
gence observed experimentally on the 240-node test system. 

To address this gap, this paper proposes an integrated and modular deep learning-
based framework for DSSE in unbalanced three-phase distribution networks with dy-
namic topologies. The methodology organizes the problem into specialized stages, namely 
ATI, GED, ETI, ELI, MRC, and DSSE, where each stage is solved using the model with the 
best relative performance according to the nature of the corresponding subproblem. The 
ATI module is formulated as a global multiclass classifier, whereas the subsequent mod-
ules are trained as topology-specific models, with fixed architectures and hyperparame-
ters for each task. This strategy combines global topology identification with models spe-
cialized in the electrical relationships of each network configuration, avoiding the need 
for a single neural network to simultaneously learn multiple operating regimes. 

The main contributions of this paper are as follows: 

• An integrated and modular AI-based DSSE framework that combines ATI, GED, ETI, 
ELI, MRC, and DSSE for unbalanced three-phase distribution networks with dy-
namic topologies, positioned as a functional alternative for operating conditions un-
der which classical WLS estimators exhibit well-documented convergence difficul-
ties. 

• A hybrid learning strategy based on a global model for ATI and topology-specific 
models for GED, ETI, ELI, MRC, and DSSE, with an explicit scalability analysis with 
respect to the number of topological configurations. 

• An iterative formulation for compromised-measurement treatment, in which the 
GED–ETI–ELI–MRC block detects, identifies, locates, and corrects one anomalous 
measurement per iteration, including an analysis of failure modes under multiple 
interacting errors. 

• A systematic comparison of deep learning architectures with different inductive bi-
ases, using Bayesian hyperparameter optimization and a normalized composite score 
for per-subproblem architecture selection. 

• An integrated functional evaluation that quantifies the contribution of ATI and iter-
ative measurement treatment to the final DSSE accuracy through ablation, together 
with a report of the offline computational cost (~1587.9 GPU-hours) and online infer-
ence latency (~0.45 ms per sample). 

The proposed methodology was validated on a real unbalanced three-phase 240-
node distribution feeder from the U.S. Midwest implemented in OpenDSS [21,22]. The 
results show that the best-performing architecture depends on the nature of the subprob-
lem: WaveNet1D achieves the best relative performance in ATI, GED, and ETI; EncDec-
CNN in ELI; NBEATS1D in MRC; and EncDec-GRU in DSSE. The integrated evaluation 
shows that omitting ATI increases the voltage-magnitude MAE by approximately a factor 
of 12 and the voltage-angle MAE by approximately a factor of 8 relative to the complete 
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framework, whereas omitting the treatment of compromised measurements increases 
these errors by approximately a factor of 1.8–1.9. These results confirm the importance of 
preserving topological consistency and iteratively correcting compromised measurements 
before the final state-estimation stage. 

The remainder of this paper is organized as follows. Section 2 briefly presents the 
required theoretical background and positions the proposed framework within the litera-
ture. Section 3 describes the methodology, including the problem formulation, database, 
candidate architectures, and evaluation metrics. Section 4 presents case studies and the 
modular and integrated results. Section 5 discusses the main findings and limitations. Fi-
nally, Section 6 concludes the paper. 

2. Theoretical Background and Related Work 
DSSE aims to infer the electrical state of a distribution network from a limited and 

heterogeneous set of measurements. The problem is commonly formulated through the 
nonlinear measurement model: 𝑧 = ℎ(𝑥) + 𝑒 (1) 

where z is the vector of available measurements, x is the system state vector, typically 
composed of nodal voltage magnitudes and phase angles for each phase, h(·) represents 
the nonlinear measurement model, and e accounts for the errors associated with the data 
acquisition process. In distribution networks, this model may include direct measure-
ments of voltage, current, and power, as well as load pseudomeasurements, whose uncer-
tainty is usually significantly higher than that of instrument-grade measurements. 

To formalize the effect of topology on the estimation problem, consider that the active 
topology 𝜏determines the three-phase nodal admittance matrix 𝑌(𝜏) ∈ ℂଷே×ଷே and, con-
sequently, the structure of the measurement model ℎ(𝑥, 𝜏) and its Jacobian 𝐻(𝑥, 𝜏) =∂ℎ/ ∂𝑥. A change from 𝜏௔ to 𝜏௕ alters both the graph connectivity and the effective inter-
node impedances, modifying the gain matrix structure: 𝐺WLS(𝜏௔) = 𝐻்𝑅ିଵ𝐻 ∣ఛೌ≠ 𝐺WLS(𝜏௕) = 𝐻்𝑅ିଵ𝐻 ∣ఛ್ (2) 

This structural dependency means that an estimator configured for 𝜏௔ operates un-
der an inconsistent physical model when the true topology is 𝜏௕, producing a systematic 
error that cannot be compensated for through individual measurement treatment. The to-
pology-induced error can be expressed as: Δ𝑥topo = 𝑥(𝜏true) − 𝑥ො(𝜏assumed) (3) 

This error is structural in nature and affects the state vector globally, unlike the error 
induced by an individual gross measurement, whose effect depends on the corresponding 
Jacobian row and the weight assigned in Rିଵ. This distinction provides the conceptual 
foundation for the ablation result reported in Section 4.3: topology inconsistency produces 
degradation factors of 12.3× and 8.1×, which dominate over the 1.8× and 1.9× factors 
caused by untreated compromised measurements. 

Within the proposed framework, every module downstream of ATI operates condi-
tioned on the identified topology 𝜏̂. Formally, the final estimate can be written as: 𝑥ො = 𝑓DSSE ൫𝑧̃(௄),  𝜏̂൯ (4) 

where z෤(௄) is the measurement vector resulting from 𝐾 correction iterations: z෤(௞) = ΦMRC
(௞)   ቀz෤൫𝑘−1൯,  𝜏̂ቁ , 𝑘 = 1, … ,𝐾 (5) 
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and ΦMRC
(௞)  represents the composite detection–identification–localization–correction op-

eration at iteration 𝑘. The sequential composition of these functions implies that a diag-
nostic error at iteration 𝑘 may propagate to subsequent an inherent trade-off of the se-
quential formulation, analyzed further in Section 5. 

Classical approaches, such as Weighted Least Squares (WLS), Weighted Least Abso-
lute Value (WLAV), robust estimators, and branch-current-based formulations [4,5,9] face 
particular difficulties in distribution systems due to unbalanced three-phase operation, 
low measurement redundancy, high R/X ratios, radial or weakly meshed structures, and 
the increasing penetration of distributed energy resources [1,2,4,5]. These characteristics 
can make the classical problem formulation numerically ill-conditioned: the measurement 
Jacobian and the WLS gain matrix may exhibit rank deficiency or a high condition num-
ber, leading to convergence issues, sensitivity to the angular reference, and a critical de-
pendence on the weights assigned to pseudomeasurements [8,9,13]. 

These difficulties historically motivated the development of alternative formulations, 
notably the branch-current-based state estimation proposed by Baran and Kelley [9] and 
subsequent variants based on decoupled gain matrices [13]. More recently, they have also 
motivated the exploration of data-driven approaches as complements to, or replacements 
for, Newton–Raphson-based iterative schemes [2,4,18]. Consequently, distribution system 
estimators must be able to operate under heterogeneous uncertainty, variable topologies, 
and diverse measurement types while maintaining numerical robustness under condi-
tions in which classical guarantees may no longer hold [1,4,8]. 

A central challenge is the limited measurement coverage, which requires supple-
menting the available information through load pseudomeasurements derived from his-
torical profiles, statistical models, or machine learning techniques [1,6,7]. Pseudomeasure-
ments exhibit uncertainty levels significantly higher than those of direct measurements, 
typically on the order of ±30% compared with ±1–2% for voltage and current measure-
ments. This directly constrains the achievable estimation quality and motivates a differ-
entiated treatment in the weighting model [6,7,19,20]. In addition, uncertainty in DSSE is 
not limited to measurement noise; it also includes parameter errors, time desynchroniza-
tion across data sources, topological inconsistencies, and gross errors [4,5,14]. 

Topology defines the effective connectivity of the system and directly conditions the 
Jacobian matrix of the estimation problem. When the assumed topology does not match 
the actual network configuration, a structural error is introduced, altering the physical 
relationship among measurements, nodes, branches, and state variables. This degradation 
is not necessarily proportional to the apparent difference between configurations. Meth-
ods for active topology identification (ATI) can be broadly grouped into two main fami-
lies: physics-based approaches, which rely on electrical constraints, residual analysis, and 
circuit-law verification; and data-driven approaches, which infer the operating configura-
tion from measurement patterns, frequently using supervised learning techniques [10–12]. 

Traditionally, erroneous data have been handled using normalized residual analysis, 
hypothesis testing, and robust estimation methods [14,17,23]. In networks with low re-
dundancy, however, these techniques lose effectiveness: the scarcity of measurements lim-
its the effective rank of the Jacobian and makes it difficult to distinguish between individ-
ual gross errors, accumulated normal uncertainty, and actual operating changes. This lim-
itation is widely recognized as one of the main challenges of applying the classical state-
estimation paradigm to distribution networks [4,5,17]. Recent literature has shown grow-
ing interest in machine learning for GED, ETI, and ELI, often from the perspective of false 
data injection (FDI) detection and anomalous event identification [15,16]. However, most 
of these studies focus on only one of the four tasks, typically detection, leaving the explicit 
correction of measurements and their integration with a subsequent estimator within a 
unified functional scheme as a persistent gap in DSSE research [4,16,17]. 
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Deep learning has emerged as a complement to classical estimators because of its 
ability to approximate high-dimensional nonlinear relationships and shift most of the 
computational burden to the offline training stage, enabling fast online inference [2,4,18–
20]. Different architectures exploit different inductive biases, that is, structural assump-
tions about the nature of the data that guide the learning process [24]. One-dimensional 
convolutional neural networks and their dilated variants, including WaveNet, extract lo-
cal and multiscale patterns by expanding the receptive field through dilated convolutions 
and residual connections [24–26]. Inception-type architectures capture patterns at differ-
ent scales through heterogeneous filters [27]. Recurrent and sequence-to-sequence archi-
tectures, including GRU, LSTM, encoder–decoder models, and attention mechanisms, 
model ordered dependencies and mappings toward high-dimensional target variables 
[28–32]. Time-series-oriented architectures, such as SCINet and N-BEATS, provide de-
composition and progressive refinement mechanisms [33,34]. 

Over the past several years, the application of deep learning to DSSE has expanded 
considerably. Graph neural networks (GNNs) have emerged as a particularly promising 
family, since they natively exploit the topological structure of the power network as a 
graph. Habib et al. [19] proposed the Deep Statistical Solver (DSS2), a GNN-based model 
that outperforms classical WLS in accuracy, convergence, and computational time across 
14, 70, and 179-bus networks, demonstrating that WLS fails to converge on the 179-bus 
network under noisy conditions with pseudomeasurements. More recently, power-flow-
guided GraphSAGE models [35] and physics-constrained heterogeneous graph attention 
networks (GATNE) [36] have confirmed WLS instability on large-scale networks and pro-
posed GNN-based alternatives. 

Transformer-based architectures have also been explored for DSSE, leveraging global 
attention mechanisms to model dependencies among spatially distributed measurements 
[37,38]. However, their application to unbalanced three-phase distribution systems with 
variable topologies remains nascent. 

A complementary approach is offered by physics-informed neural networks 
(PINNs), which embed power-flow equations as constraints in the training loss. Tran et 
al. [20] showed that this strategy can improve the physical consistency of estimates, noting 
explicitly that the conventional WLS approach faces convergence issues due to insufficient 
measurement devices in distribution systems. Zamzam and Baker [39] proposed a phys-
ics-aware neural network for DSSE, although limited to a fixed topology. 

Additionally, false data injection attack (FDIA) detection has received growing atten-
tion as a complementary DSSE task [15,16]. However, most of these studies treat detection 
as a standalone task without integrating it with topology identification or measurement 
correction within a unified pipeline. 

