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Abstract: Reassigning the phase connections of selected single-phase customers is an effective strategy for
mitigating load imbalance in low-voltage distribution networks. Computational methods designed to
optimize phase configurations inevitably depend on individual consumption data and accurate knowledge
of customer-to-transformer connectivity. However, during the early deployment stages of smart grids—
characterized by low smart meter penetration—such granular information is frequently incomplete or
entirely missing, rendering most data-driven approaches inapplicable. To address these constraints, this
paper introduces a novel, cost-effective load-balancing framework optimized for environments with limited
metering penetration. The proposed strategy minimizes initial capital expenditures by strategically
identifying the absolute minimum number of smart meters required for deployment. Using data from these
newly installed devices, the methodology simultaneously infers customer phase connections and substation
topology. Furthermore, it pinpoints the optimal candidates for physical reallocation, maximizing unbalance
mitigation while strictly minimizing the total number of physical switching operations. The framework is
validated through simulations utilizing real-world consumption profiles from diverse residential sectors in
Tucuman, Argentina. The results demonstrate that a substantial reduction in load imbalance is achievable
by instrumenting only 30% of the customer base and rephasing up to 15% of connected loads.

Keywords: data-driven methods, load balancing, phase identification, phase switching

1. Introduction

Our technological world has become dependent on a continuous supply of electricity. The availability of
new technologies, coupled with population and industrial growth, leads to a constant increase in energy
demand and a need for very high service quality. The technical anomalies associated with this phenomenon
frequently violate power quality standards and impose severe operational penalties on electric utilities [1].
Consequently, the Smart Grid paradigm [2] arose in response to these challenges, promoting a more reliable
and efficient operation of modern power systems. By integrating information and communication
technologies into the electrical infrastructure, Smart Grids provide real-time monitoring capabilities,
enabling continuous access to the operational status of the grid at each network node. This data availability
enables the implementation of many techniques to optimize the management of electricity distribution and
related operations [3].

One feasible technique to implement, given the data available from Smart Grids, is Load Balancing. Unlike
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medium- and high-voltage transmission networks, low-voltage distribution grids are difficult to configure
and manage, leading to systemic phase imbalances. Usually, it comprises many single-phase customers
consuming energy unequally, leading to an imbalance in the total load per phase [4]. This imbalance in load
distribution constitutes a significant contributor to technical losses and, consequently, leads to substantial
operational inefficiencies and management difficulties within the electrical system [5].

Load transfer is one of the most effective load-balancing techniques. This approach consists of
reassigning customers to a different phase and distributing the total load evenly across the feeder. There are
many data-driven methods for suggesting which customers should change and which new phases they
should adopt. However, they require an Advanced Metering Infrastructure (AMI) that can provide accurate
load consumption measurements. Moreover, most of them also need to know the substation and phase
where the customers are connected. This information is not always available [6], but it can be estimated
from load consumption measurements.

In Argentina, the implementation of Smart Grids is slow due to the reduced investment capacity of the
electricity distribution utilities [7]. It is currently in the early stages, focused mainly on acquiring and
testing smart meters and communication technologies [8]. The installation of new smart meters is done on
a small scale, i.e., one neighborhood or isolated residential area at a time. Information about customers’
phase connections is also often incomplete, outdated, or unknown [9]. This lack of information is caused by
the addition of new customers, frequent changes due to repairs and maintenance, adaptation and
redistribution of installed power, and insufficient process automation, among other reasons [10]. Even
though regulatory norms exist and distribution companies try to follow them, distinguishing between the
phases in the field is not easy. Under these conditions, applying existing load-balancing techniques is a real
challenge.

This paper proposes a new strategy for installing a minimum required number of smart meters in new
areas to enable data-driven load balancing with significantly reduced investment. It can be applied when
replacing conventional meters with smart meters is desired. First, the number of smart meters required to
obtain sufficient measurements for applying load-balancing techniques is analyzed. The analysis suggests
the minimum number of meters to be installed in an uncovered area. After the smart meters are deployed, a
phase identification procedure is applied to establish the association between customers and their
corresponding substation phases by using the measurements collected from the installed devices. The
phase identification method used in this work is based on Genetic Algorithms [9] because it provides an
accurate response with only a few days of data, even in scenarios where smart meters are installed for only
a subset of customers. Finally, the optimal phase configuration is obtained using a data-driven load-
balancing method. The load balancing technique adopted in this study [11] aims to mitigate phase
imbalance while minimizing the number of required switching operations, thereby reducing
implementation costs. Combining the above methods for phase identification and load balancing produces
accurate results with significantly less investment than other methods. The effectiveness of the method was
assessed through simulations based on real consumption data collected from a residential neighborhood in
Tucuman Province, Argentina.

