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Abstract

The topology identification (TI) of low-voltage distribution networks (LVDNSs) is the foun-
dation for their intelligent operation and lean management. However, the existing iden-
tification methods may produce inconsistent results under measurement noise, missing
data, and heterogeneous load behaviors. Without principled multiple method fusion
and meter-level confidence quantification, the reliability of the identification results is
questionable in the absence of ground-truth topology. To address these challenges, a
confidence-aware TI (Ca-TI) method for the LVDN based on weakly supervised learning
(WSL) and Dempster-Shafer (D-S) evidence theory is proposed, aiming to infer each meter’s
latent topology connectivity label and quantify the meter-level confidence without ground
truth by fusing different identification methods. Specifically, within the framework of data
programming (DP) in WSL, different TI methods were modeled as labeling functions (LFs),
and a weakly supervised label model (WSLM) was adopted to learn each method’s error
pattern and each meter’s posterior responsibility; within the framework of D-S evidence
theory, an uncertainty-aware basic probability assignment (BPA) was constructed from each
meter’s posterior responsibility, with posterior uncertainty allocated to ignorance, and was
further discounted according to the missing data rate; subsequently, a consensus-calibrated
conflict-gated (CCCG)-enhanced D-S fusion rule was proposed to aggregate the TI results of
multiple methods, producing the final TI decisions with meter-level confidence. Finally, the
test was carried out in both simulated and actual low-voltage distribution transformer areas
(LVDTAS), and the robustness of the proposed method under various measurement noise
and missing data was tested. The results indicate that the proposed method can effectively
integrate the performances of various TI methods, is not adversely affected by extreme
bias from any single method, and provides the meter-level confidence for targeted on-site
verification. Further, an engineering deployment scheme with cloud—edge collaboration is
further discussed to support scalable implementation in utility environments.

Keywords: low-voltage distribution network; topology identification; confidence-aware;
weakly supervised label model; Dempster-Shafer evidence theory; cloud—edge collaboration

1. Introduction

The LVDN is a key link for power grid companies to provide high-quality customer
service and enable intelligent electricity consumption. TI forms the basis of the intelli-
gent operation and lean management of LVDNSs, and it provides important support for
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LVDTA planning, loss management, outage management, power quality mitigation, and
value-added customer services [1,2]. In recent years, LVDN TI has attracted increasing
attention from researchers.

LVDN TI mainly addresses the problem of identifying node connectivity, which gen-
erally includes three levels: consumer—transformer connectivity identification (C-TCI),
consumer-phase connectivity identification (C-PCI), and consumer—branch connectiv-
ity identification (C-BCI). Traditional identification methods include manual inspection
and momentary outage-based identification. These methods are time-consuming and
labor-intensive, have poor operability, and their accuracy is difficult to guarantee. With the
development of the Power Internet of Things (PIoT), digital and information technologies
have provided new approaches for LVDN TI [3,4], mainly including the signal injection-
based method [5-8], broadband power line carrier-based (BPLC-based) method [9-11],
and data driven-based method [12-20]: (1) The signal injection-based method refers to
installing online monitoring terminals/modules with signal transmitting and receiving
capabilities on the transformer side and/or the consumer side and automatically sorting
out the LVDN topology through master-slave signal identification. The identification
signals mainly include pulse currents [5], carrier communication signals [6], characteris-
tic currents [7], and fundamental-frequency zero-crossing distortion signals [8]. (2) The
BPLC-based method refers to TI based on the new interoperable BPLC technology for
low-voltage power lines [9]. By leveraging the high-precision synchronized timer in the
module, the BPLC-based method accurately captures the zero-crossing offset of the voltage
sinusoidal waveform to identify the LVDN topology [10,11]. (3) The data driven-based
method refers to mining intrinsic features from massive electricity consumption data under
advanced metering infrastructure (AMI) using big data analytics and artificial intelligence
and then inferring the LVDN topology. Depending on the type of metering data used,
the data driven-based method can be further categorized into energy/current/power
fitting [12-14], voltage time-series correlation analysis [15-17], and joint voltage corre-
lation analysis with current/power fitting [18-20]. Beyond TI, data-driven learning on
high-dimensional time-series data has also been widely adopted in power applications;
for example, deep feature selection for LSTM-based PV power forecasting highlights the
importance of identifying informative variables to improve robustness and generalization
under complex and noisy operating conditions [21].

Although LVDN TI has achieved substantial research progress, most studies concen-
trate on improving a single class of algorithms and enhancing the identification accuracy.
However, different types of identification methods differ in their characteristics and appli-
cation scenarios and using only one type of method can hardly satisfy practical application
requirements. Enabling complementary integration and coordinated interaction among
different methods across scenarios is key to practical LVDN TI. From a system perspective,
the cloud—edge collaborative architecture of the PIoT provides a framework for massive
power data applications [4]. Similar engineering considerations have been discussed in
other grid-facing power data applications, such as comparative studies of grid-tied PV
maximum power point tracking (MPPT) methods, where reliability-oriented performance
trade-offs under practical operating constraints are explicitly analyzed [22]. Nevertheless,
application architectures and data interaction mechanisms tailored to LVDN TI still require
further investigation.

From a methodological perspective, multi-source fusion for LVDN TI has been ex-
plored but is still limited in terms of reliability-aware fusion and confidence quantification.
For example, Reference [23] proposed two fusion mechanisms, KMeans labeling and
voting decision making, and then developed a consumer-branch connectivity identifica-
tion method by fusing seven clustering algorithms. However, the fusion mechanism is
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essentially the frequency counting of identification results, which is easily affected by indi-
vidual methods and has difficulty handling contradictions and conflicts among multiple
identification results.

Under bad-data conditions, such as missing data, measurement noise, and blurred
features, single-method outputs can become unstable, and naive fusion may still suffer
from uncertainty and conflict if source reliability is unknown. This motivates the need
for Ca-TI, jointly producing TI decisions and quantifying their reliability. Several stud-
ies have attempted confidence evaluation. Reference [24] used data quality scores and
the corresponding TI accuracy as training samples to build a mapping model between
the data quality scores and the accuracy range of data driven-based identification and
then output the confidence of the TI results based on the data quality score of a sample.
Reference [25] constructed a latent tree model for LVDN TI and inferred the most probable
topology using a Bayesian network. While probabilistic graphical models such as Bayesian
networks provide a principled way to perform posterior inference, their practical use in
brownfield LVDNs may be affected by the availability of reliable priors and the fidelity
of model assumptions. In particular, topology-related priors such as structure priors and
parameter priors may be unavailable or uncertain; meanwhile, the lack of ground-truth
topology makes it difficult to systematically validate or calibrate these priors and struc-
tural assumptions. Reference [14] proposed a consumer—branch connectivity identification
method based on hierarchical stepwise iterative regression and evaluated the confidence
of results using the significance level of a t-test and performed correction. However, the
existing confidence measures are often provided at an aggregate LVDTA level or are tightly
coupled with specific identification methods, which limits their ability to deliver unified,
meter-level confidence that can directly guide on-site topology verification. Moreover,
ground-truth topology labels are frequently missing and expensive to obtain in practical
engineering, making meter-level confidence computation particularly challenging without
supervision. In recent years, WSL has emerged, whose core idea is to train models using
incomplete, inexact, or inaccurate labeled data to reduce dependence on fully labeled
data [26]. And it has been widely applied in Al fields such as image classification and
semantic segmentation. WSL can be divided into three categories: incomplete supervision,
inexact supervision, and inaccurate supervision. Among them, inaccurate supervision aims
to correct models by identifying potentially misclassified samples. Data programming is a
typical approach in inaccurate supervision; its core idea is to generate noisy labels through
multiple labeling functions, train a label model, and denoise/aggregate high-quality labels
without ground truth. By analogy to LVDN TI, noisy labels correspond to single-source
identification results, and the denoised high-quality labels correspond to the latent true
labels under multi-source consensus. Therefore, data-programming methods in WSL can
be used to obtain probabilistic estimates of the latent ground-truth topology and to express
the confidence of identification results in a probabilistic manner.

Based on the above analysis, this paper proposes a Ca-TI method for LVDNs based on
WSL and multi-source fusion. The main contributions are as follows:

(1) We develop a WSLM that models different TI methods as LFs under the
inaccurate-supervision setting of DP, and we infer each method’s error pattern and
each meter’s posterior responsibility over TI hypotheses without ground-truth topology.