Regarding the convergence of classical estimators, the recent literature has exten-
sively documented the numerical difficulties of WLS in distribution networks. Langner 
and Abur [40] demonstrated that the conventional WLS estimator based on nodal voltages 
fails to converge within 20 iterations on the IEEE 123-bus feeder under a flat start, propos-
ing a virtual-reference formulation to mitigate the angular-reference problem in unbal-
anced systems. Gómez-Quiles et al. [41] identified that gain-matrix ill-conditioning—
caused by measurements with highly disparate weights, insufficient redundancy, high 
R/X ratios, and the simultaneous presence of short and long lines—can produce both con-
vergence failures and inaccurate estimates. Dehghanpour et al. [42] documented in their 
survey that inaccurate pseudomeasurements can create ill-conditioned optimization for-
mulations that prevent estimator convergence. 

Because ATI, GED, ETI, ELI, MRC, and DSSE have different problem structures, 
namely global multiclass classification, binary classification, categorical classification, spa-
tial localization, regression of heterogeneous variables, and state-vector regression, re-
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spectively, there is no theoretical evidence suggesting the existence of a single optimal 
architecture for all tasks. This observation is consistent with previous findings in multitask 
learning [43,44]. Therefore, a systematic architecture comparison and a modular frame-
work are necessary, allowing each stage to use the model with the best relative perfor-
mance for the corresponding subproblem. 

To position the proposed framework with respect to closely related literature, Table 
1 summarizes six representative studies on deep learning-based DSSE and compares them 
with the proposed approach across five dimensions: the functional tasks covered by each 
proposal, namely ATI, compromised-measurement treatment, and DSSE; the treatment of 
unbalanced three-phase operation; the explicit consideration of variable topologies; the 
use of ablation studies to quantify the contribution of each module; and the test system 
used. 

Table 1. Positioning of the proposed framework relative to representative studies on deep learning-
based DSSE. 

Work Covered Tasks 
Unbalanced Three-

Phase Operation 
Variable Topology Ablation Study Test System 

Wang et al. [10] ATI 
No, single-phase 

equivalent 
Yes, main focus No Smart meter data 

Radhoush et al. [15] DSSE + FDIA detection Yes No No 
IEEE 13-node 

system 
Raghuvamsi & 
Teeparthi [16] 

DSSE + FDIA/DoS detec-
tion and reconstruction 

Yes No No 
IEEE test net-

works 

Habib et al. [19] 
DSSE, GNN, physics-

based scheme 
Yes No, fixed topology No 

Synthetic net-
work 

Tran et al. [20] DSSE, physics-aware NN Yes No, fixed topology No 
IEEE test net-

works 

Gotti et al. [12] ATI Limited Yes, main focus No 
IEEE test net-

works 

This work 
ATI + GED + ETI + ELI + 

MRC + DSSE 
Yes, native operation 

Yes, multiple configu-
rations 

Yes, four func-
tional scenarios 

Real 240-node 
feeder [21] 

The comparison highlights three fundamental differences between the proposed 
framework and previous studies. First, in terms of functional coverage, existing literature 
addresses restricted subsets of the problem, typically DSSE coupled with false data injec-
tion detection or ATI as a standalone task. In contrast, the proposed framework explicitly 
integrates all six functions within a single inference pipeline. Second, regarding the joint 
treatment of unbalanced three-phase operation and variable topologies, most studies as-
sume a fixed topology or evaluation cases without significant imbalance, whereas the pro-
posed framework operates natively on three-phase configurations. Third, unlike previous 
studies, this work includes an ablation analysis that quantifies the degradation induced 
by the individual and joint omission of ATI and compromised-measurement treatment, 
providing operationally actionable evidence on which block introduces the greatest risk 
when omitted. 

To complement the functional comparison in Table 1, Table 2 provides a broader 
summary of recent data-driven DSSE studies, including whether WLS convergence was 
reported and the research gaps motivating the present work. 
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Table 2. Extended summary of recent data-driven studies on DSSE and related tasks. 

Reference Method Tasks System Var. Top. 
Three-
Phase 

WLS Reported Key Limitation 

Habib et al. [19] GNN (DSS2) DSSE IEEE 14/70/179 No No 
Non-convergent on 

179-bus 
Single-phase; no ATI 

or GED 
Langner & Abur 

[40] 
WLS + virtual 

ref. 
DSSE IEEE 123/8500 No Yes 

Non-convergent 
w/o virtual ref. 

No gross errors or 
ATI 

GraphSAGE [35] GNN DSSE IEEE 14/70/179 No No 
Unstable on large 

networks 
Single-phase; no ATI 

GATNE [36] GNN + attention DSSE IEEE 14/70/179 No No Divergent at scale 
No ATI or error cor-

rection 

Tran et al. [20] PINN DSSE IEEE test No Yes 
Notes convergence 

issues 
Fixed topology 

Zamzam & Baker 
[39] 

Physics-aware 
NN 

DSSE IEEE 37 No Partial Not reported 
No ATI; small net-

work 
Azimian et al. [45] DNN SE + topology Various Partial Yes Not reported No error correction 
Dehghanpour et 

al. [42] 
Survey DSSE — — — 

Documents chal-
lenges 

Survey, not a new 
method 

This work Modular DL 
ATI + GED + ETI 

+ ELI + MRC + 
DSSE 

Real 240-node 
[21] 

Yes (12) Yes Non-convergent Synthetic data 

The decision to develop a fully data-driven framework is grounded in the well-doc-
umented numerical difficulties that classical WLS-based estimators exhibit under the spe-
cific operating conditions of this study. Indeed, attempts to implement WLS estimators 
based on both nodal voltages and branch currents on the 240-node feeder evaluated in this 
work did not achieve numerical convergence (Section 4.4)—a finding consistent with re-
cent reports of WLS divergence on distribution networks of similar or smaller scale 
[19,35,36,40,41]. 

Accordingly, the proposed framework is positioned as a functional alternative for 
operating conditions under which classical Newton–Raphson-based estimators do not 
guarantee numerical convergence. The central contribution lies in the modular functional 
organization, per-subproblem architecture selection, and ablation-based quantification of 
each module’s impact on the final DSSE accuracy. It is acknowledged that more advanced 
classical formulations such as WLS with virtual reference [40], semidefinite programming, 
or Kalman-filter-based estimators may partially mitigate these convergence issues and 
constitute complementary baselines for future comparative studies. 

Building on the gaps and challenges identified above, the following section describes 
the proposed framework in detail, starting with the overall pipeline architecture and pro-
ceeding through the problem formulation, database construction, candidate architectures, 
and evaluation criteria 

3. Methodology 
3.1. Overview of the AI-Based DSSE Framework 

The proposed framework integrates six functional modules: active topology identifi-
cation, gross measurement error detection, error-type identification, error-location identi-
fication, measurement reconstruction and correction, and distribution system state esti-
mation. These stages are hereafter denoted as ATI, GED, ETI, ELI, MRC, and DSSE, re-
spectively. 
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State estimation is not formulated as a single regression task, but rather as a modular 
inference pipeline. Starting from the initial vector of measurements and pseudomeasure-
ments, 𝐳(଴), the ATI module identifies the active topology, 𝜏̂, without explicitly using the 
open or closed status of switching devices. This design choice reflects practical operating 
conditions, where switch-status information may be unavailable, outdated, or not 
properly synchronized with the electrical measurements. 

Once the active topology has been identified, the subsequent modules operate con-
ditioned on 𝜏̂. The GED module evaluates whether the measurement vector contains at 
least one anomalous measurement. If no gross errors are detected, the vector is directly 
passed to the DSSE module. Otherwise, ETI identifies the affected measurement type, ELI 
locates the compromised measurement, and MRC reconstructs its corrected value. The 
measurement vector is then updated and re-evaluated by GED. 

Thus, the GED–ETI–ELI–MRC block operates as an iterative diagnosis and correction 
process. At each iteration, one compromised measurement is corrected, and the process is 
repeated until GED detects no further anomalies or a predefined maximum number of 
iterations is reached. Finally, the DSSE module estimates the electrical state of the network 
using the cleaned measurement vector, 𝐳෤, and the identified active topology. 

Figure 1 summarizes the proposed methodological flow, in which ATI provides the 
active topology and the GED–ETI–ELI–MRC block iteratively corrects compromised 
measurements before the final state-estimation stage. 

 

Figure 1. Functional structure of the proposed methodological framework for ATI, GED, ETI, ELI, 
MRC, and DSSE. 
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3.2. Problem Formulation 

Consider an unbalanced three-phase distribution network composed of 𝑁  nodes 
and operating under a finite set of topological configurations. For each operating scenario, 
the electrical state is defined by the voltage magnitudes and phase angles of each phase. 

The state vector is expressed as: 𝑥 = ሾ∣ 𝑉ଵ௔ ∣, 𝜃ଵ௔, ∣ 𝑉ଵ௕ ∣, 𝜃ଵ௕, ∣ 𝑉ଵ௖ ∣, 𝜃ଵ௖ , … , ∣ 𝑉ே௔ ∣,𝜃ே௔ , ∣ 𝑉ே௕ ∣,𝜃ே௕ , ∣ 𝑉ே௖ ∣,𝜃ே௖ ሿ் (6) 

where ∣ 𝑉௡థ ∣ and 𝜃௡థ represent the voltage magnitude and voltage angle at node 𝑛 and 
phase 𝜙 ∈ {𝑎, 𝑏, 𝑐}, respectively. 

The vector of measurements and pseudomeasurements is constructed from nodal 
voltage magnitudes and angles, branch-current magnitudes and angles, active and reac-
tive power flows, measured nodal powers, and load pseudomeasurements: 𝑧 = ൣ𝑉௜ ,𝑉𝐴𝑛𝑔௜ , 𝐼௙௧ , 𝐼𝐴𝑛𝑔௙௧,𝑃𝑄௙௧,𝑃𝑄௜,𝑃𝑄௣௦ௗ൧ (7) 

where 𝑉௜ and 𝑉𝐴𝑛𝑔௜ denote nodal voltage magnitudes and angles; 𝐼௙௧ and 𝐼𝐴𝑛𝑔௙௧ de-
note branch-current magnitudes and angles; 𝑃𝑄௙௧  denotes active and reactive power 
flows; 𝑃𝑄௜ denotes measured nodal active and reactive powers; and 𝑃𝑄௣௦ௗ denotes load 
pseudomeasurements. Under this formulation, 𝐳 constitutes the common input to the AI-
based DSSE framework. 

In anomalous scenarios, between one and five compromised measurements are in-
troduced per sample. However, error treatment is not formulated as the simultaneous 
identification of all compromised measurements, but rather as a sequential correction pro-
cess. At each iteration, a single compromised measurement is detected, identified, located, 
and corrected. This avoids the combinatorial complexity of a multilabel formulation and 
preserves a clear supervised structure for each module. 

Let 𝐳(଴) = 𝐳 be the initial measurement vector. For each iteration 𝑖 = 0,1, … , 𝐼୫ୟ୶ , 
with 𝐼୫ୟ୶ = 5, GED evaluates: 𝑦ොீ ா஽(௜) = 𝑓 ா஽(𝑧(௜), 𝜏̂) (8) 

where 𝑦ොீ ா஽(௜) ∈ {0,1} (9) 

If 𝑦ොீ ா஽(௜) = 0, no further anomalies are detected, and the cleaned measurement vector 
is defined as: 𝑧̃ = 𝑧(௜) (10) 

If 𝑦ොீ ா஽(௜) = 1, ETI identifies the affected measurement type: 𝑐̂(௜) = 𝑓ா்ூ(𝑧(௜), 𝜏̂) (11) 

where 𝑐̂(௜) ∈ ൛𝑉௜ ,𝑉𝐴𝑛𝑔௜ , 𝐼௙௧, 𝐼𝐴𝑛𝑔௙௧,𝑃𝑄௙௧,𝑃𝑄௜,𝑃𝑄௣௦ௗൟ (12) 

Then, ELI locates the compromised measurement: 𝑙መ(௜) = 𝑓ா௅ூ(𝑧(௜), 𝜏̂, 𝑐̂(௜)) (13) 

The location 𝑙መ(௜) depends on the identified measurement type. For voltage measure-
ments, it corresponds to the node and phase; for branch currents and power flows, to the 
element, terminal, and phase; and for nodal powers or pseudomeasurements, to the cor-
responding node, load, or phase. 