The rest of this paper is organized as follows: Section presents a review of existing methods for phase
identification and load balancing; Section 2 describes all the steps to balance the load from a transformer
substation, including the acquisition of smart meters, phase identification and the phase switching; Section
3 presents the simulation results obtained from the implementation of the proposed methodology; Finally,
Section 4 summarizes the main conclusions and discusses possible directions for future research.
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2. Literature Review

This study restricts its scope to load-balancing strategies that rely exclusively on load transfer,
deliberately avoiding approaches that necessitate specialized hardware for rephasing. Consequently,
techniques utilizing reactive energy compensation—such as capacitor banks designed for power factor
correction [12]—as well as solutions involving active power filters, current injection devices, or generation
systems [13] are excluded. Such hardware-dependent methodologies incur high procurement costs and
often fail to provide a sustainable solution when severe, long-term imbalances occur [14]. Similarly, online
load-transfer techniques featuring remotely managed phase-switching devices [15] are omitted; while they
successfully maintain continuous grid balance, the required capital expenditures for installing these
switches remain prohibitive, particularly since standard commercial smart meters lack this functionality
natively.

Conversely, offline load-transfer alternatives for load balancing are extensive, encompassing analytical
formulations [16], combinatorial optimization [17], and fuzzy logic frameworks [18, 19]. Among these,
heuristic optimization stands out as the most prevalent approach, utilizing objective functions tailored to
specific constraints. For instance, Immune Algorithms have been deployed to minimize both neutral
currents and reconnection costs [20], while Particle Swarm Optimization (PSO) has targeted phase current
disparities [21]. Hybrid frameworks also exist, such as Fuzzy Evolutionary PSO [22], which integrates
swarm intelligence with evolutionary mechanisms. Although Genetic Algorithms (GAs) are widely favored,
conventional architectures still dominate the literature [23-26]. These formulations define their objective
functions through diverse imbalance metrics, often penalized by the frequency of phase re-allocations.
Ultimately, selecting the optimal algorithm depends strictly on the data available in the target scenario, as
some models require phase-specific current readings, while others rely on voltage or power profiles. In this
context, the method developed in [11] introduces a specialized class of GAs characterized by minimal data
overhead, high operational flexibility, and the prevention of redundant phase changes. Due to its reliance on
easily accessible inputs and its capacity to operate without universal customer metering, this specific
approach is adopted in the present work.

A fundamental prerequisite for any of the aforementioned load-balancing techniques is accurate
knowledge of each customer’s phase connection, which can be derived from smart meter data. Certain
phase identification techniques depend on hardware-centric solutions, such as Power Line Carrier (PLC)
systems [27], GPS-synchronized timers [28], or high-precision phasor measurement units [29]. These
options are disregarded here because their implementation requires significant financial investments,
extensive field deployment time, and specialized personnel [30].

Alternative data-driven methodologies can operate effectively under these constrained conditions. These
analytical methods are generally categorized by their primary input variable: voltage profiles or
consumption metrics. Within voltage-based approaches, simple models evaluate linear correlation
coefficients between adjacent consumers [31], whereas more advanced frameworks employ Harmonic
Voltage Correlation [32]. Clustering techniques are also prominent, utilizing algorithms like K-Means [33],
Maximum Spanning Trees [33], or Constraint-driven Hybrid Clustering to capture arbitrary cluster
geometries [34-36]. Additionally, supervised models like Artificial Neural Networks have been
explored [37], though they demand prior knowledge of certain phase connections to construct a valid
training set. A shared limitation of these voltage-centric frameworks is their strict dependence on high-
frequency, highly precise voltage time-series data.