(2) Based on each meter’s posterior responsibility, we develop an uncertainty-aware BPA
construction method that jointly incorporates posterior uncertainty and missing data
rates to allocate an adaptive uncertainty mass, yielding single-source confidence prior
to D-S fusion.

(3) We propose a CCCG-enhanced D-S fusion rule to combine multi-source evidence
under contradictions, yielding the final TI decisions with meter-level confidence.
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The method employs a conflict-gating mechanism to refine the classical D-S fusion
rule, and it utilizes multi-source identification methods to optimize the fusion rule
hyperparameters based on consensus consistency, which is robust to inter-method
conflicts and data quality degradation.

(4) Computational analysis is conducted using data samples from simulated and actual
LVDTAs, demonstrating that the proposed method can track the best-performing
source and avoid performance collapse caused by any single source failure under mea-
surement noise and missing data. And we further discuss a cloud—edge collaborative
engineering deployment scheme to support scalable utility implementation.

The rest of this paper is organized as follows: Section 2 offers the problem defini-
tion and preliminaries, including problem definitions of the Ca-TI, WSL and DP pre-
liminaries and applicability and D-S evidence theory preliminaries and applicability.
Section 3 proposes the Ca-TI method in the LVDN, including the unified modeling for
meter-level T1 posterior responsibility inference based on the WSLM and the Ca-TI based
on CCCG-enhanced D-S evidence fusion. Section 4 conducts various case studies to vali-
date the effectiveness of the proposed method. In Section 5, the engineering deployment
scheme with cloud-edge collaboration is further discussed. Finally, Section 6 provides the
conclusions and future work.

2. Problem Definition and Preliminaries
2.1. Problem Definition of Ca-TI

TI aims to determine each meter’s topology connectivity label in the LVDN, such as the
C-TC, C-PC and C-BC. In practice, the ground-truth topology is often missing or unreliable.
Moreover, measurement noise, missing data, and heterogeneous load behaviors may cause
different identification methods to output inconsistent TI results. Therefore, the task of
Ca-TI is not only to produce a TI decision but also to quantify how reliable this decision
is. Let the Tl hypotheses setbe ® = {hy,hs,--- ,hj,--- ,hy}. For meteri = {1,2,--- , M},
its unknown true topology connectivity label is denoted by Z; = {1,2,---,j,--- ,N},
satisfying Z; = j < h; is true, and N is the number of TI hypotheses. The formulation of
Ca-TI can be described as follows:

g = argmfx(pi,j), i={12---,N} 1)

7 = conf;, #; € [0, 1] )

where J; is the TI decision of meter ; P; ; is the probability of TI as hypothesis j for meter
i, and it is described by the pignistic probability in the paper; 7#; is the reliability of the TI
decision for meter 7, and the meter-level confidence conf; is proposed to quantify it. The
meter-level confidence can be used to rank meters for on-site verification operationally:
meters with lower confidence should be prioritized for field inspection or further data
collection.

2.2. WSL and DP Preliminaries and Applicability

We consider S TI methods as information sources. For source s, the TI result for meter
i is written as yl@ €{1,2,--- ,N}U{L}, where L denotes abstention (no output). In the
Ca-TI, the application of WSL arises in two complementary forms:

(1) Inaccurate supervision (noisy labels): y;” € {1,2,---, N} may be incorrect due to
measurement noise, missing data, heterogeneous load behaviors or algorithmic bias.

(
i
able because of communication loss, missing measurements, or fusion infeasibility.

(2) Incomplete supervision (missing labels): s) € {1} occurs when outputs are unavail-
p p g Y p
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DP, as a representative WSL approach under inaccurate supervision, is well suited for
Ca-TI because: (i) ground-truth topology labels are often missing, unreliable or expensive
to obtain in LVDNSs; (ii) different TI methods provide complementary but imperfect outputs
whose agreement/disagreement patterns enable learning source reliability without labels;
(iii) incomplete supervision is naturally represented by abstention {_L }, so missing outputs
are not forced into incorrect labels. Therefore, DP is adopted to learn source reliability
from agreement/disagreement patterns without ground truth while explicitly handling
incomplete supervision by allowing abstentions.

Under the DP framework, each meter is treated as an instance, and its unknown
true topology connectivity (Z;) is modeled as a latent label. Each TI method is treated
as an LF that provides a noisy label (yfs)), which is the output of the TI method s for
meter i. When measurements are missing or a method fails to output, the LF abstains,
which directly corresponds to incomplete supervision caused by communication loss or
missing readings. A generative label model parameterizes the reliability of each method via
source-specific error patterns based on confusion matrices and estimates these parameters
from unlabeled data through the expectation maximization (EM) algorithm by exploiting
agreement/disagreement statistics among TI methods. The label model outputs meter-level
posterior responsibilities, which serve as denoised probabilistic labels and form the basis
for the subsequent D-S evidence fusion. The mapping between the DP components and
Ca-TI problem is summarized in Table 1.

Table 1. Mapping between DP components and Ca-TI.

DP Component Mapping in Ca-TI
Instance Meter
Latent label Meter i’s unknown true topology connectivity label (Z;)
LFs Different TI methods are treated as LFs.
Out of LFs Result of TI method s for meter i ySS)

Incorrect TI results caused by meter errors, measurement
noise, heterogeneous loads, or algorithmic bias under
Noisy labels inaccurate supervision, including abstention (no output)
because of communication loss, missing measurements, or
fusion infeasibility.
WSLM that parameterizes each TI method’s reliability
based on confusion matrix.

Source-specific error patterns by confusion matrices
capturing how likely a TI method outputs each label given
the latent topology connectivity.

EM-based estimation of source reliability parameters using

Unsupervised training agreement/disagreement statistics among TI methods
without ground-truth topology.
Meter-level posterior responsibilities used for subsequent
D-S evidence fusion.

Generative label model

Source reliability
parameters

Output (denoised labels)

2.3. D-S Evidence Theory Preliminaries and Applicability

Due to electromagnetic interference, communication anomalies and other factors,
LVDNs widely suffer from data quality problems, such as missing data and measurement
noise. Using only one single type of method for identification is uncertain and inaccurate,
and the reliability of identification results is difficult to guarantee. Multi-source information
fusion aims to integrate results from multiple sources to obtain more objective and accurate
estimates [27]. Common fusion methods include voting systems, Bayesian inference,
D-S evidence theory and so on. Among them, D-S evidence theory is suitable for fusion
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scenarios where multi-source information contains uncertainty, and it does not rely on
prior data [28], which matches the problem considered in this paper.

In D-S evidence theory, hypotheses are firstly defined via a framework of discernment,
then the BPA is introduced to quantify the belief mass for each hypothesis proposition,
and fusion rules are finally used to fuse the belief masses provided by multiple evidence
sources. The fusion framework based on D-S evidence theory for confidence-aware LVDN
TI is shown as follows:

Oy = {Hyy, by } (3)
Op; = {hII}I/ hpy, hI(;I} 4)
9%1 = {h1131/ hIZBIr' e fh%alf' o /hﬁl} ®)

where @iTI, @i}l and @iBI denote the identification frameworks of C-TC, C-PC, and C-BC for
meter i, respectively; M is the total number of meters in the LVDTA; h; and h; represent
the hypotheses for identifying the C-TC of meters belonging to the target LVDTA and not
belonging to the target LVDTA, respectively; iy, h5; and hS; represent the hypotheses for
identifying the C-PC of meters, which are phases A, B, and C, respectively; hk; represents
the hypothesis for identifying the C-BC of meters belonging to the LV branch (I); L is the
total number of LV branches. It is noted that the method proposed in this paper performs
evidence fusion analysis on the TI results for each meter node, and:

9%1:@)%1:"':@)%1:“‘:@%
@1}1:@%:...:@%12...:@% (6)
Q=03 = =0, =-.. =0}

To facilitate subsequent analysis, Equations (3)—(5) are uniformly represented as:

O = {h,hy,--- ,hj,--- ,hN} )

where F; is the jth hypothesis of ©, and the power set of © can be defined as:
2®: {@,{hl}, {hZ}r r{hN}r{hlth}/"' r®} (8)

where & denotes the empty set.
BPA is a function mapping from 2° to [0, 1], satisfying:

m: 29 —[0,1] )
m(@)=0and )_ m(A)=1 (10)
ACO

It can be seen that in the power set 2€, each hypothesis proposition should be assigned
a BPA within [0, 1], and the sum of the BPAs over all propositions equals 1.