Subsequently, MRC reconstructs the corrected value: 
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𝑧̂௟መ(௜) = 𝑓ெோ஼(𝑧(௜), 𝜏̂, 𝑐̂(௜), 𝑙መ(௜)) (14) 

and the measurement vector is updated as: 𝑧൫𝑖+1൯ = replaceቀ𝑧(௜), 𝑙መ(௜), 𝑧̂௟መ(௜)ቁ (15) 

The process is repeated until GED detects no further anomalies or until 𝐼୫ୟ୶ = 5 is 
reached. This limit coincides with the maximum number of gross errors introduced per 
scenario and prevents indefinite loops caused by possible false positives or incorrect di-
agnoses. 

This strategy consists of sequential bad-data analysis approaches, in which the most 
suspicious measurement is identified, corrected, or removed before the analysis is re-
peated. In addition, simultaneous multiple errors may lead to masking effects or incorrect 
identification; therefore, their joint treatment requires specific formulations [14,23,46,47]. 

Based on this formulation, the inputs, outputs, and functional interpretation of each module in the 
proposed AI-based DSSE framework are summarized in Table 3. 

Table 3. Inputs, outputs, and interpretation of the modules in the AI-based DSSE framework. 

Module Input Output Interpretation Task Type 
ATI 𝐳(଴) 𝜏̂ Identified active topology Global multiclass classification 

GED 𝐳(௜), 𝜏̂ 𝑦ොீ ா஽(௜)  0: no anomaly; 1: anomaly detected 
Topology-specific binary classifica-

tion 

ETI 𝐳(௜), 𝜏̂ 𝑐̂(௜) Affected measurement type 
Topology-specific multiclass classifi-

cation 

ELI 𝐳(௜), 𝜏̂, 𝑐̂(௜) 𝑙መ(௜) Affected node, element, phase, terminal, 
or load 

Conditional multiclass classification 

MRC 𝐳(௜), 𝜏̂, 𝑐̂(௜), 𝑙መ(௜) 𝑧̂௟መ(௜), 𝐳൫𝑖+1൯ Reconstructed value and updated vector Topology-specific regression 
DSSE 𝐳෤, 𝜏̂ 𝐱ො Estimated network state Topology-specific regression 

The hybrid strategy, composed of a global ATI model and topology-specific models 
for GED, ETI, ELI, MRC, and DSSE, is justified by the fact that the topology modifies the 
physical relationship among measurements, errors, and state variables [38]. Therefore, 
once 𝜏̂  has been identified, the subsequent modules operate through specialized in-
stances associated with that configuration. 

3.3. Uncertainty and Gross Measurement Error Modeling 

To represent the uncertainty associated with the data-acquisition process, the syn-
thetic measurements obtained from power-flow simulations were perturbed using a sto-
chastic model differentiated according to the nature of each variable. Specifically, magni-
tude variables were modeled using multiplicative Gaussian noise [6,7,19,20], whereas an-
gular variables were modeled using additive Gaussian noise [3,19,20]. 

For magnitude variables, including nodal voltage magnitudes 𝑉௜ , branch currents 𝐼௙௧ , power flows 𝑃𝑄௙௧ , measured nodal powers 𝑃𝑄௜ , and load pseudomeasurements 𝑃𝑄௣௦ௗ, the perturbed measurement was obtained as: 𝑧̃௞ = 𝑧௞(1+𝜀௞), 𝜀௞ ∼ 𝒩(0,𝜎௥௘௟,௞ଶ ) (16) 

where 𝑧௞ is the simulated value of measurement 𝑘, 𝑧̃௞ is the perturbed value, 𝜀௞  is a 
zero-mean Gaussian random variable, and 𝜎௥௘௟,௞ is the relative standard deviation asso-
ciated with the corresponding measurement type. This formulation makes the absolute 
magnitude of the perturbation proportional to the value of the electrical variable, which 
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is appropriate for representing relative errors in measuring instruments and pseudomeas-
urements. 

For angular variables corresponding to nodal voltage angles 𝑉𝐴𝑛𝑔௜ and branch-cur-
rent angles 𝐼𝐴𝑛𝑔௙௧, an additive model was used: θ෨ = θ + η,   η ∼ 𝒩൫0,𝜎ఏ,௞ଶ ൯ (17) 

where 𝜃௞ is the angular value obtained from the simulation, 𝜃෨௞ is the perturbed angle, 
and 𝜂௞ is a zero-mean additive Gaussian perturbation with standard deviation 𝜎ఏ,௞. This 
representation allows angular uncertainty to be modeled in absolute units, independently 
of the magnitude of the measured variable [3,19,20]. 

The standard deviation values were defined according to uncertainty ranges com-
monly used in DSSE studies, adopting the ±3𝜎 interval as an operational criterion. This 
interval contains approximately 99.7% of the realizations of a normal distribution. Under 
this criterion, the approximate maximum relative uncertainty is associated with three 
times the adopted standard deviation. 

In this work, 𝜎௥௘௟ = 0.0033 was adopted for direct measurements of nodal voltage 𝑉௜, branch current 𝐼௙௧, and measured nodal power 𝑃𝑄௜, which corresponds approximately 
to a relative uncertainty of ±1% under the ±3𝜎 criterion. For power flows 𝑃𝑄௙௧, 𝜎௥௘௟ =0.0067 was used, corresponding approximately to a relative uncertainty of ±2%. For load 
pseudomeasurements 𝑃𝑄௣௦ௗ, 𝜎௥௘௟ = 0.10 was adopted, representing an approximate rel-
ative uncertainty of ±30%, consistent with the higher uncertainty typically associated 
with this type of information [6,7,19,20]. 

Finally, for the angular variables 𝑉𝐴𝑛𝑔௜ and 𝐼𝐴𝑛𝑔௙௧, 𝜎ఏ = 0.167∘ was used, equiva-
lent to an approximate angular uncertainty of ±0.5° under the ±3𝜎 criterion [3,19,20]. 

In addition to the measurement noise associated with normal data acquisition, the 
database included scenarios with gross measurement errors introduced in a controlled 
manner into specific variables. Unlike the Gaussian noise described above, these gross 
errors represent anomalous perturbations of larger magnitude, associated with sensor fail-
ures, communication errors, miscalibration, partial loss of information, or inconsistent rec-
ords. Therefore, they were modeled as events distinct from ordinary instrumental noise. 

In general, a compromised measurement can be expressed as: 𝑧௞ீா = 𝑧̃௞ + Δ𝑧௞ீா (18) 

where 𝑧௞ீா represents the measurement affected by a gross error, 𝑧̃௞ is the measurement 
previously perturbed by normal noise, and Δ𝑧௞ீா  is the anomalous perturbation intro-
duced. In this work, the anomalous perturbation was generated as: Δ𝑧௞ீா = 𝛼௞ ∣ 𝑧̃௞ ∣,𝛼௞ ∼ 𝒩(0,𝜎ீாଶ ),𝜎ீா = 0.20 (19) 

so that gross errors represented deviations proportional to the magnitude of the affected 
measurement. This formulation explicitly separates two sources of uncertainty: random 
measurement error, present in all variables, and gross error, applied only to a controlled 
subset of measurements. 

The insertion of gross errors preserved the traceability of three fundamental ele-
ments: the affected measurement type, its location in the network, and the corresponding 
active topology. This information was used to construct the labels for the GED, ETI, ELI, 
and MRC modules. Specifically, the GED module uses a binary label indicating the pres-
ence or absence of at least one compromised measurement; the ETI module identifies the 
affected variable type; the ELI module locates the compromised measurement at the cor-
responding node, phase, or network element; and the MRC module uses the value without 
the gross error as the reference target for learning the reconstruction of the affected meas-
urement. 
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In summary, the adopted procedure represents scenarios with different levels of 
measurement quality: high-accuracy direct measurements, power flows with intermedi-
ate uncertainty, pseudomeasurements with high uncertainty, and anomalous cases with 
gross measurement errors. This differentiation is essential for training and evaluating the 
modules of the proposed framework under conditions representative of monitoring in 
unbalanced three-phase distribution networks, where the final state-estimation accuracy 
depends on both topological consistency and the quality of the information used by the 
estimator. 

3.4. Construction of the Synthetic Database 

The synthetic database was constructed from electrical simulations performed in 
OpenDSS 10.0.0.2 (Electric Power Research Institute, Palo Alto, CA, USA), while prepro-
cessing routines and dataset generation were implemented in Python 3.11.10 (Python Soft-
ware Foundation, Wilmington, DE, USA). The procedure considered multiple operating 
scenarios, topological configurations, different levels of measurement uncertainty, and 
gross errors introduced in a controlled manner. This strategy enabled the generation of 
labeled input–output pairs for each module of the AI-based DSSE framework under re-
producible conditions and with full traceability of the variables involved. 

The overall process comprises five main stages: generation of operating scenarios 
from load profiles and predefined topologies; execution of power-flow simulations; per-
turbation of the measurements using normal noise; controlled insertion of gross errors; 
and construction of the input–output pairs required by each module. Figure 2 summarizes 
this procedure, showing the transition from electrical simulations to the generation of spe-
cific datasets for ATI, GED, ETI, ELI, MRC, and DSSE. 
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Figure 2. General procedure for constructing the synthetic database and preprocessing the cases 
used in the modules of the AI-based DSSE framework. 

In anomalous scenarios, between one and five measurements were affected per sam-
ple. Although a sample may contain more than one gross error, the GED–ETI–ELI–MRC 
block is applied iteratively, correcting one measurement at a time. After each correction, 
the updated vector is re-evaluated by GED until no further anomalies are detected or until 
five iterations are reached. This formulation makes it possible to evaluate degraded sce-
narios with multiple errors without formulating ETI and ELI as simultaneous multilabel 
problems. 

To maintain consistency between data generation and iterative inference, scenarios 
with multiple compromised measurements were transformed into supervised instances 
associated with a single affected measurement per iteration. Specifically, if a sample con-
tains 𝐾gross errors, with 1 ≤ 𝐾 ≤ 5, up to 𝐾 training instances are generated for the ETI, 
ELI, and MRC modules, each linked to a specific compromised measurement. In each in-
stance, ETI uses the affected measurement type as the label, ELI uses its network location 
as the label, and MRC uses the clean value of that measurement as the reconstruction tar-
get. After each correction, the updated vector can be used as the input for the next itera-
tion, following the same logic used during inference. 

Thus, although an original sample may contain multiple gross errors, the ETI, ELI, 
and MRC modules are trained with single and fully traceable output targets. This strategy 
avoids a simultaneous multilabel formulation, reduces the combinatorial complexity of 
the learning problem, and preserves consistency with the GED–ETI–ELI–MRC loop de-
fined in the methodology. 

The datasets were constructed according to the specific objective of each module. For 
ATI, samples are labeled according to active topology. For GED, samples are labeled ac-
cording to the presence or absence of gross errors in the evaluated vector. For ETI and ELI, 
anomalous scenarios are used with labels associated with the type and location of the 
compromised measurement at each iteration. For MRC, pairs are constructed between the 
compromised measurement and its clean reference value. Finally, for DSSE, the target cor-
responds to the state vector 𝐱, composed of nodal voltage magnitudes and phase angles 
for each phase. This organization is summarized in Table 4. 

Table 4. Structure of the datasets generated for the modules of the AI-based DSSE framework. 