Regarding consumption-driven strategies, early implementations utilized Integer Programming [38],
which exhibits a high sensitivity to missing data or measurement noise. More recently, network topologies
have been inferred through Principal Component Analysis combined with graph theory [10]. Similarly, the
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authors in [30] leveraged linear correlation to analyze consumption variations between end-users and
substation phases; unlike older methods, this framework remains robust even under low smart meter
penetration. Although enhancements proposed in [39] subsequently boosted its reliability, both algorithms
process consumers sequentially, causing errors to propagate and undermining estimation accuracy. To
overcome these limitations, a recent approach [9] introduces a heuristic optimization framework based on
Genetic Algorithms. Designed specifically for low-penetration environments and incomplete datasets, it
operates efficiently using 15-minute average power intervals and requires fewer total samples. Given that
its structural characteristics align precisely with the practical constraints defined in this research, this latter
methodology is selected for our implementation.

3. Load Balancing from Scratch

3.1. Evaluation of the Load Imbalance

Before considering any load-balancing method, it is essential to quantify the existing imbalance, which
requires continuous electricity consumption measurements from each phase at the transformer substation
via a commercial meter sampling at regular 15-minute intervals. These measurements will be used to
calculate the imbalance index and decide if it is necessary to balance the load in that substation.

Several criteria have been proposed to quantify load imbalance in three-phase electrical systems [25].
Among the most widely adopted metrics are the indices established by the IEC, IEEE, and ANSI
standards [40], which rely on symmetrical component relationships derived from the mathematical
decomposition of voltage or current phasors. Although these approaches provide highly accurate
assessments, they require measuring both magnitudes and phase angles for each phasor [41]. To avoid
these intensive data requirements, this study adopts the imbalance formulation defined in the NEMA MG-1
standard [42], adapted for current magnitudes. This indicator is expressed by Eq. (1), where Inax:
represents the current magnitude of the most heavily loaded phase at time interval ¢, and lavg,: denotes the
mean current across the three phases during the same period. These quantities are derived from 15-minute
average active current profiles, aligning with the standard sampling intervals deployed in commercial
energy metering infrastructure.

Bt — Imax,t_lavg,t % 100 (1)

lavg ¢

A different indicator is required to evaluate load imbalance over an extended interval containing multiple
measurements. In this study, the imbalance metric By introduced in [11] is adopted. This index is defined
by Eq. (2), where M denotes the total number of samples and (B:) corresponds to the imbalance value
calculated at time (¢). One of the main advantages of the By metric is that it preserves the same units as B,
which facilitates its interpretation and comparison.

By = |5ttt )

According to the NEMA MG-1 standard, the maximum permissible voltage imbalance is 1% [40], which is
typically associated with a current imbalance ranging between 15% and 20% [41]. In the present study,
phase current imbalance is reduced using the By metric, with 20% set as the desired limit.

The next step is to estimate how many smart meters must be installed to obtain sufficient information to
identify customer phases and balance load on the three-phase network correctly.

3.2. Recommended Number of Smart Meters to Install

Load imbalance may arise from several factors, including: (i) differences in consumption levels among
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customers (since certain users demand significantly more energy than others), (ii) an unequal distribution
of customers connected to each phase (where consumption profiles are similar, but some phases support a
larger number of connections), or (iii) a combination of both. The second reason is consistent with
residential neighborhoods and apartment buildings since residential consumers within the same socio-
economic sector typically exhibit statistically similar or homogeneous baseline consumption profiles.
However, it is not clear which phase provides energy to each customer. For this reason, this work focuses
on this particular case to determine in advance (without customer measurements) how many smart meters
should be installed.

In its simplest formulation, the load imbalance at a distribution transformer substation can be mitigated
by transferring selected customers from the most heavily loaded phase to the remaining phases.
Determining which customers should be reassigned requires access to their electricity consumption
profiles, meaning that those users must be equipped with smart meters. Therefore, it is necessary to focus
on customers with measurements available and connected to the most loaded phase. The probability of
identifying these customers within the set of users connected to the substation depends on the number of
smart meters installed by the substation that provides energy. If there are few smart meters available, the
probability of identifying suitable customers is low. On the contrary, it grows rapidly as more meters are
installed.

