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ABSTRACT

In smart city low-voltage distribution networks, the
proliferation of residential microgrids, EV charging
stations, and distributed generation sources induces
significant three-phase imbalances in load, current, and
voltage. These imbalances degrade power quality,
reduce equipment utilization, and compromise system
stability. Current phase identification methodologies rely
on manual on-site inspections by utility personnel,
entailing high labor expenditures, prolonged downtime,
and operational inefficiencies. To this end, we propose a
Smart City-Oriented Phase Identification method
leveraging customer-side voltage data analysis. First,
Principal Component Analysis (PCA) is leveraged to
reduce dimensionality and extract salient features from
voltage time-series data. Subsequently, Density-Based
Spatial Clustering of Applications with Noise (DBSCAN) is
innovatively integrated to cluster the PCA-derived
feature vectors, enabling accurate inference of user-
phase affiliations. Field validation conducted at a
secondary substation of a local power supply bureau
demonstrates real-time computational efficiency and
achieves phase identification accuracy exceeding 90%.

Keywords: low-Voltage distribution networks, phase
identification, Principal Component Analysis (PCA),
Density-Based Spatial Clustering of Applications with
Noise (DBSCAN), Smart City Power Systems

1. INTRODUCTION

In the context of smart city development, accurate
phase identification in low-voltage distribution networks
(LVDNSs) is crucial for safeguarding power quality and grid
stability. Three-phase imbalances often exacerbate
harmonic distortion, reduce equipment lifespan, and
diminish overall efficiency. Yet, existing phase
identification techniques typically rely on manual on-site
inspections by utility personnel—these approaches are

labor-intensive, time-consuming, and prone to human
error, leading to high operational costs and potential
inaccuracies!.

Recently, research on consumer-side topology
identification in LVDNs has focused increasingly on
exploiting temporal correlations in voltage and load
measurements. For example, the authorsin [2] proposed
a consumer-to-transformer relationship model using
voltage silhouette and power-loss metrics, optimally
matching meter - transformer pairs through joint
optimization. In [3], a voltage-correlation method was
introduced to determine the relative positional order of
adjacent users by comparing voltage gradient trends
between access points. In [4], the authors deployed
nonlinear dimensionality reduction (LargeVis) combined
with DBSCAN clustering on voltage time-series, achieving
over 90% phase identification accuracy on IEEE test
feeders. To specifically address three-phase imbalance,
[5] applied spectral clustering on smart meter voltage
data and complemented it with mixed-integer linear
programming to mitigate unbalance post-identification.
In [6], a fully connected neural network (FCNN) with
GAN-augmented training was developed to classify
consumer phases from low-frequency energy
consumption data, yielding 91.8% accuracy even at
30-min sampling intervals. In [7], a phase-identification
technique combining Fourier-series compression with
hierarchical clustering demonstrated stable clustering
consistency across monthly periods. Lastly, the authors
in [8] designed a consensus-phase connectivity model
using multi-reference voltage zones and consensus
algorithms, achieving robust identification under limited
observability and measurement errors.

However, few studies exploit the temporal structure
and statistical regularities of voltage signals on the
consumer side. In this work, a novel phase identification
method is proposed by integrating Principal Component
Analysis (PCA) and Density-Based Spatial Clustering of

# This is a paper for the 11th Applied Energy Symposium: Low Carbon Cities & Urban Energy Systems (CUE2025), July 18-22, 2025, Kitakyushu, Japan.



Applications with Noise (DBSCAN). The PCA algorithm
serves to uncover dominant voltage fluctuation patterns
by reducing noise and dimensionality, while the DBSCAN
algorithm clusters users with similar voltage behaviors
into phase-consistent groups, effectively supporting
topology-free and real-time applications.

2. DATA ACQUISITION AND PROCESSING

In this chapter, we present the procedures for data
collection and preprocessing, which are essential steps
for achieving accurate and efficient consumer-phase
identification. With the development of smart city
infrastructure, smart meters deployed in low-voltage
distribution networks (LVDNs) provide high-resolution
electrical data. However, real-world datasets often
contain missing or inconsistent values due to
communication failures, device malfunctions, or
environmental disturbances. Therefore, this chapter
elaborates on both the architecture of smart city LVDNs
and the techniques adopted to address data
incompleteness, including interpolation and matrix
factorization methods.