Module Input Target Output Purpose 
ATI 𝐳(଴) 𝜏 Identify the active topology 
GED 𝐳(௜), 𝜏̂ Presence or absence of anomaly Detect gross errors 

ETI 𝐳(௜), 𝜏̂ 𝑐̂(௜) Identify the affected meas-
urement type 

ELI 𝐳(௜), 𝜏̂, 𝑐̂(௜) 𝑙መ(௜) Locate the compromised 
measurement 

MRC 𝐳(௜), 𝜏̂, 𝑐̂(௜), 𝑙መ(௜) 𝑧̂௟መ(௜) Reconstruct the affected 
measurement 

DSSE 𝐳෤, 𝜏̂ 𝐱 Estimate the electrical state 

As shown in Table 4, the database is not organized as a single generic dataset but 
rather as a structured set of labeled scenarios according to the specific function of each 
module. This organization preserves consistency among the measurement vector 𝐳, the 
active topology 𝜏, the GED detection labels 𝑦ீா஽, the type labels 𝑐, the location labels 𝑙, 
the clean reference values 𝑧௟௖௟௘௔௡, and the target state vector 𝐱. 
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The reference state vector was obtained from OpenDSS power-flow simulations, as-
suming that the electrical parameters of the model, including line impedances, trans-
former models, and load models, are known without error. Therefore, the proposed 
framework learns the mapping between measurements and the power-flow solution un-
der the assumed network model. Uncertainty in electrical parameters is not explicitly con-
sidered in this study and is recognized as a future extension of the framework. 

3.5. Candidate Architectures, Selection Criterion, and Training 

Each module was evaluated using a set of candidate architectures selected for their 
ability to represent nonlinear relationships, capture spatial or structural patterns among 
variables, and approximate complex mappings. The comparison does not aim to identify 
a single universal model, but rather to evaluate architecture families with different induc-
tive biases across subproblems of different natures. Table 5 summarizes the families con-
sidered and the inductive bias that motivated their inclusion. 

Table 5. Candidate architecture families considered in the AI-based DSSE framework. 

Family/Architecture Modeling Principle Motivation Within the Framework 

MLP [48] 
Global nonlinear approxima-

tion 
Baseline model for classification and regression 

CNN1D/Dilated CNN1D [24,26] 
Local feature extraction; di-

lated convolutions 
Patterns among measurement positions; enlarged receptive field 

WaveNet1D [25] 
Dilated convolutions with re-

sidual connections 
Integration of information over a wide receptive field 

Inception1D [27] Multiscale filters Electrical patterns at different scales 

U-Net1D/EncDec-CNN [49,50] 
Encoder–decoder structure 

with skip connections 
Structured mapping, preservation of spatial information, and re-

construction of relationships among measurement positions 
EncDec-GRU/Attention-RNN 

[28–32] 
Recurrent modeling with at-

tention 
Ordered and long-range dependencies 

Transformer/Informer/FED-
former [37,38,51] 

Global attention Global relationships among variables 

MLP-Mixer [52] Position–feature mixing Explicit separation of positional and feature-wise relationships 
SCINet1D/NBEATS1D [33,34] Hierarchical refinement Reconstruction and state regression 

The models were trained using separate training, validation, and test subsets. For the 
classification modules, cross-entropy-based loss functions were used according to the na-
ture of each task’s output. For ATI, ETI, and ELI, categorical or sparse categorical cross-
entropy was used depending on the class encoding, whereas binary cross-entropy was 
used for GED. In this framework, ETI does not produce a simultaneous ranking of candi-
date measurements; instead, it identifies the affected measurement type at the current it-
eration. Similarly, ELI locates the compromised measurement associated with the type 
identified by ETI. 

For the regression tasks, MRC and DSSE were trained using loss functions based on 
the error between estimated and reference values. In MRC, learning is performed on the 
measurement diagnosed at each iteration, so that the model reconstructs the clean value 
associated with the type and location identified by ETI and ELI. The reconstructed value 
is then used to update the measurement vector before a new GED evaluation. Thus, alt-
hough the database may include scenarios with up to five gross errors, both training and 
inference of the GED–ETI–ELI–MRC block are maintained as a sequential process that 
handles one anomaly per iteration. 

During training, EarlyStopping was applied to reduce the risk of overfitting, while 
retaining the weights associated with the best validation performance. Hyperparameter 
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optimization was carried out using Bayesian Optimization [53], with the validation set 
used as the selection criterion. This approach enables a more efficient exploration of archi-
tectural and training configurations than exhaustive search, especially when multiple 
model families are compared. A central aspect of the adopted strategy is that this optimi-
zation was performed at the module level rather than independently for each topology. 
Once the best configuration was identified for a given module, the architecture and its 
hyperparameters were kept fixed when training the topology-specific instances associated 
with each active topology. 

This strategy separates two levels of the learning process: architectural and hyperpa-
rameter selection, performed at the module level, and electrical specialization of the model 
weights, performed at the topology level. In this way, performance differences among to-
pologies can be primarily attributed to the electrical relationships inherent to each config-
uration, rather than to differences in architecture or hyperparameter settings. Figure 3 
summarizes the overall procedure for training, validation, hyperparameter tuning, and 
final model selection. 

 

Figure 3. General procedure for training, validation, hyperparameter tuning, and final model selec-
tion. 

Hyperparameter optimization was conducted via Bayesian optimization using the 
TPE (Tree-structured Parzen Estimator) sampler [54]. Since the early-stopping criterion 
does not trigger at a fixed epoch, each training run was assigned a random convergence 
epoch between 500 and 3000. All models were implemented in Python 3.11.10 (Python 
Software Foundation, Wilmington, DE, USA) with TensorFlow/Keras 2.19.0 (Google LLC, 
Mountain View, CA, USA) and trained on a workstation equipped with an NVIDIA Ge-
Force RTX 3090 GPU (NVIDIA Corporation, Santa Clara, CA, USA) with 24 GB VRAM. 
Input normalization was performed via Min–Max scaling to ሾ0, 1ሿ, applied independently 
per topology. The complete Bayesian search space and the final selected configuration for 
each module are reported in Section 4.2. 

3.6. Evaluation Metrics and Composite Score 

To evaluate the performance of the candidate architectures, different metrics were 
used according to the nature of each module. For the classification modules, namely ATI, 
GED, ETI, and ELI, Accuracy, Precision, Recall, and F1-score were adopted. These metrics 
assess the overall performance of the classifier, the reliability of positive predictions, the 
ability to correctly identify the classes of interest, and the balance between Precision and 
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Recall. In addition, the complementary classification error, 𝐸௖௟௦ = 1 −Accuracy, was in-
cluded to directly express the average proportion of misclassified samples. 

For the regression modules, namely MRC and DSSE, MAE, RMSE, and MSE were 
used. MAE was adopted as the main interpretability metric because it provides a direct 
reading of the average error in the original evaluation scale. RMSE penalizes larger errors 
more strongly, whereas MSE was retained as a classical complementary reference metric. 

To compare heterogeneous architectures using a common criterion, a Composite 
Score, denoted as 𝐶𝑆, was defined by transforming the evaluation metrics into a common 
cost scale. For an architecture 𝑎, the Composite Score is defined as: 

𝐶𝑆௔ = ෍𝑤௠ெ
௠ୀଵ 𝐶௔,௠ (20) 

where 𝑀 is the number of metrics considered, 𝑤௠ is the weight assigned to metric 𝑚, 
and 𝐶௔,௠ is the normalized cost of architecture 𝑎 for that metric. The weights satisfy: 

෍𝑤௠ெ
௠ୀଵ = 1 (21) 

For classification tasks, a weight of 0.40 was assigned to the F1-score because it com-
bines Precision and Recall into a balanced indicator, which is particularly relevant for er-
ror detection, identification, and localization modules. Accuracy, Precision, and Recall 
were each assigned a weight of 0.20, as they provide complementary information on over-
all performance, reliability of positive predictions, and the ability to correctly identify the 
classes of interest. 

For regression tasks, the largest weights were assigned to MAE and RMSE because 
of their direct interpretation as reconstruction or estimation error. MAE represents the 
average absolute error, whereas RMSE penalizes larger errors more strongly. MSE was 
assigned a lower weight because it is expressed in squared units and provides information 
that is partially correlated with RMSE. Table 6 summarizes the weights used to compute 
the Composite Score by task type and the optimization direction of each metric. 

Table 6. Weights used to compute the Composite Score according to the task type. 

Task Type Metric Weight Optimization Direction 
Classification Accuracy 0.20 Higher is better 
Classification Precision 0.20 Higher is better 
Classification Recall 0.20 Higher is better 
Classification F1-score 0.40 Higher is better 

Regression MAE 0.45 Lower is better 
Regression RMSE 0.45 Lower is better 
Regression MSE 0.10 Lower is better 

As shown in Table 6, the assigned weights prioritize metrics with direct interpreta-
bility for each task type: F1-score for classification, because it balances Precision and Re-
call, and MAE/RMSE for regression, because they are directly related to the magnitude of 
the reconstruction or estimation error. 

From an operational standpoint, the prioritization of the F1-score in classification 
tasks is motivated by the asymmetric consequences of diagnostic errors within the pro-
posed pipeline. In GED, a false negative allows a compromised measurement to reach the 
estimator without correction, directly degrading DSSE accuracy. A false positive triggers 
an unnecessary correction that may introduce an artificial perturbation. In ETI and ELI, 
classification errors propagate an incorrect diagnosis to MRC. The F1-score, by simultane-
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ously penalizing false positives (via Precision) and false negatives (via Recall), naturally 
captures this operational trade-off. For regression, MSE received a reduced weight (w =0.10) because its squared scale hinders direct interpretation and its information content is 
partially redundant with RMSE. 

To assess the sensitivity of architecture selection to the chosen weights, a perturbation 
analysis was performed in which each metric weight was varied by ±0.10 relative to the 
nominal values in Table 6, subject to the constraint ∑w୫ = 1. In all modules, the selected 
architecture (lowest CS) remained consistent under these perturbations. 

To ensure comparability among metrics with different scales and optimization direc-
tions, each metric was transformed into a normalized cost within the interval [0, 1]. For 
metrics where lower values are better, such as MAE, RMSE, and MSE, the following trans-
formation was used: 𝐶௔,௠ = 𝑞௔,௠ − 𝑞௠௠௜௡𝑞௠௠௔௫ − 𝑞௠௠௜௡ + 𝜖  (22) 

For metrics where higher values are better, such as Accuracy, Precision, Recall, and 
F1-score, the following transformation was used: 𝐶௔,௠ = 𝑞௠௠௔௫ − 𝑞௔,௠𝑞௠௠௔௫ − 𝑞௠௠௜௡ + 𝜖  (23) 

where 𝑞௔,௠ represents the value of metric 𝑚 for architecture 𝑎, whereas 𝑞௠୫୧୬ and 𝑞௠୫ୟ୶ 
are the minimum and maximum values observed among the compared architectures, re-
spectively. The term 𝜖 is a small constant included to avoid division by zero. 

In this way, all metrics are expressed as comparable costs, where 𝐶௔,௠ = 0 represents 
the best relative performance observed for a given metric and 𝐶௔,௠ = 1 represents the 
worst relative performance within the compared set. 

The 𝐶𝑆 was computed independently for each module, comparing only architec-
tures evaluated under the same task, dataset, and experimental conditions. Therefore, it 
should not be interpreted as an absolute metric comparable across modules, but rather as 
a relative criterion for ranking architectures within each subproblem. 

Finally, the final architecture selection was performed by jointly considering the 𝐶𝑆, 
the original metrics, and the complementary errors for classification tasks. A value of 𝐶𝑆 = 0 does not imply zero error or perfect performance; it only indicates that the corre-
sponding architecture achieved the best relative performance among the models evalu-
ated for a specific task. 

4. Case Studies and Results Analysis 
The proposed framework was validated on a real, unbalanced three-phase 240-node 

distribution feeder located in the Midwestern United States. The feeder was implemented 
in OpenDSS using the data reported in [21,22]. The evaluation is organized into two com-
plementary levels: (i) a modular analysis aimed at comparing candidate architectures and 
selecting the best-performing model for each subproblem; and (ii) an integrated functional 
evaluation of the AI-based DSSE framework to quantify the impact of ATI and compro-
mised-measurement treatment on the final state-estimation results. 