When there are S evidence sources that provide S pieces of BPA for the same hypothesis
proposition, namely, mq, my, ..., mg, and they are mutually independent, the classical D-5
fusion rule can be used to compute the fused BPA, as shown in Equations (11) and (12):

0/ A =
m(A) = 11
(4) e )y my(Ar)my(Az) - --ms(As), A# D (11)
AN AyOeNAs=A

k= Y my(Ar)mp(Az) - - - ms(As) (12)
ANAYNA=0
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where k reflects the degree of conflict among evidence sources, and it ranges from 0 to 1,
with a larger k value indicating a higher degree of conflict. Because data quality problems
in LVDN s are significant, evidence sources may exhibit extreme bias on TI hypotheses,
which can easily induce evidence conflict. A CCCG-enhanced D-S fusion method will be
introduced to mitigate evidence source conflicts in Sections 3.2.2 and 3.2.3.

Based on the fused BPA from multiple evidence sources, the final TI result of each
meter can be decided, and the confidence score of the fused result can be provided; this
will be discussed in Section 3.2.4.

3. Ca-TTI Method in LVDN
3.1. Unified Modeling for Meter-Level TI Posterior Responsibility Inference Based on WSLM

Accurate BPA computation is key for D-S evidence fusion. Typical methods in-
clude frequency calibration [29], similarity-based computation [30], and self-learning
approaches [31,32]. Frequency calibration constructs a mass function through sample
frequency statistics and calculates the BPA. Similarity calculation determines the similarity
between samples and hypotheses to compute the BPA. Both methods are computationally
straightforward and offer strong physical interpretations, but they are highly sensitive to
the quality of the sampled data. Self-learning incorporates machine learning and deep
learning methods to construct training models from samples to BPA, enabling the deep
exploration of complex trust patterns toward hypothetical propositions across diverse
heterogeneous evidence sources. However, this approach involves high computational
complexity and relies heavily on training with large volumes of labeled samples. In practi-
cal applications of LVDN TI, the samples of ground-truth topology are often scarce and
costly to acquire. The WSLM can infer posterior probability distributions by analyzing
consensus error patterns across multiple weakly supervised sources when true labels are
scarce or absent, making it well suited for LVDN TI requirements [33,34].

The original dataset (D) is split into T time windows as subsets (D) using a sliding-
window strategy. S TI methods are selected as evidence sources. Evidence source s performs
TI based on the data of time window t and outputs the TI result of meter i as:

v e {12, ,NyU{L)} (13)

where | denotes missing output; in other words, the evidence source cannot produce an
identification result based on the data samples within the current time window.

Define the latent variables of the true topology connectivity, and construct a confusion
matrix to describe the overall error patterns in each evidence source, as shown in the
following equations:

Zie€{1,2,--- ,N}, Z; = j & hjis true (14)

) =p(y® =k|z =), jke {1 N} (15)

where Z; is the latent variable representing the true topology connectivity of meter i; H](Sk> is
the element in row j, column k of the confusion matrix for evidence source s. The confusion
matrix represents the probability that evidence source s outputs a topology label (k) when
the true topology connectivity is j. In practical applications, the true topology connectivity
is unknown. Therefore, the confusion matrix is solved using the EM algorithm, as shown

in the following equations:
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(S)

'Yz‘(;)ép(zz’:”{yit “”I}H H ( ]sy > ’711 71] /Z%k (16)
lt

teO

Hs <_271] Z wlt ylt - /271] Z wzt (17)

teO ! teO

where 71;; = P(Z; = j) is the prior distribution of Z;; (’) ={t: y 75 L} denotes the set
of identification labels for evidence source s under non-outcome- mlssmg time windows

()

for meter i; w; ; € [0,1] represents the time window weight, used to apply differential

weighting to time windows with missing data; w ( ) = (1 —d,;)/Wsw, where d;; is the
number of missing data points for meter i at time wmdow t, and Wi, is the width of the
(s)

time window; I'1 ik is the element in row j, column k of the confusion matrix for evidence

(x)

source s at iteration x; ;" is the posterior responsibility at iteration x; 1[e| denotes the
indicator function—if the condition holds, take 1; otherwise, take 0.
In the absence of reliable topology priors, the confusion matrix is initialized as a

diagonal-dominant matrix:

(s)(0) _ 1, j=k
e _ 18
Ik {(1—17)/(N—1), j#k (18)

where 7 is the accuracy initialization of the evidence source. Similarly, we initialize the
prior distribution as a uniform distribution (7;; = 1/N). Given these initial parameters,
the initial posterior responsibilities can be obtained by the E-step. And the EM algorithm
achieves iterative convergence by setting a threshold for the relative gain in log-likelihood
and a maximum iteration limit, as shown in the following equation:

1£0) — 6D /126D 46 < T and x > itermax (19)

where £%) is the log-likelihood of the observed data at iteration x; T is the relative gain
threshold; ifermay is the maximum number of iterations; ¢ is the numerical safeguard term.

According to the confusion matrix of each evidence source and the posterior respon-
sibility based on cross-source consensus, the posterior responsibilities of each evidence
source can be computed as follows:

Wit N
7 ey 1 (H@Q) RSO 20
. i 1

(s)

where v; J s the posterior responsibility of evidence source s.
The proposed meter-level TI posterior responsibility inference based on WSLM is

summarized in Algorithm 1.
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Algorithm 1: Meter-level TI Posterior Responsibility Inference Based on WSLM

Input: number of meters M; number of hypotheses N; width of time window Wsw; num-

)
ber of time window T; TI results of S evidence sources Vi ; accuracy initialization of evi-
dence source 1; maximum number of iterations itermax relative gain threshold 7; numeri-
cal safeguard term .

Output: posterior responsibility of evidence source 7.

(5)0)
Initialize = 7* and .
2 forx=1to itermax do

3 fori=1to M do

S w) N
x) ()1 | x) x) x)
4 7 <, 1T (H/',yf’}) ) AR DY
s=1 e ’ k=1
5 fors=1to S do
6 for j=1to N do
7 for k=1to N do
; TR 372D I AL RTAET) S W
i €0 i €0
9 fif LY - L L e <t

10 |break
11 fors=1to Sdo
12 fori=1to M do

13 Vo <, I (H;S,)y,‘;‘;‘ )

tEOf”

()
Wit

N
AR AW
k=1

3.2. Ca-TI Method Based on CCCG Enhanced D-S Evidence Fusion

During evidence fusion, conflicts among evidence sources are unavoidable. The
classical Dempster rule filters the conflict mass through normalization and reallocates the
remaining mass proportionally to competing hypotheses. As a result, when high conflict
occurs, the fused outcome tends to be aggressive and may yield counter-intuitive results.
By contrast, the classical Yager rule directly assigns the conflict mass to the uncertainty focal
element, thereby avoiding forced decisions under high conflict. Consequently, the fusion
outcome becomes more conservative and robust [35,36]. To balance information gain under
low conflict and robustness under high conflict, this section exploits the complementarity
between the Dempster and Yager rules and proposes an improved D-S fusion rule based
on a conflict-gating mechanism.

3.2.1. Uncertainty-Aware BPA Construction

For D-S fusion, the meter-level posterior responsibilities are mapped to BPAs via
uncertainty-aware mass assignment, and the resulting BPAs are further discounted consid-
ering the missing data rate.

In the uncertainty-aware mass assignhment, the meter-level posterior responsibility is
mapped to the BPA, with the posterior uncertainty controlling the reliability factor that
trades off hypothesis masses against ignorance mass. The posterior uncertainty of evidence
source s can be computed as follows:

N
j=1

https://doi.org/10.3390/en19061503
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(s)

where conc ;

and 'yl.(s)

represent the posterior uncertainty and the posterior responsibility
of the TI result for meter i from evidence source s; H(-) is the Shannon entropy function,
and it is used to calculate the uncertainty of the posterior responsibility. The smaller the
entropy value, the more concentrated the posterior responsibility becomes, indicating that
the evidence source is more certain about the TI results for the meters. Conversely, it
indicates that the evidence source finds it difficult to determine the TI results for the meters.