2.1 Data Acquisition

With the widespread deployment of smart meters in
modern smart city distribution systems, the traditional
role of meters has expanded beyond basic energy
consumption metering. Contemporary smart meters are
equipped with the capability to record a wide range of
electrical parameters, including voltage, current, and
power factor, at high temporal resolutions—typically
every 15 minutes. These measurements form the
foundation for downstream analytics such as load
forecasting, anomaly detection, and phase identification.
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Fig. 1 Smart city low-voltage distribution network

As shown in Fig.1, the architecture of a typical smart
city low-voltage distribution network comprises a
secondary substation connected to multiple distribution
transformers, which feed electricity to residential users,
commercial loads, and electric vehicle (EV) charging
stations. Each terminal user is equipped with a smart

meter that communicates with a centralized control
center via a communication network. This infrastructure
enables bidirectional data exchange, remote parameter
monitoring, and edge-side intelligence, laying the
groundwork for data-driven identification of phase
connectivity in unidirectional user settings.

2.2 Data Processing

In practical applications, smart meter voltage data
often suffers from incomplete records due to signal loss,
hardware errors, or network congestion. To ensure
reliable phase identification, raw data must be processed
to repair missing values and reduce noise. This work
adopts a combination of interpolation and matrix
factorization techniques for data imputation.

For short gaps in data, we use Lagrange

interpolation, defined as:
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where v; are known values at timestamps t;, and v(t)
estimates the missing voltage value at time t.
For broader data recovery tasks, a low-rank matrix
completion method is used. Let X € R™*"

X=uvT (2)
where Ue R™KvyeR™k  and k is the latent
dimension. The factors U and V are optimized to
minimize reconstruction error over observed entries.

These techniques ensure that even when a portion
of voltage data is missing or noisy, the reconstructed
dataset retains the essential temporal and structural
patterns needed for robust phase identification in real-
world smart distribution networks.

3. MATERIALS AND METHODS

In this section, we describe the core techniques
employed to extract salient features from voltage time
series and to group end-users by their phase
connectivity. First, we justify and detail the PCA
approach for dimensionality reduction and noise filtering
of high-dimensional voltage curves. Next, we present the
DBSCAN algorithm for phase-consistent grouping in the
reduced feature space. Finally, we outline the complete
algorithmic workflow, illustrating how PCA and DBSCAN
are orchestrated in tandem to achieve topology-free,
real-time phase identification.

3.1 Feature Extraction via PCA

Voltage time-series from smart meters in LVDNs
consist of multiple correlated measurements per user
and phase, resulting in high-dimensional data that is both



noisy and redundant. PCA is adopted for three main
reasons: (1) it reduces dimensionality while preserving
the most significant variance; (2) it extracts orthogonal
features that summarize voltage fluctuation patterns;
and (3) it effectively fits and denoises voltage signatures
by projecting them onto a lower-dimensional subspace,
facilitating subsequent clustering.

Mathematically, let X € RN*T be the matrix of
mean-centered voltage measurements for N users over
T time points. The covariance matrix is computed as

C = 1 xxT (3)

T T-1

Eigen decomposition yields
Cui = Aiui (4)

where A, =21, =+ > 1y are eigenvalues and uy;
their corresponding eigenvectors. Selecting the top K
components {uy,...,ux} forms the projection matrix
Uk = [uy, ..., ug].The reduced feature representation is

Z=UFx (5)
yielding a K X T matrix of principal component scores
for each user.

The key steps of PCA Processing are as follows:

Step 1: Subtract the mean voltage of each user from its
time series.

Step 2: Calculate C using the centered data.

Step 3: Solve Cu; = Au;.

Step 4: Retain K such that Y% 2,/ 3N A = a, where
« is a variance threshold.

Step 5: Compute Z = UﬁX.

After PCA projection, each consumer’s voltage
waveform is transformed into a concise vector of
principal component scores, with each axis
corresponding to a dominant eigenmode of temporal
voltage variation. By selecting only the top-ranked
eigenvectors —those accounting for the bulk of the
covariance energy — the procedure effectively
attenuates  high-frequency = measurement noise,
communication artifacts, and transient spikes that do not
reflect stable phase behavior. The resulting low-
dimensional embedding exhibits pronounced inter-
phase separation: samples from the same phase form
compact groups with minimal dispersion, while distinct
phases occupy well-separated regions. This orthogonal
feature space not only accelerates distance
computations but also enhances the sensitivity and
specificity of density-based clustering, ensuring that
DBSCAN can reliably delineate phase-consistent clusters
despite real-world data imperfections.