4.1. Test System and Analyzed Scenarios 

The network includes voltage, current, and power measurements represented in dif-
ferent formats, namely VoltPolar, CurrPolar, CurrRect, and PowersRect. The measure-
ment vector 𝐳 includes nodal voltage magnitudes and angles, branch-current magnitudes 
and angles, active and reactive power flows, nodal power measurements, and load pseu-
domeasurements. 
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A total of 12 predefined active topologies were considered. Figure 4 shows the loca-
tion of the switching devices, which are denoted by cross symbols (×) in the feeder dia-
gram. In all cases, 𝐶𝐵_101, 𝐶𝐵_102, and 𝐶𝐵_301 were assumed to be closed, whereas 
specific combinations of additional switches define the evaluated configurations. 
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Switch Combinations

 

Figure 4. Location of the switching devices considered in the definition of the evaluated topological 
scenarios. 

The number of configurations was not selected arbitrarily, but according to an oper-
ational criterion. The 12 configurations considered in this study correspond to the subset 
of switch-state combinations that preserve service to all nodes in the feeder, ensuring con-
tinuous radial supply without load interruption. Additional combinations within the 
switch-state space resulted in partial isolation of feeder sections and, consequently, loss of 
service at one or more nodes. These configurations fall outside the scope of a conventional 
state estimator because they correspond to contingency or fault-driven reconfiguration 
states, which require specific formulations not addressed in this work. 

Therefore, the selected configurations represent the feasible operating space under 
normal and service-preserving reconfiguration conditions. This enables the evaluation of 
the models’ ability to discriminate among electrically similar configurations within that 
operating space. 

Figure 5 shows the spatial distribution and type of measurements considered, com-
bining voltage, current, power-flow, nodal-injection, and load-pseudomeasurement infor-
mation at the medium-voltage level. This configuration does not seek to solve an optimal 
meter-placement problem. Instead, it aims to reproduce a practical monitoring scenario 
with partial coverage and low redundancy. 

The database was generated from hourly power-flow simulations covering the pe-
riod from January to July 2017. At each time step, the 12 topologies were considered, and 
the required electrical variables were obtained. The uncertainty models described in Sec-
tion 3.3 were applied to the simulated measurements, and gross errors were introduced 
in a controlled manner, affecting between one and five measurements per scenario. 

The temporal organization was designed at two levels. First, January–June 2017 was 
used for the modular evaluation, with a stratified random split into training, validation, 
and test sets using a fixed seed. Second, July 2017 was reserved exclusively for the inte-
grated functional evaluation presented in Section 4.3. This July dataset was not used for 
architecture selection, hyperparameter tuning, training, or modular testing. 
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Figure 5. Spatial distribution of the measurements and pseudomeasurements used in the distribu-
tion network under study. 

Although the stratified random split within January–June may introduce some cor-
relation among subsets due to the cyclic nature of daily load profiles—a recognized issue 
when evaluating models on autocorrelated time series—the July dataset constitutes a strict 
temporal test outside the training window. Therefore, it is free from this specific effect and 
represents operating conditions not observed during model adjustment. 

Stratification was applied by topology, presence or absence of gross errors, affected 
measurement type, and location. For regression tasks, stratification was performed ac-
cording to the compromised measurement type to avoid biased data partitions. 

4.2. Module-Level Results and Architecture Selection 

Tables 7 and 8 summarize the average results of the three best-performing architec-
tures for each classification and regression module, respectively. In Table 7, the MRC met-
rics should be interpreted as aggregate reconstruction indicators over heterogeneous elec-
trical variables, whereas the DSSE metrics correspond to the global error of the state vec-
tor, which includes nodal voltage magnitudes and phase angles for each phase. 

The reported 𝐶𝑆 values correspond to the original calculation over the complete set 
of candidate architectures evaluated in Table 4. Therefore, a value of 𝐶𝑆 = 0 identifies the 
best architecture within the full evaluated set, while intermediate values reflect relative 
positions within the original ranking. In all cases, the 𝐶𝑆 is used as a relative criterion 
within each module, whereas the original metrics provide the operational interpretation 
of model performance. 
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The high metric values observed in several modules indicate that the available elec-
trical variables contain sufficiently discriminative patterns to solve the evaluated subprob-
lems under the simulated conditions. However, metrics close to 1.00 should not be inter-
preted as a guarantee of perfect performance under general conditions, but rather as evi-
dence of high separability within the specific experimental configuration analyzed. 

Table 7. Average results of the classification modules. 

Module Architecture Mean CS Accuracy Precision Recall F1-Score Error 𝟏 − Accuracy 
ATI WaveNet1D 0.000 1.0000 1.0000 1.0000 1.0000 0.00% 
ATI Inception1D 0.502 0.9997 0.9997 0.9997 0.9997 0.03% 
ATI SCINet1D 1.000 0.9994 0.9994 0.9994 0.9994 0.06% 
GED WaveNet1D 0.000 0.9537 0.9560 0.9538 0.9537 4.63% 
GED Inception1D 0.396 0.9474 0.9503 0.9475 0.9473 5.26% 
GED DilatedCNN1D 0.550 0.9449 0.9481 0.9450 0.9448 5.51% 
ETI WaveNet1D 0.000 0.9781 0.9800 0.9780 0.9785 2.19% 
ETI Inception1D 0.016 0.9639 0.9669 0.9637 0.9646 3.61% 
ETI U-Net1D 0.021 0.9575 0.9653 0.9572 0.9590 4.25% 
ELI EncDec-CNN 0.015 0.9582 0.9796 0.9464 0.9599 4.18% 
ELI U-Net1D 0.056 0.9515 0.9803 0.9402 0.9565 4.85% 
ELI SCINet1D 1.000 0.8693 0.8660 0.8185 0.8266 13.07% 

Table 8. Average results of the regression modules. 

Module Architecture Mean CS MAE MSE RMSE 
MRC NBEATS1D 0.000 0.462182 1.515966 1.231246 
MRC WaveNet1D 0.002 0.475374 1.652431 1.285469 
MRC Inception1D 0.003 0.508803 1.562215 1.249886 
DSSE EncDec-GRU 0.055 0.001625 0.000011 0.003321 
DSSE NBEATS1D 0.062 0.001633 0.000011 0.003166 
DSSE Attention-RNN 0.338 0.002821 0.000032 0.005620 

For the regression modules, MAE, MSE, and RMSE are reported in the corresponding 
evaluation scale used for each task. The Composite Score is used only as a relative com-
parison criterion within each module, according to the normalization procedure defined 
in Section 3.6. Therefore, a lower 𝐶𝑆indicates better relative performance within the set of 
architectures evaluated for a given module, but it should not be interpreted as an absolute 
measure of physical error. 

Figure 6 presents the comparative performance of the finalist architectures for ATI. 
WaveNet1D achieved 𝐶𝑆 = 0 and metric values equal to 1.000. Although Inception1D 
and SCINet1D also achieved errors below 0.1%, WaveNet1D obtained the best relative 
performance according to the 𝐶𝑆. The central panel in Figure 6 uses a normalized visual 
scale within [0, 1], where 1 indicates the best relative performance for each metric, with 
the direction inverted for error metrics. The physical values should therefore be inter-
preted from Table 6. 
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Figure 6. Comparative performance of the architectures evaluated for the ATI module. 

Figure 7 presents the confusion matrix obtained with WaveNet1D on the ATI test set. 
The representation preserves the absolute counts per class, making it possible to verify 
both the absence of misclassifications and the number of evaluated samples per configu-
ration. The 15,635 samples are concentrated on the main diagonal, with class supports 
ranging from 1261 to 1353. It is important to highlight that the open/closed status of the 
switching devices was not used as an input; therefore, the classification is based only on 
the observed electrical response. Nevertheless, the absence of misclassifications in the test 
set does not guarantee generalization to unseen topologies, structural changes, or different 
measurement configurations. 

 

Figure 7. Confusion matrix of the ATI module using WaveNet1D. 

In particular, the metric values of 1.00 obtained for ATI must be interpreted within 
the evaluated experimental domain: 12 known configurations that are electrically distin-
guishable and constructed under service-preserving operating conditions. This result in-
dicates that, under the considered measurement placement and uncertainty levels, the 
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available electrical variables contain sufficiently separable patterns to identify the active 
topology without directly using switch-status information. However, this should not be 
interpreted as a guarantee of perfect performance under unseen topologies, structural 
modifications of the network, significant changes in meter placement, or operating condi-
tions outside the range represented in the synthetic database. Therefore, generalization to 
configurations not included during training is recognized as a future extension of the 
framework. 

For GED, WaveNet1D achieved an Accuracy of 0.9537 and an F1-score of 0.9537, out-
performing Inception1D and DilatedCNN1D. This indicates an adequate ability to detect 
the presence of anomalous measurements, with a complementary error of 4.63%. For ETI, 
WaveNet1D also achieved the best performance, with an Accuracy of 0.9781 and an F1-
score of 0.9785. Under the adopted iterative formulation, ETI does not operate as a simul-
taneous candidate-ranking mechanism; instead, it identifies the affected measurement 
type in the current iteration of the diagnosis and correction loop. 

Similarly, ELI locates the compromised measurement associated with the type iden-
tified by ETI, allowing MRC to reconstruct a single measurement per iteration before up-
dating the input vector and re-evaluating it through GED. The ELI module showed a 
higher relative difficulty, which is expected because localization requires distinguishing 
among nodes, phases, or elements with electrically similar responses. In this case, EncDec-
CNN achieved the best relative performance, with Accuracy = 0.9582, Precision = 0.9796, 
Recall = 0.9464, and F1-score = 0.9599. This suggests that the encoder–decoder structure is 
suitable for capturing spatial relationships among measurement points. 

To complement the analysis of the classification modules, Figures 8 and 9 present the 
confusion matrices for GED and ETI, respectively, evaluated on the test set for topology 
1fc92908. This topology was selected as a representative example; the average metrics 
across all 12 topologies are reported in Table 7. 

 

Figure 8. Confusion matrix of the GED module using WaveNet1D on topology 1fc92908. 

Figure 8 shows the GED confusion matrix for binary anomaly detection using Wave-
Net1D on topology 1fc92908. The matrix reveals a pronounced asymmetry between error 
types: 107 false negatives (compromised measurements classified as normal) versus only 
3 false positives (normal measurements classified as anomalous). This asymmetry con-
firms that the dominant risk lies in undetected gross errors passing directly to the estima-
tor, which supports the prioritization of the F1-score in the Composite Score (Section 3.6). 
The topology-specific F1-score of 0.9561 is consistent with the cross-topology average of 
0.9537 reported in Table 7. 
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Figure 9 shows the ETI confusion matrix for measurement-type identification using 
WaveNet1D on topology 1fc92908. The most frequent misclassifications occur between 
electrically correlated branch-level measurements: 72 instances of branch power flows 
(𝑃𝑄௙௧) misidentified as branch currents (𝐼௙௧), consistent with the physical coupling through 
the line impedance (𝑆 = 𝑉 ⋅ 𝐼∗). A secondary pattern involves confusion between nodal-
level types (𝑉௜, 𝑃𝑄௣௦ௗ) and branch currents (𝐼௙௧), reflecting the electrical coupling between 
nodal voltages and branch flows in radial networks. Angular measurements (𝐼𝐴𝑛𝑔௙௧ , 𝑉𝐴𝑛𝑔௜) are classified with near-perfect accuracy, which is expected given their distinct 
numerical range and statistical distribution. The topology-specific accuracy of 0.9774 is 
consistent with the cross-topology average of 0.9781 reported in Table 7. 

 

Figure 9. Confusion matrix of the ETI module using WaveNet1D on topology 1fc92908. 

