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Abstract. Connecting photovoltaic micro-installations to low-voltage grids is creating problems that were
not present in the past. Periodic power flows towards the medium-voltage grid, voltage problems, and
overloads occur. Current and voltage unbalance are also noticeable, especially in grids with operating single-
phase installations. This article presents a method for eliminating these problems. The possibilities of
reactive power regulation in photovoltaic micro-installations, phase changes in active power consumption,
and reactive power regulation by the energy storage were utilised. The location and capacity of the energy
storage were optimally selected. The use of various metaheuristic optimisation methods allowed for the
optimisation of the operation of a low-voltage grid saturated with photovoltaic micro-installations based on
an assumed objective function with appropriate constraints. The results of the analyses obtained confirm the
effectiveness and feasibility of using advanced mathematical methods to solve various real-world and
complex problems occurring in power grids. They are inexpensive to implement in practice and contribute

to improving the operation and functioning of the grid.

1 Introduction

Low-voltage networks, due to their radial structure, are
particularly sensitive to the influence of distributed
generation sources. Connecting single-phase photovoltaic
micro-installations can cause phase voltage deviations in
nodes, increased current flow in neutral conductors, and
deterioration of power quality indicators. The operation of
single-phase loads also contributes to increased
unbalance. Traditional control methods, such as reactive
power control in micro-installations or transformer tap
changing, prove insufficient [1]. Therefore, there is a
growing interest in optimisation methods that allow for
the simultaneous consideration of multiple grid
operational criteria, such as equalising voltage profiles,
minimising voltage deviations, limiting power losses,
reducing voltage and current unbalance indicators, and
maintaining phase balance. Metaheuristics are becoming
an attractive tool for controlling distributed resources [2],
improving grid performance with minimal infrastructure
investment. The article is organized in such a way that the
first part presents an introduction to the research topic and
a literature review. Next, the test network and the
proposed research methodology are described. Finally,
the analytical results and their discussion are presented.

2 Literature review

The literature describes a number of methods aimed at
improving power quality and voltage stability in low-
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voltage networks. The analysed methods include voltage
regulation by controlling the active and reactive power of
prosumer installations [3, 4], installing local energy
storage [5], and changing the grid topology to reduce
overloads and phase unbalance [6, 7]. Studies have shown
that combining these methods can significantly reduce
power losses and improve phase balance, but the
effectiveness of traditional approaches is limited when
dealing with many sources. Optimisation methods are
increasingly being used, enabling the solution of multi-
criteria problems that consider both power quality
parameters and technical constraints of the grid. The
validity of metaheuristic methods for optimising
distribution grid operation has been confirmed by
research [8]. Among the most used algorithms are
algorithms inspired by animal behaviour [9], evolutionary
algorithms [10] and those inspired by biological and
physical processes [11]. For example, they enable
simultaneous regulation of PV source and energy storage
parameters, minimising deviations in key grid operating
parameters while maintaining compliance  with
operational constraints. In this paper, in addition to the
PSO algorithm, which 1is considered a classic
metaheuristic and used as a reference framework, several
new algorithms described in the recent literature are used.
There is a research gap in the comprehensive optimisation
of low-voltage distribution network operation saturated
with PV micro-installations, considering phase
unbalance, while simultaneously comparing the
effectiveness of various metaheuristics. The aim of this
paper is to compare selected metaheuristic algorithms for
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improving grid operation and to identify the optimal
location for an energy storage system in a sample test grid.

3 Description of the test grid

The study used the IEEE ELVTF (European Low-Voltage
Test Feeder) network model [12], comprising 117 nodes
(62 grid nodes and 55 load nodes) and 115 lines with
lengths and cross-sections adapted to those found in
Polish distribution grids. The grid is powered by a 15/0.4
kV transformer, and its radial structure allows for the
analysis of power flows under asymmetric conditions.
The model included fifty-six photovoltaic micro-
installations, distributed and operating in a manner that
induces phase unbalance.

The following elements were
controllable:

— Prosumer storage units at nodes 29, 40, 50, 80, and
110, with the ability to control active and reactive power.