3.2 Clustering with DBSCAN

DBSCAN (Density-Based Spatial Clustering of
Applications with Noise) is a non-parametric clustering
algorithm that groups points based on local density,
automatically discovering clusters of arbitrary shape and
labeling sparse regions as noise. It does not require prior
specification of the number of clusters; instead, it relies
on two intuitive parameters—neighborhood radius (g)
and minimum points (MinPts)—to define dense areas. In
this study, DBSCAN is particularly well-suited because
voltage feature vectors in the PCA space naturally form
cohesive, phase-specific clouds with variable shapes and
densities, while outliers caused by measurement errors
are effectively filtered out as noise.

The basic principle of DBSCAN is shown in Figure 2.
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Fig.2 DBSCAN clustering algorithm

DBSCAN is governed by two parameters: the
neighborhood radius & and the minimum points
threshold MinPts. For a point x, its e-neighborhood is
defined as

N ={ylly—xl<e} (6)

A point x is a core point if |Ng(x)| = MinPts. A
border point lies within the neighborhood of a core point
but has fewer than MinPts neighbors. Points that are
neither core nor border are classified as noise.

In this study, the PCA-transformed vectors z; for
each consumer become the input data points for
DBSCAN clustering. Firstly, we construct the k-distance
graph by computing, for each z;, the distance to its kth
nearest neighbor where k = MinPts. The “elbow” point
on this plot—where the slope sharply increases—guides
the selection of the neighborhood radius €. This ensures
that gis large enough to link phase-synchronous patterns
yet small enough to exclude random measurement
noise. Then, we set MinPts in the range of 5-10,
reflecting the smallest expected cluster size under typical
feeder loading scenarios; this choice balances cluster
sensitivity against spurious outlier detection.

With € and MinPts fixed, DBSCAN systematically
labels each z; as a core, border, or noise point: core
points have at least MinPts neighbors within &, border



points lie within & of a core point, and all others are
considered noise. Next, dense regions of PCA features
naturally emerge as clusters corresponding to phase-
coherent groups. We compute the centroid ¢; of each
cluster C; and match it to a transformer’s reference-
phase vector 7, by minimizing Il ¢; — 1, | over p €
{4,B,C} . Finally, residual noise points — those not
assigned to any cluster—are flagged for targeted field
verification, ensuring that only robust, phase-consistent
groupings inform the final phase mapping.

3.3 Algorithm Workflow

The algorithm ingests raw voltage data, repairs and
centers it, then computes PCA to obtain a low-
dimensional embedding. Next, DBSCAN is executed on
this embedding to delineate dense regions
corresponding to user phases and to filter out noise.
Finally, cluster centroids are compared against known
phase references to assign each cluster a phase label.
This pipeline ensures that data-driven insights drive
phase identification without relying on explicit topology.

Below is the high-level pseudocode integrating PCA
and DBSCAN:

Algorithm 1: The high-level pseudocode integrating
PCA and DBSCAN

Input: Voltage matrix X (N users x T timepoints), variance
threshold a, DBSCAN parameters €, MinPts

Output: Phase labels for each user

1. // PCA Feature Extraction

2. X_centered < X - mean(X, axis=1)

3. C & (1/(T-1)) * X_centered * X_centered"T

4. {\_i, u_i} & eigen_decompose(C)

5. K & min k such that sum_{i=1}*k A_i / sum_{j=1}*N A_j >
a

6.U K& [u l,..,u K]

7.2 & U_KA T * X_centered

8. // DBSCAN Clustering
9. labels ¢ DBSCAN(Z, €, MinPts)

10. // Phase Mapping

11. for each cluster c in unique(labels):

12. centroid_c ¢ mean(Z[labels == c], axis=0)

13. phase_id[c] €< match_to_reference(centroid_c)
14. assign phase_id to users based on labels

15. return phase_id

This pseudocode encapsulates the interplay
between PCA and DBSCAN, highlighting how feature
extraction and density-based clustering cooperate to
deliver accurate, topology-free phase assignments.

As shown in Fig.3, the algorithm begins by centering
the voltage data and computing the covariance matrix.
Eigen decomposition then yields principal components,
with enough components retained to satisfy the variance
threshold. The data are projected into this low-
dimensional feature space, producing Z.DBSCAN is then
applied to Z to discover dense clusters corresponding
to user phases, with noise points excluded. Finally,
cluster centroids are matched against transformer phase
references to produce the final phase labels for each
consumer.
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Fig.3 Algorithm flowchart

4. TESTING RESULTS

This case study focuses on the secondary substation
area, which supplies 126 residential customers. Among
these, 112 are single-phase consumers whose smart
meters provide complete 15-minute voltage records,
and each user’s phase archive is fully documented. In this
chapter, firstly evaluates the fidelity of PCA-
reconstructed voltage curves against the original
measurements. Then, reports phase-identification
outcomes, including misassighments and noise
detection. Finally, compare our PCA+DBSCAN approach
with alternative methods to highlight performance gains.