To illustrate the proposed approach, consider a simplified electrical distribution system composed of
N =200 single-phase customers supplied by a transformer substation, as depicted in Fig. 1. In this scenario,
customers are randomly distributed across phases, but more are in phase A. This imbalance in the number
of customers per phase causes the load imbalance. Consider the following case:

o  (40%) customers in phase A,

o  (30%) customers in phase B,

o  (30%) customers in phase C.

Electricity consumption is recorded at fixed time intervals using 15-minute average samples for only n <
N customers. Consequently, consumption data are available for only a subset of the users connected to the
distribution network (hereafter referred to as Measured Customers). Assuming that all nodes exhibit
similar consumption patterns, the resulting imbalance metric By is approximately equal to 20%.
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Fig. 1. Classification of low-voltage distribution network customers analyzed for load balancing.

In this example, k = 13 customers should be evenly moved from phase A to phases B and C. After the
rephasing process, the grid must have an equal number of nodes in each phase. If n = 20 of the 200
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customers (only 10%) are randomly selected to install smart meters, the probability that 13 of them are
connected to the most loaded phase is 0.02. Instead, if n = 40 customers are randomly selected to get smart
meters (20% of the total), the probability that 13 of them are connected to the most loaded phase rises to
0.9.

In general, for a network with N customers in total where n smart meters will be installed on randomly
chosen customers, the probability of choosing at least k customers connected to the most loaded phase is
given by Eq. (3), where N4, Np, and N¢ denote the number of customers connected to each phase, with phase
A corresponding to the most heavily loaded phase.

e lat) (k)
prob(k) = Yo - (,(,’) L k<n, Ny=2Ng = N;,N=N,+ N+ N, 3)
n
Fig. 2 shows how this probability varies with different numbers of measured customers (n) for three
cases: 40%, 45%, and 50% of customers supplied by the most heavily loaded phase (13, 23, and 33 extra
customers, respectively). The dotted lines indicate the points beyond which there are enough measured
customers in the most loaded phase to fully correct the load balancing problem (probability greater than or
equal to 0.9). Table 1 shows a detailed list of the analyzed cases. It can be seen that an imbalance of up to
35% can be corrected by installing meters for only 30% of customers. The number of smart meters should
be adequate to guarantee, with high probability, that the measured subset includes a sufficient number of
customers connected to the most heavily loaded phase to effectively mitigate the imbalance condition.
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Fig. 2. Probability of identifying a sufficient number of measured customers connected to the most heavily
loaded phase to achieve load balancing when customers are selected at random (for n = 200 customers in
total).

Table 1. The Percentage of Measured Customers Needed to Achieve at Least a 90% Probability of Balancing
the Load Correctly for 200 Customers in Total

Customers at the Equivalent load Customersto  Measured

most loaded phase imbalance (By metric) be switched customers
70 35% 5% Slight 3 2% 7%
75 38% 10% Mild 8 4% 15%
80 40% 20% Moderate 13 7% 20%
90 45% 35% Severe 23 12% 30%
100 50% 50% Very Severe 33 17% 37%
120 60% 80% Extreme 53 27% 48%
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Although this analysis simplified the problem, it helps us determine in advance the number of meters to
be installed in the neighborhood under study. Once the meters are installed, the next step is to initiate an
appropriate metering period to apply data-driven load-balancing methods. So, in the first place, it is
essential to determine the substation and phase connection for each customer using some phase
identification method. The following section describes how to use these new measurements to estimate the
substation and phase assignment associated with each customer using one of the existing methods based
on data analysis.

3.3. Substation and Phase Identification

In this study, the phase identification approach presented in [9] is adopted for phase identification. It
enables the detection of customers directly connected to a given transformer substation and, in that case,
identifies which phase supplies them (all in a single method). Compared to other methods, it provides good
accuracy with little data, even when only a few customers are measured or some data is missing. The
proposed approach relies on a modified Niching-type Genetic Algorithm known as Deterministic
Crowding [43]. It has certain advantages over traditional Genetic Algorithm architectures: it preserves
population diversity and prevents premature convergence. Also, it has a few parameters that are easy to
adjust, allowing us to obtain multiple solutions and thus determine the reliability of the response by
analyzing its uniqueness [44].