For the regression modules, NBEATS1D achieved the best 𝐶𝑆and the lowest MAE in 
MRC, with an MAE of 0.4622. Because MRC reconstructs heterogeneous electrical varia-
bles, including voltage magnitudes, currents, powers, angles, and pseudomeasurements, 
the metrics for this module were computed on the normalized scale used during training. 
Therefore, the MRC MAE should be interpreted as an aggregate reconstruction indicator 
rather than as a physical error associated with a single electrical quantity. This clarification 
is necessary because the reconstructed variables have different units, numerical ranges, 
and uncertainty levels. 

For DSSE, EncDec-GRU achieved the best global balance according to the 𝐶𝑆, justi-
fying its selection as the final architecture. Since the MAE value reported in Table 8 corre-
sponds to a global indicator computed over the complete state vector, which includes 
nodal voltage magnitudes and phase angles for each phase, this result should be inter-
preted as an aggregate estimation error rather than as a physical error associated exclu-
sively with the voltage magnitude in p.u. Therefore, Figure 10 should be interpreted as a 
relative comparison among architectures, while the final physical interpretation of perfor-
mance is provided through the separate voltage-magnitude and voltage-angle metrics re-
ported in the integrated evaluation. 
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Figure 10. Comparative performance of the architectures evaluated for the state-estimation mod-
ule. 

It is worth noting that this level of accuracy is achieved under particularly demand-
ing conditions, including unbalanced three-phase operation, 12 topological configura-
tions, low measurement redundancy, and high uncertainty in pseudomeasurements. This 
demonstrates the ability of the proposed framework to maintain operational performance 
under realistic monitoring scenarios. 

Because GED, ETI, ELI, MRC, and DSSE are trained using topology-specific in-
stances, the variability of performance across configurations was also analyzed, as shown 
in Table 9. This analysis makes it possible to verify whether the average values represent 
homogeneous behavior or whether specific configurations concentrate greater difficulty. 
For classification modules, the best and worst cases were determined using the F1-score; 
for regression modules, they were determined using MAE. 

Table 9. Performance variability across topologies for the topology-specific modules. 

Module Architecture Metric Mean Std. Dev. Best Worst Worst Topology 
GED WaveNet1D F1-score 0.9537 3.42 × 10ିଷ 0.9589 0.9477 97206b52 
ETI WaveNet1D F1-score 0.9785 3.49 × 10ିଷ 0.9837 0.9731 913cab7b 
ELI EncDec-CNN F1-score 0.9599 5.90 × 10ିଷ 0.9679 0.9484 ef41e72a 

MRC NBEATS1D MAE 4.62 × 10ିଵ 5.92 × 10ିଶ 4.15 × 10ିଵ 5.21 × 10ିଵ 1fc92908 
DSSE EncDec-GRU MAE 1.62 × 10ିଷ 2.67 × 10ିସ 1.38 × 10ିଷ 2.28 × 10ିଷ 913cab7b 

The reduced standard deviations in GED and ETI indicate stable behavior across to-
pologies. ELI shows slightly higher variability, with 𝜎 = 5.90 × 10ିଷ, which is expected 
because localization is more sensitive to the active connectivity and to the electrical simi-
larity among nodes. For MRC, the moderate dispersion, 𝜎 = 5.92 × 10ିଶ , is consistent 
with the heterogeneity of the reconstructed variables. 

For DSSE, the average MAE is 1.62 × 10ିଷ, with the worst case reaching 2.28 × 10ିଷ 
for topology 913cab7b. Overall, the topology-specific modeling strategy maintains stable 
performance across the evaluated configurations, without concealing severe systematic 
degradation in any topology. The absence of a dominant architecture across all modules 
confirms that ATI, GED, ETI, ELI, MRC, and DSSE impose different learning require-
ments, which supports the differentiated architecture selection adopted in the proposed 
modular framework. 
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Given that each module demands a distinct inductive bias, the Bayesian hyperpa-
rameter optimization was necessarily architecture-specific. Table 10 details the search 
space explored and the final configuration selected for each winning architecture. This 
optimization was performed at the module level: once the best configuration was identi-
fied for a given module, the same architecture and hyperparameters were applied to all 
topology-specific instances. Consequently, the performance differences across topologies 
reported in Table 10 can be attributed to the electrical characteristics inherent to each con-
figuration rather than to variation in model design. 

Table 10. Bayesian search space and final selected configuration for the winning architectures. 

Mod. Arch. Bayesian Search Space Final Configuration 

ATI WaveNet1D 

Residual blocks: 12–32; dilation cycles: 3–5; pattern:
[1, 2, 4, 8, 16] or [1, 2, 4, 8, 16, 32]; filters: 64, 128, 
256; kernel: 2, 3, 5; dropout: 0.10–0.40; L2: 10ିହ–10ିଷ; dense head: 64, 128, 256, 512 units 

24 blocks in 4 cycles [1, 2, 4, 8, 16, 32], 128 filters, kernel 
3, dropout 0.20, L2 = 2 × 10ିସ, Batch Norm, dense 256 

→ 128. 

GED WaveNet1D 

Blocks: 15–30; cycles: 3–5; pattern: [1, 2, 4, 8], [1, 2, 
4, 8, 16] or [1, 2, 4, 8, 16, 32]; filters: 64, 128, 256; 

kernel: 2, 3, 5; dropout: 0.10–0.50; L2: 10ିହ–10ିଷ; 
dense: 64, 128, 256, 512. 

25 blocks in 5 cycles [1, 2, 4, 8, 16], 256 filters, kernel 2, 
dropout 0.30, L2 = 5 × 10ିସ, Batch Norm, dense 256 → 

128 → 64. 

ETI WaveNet1D 

Blocks: 16–32; repetitions: 2–5; pattern: [1, 2, 4, 8, 
16], [1, 2, 4, 8, 16, 32] or [1, 2, 4, 8, 16, 32, 64]; filters: 
64, 128, 256; kernel: 2, 3, 5; dropout: 0.10–0.40; L2: 10ିହ–10ିଷ; dense: 128, 256, 512. 

28 blocks in 4 repetitions [1, 2, 4, 8, 16, 32, 64], 128 fil-
ters, kernel 3, dropout 0.25, L2 = 3 × 10ିସ, Batch 

Norm, dense 512 → 256 → 128. 

ELI EncDec-CNN 

Encoder levels: 3–5; initial filters: 32, 64, 128; ×2 
progression; kernel: 3, 5, 7; strides: 1, 2; decoder 
levels: 3–5; upsampling: 1, 2; dropout: 0.10–0.40; 

L2: 10ିହ–10ିଷ; Batch Norm: on/off. 

Encoder 4 levels (64 → 128 → 256 → 512, kernels 
5,5,3,3, strides 1,2,2,2); Decoder 4 levels (512 → 256 → 

128 → 64, kernels 3, 3, 5, 5, upsampling 2, 2, 2, 1); 
dropout 0.10, L2 = 5 × 10ିସ, Batch Norm. 

MRC NBEATS1D 
Blocks: 2–6; dense layers/block: 4–12; units: 128, 

256, 512, 1024; θ dim: 128, 256, 512; dropout: 0.00–
0.30; L2: 10ିହ–10ିଷ. 

4 blocks, 10 dense layers × 512 units, θ = 256, L2 = 5 × 10ିସ. 

DSSE EncDec-GRU 

Bidirectional encoder: 2–4 levels; units: 64, 128, 256, 
512; decoder: 2–4 levels; units: 32, 64, 128, 256; 

dropout: 0.10–0.50; L2: 10ିହ–10ିଷ; final dense: 32, 
64, 128, 256. 

Bidirectional encoder 3 levels (256 → 128 → 64); De-
coder 3 levels (128 → 64 → 32); dropout 0.35, L2 = 10ିଷ, progressive dense 128 → 64 → 32. 

4.3. Integrated Evaluation of the AI-Based DSSE Framework and Functional Contribution of Its 
Modules 

This evaluation quantifies the functional contribution of the main modules through 
an ablation study. Unlike the modular analysis, its purpose is not to select architectures, 
but rather to assess how the omission of key stages affects the final DSSE accuracy. Four 
functional configurations were compared: 

• Scenario 1—Complete AI-based DSSE framework: The active topology is identified 
through ATI, and the GED–ETI–ELI–MRC block is then applied iteratively. At each 
iteration, GED determines whether at least one anomalous measurement remains. If 
an anomaly is detected, ETI identifies the affected measurement type, ELI locates the 
compromised measurement, and MRC reconstructs its corrected value. The updated 
vector is re-evaluated until GED detects no further anomalies or the maximum num-
ber of iterations is reached. Finally, DSSE estimates the state using the cleaned meas-
urement vector and the identified active topology. 

• Scenario 2—Without compromised-measurement treatment: The GED, ETI, ELI, and 
MRC modules are omitted. Therefore, measurements affected by gross errors are nei-
ther diagnosed nor replaced before DSSE. 
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• Scenario 3—Without ATI: Active topology identification is omitted. Consequently, 
DSSE operates under a non-validated or incorrectly assigned topology. 

• Scenario 4—Without ATI and without compromised-measurement treatment: Both 
active topology identification and the measurement diagnosis and correction mod-
ules are omitted. This represents the most functionally degraded case. 

The degraded scenarios were constructed using proportional additive Gaussian per-
turbations, considering three severity levels, 𝜎ீா ∈ {0.10, 0.15, 0.20}, and between one and 
five compromised measurements. Topological inconsistencies were modeled as substitu-
tions through cyclic shifts of 1, 3, 6, and 9 positions with respect to the active topology. 

The different number of cases across scenarios is due to the combinatorial structure 
of each case. Scenario 1 evaluates the complete framework over the July test window. Sce-
nario 2 expands the evaluation across severity levels and numbers of compromised meas-
urements. Scenario 3 expands it across topological shifts. Scenario 4 combines both spaces, 
namely, 4 topological shifts × 3 values of 𝜎ீா × 5 numbers of compromised measure-
ments, which explains its larger number of samples. 

To prevent this difference in cardinality from biasing the comparison, MAE values 
were computed as weighted averages according to the number of samples, whereas RMSE 
values were computed from the weighted mean squared error. Table 11 presents the nu-
merical summary, where 𝑉 denotes voltage magnitude and 𝜃 denotes voltage angle. The 
degradation factors were computed with respect to Scenario 1. 

Table 11. Functional contribution of the AI-based DSSE framework modules in the integrated eval-
uation. 

Scen. Cases 𝑴𝑨𝑬𝑽 𝑹𝑴𝑺𝑬𝑽 𝑴𝑨𝑬𝜽 𝑹𝑴𝑺𝑬𝜽 Deg. 𝑽 Deg. 𝜽 
1 2976 1.11 × 10ିଷ 1.66 × 10ିଷ 8.41 × 10ିଷ 1.32 × 10ିଶ 1.00× 1.00× 
2 5952 1.96 × 10ିଷ 6.06 × 10ିଷ 1.62 × 10ିଶ 7.27 × 10ିଶ 1.76× 1.92× 
3 11,904 1.37 × 10ିଶ 1.93 × 10ିଶ 6.81 × 10ିଶ 9.21 × 10ିଶ 12.34× 8.10× 
4 178,560 1.40 × 10ିଶ 1.97 × 10ିଶ 7.02 × 10ିଶ 9.99 × 10ିଶ 12.58× 8.35× 

The complete framework, corresponding to Scenario 1, achieves the lowest errors in 
the integrated evaluation, with 𝑀𝐴𝐸௏ = 1.11 × 10ିଷ , 𝑅𝑀𝑆𝐸௏ = 1.66 × 10ିଷ , 𝑀𝐴𝐸ఏ =8.41 × 10ିଷ, and 𝑅𝑀𝑆𝐸ఏ = 1.32 × 10ିଶ. These values define the baseline used to compute 
the degradation factors of the remaining scenarios. 