4.1 PCA Reconstruction Accuracy and Feature Correlation



To assess how well PCA preserves the original
voltage dynamics, we define the Reconstruction
Correlation metric as the Pearson correlation coefficient
between the original and reconstructed time series. We
also compute the Average Pairwise Feature Correlation
among PCA components to quantify redundancy. Table 1
below summarizes these metrics before and after PCA
projection.

Table 1 Comparison of indicators between raw data and
PCA-reduced data
Reconstruction

PCA-R
Data CA-Reduced

Correlation Data
Original Data 1.00 0.96
PCA-Reduced Data 0.85 0.12

Analysis of Table 1 shows that PCA retains 96% of the
voltage variance (Reconstruction Correlation =0.96)
while drastically reducing inter-feature correlation from
0.85 to 0.12. This indicates that PCA effectively filters
measurement noise and compresses the signal into
orthogonal components. The low average feature
correlation in the reduced space ensures that clustering
algorithms operate on nearly independent axes,
improving the separability of phase-specific patterns.
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Fig.5 PCA-reconstructed voltage features of each cluster

Fig.4 illustrates the raw voltage time series for each
of the three identified clusters and the single noise user,
while Fig.5 presents the corresponding PCA-reduced
feature trajectories. The raw profiles exhibit substantial
high-frequency fluctuations and phase-dependent
offsets, reflecting both measurement noise and load
variability. In contrast, the PCA-derived curves capture
the dominant, low-frequency voltage envelopes
characteristic of each phase, with markedly smoother
trends and minimal spurious spikes. This stark contrast
demonstrates how PCA filtering enhances the intrinsic
phase signatures, facilitating clearer separation of user
groups and setting the stage for robust DBSCAN
clustering in the subsequent analysis.

4.2 Phase Identification Results

Applying DBSCAN to the 112 users’ PCA features
yields 25 users clustered as Phase A, 42 as Phase B, 44 as
Phase C, and 1 user labeled as noise. Cross-referencing
against meter archives reveals that 2 true A-phase users
were misidentified as C-phase, and the single noise point
was an A-phase user. This equates to 3 misassignments
out of 112, giving an overall phase-identification
accuracy of 97.3%. Table 2 details the counts and
misassignment statistics.

Table 2 Phase identification results

Phase Identified Correct Misassignments
Count Assignments
A 25 24 2 (C>A)
B 42 42 0
C 44 46 0
Noise 1 0 1 (A->Noise)

The high correct-assignment counts in Phases B
and C demonstrate the method’s robustness for
well-populated clusters, while the minor A-phase
misclassifications  highlight areas  for  further
noise-handling refinement. Noise detection effectively
isolates outliers that merit field verification.

4.3 Comparison with Alternative Methods

Table 3 Comparison with other methods
Reconstruction

Phase Identification

Method Correlation Accuracy (%)
PCA +
DBSCAN 0.96 973
(Ours)
t-SNE + K- 0.90 94.6
means
UMAP +
e 0.92 95.2
LargeVis + 0.94 96.1

DBSCAN




We benchmarked PCA+DBSCAN against
t-SNE+K-means, UMAP+GMM", and LargeVis+DBSCAN
using identical datasets. Table 3 compares
Reconstruction Correlation and phase-identification
accuracy across methods.

The results show that our approach achieves the
highest combination of signal fidelity and clustering
reliability, with 0.96 correlation and 97.3% accuracy,
outperforming the alternatives by at least 1-
3 percentage points. This validates the efficacy of
PCA+DBSCAN in smart city phase identification
applications.

5. CONCLUSIONS

In this paper, a consumer - phase relationship
identification method for low - voltage distribution
networks is established by integrating PCA with DBSCAN.
Firstly, the proposed method extracts salient voltage
features through PCA to reduce noise and
dimensionality. Then, DBSCAN clustering is applied to
these features to accurately group users by phase
without prior topology information. Testing results show
that the proposed phase identification method achieves
a recognition accuracy of 97.3% across 112 single -
phase users, indicating that the method proposed in this
paper has good adaptability and high application value.
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