Due to missing data issues in LVDNs, time window data samples may be incomplete,
potentially preventing evidence sources from performing TI. This may result in identifica-
tion outcomes failing to meet subsequent evidence fusion requirements. Therefore, when
calculating the BPA, the impact of missing data should be incorporated, as shown in the

following equation:
8% =1—19/1, TE szt ) # 1] (22)

(s)

where §; " is the missing data rate in time windows of the TI for meter i by evidence source

s; Ti(s) is the number of effective time windows for evidence source s to perform TI on meter
i. According to the posterior uncertainty of the evidence source and the impact of the data
quality, the BPA can be calculated as follows:

Sy =D, mP @) =11 (23)

rfs) = G((l — (51-(5)) -concl(s),O,l) (24)

where m {h }) denotes the BPA assigned by evidence source s to hypothesis {/;} for
meter i; ml( )( ©;) denotes the BPA assigned by evidence source s to uncertainty for meter
i, which is used to avoid overconfident identification by the evidence source when the
posterior responsibility is not concentrated or when missing data are severe.rlgs) is the
reliability factor of evidence source s for the TI result of meter i; G(e, 0, 1) denotes the
truncation function, which can restrict e to the interval [0, 1].

3.2.2. Improved D-S Evidence Fusion Rule Based on Conflict Gating

According to the BPA computation in Section 3.2.1, the conflict mass (C;) among
evidence sources for the TI result of meter i can be computed as follows:
S N [.S s) s
Ci=1-TIm©) - Y [TT(m ({h}) +m” @) = T m( (25)
s=1

j=1[s=1 s=1

Then, the Dempster rule and the Yager rule are respectively used to obtain preliminary
fusion BPAs for the TI result of meter i, as follows:

mos(051) = [ F1 () 40 @) ~ FL (@) /maxtt - Gy

S (26)
mp,i(0®;) = I1 m,(s) (®;)/max(1 - Cje)
s=1
S S
myi({h}) = T (m ({h}) +m? (@) = [T m" (@)
s=1 s=1 (27)

my ;(©;) = ﬁms( ©;) +C

s=1
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where mp ;(®) and my ;(e) represent the preliminary fusion BPAs for the TI result of meter
i based on the Dempster rule and Yager rule, respectively.

Further, a dynamic gating function is defined to construct the improved D-S fusion
rule as follows:

gi =0o(a(C; — Cp)) (28)
mi(A) = (1—gi)mp,i(A) + gmyi(A), Ae {{h},---,{hn} O;} (29)

where m;(A) represents the final fusion BPA for the TI of meter i based on the improved
D-S fusion rule; g; denotes the dynamic gating coefficient for fusing the TI result of meter
i; o(e) is a sigmoid function satisfying o(x) = 1/(1 + e~ *); a and Cy represent the gating
slope and gating threshold, respectively, both of which are hyperparameters of the dynamic
gating function.

3.2.3. Computation of Dynamic Gating Hyperparameters

As shown in Section 3.2.2, the hyperparameters 2 and Cy must be specified in advance,
which introduces subjectivity. Therefore, this section establishes a hyperparameter calibra-
tion model based on consensus consistency among evidence sources. The model uses the
Jousselme distance to measure the similarity between two sets of BPAs [36]. Specifically,
the average Jousselme distance between the fused BPA and the BPAs of each evidence
source is minimized as the objective function, with the lower and upper bounds of the
hyperparameters as constraints. The mathematical formulation of the model is given
as follows:

M 1S ;
min f = — §§§ ( i(a,Co),M§)>

St amln—a< max
- 0<C <1

(30)

where d; (e, ®) is the Jousselme distance metric function; M;(a, Cy) is the fusion BPA vector
for the TI results of meter i satisfying M;(a, Co) = [m;({h1}),- -+, m;({hn}), m;(®;)], and it
is a function of the hyperparameters a and Cy. MES) is the BPA vector of evidence source
s for the TI result of meter i, satisfying MZ(S) = [mgs)({hl}),- = ,m}s) ({hN}),mES)((@,
Amax and amin represent the upper and lower limits of the gating slope (a), respectively.

3.2.4. Fusion Result Decision and Meter-Level Confidence Computation

According to the fusion BPA computed in Section 3.2.3, the pignistic function is used
to compute the probability of each hypothesis. The final TI result of each meter is decided
according to the maximum pignistic probability, as shown in Equation (31). The meter-level
confidence is defined as the product of the informativeness and consistency, as shown in
Equation (32). The fused uncertainty mass (m;(®;)) quantifies residual uncertainty due
to insufficient evidence, while the conflict mass (C;) quantifies inter-source contradiction.
Hence, the confidence decreases when the evidence is either insulfficient (high m;(®;)) or
contradictory (high C;), and it becomes high only when the evidence is both informative
and consistent:

9= argm]ax[mi({hj}) + m;(©;)/N] (31)

conf; =1— [Am;(0;) + (1 — A)C;] (32)

where 7j; represents the final TI decision for meter i; conf; represents the meter-level
confidence of the final TI result for meter i. A is the weight coefficient.

The proposed Ca-TI method based on CCCG-DS evidence fusion is summarized
in Algorithm 2.
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Algorithm 2: Ca-TI Method Based on CCCG-DS Evidence Fusion

7

Input: number of hypotheses N; posterior responsibility of evidence source “/ ; num-

(s) (s)
ber of time window T; time window weight "' ; Tl results of S evidence sources Yie

TI results of S evidence sources * ; numerical safeguard term ¢; upper and lower lim-
its of the gating slope amax and amin; weight coefficient A.

Output: Final TI decision »* and meter-level confidence conf.
1 fors=1toSdo
2 fori=1toMdo

3 conc!” <~ 1-H(y")/logN: H(y")« Z%(?)IOg(%(;)

4 & «1-TV /T, T‘”eZw(”l[y(” #1]

t=1
5 ) G((1-8)-conc™,0,1)

6 forj=1to N do

7 (:)({h Dy ”, m®(©,) «1-r"
8 fori=1toMdo

9  |Ce1- Hmm(@) Z{H( f”({hj})+m,~“)(®,<))—lilmf”(&»)}

J=1L s=1
S
10 |my(©) eH’nf”(@i) /max(1-C,.€), my,(0) < []m”(©)+C
s=1 s=1
11  forj=1toNdo
S S
12 mp (;3) & {H( S ) +m(©) —Hm,-(” (9[)} /max(1-C,,€)

s=1

13| ) < LI (0 ) +ni?©)) - Hm“ ©)

s=1

14 Initial f* < +eo

15 for each a € [amin, Amax] dO
16 for each Co€ [0, 1] do

17 for i«<—1 to M do

18 g —ola(G-G)), mA—gmy(Argm, (A, Ae ). 10}
19 f(aG) <——z Zd( (a.G).M?)

20 if f(a, Co)< A then

21 Update f* — f(a, Co), (a*,Cz) (aG)

22 forl<1toMdo
23 |go{d(G-C)), mA1-gym,(A+rgm, (A, Ac{th}... 1O}
24 V= argmax[mi({h/}) +m,(©,)/ NJ, conf, =1-[Am,(©,)+1 - 1)C,]

3.3. Overall Algorithm Procedure

In summary, the overall procedure of the proposed method is shown in Figure 1.
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Figure 1. Flow chart of proposed Ca-TI method for LVDNSs.

4. Case Study

4.1. Case Descriptions

Case 1 (simulated LVDTA): A simulated LVDTA case is established, as shown in
Figure 2. The LVDTA contains three low-voltage branches and 65 smart meters. The
line models are set as follows: the main trunk line uses BLVV-150 x 4, and the meter
service drop uses BLVV-50 x 2; line lengths are marked in the figure. The required voltage,
current, and power data are obtained by three-phase four-wire power flow simulation for
LVDN s [37]. The data sampling interval is 15 min, generating a total of 6 days of data, i.e.,
a data length of 576 points. To better match practical conditions, Gaussian noise with a
mean of 0 and 3¢ of 5% is added to the voltage and current curves obtained from the power
flow calculation.