Each individual in the Genetic Algorithm represents a solution to the problem, determining the phase
number for each customer. This codification allows us to place the problem as a classification problem. Each
solution is represented with a vector of integer coordinates S = (s1, S, ..., Sn). The element s; € {0, 1, 2, 3}
represents the phase number (A =1, B=2, or C = 3) proposed for customer i, or indicates with 0 when it is
not directly connected to the substation (i.e., when it is connected to another substation). The vector size, n,
is equal to the total number of Measured Customers. Fig. 3 illustrates the solution for the networks
presented in Fig. 1 with 10 customers in total. In this example, 8 customers are connected through single-
phase service lines, 1 customer has a three-phase connection, and the remaining customer is supplied by a
different transformer substation. Only single-phase customers are considered in the algorithm since load
balancing will be performed by changing the phase of this type of customer.

1 3 4 5 6 7 8 10 g—Customer
Identifier

Solution 2 1 3 1 1 0 3 2 | g—Phase

Vector: number
Customer N°7 is connected to I

another Transformer Substation
Fig. 3. Solution representation of the phase identification problem in genetic algorithms.

Niching Algorithms require the definition of a distance measure in the solution space (D) to compare
solutions. In this work, the Hamming distance is adopted, which is defined as the number of elements
whose values differ between two solutions.

The fitness function is based on a linear correlation analysis of variations in electricity consumption
profiles in order to assess the quality of the candidate solutions. It was designed with the understanding
that the correlation between customers’ measurements and the measurements corresponding to the actual
connected phase is greater than the correlation obtained with data from the remaining phases [9]. In
addition, using variations of load consumption improves the phase identification process [30]. The analysis
was performed using 15-minute average active power measurements collected for each customer and for
each phase at the transformer substation. The calculation of the fitness value for each solution consists of
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applying the following steps:

1. Group the customers’ consumption profiles by the phase number indicated in solution S, creating
one group per phase and an additional group for customers connected to another substation
transformer.

2. Estimate the total load consumption for each group in solution S by summing the individual load
profiles for each customer. This step uses Eq. (4), where h;(t) is the measured load consumption
from customer i at time t, n is the number of measured customers processed by the Genetic
Algorithm, and S is the vector solution.

pjs(t) = ?:1, Si=j hi(t)'vj € {1'213} (4)
3. Calculate the variations in the estimated load demand obtained from the aggregation of the
individual consumption profiles by applying Eq. (5).

Vpi () = pj () —pj(t —1),Vj € {1,2,3} (5)
4. In the same way, use Eq. (6) to calculate the variations of the load consumption from each phase,
where pj(t) is the measured value of load consumption from the substation’s phase j at time ¢.

Vp;i(t) =p;(®) —p;(t —1),vj € {1,2,3} (6)

5. Perform alinear correlation analysis between the variations of the combined load consumption from

customers and the variations of the measured load consumption from each phase. This analysis
yields three Pearson’s correlation coefficients: R;, Rz, and Rs.

6. Calculate the fitness value using Eq. (7), which combines and normalizes the three correlation

values.

1 1
f(Rp Ry, R3) = 3 ?le
14

2
J
A

The parameter A controls the shape of the function and defines the transition region between good and

()

bad solutions. Preliminary tests indicated an adequate value of 0.3.

The algorithm uses two genetic operators: a Crossover Operator and a Local Search Operator designed
for the phase identification problem. Uniform Crossover was used because it enables effective search-space
exploration and is suitable for discrete codings. It randomly combines the coordinates of each parent with
probability 0.5. On the other hand, the Local Search Operator is used as a common mutation operator, which
modifies a single coordinate of a randomly selected solution for each generation to improve the algorithm’s
convergence. A complete description of the operator can be found in [9]. Finally, the stopping criterion
counts the number of consecutive generations without finding a better solution than the previous one. 100
consecutive generations are enough to ensure solutions with good precision.