The omission of compromised-measurement treatment, represented by Scenario 2, 
produces a moderate increase in error, with degradation factors of 1.76 × for 𝑀𝐴𝐸௏ and 1.92 × for 𝑀𝐴𝐸ఏ . This indicates that the GED–ETI–ELI–MRC block contributes to im-
proving estimation robustness under gross measurement errors, although its impact is 
smaller than that of topology identification. 

In contrast, omitting ATI, as in Scenario 3, produces a substantially larger degrada-
tion, with factors of 12.34 × for 𝑀𝐴𝐸௏ and 8.10 × for 𝑀𝐴𝐸ఏ. This result shows that an 
incorrect topology introduces a structural inconsistency that modifies the mapping among 
measurements, nodes, branches, and state variables. Therefore, topological error affects 
the estimation process globally, unlike a compromised measurement, whose effect tends 
to be more localized. 

Scenario 4, in which both ATI and compromised-measurement treatment are omit-
ted, exhibits the largest overall degradation, with factors of 12.58 ×  for 𝑀𝐴𝐸௏  and 8.35 × for 𝑀𝐴𝐸ఏ. However, the difference between Scenarios 3 and 4 is smaller than the 
difference between Scenarios 1 and 3. This confirms that, once DSSE operates under an 
incorrect topology, the structural error dominates over the additional effect introduced by 
compromised measurements. 
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Figure 11 provides a more detailed analysis of the scenarios in which topological dis-
crepancies and compromised measurements are combined. For each topological shift, the 
mean MAE degradation factor is reported, computed as the average between voltage mag-
nitude and voltage angle. The results show that degradation depends primarily on the 
topology assumed by the estimator. A one-position shift produces the largest degradation 
factors, whereas a six-position shift produces the smallest; three- and nine-position shifts 
exhibit intermediate behavior. 

 

Figure 11. Combined impact of incorrect topology and compromised measurements. 

This difference indicates that the severity of a topological inconsistency does not de-
pend solely on the shift index but also on the electrical similarity between the actual and 
assumed topologies. Likewise, for a given shift, the variations associated with increasing 𝜎ீா and the number of compromised measurements are smaller than the differences ob-
served among topologies. This confirms that, when the topological representation is in-
correct, the structural error dominates over the individual severity of the compromised 
measurements. 

4.4. Convergence Assessment of a Classical WLS Estimator 

To contextualize the performance of the proposed framework relative to classical 
state-estimation methods, WLS estimators based on both nodal voltages [4,5] and branch 
currents [9,13] were implemented on the 240-node test system, using the same measure-
ments, pseudomeasurements, and uncertainty conditions described in Section 3.3. 

In both cases, the WLS estimator failed to achieve numerical convergence. The New-
ton–Raphson iterative process diverged even when the convergence tolerance was relaxed 
from 10ିସ to 10ିଶ p.u., and the maximum iteration count was increased from 20 to 100. 
Alternative initializations (flat start and warm start based on the power-flow solution) 
were also evaluated without achieving consistent convergence. 
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These findings are consistent with the convergence difficulties reported in the recent 
literature for distribution networks of similar or even smaller scale: 

(i) Habib et al. [19] reported that WLS never converges on the IEEE 179-bus network 
under noisy conditions with pseudomeasurements. Even when WLS was modified 
to use only voltage measurements (WLS) or when the tolerance was relaxed and iter-
ations were increased (WLS*), convergence was not achieved on the 179-bus network. 

(ii) Langner and Abur [40] demonstrated that the conventional nodal-voltage WLS fails 
to converge within 20 iterations on the IEEE 123-bus feeder under flat start, identify-
ing the angular-reference formulation as a fundamental cause in unbalanced systems. 

(iii) Gómez-Quiles et al. [41] documented that gain-matrix ill-conditioning—caused by 
the coexistence of measurements with highly disparate weights, insufficient redun-
dancy, high R/X ratios, and the simultaneous presence of short and long lines—can 
produce both convergence failures and inaccurate estimates. 

(iv) A recent publication in this same journal [36] identified WLS iterative divergence on 
large-scale networks as motivation for proposing deep learning-based alternatives. 

On the 240-node feeder evaluated in this work, the conditions that promote non-con-
vergence are simultaneously present: native unbalanced three-phase operation with non-
transposed lines (Zୟୟ ≠ Zୠୠ ≠ Zୡୡ, Zୟୠ ≠ Zୠୡ ≠ Zୟୡ), low measurement redundancy, pseu-
domeasurements with ±30% uncertainty (σrel = 0.10), high R/X ratios, and 12 active topo-
logical configurations. This combination produces a dense three-phase Jacobian with 
asymmetric impedances, a gain matrix GWLS with an elevated condition number due to 
the disparity between direct measurements (σ ≈ 1%) and pseudomeasurements (σ ≈30%), and a critical dependence on the angular-reference definition. 

It is noteworthy that, after an extensive literature review, no prior studies were iden-
tified reporting successful WLS-based DSSE results on this specific 240-node feeder 
[21,22]. Studies that have employed this test system have pursued data-driven ap-
proaches: pseudomeasurement generation [55], observability enhancement [56], and state 
and topology estimation via deep neural networks [45]. 

Therefore, the WLS non-convergence observed constitutes an experimental finding 
that reinforces the primary motivation of this work: the proposed deep learning frame-
work offers a functional alternative for operating conditions with low redundancy, unbal-
anced three-phase operation, high pseudomeasurement uncertainty, and variable topolo-
gies—under which Newton–Raphson-based iterative methods do not guarantee numeri-
cal convergence. 

4.5. Statistical Stability of Model Selection 

To assess the variability inherent in deep neural network training, the selected archi-
tectures for each module were retrained with five independent random seeds (seeds: 0, 
42, 123, 456, 789), keeping the optimal hyperparameters fixed. Table 12 reports the mean 
and standard deviation of the primary metric per module. 

The coefficients of variation are below 1% for all classification modules and below 
5% for the regression modules, indicating that inter-seed variability is small. Furthermore, 
the architecture with the lowest CSremained consistent across all five seeds for every 
module, confirming that the selection reported in Section 4.2 does not depend critically on 
any single training run. 
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Table 12. Statistical stability under multiple training seeds. 

Module Architecture Metric Mean ± Std (5 Seeds) CV (%) 
ATI WaveNet1D F1-score 9.997 × 10ିଵ ± 3.0 × 10ିସ 0.03 
GED WaveNet1D F1-score 9.525 × 10ିଵ ± 4.0 × 10ିଷ 0.42 
ETI WaveNet1D F1-score 9.770 × 10ିଵ ± 3.5 × 10ିଷ 0.36 
ELI EncDec-CNN F1-score 9.575 × 10ିଵ ± 6.0 × 10ିଷ 0.63 

MRC NBEATS1D MAE 4.640 × 10ିଵ ± 1.0 × 10ିଶ 2.16 
DSSE EncDec-GRU MAE 1.640 × 10ିଷ ± 8.0 × 10ିହ 4.88 

5. Discussion 
The results support the central hypothesis of this work: DSSE under conditions of 

low redundancy, variable topologies, and potentially compromised measurements should 
not be formulated as a single monolithic regression task, but rather as a monitoring pro-
cess composed of functionally differentiated stages. The module-dependent nature of the 
optimal architecture choice is evidenced by the fact that WaveNet1D was selected for ATI, 
GED, and ETI; EncDec-CNN for ELI; NBEATS1D for MRC; and EncDec-GRU for DSSE. 
This behavior confirms that the ATI, GED, ETI, ELI, MRC, and DSSE modules impose 
different learning requirements, since they involve topology classification, binary detec-
tion, error-type identification, spatial localization, measurement reconstruction, and elec-
trical-state regression. Therefore, the differentiated selection of architectures makes it pos-
sible to adapt the inductive bias of each model to the specific function it performs within 
the AI-based DSSE pipeline. 

This result is also consistent with the multitask learning literature, where it has been 
observed that the joint training of tasks or regimes that do not share sufficiently coopera-
tive representations may degrade overall performance [43,44]. In this context, modularity 
not only facilitates the functional interpretation of the framework but also avoids forcing 
a single architecture to simultaneously solve subproblems with different objectives, out-
puts, and error structures. This is particularly relevant in distribution networks, where the 
relationship among measurements, errors, and state variables depends strongly on the 
active network connectivity. 

The most relevant functional finding is that topological consistency has a dominant 
impact on the final DSSE accuracy. Omitting the compromised-measurement treatment 
produces a moderate degradation, with factors of 1.76 × and 1.92 × in the MAE of volt-
age magnitude and angle, respectively, whereas omitting ATI produces factors close to 12.3 × and 8.1 ×. This result has a direct physical explanation: a compromised measure-
ment may locally degrade the input vector, and its impact on the estimator depends on 
the relative weight of the erroneous measurement within the overall measurement set. In 
contrast, an incorrect topology alters the structure of the measurement model ℎ(⋅) itself 
and the associated Jacobian matrix, modifying the complete physical relationship among 
measurements, nodes, branches, and state variables [8,10–12]. This difference explains 
why the severity of a topological inconsistency does not depend monotonically on the 
number of switched elements, but rather on the electrical similarity between the actual 
and assumed topologies, as observed in Figure 9. This behavior is consistent with previous 
analyses of topology errors in state estimation [10,12]. For this reason, ATI should not be 
understood as an auxiliary stage, but as a structural component of the estimation pipeline 
that conditions the validity of the entire process. This result reinforces the perspective, 
present in the recent literature, that topology identification and state estimation should be 
treated as coupled problems rather than as independent sequential tasks [10–12]. 

A methodologically relevant aspect concerns the relationship between classical and 
data-driven approaches for DSSE. The WLS non-convergence observed in this work (Sec-
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tion 4.4) should not be interpreted as a universal disqualification of classical estimators, 
but rather as experimental evidence that the specific operating conditions evaluated—the 
simultaneous combination of three-phase unbalance, low redundancy, high pseudomeas-
urement uncertainty, and variable topologies—lie outside the regime in which the con-
ventional Newton–Raphson-based WLS provides robust numerical guarantees. This ob-
servation is consistent with the recent trend in the literature, where multiple authors have 
identified WLS non-convergence as an explicit motivation for developing deep learning-
based alternatives [19,20,35,36]. In this context, classical and data-driven approaches 
should be understood not as mutually exclusive but as complementary: classical methods 
provide theoretical guarantees and interpretive transparency when numerical conditions 
permit, while data-driven methods offer robustness and flexibility when numerical con-
ditions are degraded. 

The strategy of combining a global model for ATI with topology-specific models for 
the subsequent modules offers a trade-off among physical specialization, training stabil-
ity, and computational feasibility. On the one hand, it allows the downstream models to 
learn the electrical relationships specific to each configuration, avoiding the mixing of dif-
ferent topological regimes within a single representation. This consideration is consistent 
with the multitask learning literature, where joint training has been shown to degrade 
performance when tasks or regimes do not share sufficiently cooperative representations 
[43,44]. It also aligns with recent observations in learning-based DSSE, where the explicit 
incorporation of problem structure has been shown to improve generalization with re-
spect to generic network models [19,20]. 

From a practical perspective, this specialization also reduces the memory burden as-
sociated with training, since it avoids forcing a single global model to simultaneously rep-
resent all combinations of topology, error diagnosis, measurement reconstruction, and 
state estimation. Consequently, the modular strategy enables the use of relatively smaller 
models, more stable training procedures, and computational requirements compatible 
with high-performance workstations, rather than basing this methodological choice ex-
clusively on hardware constraints. On the other hand, the strategy increases the total num-
ber of required models. In general, the framework requires 1 + 5T models, where T is 
the number of operating topologies. For the case study evaluated (T = 12), this yields 61 
models. It should be noted that the operationally feasible T is typically a small subset of 
the full combinatorial switch-state space, since many combinations result in loss of service 
or non-radial configurations. 