" Phase A: 23
[rs]le] (7] (8] Phase B: 22

Phase _
[79] (0] [81] Total: 65

100kVA

10kV/0.4kV phase ¢ == i4n Phese
ZaTm 162n Rl WL 3ln 12 1y 2on
T

1 2

feo

1500

105m

Phase ¢
1|
I

! Phase
95m tese Ui 32n
Il T

EAED RGN

sop " ‘ “

Figure 2. Topology structure of simulation substation in Case 1.
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Case 2 (actual LVDTA): An actual LVDTA in Guangdong Province is selected for
computational analysis, with its topology structure shown in Figure 3. This area is a typical
urban residential service area, containing four low-voltage branches and 127 smart meters.
For each meter, voltage, current, and power data are collected for 6 days, with a sampling
interval of 15 min, i.e., a data length of 576 points.

Figure 3. Schematic diagram of actual substation in Case 2.

This paper uses C-PCI as an example for illustration. The identification methods
proposed in References [13,16,18] are adopted as three evidence sources for fusion analysis
and are defined as method 1, method 2, and method 3. The parameters of the algorithm are
set in Table 2.

Table 2. Parameter setting of algorithm.

Parameter Initial Value Parameter Initial Value
Number of hypotheses, N 3 Relative ggﬁt};reshold of 1x 1077
Width of time window, Wgy, 288 Numerical safeguard term, ¢ 1x 107
Sliding-window interval 1 Upper limit of gating 50
slope, Amax
Number of time windows, T 289 Lower limit of gating 5
slope, amin
Accuracy initialization of 0.7 Weight coefficient, A 05
evidence source, 77
Maximum number of iterations 100 Confidence threshold, ¢ 0.8

of EM, itermax

To comprehensively evaluate both the overall identification performance and the
decision reliability induced by confidence scores, three metrics are proposed, the overall
accuracy (Aoa), high-confidence region accuracy (Ay.), and low-confidence error recall (Ry.),
as shown in the following equations:

Z 1[9; = y;]/ M x 100% (33)
Ane = Y 1[9; = yi]/ Q] x 100% (34)
i€eQ)
Rie = ) 1[f: # yi]/|A] x 100% (35)
ieY
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where y; is the ground-truth topology of meter i, and in the case study of this paper,
it refers to the true C-PC label; (3, ¥ are the high-confidence set and low-confidence set,
respectively, satisfying Q = {i|conf; > ¢}, ¥ = {i|conf; < ¢}; A is the misidentification set,
satisfying A = {i|; # y;}.

4.2. Identification Procedure

According to the WSLM proposed in this paper, the confusion matrices for method
1~method 3 can be calculated via the EM algorithm, as shown in Figure 4. In the confusion
matrix, if the diagonal elements are large and close to 1, and the off-diagonal elements
are small and close to 0, it indicates that the evidence source identification result has high
stability; otherwise, it indicates randomness in the evidence source identification result.
Specifically, the diagonal elements of the confusion matrices for method 1 (identifying
Phase A and Phase B) and method 2 (for three-phase identification) are all greater than
0.85, indicating high stability, whereas method 3 corresponds to a confusion matrix where
the diagonal elements are less than 0.8 (the diagonal elements of identifying Phase B and
Phase C especially are significantly low, at only 0.634 and 0.337, respectively), indicating
lower stability. According to the spatiotemporal characteristics of the consumer voltage
analyzed in Reference [18], since the simulated LVDTA has small three-phase voltage
unbalance, short supply lines, and light load levels, the voltage differences among meters
are small. Method 3 is essentially based on voltage correlation for C-PC, which easily
leads to significant randomness in identification results. It is evident that the reliability
of identification results from a single method alone is difficult to guarantee. Through
the proposed WSLM, fusion evaluation among multiple methods can be achieved, and
the qualitative observation of the reliability of each method’s identification results can be
realized without ground-truth topology labels.

Cg 0.8
=
(=%
B E
2 0.6
=
2 2
A A~ =
0.4
0.2

method1
method2

Vide
Nce SOUrce method3

Figure 4. Confusion matrices of three evidence sources.

The posterior responsibilities of each evidence source are iteratively inferred using
the EM algorithm until convergence. According to Equations (21)—(24), the BPA of each
hypothesis for the C-PCI of each meter can be calculated, as shown in Figure 5. It can be seen
that: (1) Method 1 and method 2 have high identification certainty. The identification result
of each meter is assigned to a specific phase with a high probability value. (2) In contrast,
method 3 shows randomness in the identification results, and the phase assignment for
some meters is uncertain. Moreover, it can be intuitively observed that although various
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methods yield highly confident identification results for certain meters, the C-PCI labels
differ and conflict with one another. Consequently, it is impossible to determine which
result should ultimately be trusted.

Evidence source: method1 10

)

Zc

E

zB 08
A

Evidence source: method2

BPA mass

Hypothesis
» w O ©

Evidence source: method3

Hypothesis
> w O ©

42 49
Meter ID

Figure 5. BPA of C-PCI hypotheses for each meter based on three evidence sources.

Furthermore, the proposed CCCG-DS evidence fusion method was used to fuse the
identification results of the three evidence sources, and the fusion results are shown in
Figure 6. Compared with the true phase labels, the relationship curve between the accuracy
of meters with coverage and the meter coverage rate can be output, as shown in Figure 7.
The x-axis represents the coverage statistics obtained by ranking meters in descending
order of confidence scores. And the overall accuracy (Aoa), high-confidence region accuracy
(Apc), and low-confidence error recall (Ry.) are calculated as shown in Table 3. According
to Figures 6 and 7 and Table 3, it can be seen that the fusion method achieved results
consistent with method 1, with an overall accuracy (Aea) of 90.77%, and it improved by
—6.35% and 51.28% compared with method 2 and method 3, respectively; the fusion
method can effectively integrate the performances of various identification methods, and
it is not adversely affected by extreme bias from any single method (such as method 3).
Moreover, the fusion method can provide meter-level confidence. And when the confidence
threshold (¢) is set as 0.8, the high-confidence region accuracy (Ay,) and the low-confidence
error recall (R).) can achieve 100%. This means that the fusion result for the meters in the
high-confidence set (€2) can be trusted, and only the meters in the low-confidence set (¥)
should be on-site-verified, which can significantly reduce the on-site verification work.

100%

80%

60%

Confidence

40%

20%

0%

C O0000 CO0000
XXXXX X XX XXIXXXK o True (o)
o % Pred (x)
is L X TR =R K O Mismatch
[e0 00 cle 0 o] [eo e 0] [e o]
XXXXX XXX

[e 0] 0000

XXX XXXXX XXX XXXX
141618202224262830323436384042444648505254565860626769717375777981
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Figure 6. Results of C-PCI and confidence based on proposed fusion method in Case 1.
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Accuracy of meters with coverage (%)
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Figure 7. Curve of meters with coverage to accuracy based on proposed fusion method.

Table 3. Performance comparison of methods 1/2/3 and proposed method in Case 1.

Method Aoa Anc Ry
Method 1 90.77% / /
Method 2 96.92% / /
Method 3 60.00% / /

Proposed method 90.77% 100% 100%

To further explain the high accuracy performance of the fusion method, Figure 8 provides
the relationship curves for the dynamic gating coefficient, confidence score and conflict
mass. It can be intuitively observed that as the confidence score decreases, the conflict
mass increases, and the dynamic gating coefficient gradually increases. For identification

results with high conflict, the proposed conflict-gating mechanism can bias them towards

the Yager rule, thereby avoiding forced judgment and decision bias under high conflict,
making the fusion result more robust. For meters with high conflict, the proposed method
can effectively assign them to the low-confidence region. This can effectively reduce the

deviation caused by the overconfidence of a certain single method, and it can effectively

distinguish between high-confidence and low-confidence meter regions, helping to guide

targeted and efficient on-site operation and maintenance.

Dynamic gating coefficient g;
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Figure 8. Curve of conflict mass to dynamic gating coefficient and confidence.
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4.3. Effectiveness Verification of Proposed Algorithm
4.3.1. Verification of Proposed WLSM

To verify the effectiveness of the WSLM in learning source error patterns without
ground-truth labels, and to quantify its contribution to downstream fusion performance,
two comparison scenarios are set as follows (to isolate the effect of the CCCG-DS fusion
method, the fusion rule is fixed to Dempster-only, and only the presence/absence of the
WSLM is compared):

Scenario 1: WSLM + Dempster-only fusion: The WSLM is trained via EM using
multi-source outputs to estimate source confusion matrices. And BPAs are constructed,
followed by Dempster’s combination rule to obtain the fused prediction.