— A central energy storage unit (the study assumed a
maximum active power limit of 150 kW), for which both
the location and active power were investigated.

— Selected PV installations with reactive power
control.

Power flow analyses were performed in the
DIgSILENT Power Factory environment, using a full
three-phase unbalanced model. The starting point was a
static analysis for a single grid operating point, including
the assessment of node voltages, line and transformer
loads, active power losses, and unbalance indicators.
Integration with Python enabled optimisation using
metaheuristic methods. Python controls the iterative
process: it determines the setpoints of the regulated
elements, invokes power flow calculations in Power
Factory, and processes the results to evaluate the objective

modelled as

function. This approach allows for flexible testing of

various optimisation algorithms and their parameters, as
well as a comparison of their effectiveness. The test grid
topology is shown in Figure 1, with grid nodes (black) and
load nodes (blue) marked.
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Fig. 1. IEEE ELVTEF test grid [12].

4 Optimisation methodology

In the research on improving the grid operating
parameters, a multi-criteria approach was used, in which
the objective function consists of several components
related to the power quality and grid operating constraints
according to the formula:

loss+ W3' I unb
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where:
Udev — voltage indicator [13],
dPss — relative active power losses in the grid [14],
Iy — current unbalance indicator downstream of the
transformer [15],
a,00— voltage unbalance coefficients (negative- and zero-
sequence, respectively) [16],
Fpenaiy(x)— penalty for divergent iteration process,
exceeding the permissible values of voltages in nodes,
line currents or transformer load,
w; — weights assigned to individual criteria.

The voltage indicator:
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where:

U; — voltage value at node i expressed in relative units,
N — number of nodes in the grid,

i — node number,
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where:
P, — total active power losses in the grid,
P,y — total load in the grid,
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111, 112, I3 — currents in lines 1-2 (behind the transformer),
Iy —rated current in lines 1-2 (behind the transformer),
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e I Table 1. Metaheuristic methods used.
1 — —
(_]2 =§(gu +g2 'QLz +Q‘l_]L3) (10) No Method Inspiration Publication
R y 1 PSO [18] swarm of particles August 1995
a=é 3 =e 3 (11) 2 | CEO[19] chaotic dynamics March 2025
- - 3 PO [20] wild pumas January 2024
here: 4 ECO [21] ecological cycle March 2025
where: .. . 5 RTO [22] | exploration of random March 2025
U,, U, Uy — positive, negative and zero sequence voltage 3 BPB [23] birds of prey July 2025
components _ . 7 | KLA [24] Kirchhoff's laws July 2025
The optimization calculations take into account the 8 | KEO[25] kangatoo escape September
permissible voltage values in nodes, permissible current- 2025
carrying capacity values of individual low-voltage line 9 | DOE [26] social and hunting July 2025
sections, the rated power of the transformer, the power activity of Dhole
balance in each node and in the area, permissible active 10 | OSA [27] owls hunting in the March 2018

and reactive power values of sources and the active power
of the energy storage as constraints.

The objective function, similarly to [17], utilises a set
of weights selected experimentally based on analysis of
individual components. The goal was to achieve a
compromise between improving the voltage profile,
reducing power losses, minimising voltage and current
unbalance, and normalising them so that all contribute
equally to the optimisation process. Therefore, the process
is numerically stable and does not favour one-sided
solutions. This also ensures high sensitivity of the
objective function to small changes in control parameters,
which facilitates rapid convergence of the applied
algorithms. The following weight ratios were adopted:
w;=0.126; w»=0.8; w3=0.029; w,=0.029; ws=0.016

The optimisation was implemented using algorithms
that allow for the efficient search for the global optimum
in nonlinear and multidimensional problems. This paper
considers several methods, the details of which are
presented in Table 1. Each algorithm iteratively generates
sets of settings, which are then evaluated in terms of the
objective function value obtained from the power flow in
Power Factory. Each method assumed identical
initialisation parameters, with one thousand iterations and
one hundred search agents in the population