An important consideration when implementing the adopted phase identification step within the broader
load-balancing method is determining the data window required to ensure high topological accuracy. This
requirement inherently depends on smart meter penetration rates and data availability [30]. Fig. 4 shows
the minimum measurement duration (in days) required by the adopted methodology to achieve a phase
identification accuracy exceeding 95% across different network scales, as reported in [9]. In the context of
the current load-balancing experiments, Fig. 4 serves as a reference to define the input datasets. For
instance, in a scenario with 300 total customers and a low meter penetration of 30%, the phase
identification algorithm requires a 51-day measurement window to guarantee topological reliability.
Conversely, as meter penetration increases to 60% or 90%, the experimental data requirements are
dynamically reduced to 21 and 7 days, respectively. This performance evaluation is critical because the
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subsequent load-balancing optimization phase will operate with a similar time window. Consequently,
Fig. 4 allows for a precise quantification of the identification accuracy achieved within this specific
timeframe, thereby ensuring that subsequent phase-swapping operations are executed based on highly
reliable topological data.
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Fig. 4. Average time required to achieve 95% accuracy for electrical networks of different sizes and varying
smart meter penetration ratios [9].

After the substation and phase identification, the next step is to analyze which customers should be
switched to balance the system.

3.4. Load Balancing at the Substation

The selected load-balancing method addresses the problem as a heuristic optimization due to its
complexity [11]. The method is based on a Genetic Algorithm, which is particularly well-suited to this type
of problem and finds good solutions in a reasonable time. Deterministic Crowding without mutations is the
algorithm used due to its multiple advantages mentioned before, even though the main objective is not to
find more than one solution to the problem.

The solutions are represented as vectors with n integer coordinates. Each coordinate corresponds to a
customer taken in an arbitrary but fixed order. It is assigned a value from {1, 2, 3} to indicate the phase A, B,
or C to which the customer should be connected to the feeder (only single-phase customers are considered).
It is very similar to the coding used in the phase identification step, but the value 0 is not considered in this
case.

The problem has two opposite objectives: minimize the imbalance and the number of customers who
must be reassigned. The imbalance is measured using the By index in Eq. (2), which is calculated from
phase-current estimates obtained from the substation transformer. These estimations are carried out by
subtracting the individual customer’s load from the initial phase’s consumption profile, then adding it to the
new phase determined by the solution. The current is then obtained from this estimated load per phase. On
the other hand, the number of changes required is calculated from the known initial customers’ phases,
estimated in the previous step (described in Section 3.3). Given a solution S, the number of phase changes
Ns is calculated using Eq. (8), where n is the number of measured customers, and C; is defined as 0 if the
new phase S; assigned to customer i matches the initial phase x; and 1 otherwise. Note that only customers
whose phases were estimated in the previous step are considered in the load-balancing process.
0if S(i) = x;

NS = Z?C(Sl)’ C(SL) = {1 lf S(l) F+ X (8)

The fitness function is defined by Eq. (9), where n is the number of measured customers, By is the
imbalance corresponding to the solution S, Br is the target imbalance value, and Ns is the number of phase
changes required for load balancing. The parameter a € [0, 1] enables a trade-off between the two
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objectives, typically based on operating conditions. In this work, we use a = 0.2 to compensate for the
magnitudes of each term and give them equal importance. The Br parameter is set following operational
restrictions (20% in our case). Once this target value is reached, the algorithm prioritizes minimizing the
number of reconfiguration changes required by the solution. Consequently, solutions with an imbalance
index below Br are assigned progressively lower fitness values, and further improvement is only possible
by reducing the number of switching operations. The selection of a = 0.2 is calibrated to balance the
objective functions around the system’s practical operating point. In real-world distribution networks, a
residual imbalance of approximately 15% represents a highly satisfactory stabilization target, which is
typically achieved by keeping physical customer reallocations under 20% to manage logistical and labor
costs. Under these target conditions, the weighted components of the fitness function operate within the
same order of magnitude (101). This alignment prevents scaling bias and ensures proportional selection
pressure during the evolutionary search.

100N

f&) =0 -a)Br+|By —Br]) +a 9)

Furthermore, this weighting structurally enforces realistic utility planning heuristics. From an
operational perspective, a 1% reduction in load imbalance compensates for up to a 4% increase in affected
customers. In typical low-voltage distribution sectors—where transformer nodes routinely serve more than
200 customers—the chosen a = 0.2 threshold ensures that the penalty incurred by shifting up to 8 users is
offset by the technical benefit of the 1% imbalance mitigation. Consequently, the algorithm is constrained to
prioritize physical interventions only when they deliver a significant and justifiable return in load
imbalance, automatically discarding solutions that demand excessive field labor for marginal technical
gains.