Scenario 2: No-WSLM + Dempster-only fusion: The WSLM is disabled, and no
confusion matrix is learned. For each source, ml(s) ({h;}) is obtained by frequency counting

©
1

Since the proposed CCCG-DS fusion method was not adopted, the meter-level con-

across windows [18], and m;"’ (©;) is set as zero, followed by the same Dempster-only fusion.
fidence could not be calculated. So, only the overall accuracy (Ay) was used for the
performance comparison of two scenarios. To mitigate the random effects of Gaussian
noise, we repeated the experiment 100 times and calculated the expectation (exp) and stan-
dard deviation (std) of the evaluation metrics. The results are shown in Table 4. Compared
with Scenario 2, enabling the WSLM increased the exp of Aga from 91.29% to 98.71% and
decreased the std of Aga from 5.12% to 1.71%. This demonstrates that the WSLM can effec-
tively learn each source’s error pattern from multi-source consensus without ground-truth
labels, thereby improving the evidence construction and mitigating the adverse impact of
unreliable sources in fusion. Consequently, the WSLM constitutes a critical component of
the proposed framework rather than a classical frequency-counting strategy.

Table 4. Performance comparison of Scenario 1 and Scenario 2.

. Aoa
Scenario
exp std
Scenario 1 98.71% 1.71%
Scenario 2 91.29% 5.12%

4.3.2. Verification of Proposed CCCG-DS Fusion

To verify the effectiveness of the CCCG-enhanced D-S evidence fusion method pro-
posed in Section 3.2, five comparison scenarios are set, as described in Table 5. It should
be noted that the voting-based fusion method [25] and the WSLM without fusion cannot
provide meter-level confidence. To better compare the performances of the methods in
various scenarios, the maximum value of frequency statistics was used to approximate the
confidence for the voting-based fusion method, and the maximum posterior responsibility
was used to approximate the confidence for the WSLM without fusion. Similarly, we
repeated the experiments 100 times and calculated the exp and std of the evaluation metrics.
The evaluate metrics for each scenario are shown in Table 6.

Table 5. Comparison scenario setting.

Scenario Description

Scenario 3 Voting-based fusion [25]

Scenario 4 WSLM only (without fusion)
Scenario 5 WSLM + Dempster-only fusion
Scenario 6 WSLM + Yager-only fusion

Scenario 7 Proposed method (WSLM + CCCG-DS fusion)
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Table 6. Performance comparison of Scenario 3—Scenario 7.
S . Aova Apc Ry
cenario
exp std exp std exp std
Scenario 3 94.77% 3.46% 95.41% 3.31% 12.31% 19.25%
Scenario 4 98.71% 1.71% 98.71% 1.71% 0% 0%

Scenario 5 98.71% 1.71% 99.73% 0.74% 84.52% 33.00%
Scenario 6 98.49% 1.72% 99.72% 0.75% 87.63% 28.21%
Scenario 7 98.58% 1.70% 99.73% 0.74% 86.02% 31.65%

@

@)

®)

According to Table 5, the results show that:

The WSLM only in Scenario 4 achieved a comparable overall accuracy to that
of the fusion-informed methods in Scenario 5~Scenario 7. However, R;. of the
WSLM-only scenario is 0, which indicates that erroneous meters were not flagged
as low-confidence for inspection, and Ay degenerated to Aga (98.71% £ 1.71%). In
contrast, the fusion-informed methods preserved high A, while substantially im-
proving error triage. For example, WSLM + CCCG-DS fusion achieved high Ay,
(98.58% == 1.70%) and high Ay (99.73% =+ 0.74%) and significantly higher error recall
in the low-confidence region (86.02% =+ 31.65%). Therefore, the advantage and neces-
sity of informed fusion are not tied to a monotonic improvement in A,, but rather to
providing an interpretable conflict-aware confidence that enables targeted verification
for low-confidence meters, thereby reducing unnecessary field checks.

Comparing CCCG-DS fusion against Dempster-only fusion and Yager-only fusion
can further validate the effectiveness of the CCCG mechanism. Their Ay, and Ay,
are all high and close. Yet, CCCG exhibits a more balanced risk behavior: its R lies
between the other two rules, indicating that sample-wise gating adaptively trades off
between Dempster’s more aggressive normalization and Yager’s more conservative
conflict absorption, yielding a more even trade-off between high-confidence meters
without verification and low-confidence meters with error recall.

The voting-based fusion method achieved relatively high Ay, and high A;.. However,
its R). performed significantly poorer than the proposed method, indicating that the
voting mechanism based on superficial agreement does not reliably flag misidentified
meters. The proposed method in this paper can mine the identification consensus
among multiple sources and assign high and low probabilities to decisions for iden-
tification consensus and difference, respectively, which better supports a practical
deployment for “trust and verification”.

4.4. Robustness Testing

To further verify the robustness of the proposed method, various scenarios involving

measurement noise and missing data were set, and the methods set in Table 4 were tested.

Specifically, for the analysis of the measurement noise impact, Gaussian noise with a mean
of 0 and 30 of 0%, 5%, 10%, 15% and 20% was added to the voltage and current curves
without missing data; for the analysis of the missing data impact, missing data rates of

0%, 5%, 10%, 15% and 20% were simulated with 5% measurement noise. The evaluation

metrics for each method are shown in Tables 7 and 8.
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Table 7. Performances of methods under different measurement noise levels.

. Measurement Aoca Anc Ry
Scenario .
Noise exp std exp std exp std
Scenario 3 100% 0 100% 0 / /
Scenario 4 100% 0 100% 0 / /
Scenario 5 0% 100% 0 100% 0 / /
Scenario 6 100% 0 100% 0 / /
Scenario 7 100% 0 100% 0 / /
Scenario 3 94.77% 3.46% 95.41% 3.31% 12.31% 19.25%
Scenario 4 98.71% 1.71% 98.71% 1.71% 0% 0%
Scenario 5 5% 98.71% 1.71% 99.73% 0.74% 84.52% 33.00%
Scenario 6 98.49% 1.72% 99.72% 0.75% 87.63% 28.21%
Scenario 7 98.58% 1.70% 99.73% 0.74% 86.02% 31.65%
Scenario 3 81.29% 5.19% 82.36% 5.05% 8.93% 8.33%
Scenario 4 94.92% 3.39% 94.92% 3.39% 0% 0%
Scenario 5 10% 92.34% 3.37% 97.61% 3.05% 86.56% 19.15%
Scenario 6 87.85% 4.85% 97.58% 3.09% 90.67% 14.12%
Scenario 7 89.94% 4.02% 97.60% 3.08% 89.30% 17.09%
Scenario 3 73.82% 6.03% 74.78% 6.10% 7.73% 7.08%
Scenario 4 90.89% 4.36% 90.89% 4.36% 0% 0%
Scenario 5 15% 86.31% 3.93% 94.55% 4.40% 86.97% 11.49%
Scenario 6 77.97% 4.99% 94.83% 4.65% 92.17% 7.36%
Scenario 7 82.37% 4.15% 94.62% 4.35% 90.02% 8.79%
Scenario 3 70.77% 5.00% 71.85% 4.89% 7.37% 5.79%
Scenario 4 86.58% 8.73% 86.58% 8.73% 0% 0%
Scenario 5 20% 82.71% 9.15% 91.81% 10.13% 85.25% 12.33%
Scenario 6 73.66% 7.79% 91.76% 10.34% 90.29% 8.78%
Scenario 7 77.94% 8.79% 91.84% 10.15% 88.28% 10.49%
Table 8. Performances of methods under different missing data rates.
S . Missing Aoa Anc R
cenario
Data exp std exp std exp std
Scenario 3 94.77% 3.46% 95.41% 3.31% 12.31% 19.25%
Scenario 4 98.71% 1.71% 98.71% 1.71% 0% 0%
Scenario 5 0% 98.71% 1.71% 99.73% 0.74% 84.52% 33.00%
Scenario 6 98.49% 1.72% 99.72% 0.75% 87.63% 28.21%
Scenario 7 98.58% 1.70% 99.73% 0.74% 86.02% 31.65%
Scenario 3 86.24% 3.97% 87.58% 4.02% 9.86% 11.37%
Scenario 4 96.85% 2.68% 96.85% 2.68% 0% 0%
Scenario 5 5% 94.52% 2.84% 97.93% 2.79% 84.76% 23.05%
Scenario 6 91.21% 2.69% 97.88% 2.65% 86.55% 19.63%
Scenario 7 92.78% 2.75% 97.90% 2.72% 85.22% 21.54%
Scenario 3 80.86% 4.83% 82.02% 4.78% 8.52% 10.01%
Scenario 4 94.69% 3.42% 94.69% 3.42% 0% 0%
Scenario 5 10% 90.78% 3.71% 95.66% 3.79% 86.42% 19.90%
Scenario 6 87.40% 3.65% 95.89% 3.68% 88.76% 17.28%
Scenario 7 88.89% 3.70% 95.85% 3.66% 87.59% 18.79%
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Table 8. Cont.
S . Missing Aoa Anc Ry
cenario