By combining the Power Factory environment with
Python, it is possible to automatically perform subsequent
iterations and evaluate the algorithm's convergence. This
approach also enables the comparison of the effectiveness
of different metaheuristics in terms of solution quality,
convergence speed, and compliance with grid constraints

5 Simulation results

Analyses were conducted for a typical operating point
during a working day. In the first step, grid parameters
were assessed prior to optimisation, including: voltage
deviations at nodes, active power losses, current
unbalance indicators, and phase unbalance coefficients.
Next, optimisation was performed using selected
metaheuristic algorithms. Simulation results indicate that
optimisation significantly improves grid parameters.
Table 2 presents detailed comparative results for the
considered metaheuristic algorithms. The values of
individual indicators (given in dimensionless units) and
the final objective function demonstrate the scale of
improvement compared to the initial state, as well as
differences in the effectiveness of the tested methods.

Table 2. Optimisation results for methods

Algorithm | Time, Udev dPioss Lunb a0 Penalty | Fobj(x) ESiok ESr
name h - - - - - B Node no. kW
Initial state - 0.142 0.191 0.304 2.397 4.569 3.33-108 | 3.33-108 - -
PSO 5.6 0.0099 0.0001 0.0764 0.3054 0.3458 0 0.0177 48 -141.751
CEO 1.5 0.0167 0.0003 0.0694 0.2691 0.2923 0 0.0167 71 -111.317
PO 4.9 0.0179 0.0001 0.1644 0.2112 0.5324 0 0.0216 71 -121.413
ECO 43 0.0158 0.0001 0.0800 0.1525 0.1561 0 0.0112 71 -112.798
RTO 5.7 0.0193 0.0060 0.1325 0.2132 0.2556 0 0.0212 58 -97.013
KLA 1.0 0.0171 0.0922 0.1442 1.6011 1.9104 0 0.1567 68 -96.615
BPB 5.9 0.0258 0.0001 0.0825 0.2896 0.6658 0 0.0246 48 -88.768
KEO 15.7 0.0155 0.0001 0.0837 0.1549 0.1463 0 0.0111 71 -119.341
DOE 5.2 0.0114 0.0001 0.0930 0.3779 0.4541 0 0.0222 58 -117.730
OSA 5.9 0.0300 0.0910 0.3498 3.1131 2.3111 5-106 5-106 48 -75.579
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Fig. 2. a) Voltage profile for the initial state and after optimisation with the ECO algorithm.
b) Comparison chart of the objective function values for algorithms.

Initially, the grid was characterised by considerable
voltage deviations (Figure 2a), high current unbalance
(Figure 3a), and notable relative power losses of 0.191.
The convergence of the optimisation process is shown
in Figure 2b. The indicator values show a highly
unbalanced grid operation, typical of systems with a
large share of single-phase PV micro-installations and
single-phase loads. Additionally, the extremely high
value of the penalty component indicates significant
exceedances of the permissible voltage and current
limits, which translates into a high value of the objective
function and provides a benchmark for assessing
optimisation effectiveness.

The use of metaheuristic algorithms allowed for
significant improvements in all analysed grid
performance indicators. For nine of the ten methods, the
optimisation process led to the complete elimination of
exceedances (penalty = (), while simultaneously
reducing voltage deviations to a level of 0.01-0.03 and
significantly reducing the voltage and current unbalance
coefficients. The only exception was the OSA algorithm
which left some constraints violated, resulting in an
objective function value of around 5-106, disqualifying
it from practical application to the problem under
consideration.

The lowest objective function values were obtained
for the KEO and ECO algorithms, effectively reducing
the values of all indicators. CEO also achieved very
good results, which, like KEO and ECO, significantly
improved the voltage profile and reduced current
unbalance. Although the PSO algorithm achieved a
slightly higher objective function value, it had the
lowest Udev value, indicating highly effective voltage
stabilisation with alternative storage location selections.
The DOE and RTO algorithms achieved correct but
significantly worse results — with higher objective
function values and unbalance indicators, which places
them below ECO and KEO.