The Hamming function is used as the distance metric in the solution space required by DC. It allows us to
determine whether the phases obtained from two solutions differ, regardless of the numerical difference
between the phase values. Regarding the crossover operator, Uniform Crossover is used once again. This
operator is particularly suitable for the problem, as each gene from the parent solutions has an equal
probability of being inherited by the offspring. Note that the DC algorithm in the load-balancing method
does not incorporate mutation operators.

Fig. 5 shows each step of the load-balancing procedure applied when the imbalance exceeds a predefined
threshold.

Estimate the electricity N Calculate the load
consumption per phase imbalance: By
Proposed Fitness
Solution: S AL value: f(S)
/’ ! AN > Obtain the number of
P4 | AR phase changes: N
Input Data: »° ! AN P Ead
(RPN S . S -
1 Customers :: Phases | , Customers :
1 consumption :I consumption : ] phase :
i profle 1} profile 1] connection i
1

Fig. 5. General scheme of the load balancing process for finding customer phase assignments using Genetic
Algorithms, in scenarios where phase reconfiguration is performed manually.

One part of the data will be used to evaluate the solutions with the fitness function, while another subset

of the data is reserved to validate the final solutions and determine their durability. A solution will only
preserve load balance over a limited time horizon if consumption patterns change rapidly, for example, in
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fast-growing urban areas or regions with extensive use of air-conditioning systems, among other factors.
Consequently, an adequate observation period depends on the dynamics and historical variability of
electricity consumption. The amount of data used in the optimization process must therefore be sufficient
to ensure that the resulting phase configuration remains stable and maintains three-phase balance
throughout the validation period. One week for the search process and three weeks to validate the final
solution should be adequate, because the variations in this problem are slow, requiring the installation of
new customers, construction, or similar alterations to consumption patterns.

4. Results and Discussion

The verification of the analysis used to determine the number of customers required for load balancing
(presented in Section 3.2) was based on simulations using real customer measurements from Tucuman,
Argentina. The data were provided by the local electricity distribution company. In particular, data from a
typical residential neighborhood was used, with 159 single-phase customers supplied by the same
transformer substation that supplies them with electricity. Smart meters are installed at each customer’s
residence, providing electricity consumption measurements at 15-minute intervals.

The tests were performed by creating scenarios with varying numbers of smart meters. Additionally, each
scenario was tested at different levels of imbalance, assuming that the imbalance is mainly due to an uneven
distribution of customers across phases. To simulate this imbalance, the phase for each customer is
assigned to generate a load with varying imbalance levels at the transformer substation. Once the phases
are established, the total consumption is simulated, thus obtaining the necessary measurements to apply
the proposed methodology. So, the different scenarios were generated with the following criteria:

e A percentage of customers with available measurements is selected, from 10% to 100%. Then there
will be customers whose electricity consumption is unknown and cannot be used by the algorithms.

e  More customers will be connected in one phase than in the other two. The number of customers
connected to the most heavily loaded phase ranges from 40% to 60%.

e  The customer phases are selected at random, in accordance with the proportion mentioned above.

e  Each scenario with a given percentage of smart meters and a given percentage of customers in each
phase is repeated 20 times to ensure that the results are not biased by the distribution of randomly
selected phases.

Simulated scenarios with varying smart meter penetration rates are used to identify the minimum
number of smart meters required for the application of the selected load balancing method.

4.1. Phase Identification Accuracy

The step before the load balancing is the phase identification of each customer with the method detailed
in Section 3.3. The results reported in Fig. 4 show that the phase identification method requires 20 days of
data or less when the grid has 200 customers in total (assuming at least 30% of customers have available
measurements). In this paper, datasets containing up to 30 days of measurements are employed to evaluate
the algorithm using the new dataset. Fig. 6 presents the accuracy results obtained for the considered test
scenarios.