For networks with a significantly larger number of feasible configurations (T > 100), 
three mitigation strategies are identified: (i) topology-conditioned global models, where a 
single model per module receives τො  as an auxiliary input (e.g., a one-hot vector or a 
learned embedding), reducing the total to six models; (ii) clustering of electrically similar 
topologies based on the Frobenius norm of the admittance-matrix difference or mean volt-
age profiles, so that a single model serves a cluster of K ≪ T related configurations; and 
(iii) transfer learning, where a model pre-trained on a base topology is fine-tuned with 
reduced data for similar configurations. These alternatives constitute natural extensions 
of the present work [2,18]. 

From the standpoint of computational cost, the complete process comprises two 
stages with distinct temporal implications. The computational workflow begins with 
OpenDSS simulations for the 12 topological configurations of the 240-node system. For 
each topology, hourly simulations were performed over a full year, yielding 8760 operat-
ing points per topology and 105,120 base scenarios in total. From these topology-specific 
datasets, additional samples were generated by injecting one to five simultaneous errors, 
yielding 525,600 error-augmented samples. 



Processes 2026, 14, 2261 32 of 38 
 

https://doi.org/10.3390/pr14142261 

After dataset construction, an initial architecture screening was performed using ten 
candidate deep learning architectures: DilatedCNN1D, Inception1D, WaveNet1D, Conv-
RNN, Attention-RNN, Encoder–Decoder CNN, NBEATS1D, Encoder–Decoder GRU, U-
Net1D, and SCINet1D. The three best-performing architectures for each module were then 
selected for Bayesian hyperparameter optimization. 

Using an NVIDIA GeForce RTX 3090 GPU with 24 GB of memory, the total offline 
computational cost was estimated at approximately 1587.9 h, equivalent to 66.2 GPU-days. 
The majority of the cost was concentrated in Bayesian hyperparameter optimization, fol-
lowed by final training and architecture screening. This cost is offline and incurred only 
once; it does not affect online operation. 

In contrast, the online inference stage is negligible compared with the offline training 
process, with an estimated latency of approximately 0.45 ms per sample. In error-free sce-
narios, the pipeline executes only ATI and DSSE (two neural network inferences). In sce-
narios with Kgross errors, 2 + 4K sequential inferences are executed (ATI + Kiterations 
of GED + ETI + ELI + MRC + DSSE). Even in the worst case (K = 5, 22 inferences), the total 
time remains on the order of a few milliseconds. 

These latencies are compatible with AMI-based monitoring cycles (minutes to one 
hour) and SCADA cycles (seconds to minutes). For µPMU applications with strict real-
time requirements (30–120 samples/second), the accumulated loop latency may require 
additional optimization such as model quantization, TensorRT compilation, or module 
parallelization. 

During inference, only the models corresponding to the topology identified by ATI 
reside in memory simultaneously (five models: GED, ETI, ELI, MRC, DSSE) plus the ATI 
model itself—six models in total, regardless of the total number of topologies 𝑇. This is a 
direct advantage of the modular strategy: inference memory consumption does not scale 
with 𝑇. 

An additional consideration is the iterative nature of the GED–ETI–ELI–MRC block. 
This strategy reduces the combinatorial complexity compared with a simultaneous mul-
tilabel formulation and preserves a traceable single-label supervised structure for each 
module. However, it also implies that diagnostic errors may propagate across iterations. 
Three principal failure modes are identified: 

Mode 1: Propagation through incorrect type diagnosis (ETI → ELI → MRC): If ETI 
misidentifies the affected measurement type at iteration k, ELI will search for the location 
within an incorrect candidate set, and MRC may correct a healthy measurement, intro-
ducing an artificial perturbation into z෤൫k+1൯. 

Mode 2: Confusion among electrically adjacent nodes (ELI): In networks with electri-
cally similar nodes under the same topology and phase, ELI may localize the error at a 
node adjacent to the truly affected one. The cross-topology variability analysis (Table 8) 
confirms that ELI exhibits the highest dispersion (σ = 5.90 × 10ିଷ in F1-score), consistent 
with this susceptibility. 

Mode 3: Accumulation under high noise with multiple errors: When pseudomeas-
urements with high uncertainty (σrel = 0.10) coexist with multiple gross errors, the sepa-
rability between a measurement with a gross error and a noisy pseudomeasurement de-
creases, hindering GED discrimination in later iterations. 

To mitigate these effects, the loop is limited to a maximum of five iterations. Even 
under partial correction, the iterative treatment produces a significant improvement in 
DSSE MAE relative to the untreated scenario (Scenario 2 vs. Scenario 1 in Table 9: degra-
dation factors of 1.8× and 1.9×). A natural extension of this work is the comparative eval-
uation of the sequential strategy against simultaneous multiple-error detection and cor-
rection formulations, such as normalized-residual ranking methods [14,23,46]. 
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Transferring the proposed framework to real-time monitoring involves additional 
considerations. Regarding latency, the ~0.45 ms per-sample inference time is amply suffi-
cient for AMI and SCADA cycles. For µPMU applications, inference optimization would 
be required. Regarding retraining, significant network changes—new loads, permanent 
reconfiguration, new sensors—would require partial or full dataset regeneration and re-
training of the affected modules. Regarding robustness to unmodeled conditions, phe-
nomena such as partial communication failures, temporal desynchronization among data 
sources, line-parameter errors, and transient events were not explicitly modeled and 
should be evaluated prior to operational deployment. 

Limitations 

The results should be interpreted within the scope of the study: 
First, validation was performed exclusively with synthetic OpenDSS-generated sce-

narios. This choice is driven by the specific requirements of the proposed framework: 
training and evaluation simultaneously require (i) synchronized three-phase unbalanced 
measurements, (ii) documented time-varying active topology, (iii) gross errors with 
known type, location, and magnitude, and (iv) the true reference state. No publicly avail-
able dataset currently satisfies all four requirements simultaneously. µPMU-based da-
tasets provide synchronized measurements but lack documented variable topology and 
labeled errors; AMI datasets provide load profiles without synchronized network meas-
urements. For these reasons, synthetic data generation via validated simulators such as 
OpenDSS is the predominant strategy in the recent DL-based DSSE literature 
[15,16,19,20,39,45]. A viable intermediate strategy for future work would be the injection 
of real µPMU measurements into the OpenDSS simulation to generate semi-synthetic sce-
narios with realistic noise and temporal correlations. 

Second, the measurement placement was defined as a representative configuration 
with partial coverage and low redundancy, not as the result of an optimal meter-place-
ment procedure. 

Third, the modular metrics correspond to training processes performed with a fixed 
seed. The multi-seed results reported in Section 4.5 demonstrate stability; however, an 
exhaustive characterization would require a larger number of repetitions. 

Fourth, the study evaluates 12 service-preserving configurations. More severe sce-
narios—contingencies, faults, feeder-section isolation, partial loss of supply—were not 
considered and could generate more complex electrical patterns with potential disconti-
nuities in state variables. 

Fifth, the scalability of the topology-specific approach should be assessed for 𝑇 >100. The alternatives discussed in this section (conditioned models, clustering, and trans-
fer learning) have not been implemented or experimentally evaluated. 

Sixth, the WLS estimators based on nodal voltages and branch currents failed to 
achieve numerical convergence on the evaluated test system (Section 4.4). Although this 
result is consistent with the literature [19,40], the evaluation was limited to classical WLS 
formulations. More advanced robust formulations—WLS with virtual reference [40], sem-
idefinite programming, Kalman filters—may mitigate these issues and constitute comple-
mentary baselines. 

Seventh, the framework assumes that the network electrical parameters are known 
without error. Parametric uncertainty constitutes an additional unmodeled source of deg-
radation. 

Eighth, the framework’s ability to generalize to topologies not included in training 
was not evaluated and represents a relevant limitation for operational applications where 
unforeseen configurations may arise. 
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6. Conclusions 
This work presented an integrated and modular deep learning framework for DSSE 

in unbalanced three-phase distribution networks, sequentially combining active topology 
identification (ATI), gross error detection (GED), error-type identification (ETI), error-lo-
cation identification (ELI), measurement reconstruction and correction (MRC), and final 
state estimation (DSSE). The framework pairs a global ATI model with topology-specific 
downstream modules and treats compromised measurements through an iterative single-
correction loop that avoids the combinatorial complexity of simultaneous multilabel iden-
tification while preserving a traceable supervised structure. 

The results demonstrate that no single architecture dominates across all subprob-
lems—WaveNet1D excels in ATI, GED, and ETI; EncDec-CNN in ELI; NBEATS1D in 
MRC; and EncDec-GRU in DSSE—confirming that module-specific architecture selection 
enables the framework to exploit inductive biases appropriate for each task. The ablation 
study reveals that topological consistency is the dominant factor in estimation accuracy: 
omitting ATI degrades voltage-magnitude and voltage-angle MAE by factors of 12.3× and 
8.1×, respectively, whereas omitting compromised-measurement treatment produces a 
moderate degradation of 1.8×–1.9×. 

Additionally, the non-convergence of classical WLS estimators observed on the 240-
node test system—consistent with recent reports for distribution networks of similar 
scale—reinforces the relevance of data-driven alternatives for operating conditions char-
acterized by high three-phase dimensionality, low redundancy, high-uncertainty pseudo-
measurements, and variable topologies. The total offline computational cost was approx-
imately 1587.9 h (66.2 GPU-days), with an online inference latency of ~0.45 ms per sample, 
compatible with AMI- and SCADA-based monitoring cycles. 

Future research directions include: (i) validation with real or hybrid data from oper-
ating systems; (ii) expansion to post-fault topologies and feeder-section isolation; (iii) im-
plementation of scalability strategies, particularly topology-conditioned models and 
transfer learning; (iv) comparison with robust classical estimators, including branch-cur-
rent formulations; (v) comparative evaluation of sequential versus simultaneous error-
correction strategies; (vi) incorporation of parametric uncertainty and missing data; (vii) 
exploration of GNN architectures; and (viii) inference optimization for real-time µPMU 
monitoring. 
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The following abbreviations are used in this manuscript: 

AI Artificial Intelligence 
AMI Advanced Metering Infrastructure 
ATI Active Topology Identification 
CNN Convolutional Neural Network 
CNN1D One-Dimensional Convolutional Neural Network 
CS Composite Score 
DilatedCNN1D One-Dimensional Dilated Convolutional Neural Network 
DL Deep Learning 
DNN Deep Neural Network 
DSS2 Deep Statistical Solver 
DSSE Distribution System State Estimation 
ELI Error-Location Identification 
EncDec Encoder–Decoder 
EncDec-CNN Encoder–Decoder Convolutional Neural Network 
EncDec-GRU Encoder–Decoder Gated Recurrent Unit 
ETI Error-Type Identification 
F1-score Harmonic Mean of Precision and Recall 
FDI False Data Injection 
FDIA False Data Injection Attack 
FEDformer Frequency Enhanced Decomposed Transformer 
GATNE Graph Attention Network with Topology-aware Node Embedding 
GED Gross Error Detection 
GNN Graph Neural Network 
GPU Graphics Processing Unit 
GraphSAGE Graph Sample and Aggregate Network 
GRU Gated Recurrent Unit 
Inception1D One-Dimensional Inception Network 
Informer Efficient Transformer for Long Sequence Forecasting 
LSTM Long Short-Term Memory 
MAE Mean Absolute Error 
MLP Multilayer Perceptron 
MLP-Mixer Multilayer Perceptron Mixer 
MRC Measurement Reconstruction and Correction 
MSE Mean Squared Error 
NBEATS1D One-Dimensional Neural Basis Expansion Analysis for Time Series 
OpenDSS Open Distribution System Simulator 
PINN Physics-Informed Neural Network 
RMSE Root Mean Squared Error 
RNN Recurrent Neural Network 
SCADA Supervisory Control and Data Acquisition 
SCINet1D One-Dimensional Sample Convolution and Interaction Network 
TPE Tree-structured Parzen Estimator 
U-Net1D One-Dimensional U-Shaped Convolutional Neural Network 
WaveNet1D One-Dimensional WaveNet 
WLS Weighted Least Squares 
WLAV Weighted Least Absolute Value 
µPMU Micro-Phasor Measurement Unit 
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