Of note is that the KEO, ECO, CEO, and PO
algorithms independently identified the same node
seventy-one as the optimal location for the central
energy storage unit. This convergence demonstrates the

uniqueness of the solution in the decision space and
confirms that this node is crucial for voltage regulation
and phase balance in the analysed grid. The different
choice of PSO (node 48) can be interpreted as an
alternative local minimum, ensuring a good, but
globally suboptimal, configuration.

The runtimes of the individual algorithms varied
significantly. KLA (1.0 h) and CEO (1.5 h) proved to be
the fastest, while algorithms such as PSO, ECO, PO,
BPB, DOE, and RTO required approximately 4.3 to 5.9
hours of computation. By far the longest runtime was
recorded for KEO (15.7 h), due to its complex iterative
structure and extensive solution space exploration
phases. These differences can be attributed to the
internal mechanisms of the individual methods —
algorithms with complex, multi-stage search strategies
are more accurate at the expense of a higher number of
effective iterations and longer computational time.

From the perspective of a trade-off between solution
quality and runtime, ECO appears to be the most
attractive method: it provides a very low objective
function value, no exceedances of grid operating
parameters, and a shorter computational time than KEO,
while still optimally identifying the energy storage
location.

The current phase diagrams (Figure 3) before and
after optimisation with the ECO algorithm clearly show
the impact of the optimisation process on the grid's
unbalance. In the initial state, the phase current vectors
have significantly different magnitudes and angular
shifts that deviate from the desired values, which
translates into current unbalance. After applying the
ECO algorithm, the current vectors are much more even
in terms of amplitude and phase shift, and their
configuration is closer to that of an ideal three-phase
symmetrical system. The vector ordering observed in
Figure 3b is consistent with the indicator values in Table
2, confirming the effectiveness of the optimisation in
reducing current unbalance. Current values are also
significantly lower, which translates into lower load on
grid components.
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Fig. 3. Phasor diagrams of currents downstream of the transformer before optimisation (a) and after optimisation using the ECO

algorithm (b).

6 Summary and conclusions

The research conducted confirmed that the use of
metaheuristic algorithms can effectively optimise the
operation of a low-voltage distribution network
saturated with photovoltaic micro-installations. The
developed multi-criteria objective function,
encompassing voltage deviations, relative power losses,
current unbalance, and voltage unbalance factors,
enabled the simultaneous consideration of key aspects
of power quality and grid security. Compared to the
initial state, the applied algorithms determined optimal
parameter settings while eliminating limits violations.

The highest quality solutions were obtained for the
KEO and ECO algorithms, which provided the lowest
objective function values, achieving a very favourable
voltage profile and low phase unbalance indicators. Of
particular importance, however, is that KEO, ECO,
CEO and PO independently identified node seventy-one
as the optimal location for the energy storage. This high
consistency between the various algorithms clearly
confirms the physical importance of this point in the grid
structure and indicates its significant regulatory
potential. This result can be considered a valuable guide
for distribution system operators when planning
investments in energy storage and local resources.

The results indicate that metaheuristic optimisation
can be an effective, flexible, and easy-to-implement tool
supporting  low-voltage  distribution  network
management. The proposed approach does not require
any infrastructure changes — it is based on controlling
the parameters of existing devices and can be integrated
with modern measurement systems and smart grid
platforms, as in the smart grid solutions presented in
[28]. Furthermore, an appropriate selection of the
energy storage location and capacity can significantly
reduce the negative effects of uncontrolled PV
generation, such as phase unbalance, voltage deviations,
and increased power losses.

This study analysed a single, static grid operating
point, ignoring the temporal variability of loads and
generation. Measurement uncertainty and model errors
were not analysed. These limitations mean that the
obtained results should be considered a starting point for
further research, not a definitive solution for any given

grid operating conditions. Further research is planned to
expand the analyses in the following directions:

- Taking into account dynamic load and generation
profiles, including daily and seasonal variability and the
random nature of PV production.

- Introducing multi-stage optimisation, taking into
account the selection of energy storage devices.

- Comparison with deterministic methods to
quantitatively assess the differences between the
metaheuristic approach and classical optimisation
methods.
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