Data exp std exp std exp std
Scenario 3 75.24% 5.69% 76.83% 5.80% 7.22% 7.54%
Scenario 4 92.36% 4.67% 92.36% 4.67% 0% 0%
Scenario 5 15% 86.63% 4.92% 93.26% 4.88% 87.30% 17.75%
Scenario 6 83.22% 4.80% 92.92% 4.83% 89.84% 15.17%
Scenario 7 84.51% 4.86% 93.03% 4.79% 88.38% 16.56%
Scenario 3 71.35% 5.88% 72.75% 5.69% 7.01% 6.85%
Scenario 4 89.83% 5.52% 89.83% 5.52% 0% 0%
Scenario 5 20% 82.45% 7.92% 90.94% 8.11% 88.46% 15.37%
Scenario 6 78.81% 7.10% 90.44% 8.36% 90.79% 12.99%
Scenario 7 81.06% 7.55% 90.75% 8.20% 89.54% 14.24%

According to Table 7, as the noise level increases from 5% to 20%, all methods exhibit a
monotonic drop in each evaluation metric, accompanied by noticeably larger standard devi-
ations. However, the proposed method (WSLM + CCCG-DS fusion) remains advantageous
because its Rj. stays consistently high and relatively stable across all noise levels. This
indicates that even under stronger noise, the proposed method can still concentrate most
misidentified meters into the low-confidence region, enabling targeted on-site verification.
In contrast, the voting-based method suffers a sharper accuracy decline (Ao, and Ay.) while
keeping a persistently low and further decreasing Ry, implying that superficial agreement
alone is insufficient for robust identification.

Moreover, comparing the other fusion methods in Scenario 5 and Scenario 6, it
can be observed that WSLM + Dempster-only fusion performs better on Ay, and Ay,
whereas WSLM + Yager-only fusion performs better on Rj.. This further indicates that
Dempster’s rule is more decisive, while Yager’s rule is more conservative, and that
the proposed method can achieve an effective balance, ensuring robustness against the
measurement noise.

According to Table 8, the overall impact pattern of missing data is similar to that of
measurement noise. The proposed method remains advantageous under heavier miss-
ingness: by learning source-specific error patterns in a weakly supervised manner and
applying conflict-gated fusion, it explicitly characterizes the insufficient evidence and
conflicting evidence, enabling the low-confidence region more stably. This yields a more
robust and verifiable decision behavior under adverse data conditions, highlighting its
robustness for practical deployment.

4.5. Sensitivity Analysis of Preset Thresholds

The proposed method involves several preset thresholds, and a sensitivity analysis
of these parameters is required. The main preset thresholds are listed in Table 2. Except
for the weight coefficient (1) of the meter-level confidence calculation and the confidence
threshold (¢) of the evaluation metrics, the other thresholds are not decision-critical. They
mainly ensure numerical stability and do not change the predicted labels, such as 7, ¢, 77,
and itermax. And the hyperparameters a and Cy of CCCG-DS fusion are adaptively learned
rather than manually tuned. Thus, the sensitivity analysis of A and ¢ was carried out.
Gaussian noise with a mean of 0 and 3¢ of 5% was added to the voltage and current curves
without missing data. The experiment was repeated 100 times, and the exp and std of Ay,
and Ry were calculated. The results are shown in Figures 9 and 10.
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Figure 9. Exp and std of Ay, and Ry under different weight coefficients (A).
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Figure 10. Exp and std of Ay, and Ry under different confidence thresholds (¢).

According to Figure 9, the result shows that A} and Rj. both remain stable when A
is in the low-to-medium range (e.g., 0 < A < 0.7) but degrades sharply when A becomes
large. This degradation is expected because overly weighting the uncertainty term effec-
tively downplays the conflict component in the confidence computation, making source
disagreement less likely to be reflected as low-confidence risk. Therefore, we recommend
choosing A in a moderate-to-low range to obtain robust confidence partitioning and reliable
error control.

According to Figure 10, the result shows that the variation in A has a minor impact
on Ay and R)., with both remaining largely stable, indicating that the proposed method is
insensitive to A and provides consistent high-confidence decisions and error recall.

4.6. Validation Based on Actual LVDTA

To further verify the applicability of the proposed method in practical scenarios, a
performance comparison analysis between single methods and the fusion method was
carried out based on the actual LVDTA in Case 2. The identification results of the fusion
method proposed are shown in Figure 11, and the performance comparison of the three
single methods and the proposed fusion method is shown in Table 9.

Table 9. Performance comparison of methods 1/2/3 and proposed method in Case 2.

Method Aoa Apc Ry
Method 1 99.21% / /
Method 2 91.34% / /
Method 3 54.33% / /

Proposed method 99.21% 99.21% 0%
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Figure 11. Results of C-PCI and confidence based on proposed fusion method in Case 2.

According to Table §, the result shows that the Ay, of a single method varies in different
cases. For example, method 2 performed the best in Case 1, whereas method 2 performed
the best in Case 2. So, relying on a single method cannot guarantee stable accuracy. The
proposed fusion method is not adversely affected by extreme bias from any single method
and is able to maintain high identification accuracy. However, Rj. equals 0% mainly because
the total number of misidentified meters is extremely small (only one error in this case)
and the misidentified meter is assigned to the high-confidence set. This typically happens
when sources exhibit consistent, correlated errors, leading to low uncertainty mass and low
conflict, thus resulting in high confidence despite the incorrect prediction. Therefore, this
reflects the challenge of detecting errors in correlated multi-source scenarios, which creates
the need for future work.

5. Further Discussion on Engineering Deployment with
Cloud-Edge Collaboration

5.1. Analysis of Mainstream LVDN TI Methods

The mainstream methods for LVDN TI can be broadly categorized into three types:
the signal injection-based method, BPLC-based method and data driven-based method.
The case study in Section 4 is analyzed based on the data driven-based method but is also
applicable to the signal injection-based method and BPLC-based method. However, differ-
ent types of identification methods differ in their characteristics and application scenarios
and using only one type of method can hardly satisfy practical application requirements.
The characteristics of these methods are summarized in Table 10. In the “Identification
Ability” column, ”,/” indicates that the method only supports the identification of the
meters registered in the metering archives. It cannot identify the meters that are actually
supplied by the local LVDTA but not included in the metering archives. ”/y/” indicates
that the method supports the identification of the meters registered in the metering archives.
After data analysis in the cloud platform, the meters that are actually supplied by the local
LVDTA but not listed in the archive can be identified.
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Table 10. Summary of characteristics of mainstream LVDN TI methods.

A . Identification Deployment
Method Application Requirement Ability Location
Signal High conflg.ura.tlon LVDTAs with / C-ICI
iniection-based characteristic signal modules and o/ C-PCI x Cloud
) BPLC communication v/ Edge
method . / C-BCI
module equipment
BPLC-based Stanf:lard conflguratlonl LVDTAS v/ C-TCI « Cloud
method with BPLC communication v/ C-PCI J/Ed
ero module equipment x C-BCI 8¢
‘ Oth?r LV]?TAS without J/y/ C-TCI
Data driven-based  characteristic signal modules and / Cloud
method BPLC communication Vv CPCl v/ Edge
v/ C-BCI &

module equipment

Note: “y/” indicates that the method only supports to identify the meters registered in the metering archives.
It cannot identify the meters that are actually supplied by the local LVDTA but not included in the metering
archives. “y/4/” indicates that the method supports to identify the meters registered in the metering archives.