A population size of 500 individuals and a mutation rate of 10% were used. As shown, the accuracy
achieved is consistent with that reported in [9], exceeding 95% for 30% of customers. Accuracy increases
as more measured customers become available. On the other hand, the accuracy is more stable as more
customers are measured since the deviation of the obtained values decreases as the smart meter rate
increases.
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Fig. 6. Performance accuracy of the phase identification algorithm under different numbers of available

measured customers.

4.2. Phase Reassignment Efficiency

Once the customer phase has been identified, the algorithm described in Section 3.4 is used to determine
the new customer phase to mitigate load imbalance at the transformer substation. The same dataset used to
identify the customer phase in the previous step is used for load balancing, but the correct phase
information will be used here to test only the balance method. That is, it is assumed that the phase
estimation was performed with 100% accuracy for these tests.

The new phase configuration proposed by the Genetic Algorithm is evaluated by simulating the
consumption from each substation’s phase after the changes are applied. For this purpose, the first half of
the data (corresponding to the first 15 days) is used to determine the new customer phases, while the other
half is used to verify whether the solution maintains the balance of the phase loads. As for the Genetic
Algorithm parameters, 200 individuals and 500 generations were used, with termination allowed after 50
consecutive generations without finding a better solution. Fig. 7 shows the variation of the imbalance index
and the number of required phase-switching operations as a function of the number of customers,
considering customer distributions among the phases.

It shows the average values obtained for each case reported with each repetition. A significant reduction
in the imbalance index is observed after reconfiguring the customer phases, as shown by comparing the
dotted lines (before balancing) with the solid lines (after balancing). The final imbalance value is 20% from
30-40% of customers measured (as a function of the initial imbalance condition). However, when fewer
meters are available, it is impossible to fully balance the loads. This behavior relates to the probability of
finding suitable metered customers connected to the most heavily loaded phase that can be reassigned to
mitigate the imbalance. This observation is consistent with the analysis presented in Section 3.2 regarding
the number of metered customers required.
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Fig. 7. Results obtained from the load balancing simulations considering different numbers of metered
customers available and different imbalance values: (a) Average load imbalance index. (b) Average phase
changes.

To explicitly address the limits of this behavior under highly adverse conditions, it is valuable to analyze
whether a 30% smart meter penetration rate remains effective under the most severe scenario tested,
where a 60% extreme initial imbalance is concentrated on a single phase. Under these conditions, the
optimization algorithm’s performance depends heavily on the probability that the randomly selected smart
meters happen to be installed within that heavily overloaded phase. If a representative portion of the 30%
metered subpopulation resides on the overloaded phase, the Genetic Algorithm retains sufficient degrees of
freedom to execute targeted phase-swapping operations, achieving a significant reduction in the imbalance
index. However, if the unmonitored customers are the primary drivers of this 60% concentration, a 30%
penetration rate hits a strict structural ceiling, as the algorithm cannot alter unmetered loads. As shown in
Fig. 7(a), while a 30% smart meter penetration rate significantly mitigates moderate imbalances, resolving
a larger imbalance requires increasing the number of metered customers. However, in this scenario, the
algorithm can still significantly reduce the imbalance (from 80% to 35%) even if it does not reach the
desired value below 20%.

5. Conclusions

This paper presented a strategy for acquiring smart meters and applying a load-balancing technique by
switching single-phase customers to a single phase in an uncovered area. It suggests installing meters for a
small percentage of customers, analyzing data to identify the phases to which they are connected, and then
identifying new phases for a subset of them to balance the load in the transformer substation.

The techniques used for phase identification and optimal phase connection scheme selection are
adequate for solving the problem when not all customers have measurements available. Based on the
proposed analysis and tests, it is concluded that for relatively low imbalance levels (up to 60%), load
balancing can be achieved with only 30% of the metered customers selected at random. Only 10% of
customers, or fewer, should be switched to achieve this performance. However, if 40% of customers are
metered, load balancing can be ensured for more severe cases while maintaining the number of customers
to be changed.

The main advantage of our approach is that, by not needing to meter all customers, the investment in
smart meters decreases. The penetration of smart meters can be done gradually, allowing a larger area to be
covered in less time. From another perspective, it would allow balancing a larger number of substations
with the same investment in meters.

Future work will include additional aspects of the search for a new customer phasing scheme, including
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reducing voltage drop at the end points of the distribution feeder.
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