AR

x” indicates that the method is unable to identify.

According to Table 10: (1) In terms of application requirements, the signal
injection-based method is the most demanding, requiring that devices such as transformer
terminal units, branch terminal units and smart meters in the LVDTA be equipped with
characteristic signal modules. The BPLC-based method is less demanding. With the con-
tinuous maturation of BPLC technologies, the local communication schemes in LVDTAs
are being progressively upgraded to BPLC; therefore, standard configuration LVDTAs can
generally support the BPLC-based method. The data driven-based method has the lowest
requirements. Under the AMI, the measurement data in the LVDTA can be collected, and
the data driven-based method can be carried out without characteristic signal modules
and BPLC communication modules. (2) In terms of the identification ability and deploy-
ment location, because the signals monitored by the signal injection-based method and
BPLC-based method are high-frequency and cannot be frequently reported to the cloud
platform, these two types of methods can only be deployed on the edge side. Moreover,
they can only identify meters included in the metering archives on the edge side. When
there exist meters that are actually supplied by the target LVDTA but not included in the
metering archives, these two methods do not support it. By contrast, the data driven-
based method can be deployed either on the cloud side or on the edge side. In addition,
measurement data from the LVDTA can be reported to the cloud platform to carry out the
cross-LVDTA identification, achieving identification of the complete topology for the LVDTA.

5.2. Engineering Deployment Architecture

Based on the cloud—edge collaboration framework of the PIoT, a system architecture
for LVDN TI applications is designed, as shown in Figure 12.

Edge layer: This mainly refers to edge computing terminals and the various LVDN
TI algorithms deployed on these terminals. Through communication technologies such
as BPLC, the edge computing terminal can aggregate measurement data and signal in-
formation from smart meters and perform TI. As analyzed in Section 5.1, different types
of TI methods have different application requirements; therefore, for high-configuration
LVDTAs, standard configuration LVDTAs and other LVDTAs, the types of algorithms
deployed on the edge computing terminal should be different.

Cloud layer: This supports the rapid access of a large number of edge comput-
ing terminals and enables integration of large-scale data from LVDTAs. In the form of
microservice-based applications, the functional modules for LVDN TI can be rapidly de-
ployed and put to use.

https://doi.org/10.3390/en19061503


https://doi.org/10.3390/en19061503

Energies 2026, 19, 1503

25 of 29

Cloud
layer

Cloud platform

Edge
layer

High configuration

Signal injection based
+
BPLC-based
+

Data driven-based

ﬁ

s
Meter %L »
box PlEded <=

Standard ]
configuration LVDTA |

BPLC-based
+

Data driven-based |

1 Single-phase ] Single-phase S singieprase = single-phase
B meter B meter B cetr meter
g“,oe.,,hase g:Three-pha‘e | %—rhm.phm %Throo-]lhaw
£ meter == meter = meter = meter

Other LVDTA

Data driven-based

Figure 12. System architecture of topology identification for LVDN.

5.3. Function Realization and Data Interaction

Based on the aforementioned system architecture, this section further proposes the

function realization and data interaction model for LVDN TI applications, as shown in

Figure 13. “,/” indicates that the type of TI carried out in Figure 13.
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Figure 13. Diagram of function realization and data interaction of LVDN TI applications.

In terms of function realization, edge computing terminals are configured with dif-

ferent TI methods according to the application requirement of each method. TI on the

edge side is only for meters that are in the metering archives of the target LVDTA, and

the multi-source fusion identification results are reported to the cloud side. All the mea-

surement data is collected on the cloud side, and the global re-attribution analysis can
be conducted, thereby achieving the complete identification of the C-TC for each LVDTA.
Further, the complete identification of the C-PC and C-BC can be realized. On this basis,
the metering archives can be updated and issued back to each LVDTA, and the topology

can be re-identified based on the updated metering archives. Through cloud—-edge iterative

optimization, the accurate and reliable identification of the LVDN topology can be achieved.

In terms of data interaction, the edge computing terminal primarily reports TI results

and measurement data. The measurement data mainly includes the time-series data

referring to 15 min interval monitoring data (energy, voltage, current, active power, power

https://doi.org/10.3390/en19061503


https://doi.org/10.3390/en19061503

Energies 2026, 19, 1503

26 of 29

factor, etc.) from various monitoring nodes in the area (including LV buses, LV branches,
and smart meters). As the volume of this data is immense, uploading the full set would
impose significant pressure on the uplink communication and cloud platform storage.
Therefore, the system considers reporting only the time-series data of meters identified
by the edge as “non-native” (not belonging to the target LVDTA) and meters with key
consumption characteristics in the target LVDTA. This provides data for the cloud to
perform re-allocation calculations for non-native meters. The cloud then issues the updated
metering archive, enabling the edge to re-identify it.

5.4. Computational Complexity Analysis

The computational complexity mainly lies in posterior responsibility inference based
on the EM algorithm, which can be analyzed as follows:

Bg-step = (M x N x S x T) (36)
Ontstep = (S x N* x M x T) (37)
Osm = 9(S x N> x M x T) (38)

where T =Y |(’)i(s) |/ MS is the average number of non-outcome-missing time windows per
i,5

meter per evidence source.

In practical deployments, edge computing terminals commonly adopt ARM-based
SoCs (e.g., Cortex-A9-class processors) with a typical configuration of a 1.0 GHz CPU,
2 cores, and 1.0 GB RAM, which is sufficient for non-real-time analytics tasks in PIoT envi-
ronments. In a typical LVDTA with M =200, S =3, T = 673, and N = 3, the computation of
each EM iteration is approximately 3.7 x 10° operations, and each EM iteration completes in
approximately 300 ms with Python 3.13 coding. Calculated based on the maximum number
of iterations, the total computation time is approximately 300 s. As topology identification
is a quasi-static asset management task rather than a real-time protection/control function,
EM can be executed at the edge for daily computation. Moreover, with the continuous
advancement of embedded processor and accelerator technologies, the edge computing
capability is expected to further improve, making EM-based training and confidence-aware
TI increasingly practical for deployment on the edge side.

6. Conclusions

Aiming at the problems that the current LVDN TI research lacks the consideration of
multiple method fusion and the confidence evaluation of identification results, and that
the reliability and practicality of identification results are difficult to guarantee, this paper
proposes a Ca-TI method for LVDNSs based on the WSLM and CCCCG-DS evidence fusion,
obtaining the following conclusions:

(1) The proposed framework delivers reliable TI results under practical bad-data condi-
tions. Compared with naive agreement-based fusion, the proposed method mitigates
performance collapse caused by a single unreliable method and remains robust under
increasing measurement noise and missing data.

(2) Beyond accuracy, the proposed method can provide the meter-level confidence to
support deployment: high-confidence meters can be trusted with minimal verification,
while low-confidence meters can be prioritized for verification, enabling a practical
“trust-and-verify” workflow that reduces unnecessary on-site checks.

(3) We further analyzed the preset threshold sensitivity for the proposed method. The
confidence thresholds exhibit stable behavior over a broad range, indicating that the
proposed confidence scoring supports consistent high-confidence decision quality
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and error recall. The confidence weight coefficient remains stable in moderate-to-low
ranges, whereas overly emphasizing the uncertainty term can weaken conflict-driven
risk signaling; this provides clear guidance for practical parameter selection.

Future work will focus on the physical interpretability of TI confidence computa-
tion and relaxing the implicit independence assumption in D-S fusion because different
TI methods may share common physical features (e.g., voltage/power variations), lead-
ing to correlated evidence and potentially overconfident decisions. We will investigate
dependence-aware evidence fusion by explicitly modeling inter-source correlation or ap-
plying correlation-aware discounting to improve confidence calibration. In addition, to
support scalable and online maintenance under evolving operating conditions, we will
explore reinforcement-learning-driven sparse update strategies that selectively trigger
re-identification or field verification only for persistently low-confidence /high-conflict me-
ters [38]. Finally, we will study how confidence-aware TI can better support downstream
grid operations under high EV integration, following recent system-level assessments of
EV impacts on distribution networks [39].
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