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Abstract. High periodic generation from distributed sources, primarily renewables such as photovoltaic
and wind farms, contributes to various technical problems in power grids. In radial networks, one of the
most common issues is related to voltage profile and voltage deviations. Focusing on medium-voltage
distribution networks fed from one side, these problems arise in practice, and sometimes transformer ratio
control is insufficient to eliminate them. Therefore, other voltage control methods become necessary. This
article presents a methodology for eliminating voltage problems and smoothing the voltage profile in a
medium-voltage network containing renewable sources. Using the reactive power control capabilities of
renewable energy sources, the transformer ratio control, and the control capabilities of an optimally selected
energy storage system, the effectiveness of the presented approach is demonstrated using the example of an
IEEE 69 bus test network. With such a tool, operators will be able to effectively respond to various negative
grid operating states and eliminate existing voltage problems. The proposed methodology, which uses

various metaheuristic optimisation algorithms, is inexpensive and effective in operation.

1 Introduction

The dynamic development of renewable energy has
become one of the key directions of the global energy
transformation in recent years. Sources such as solar and
wind power plants are playing an increasingly important
role because they complement conventional generating
units, increasing the diversification of energy generation
methods and simultaneously reducing the negative
impact of the energy sector on the environment [1].
Despite their numerous benefits, RES (renewable
energy sources) technologies also pose significant
implementation challenges and requirements, mainly
due to the variable nature of energy generation [2]. This
leads to a number of problems related to power flow and
power quality in networks [3]. One of the most serious
issues is voltage deviations, which in practice
increasingly exceed permissible limits, especially in
networks with limited control capabilities [4]. In
conventional distribution grid systems, the primary tool
for maintaining voltage within acceptable ranges is
transformer tap regulation. However, in many cases, this
proves insufficient. In such situations, system operators
are forced to implement remedial measures, such as
temporarily disconnecting RES installations or reducing
their output power. As a result, the available generation
potential of renewable sources is not fully utilised,
leading to economic losses and lowering the
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profitability of investments in this type of sources [5].
Previous research has presented numerous approaches
and solutions to improve the operation of distributed
generation networks, including the use of energy
storage, demand-side management, expansion and
modernisation of grid infrastructure along with changes
in its topology, the use of advanced power converters
and the deployment of more accurate weather
algorithms to predict power generation from renewable
sources [6-8]. The above-mentioned approaches
significantly improve the possibilities of integrating
distributed energy sources with the power system. At the
same time, they lead to an increase in the complexity of
analyses, planning and control processes. The growing
number of elements subject to optimisation, numerous
technical dependencies, the multitude of constraints and
the dynamic nature of system operation make traditional
analytical and deterministic methods ineffective for
ensuring effective grid management. In this context,
metaheuristic optimisation methods are gaining
popularity, enabling effective solutions to such complex
decision-making problems. In this paper, five selected
metaheuristic methods were used: Particle Swarm
Optimisation (PSO) [9], Puma Optimiser (PO) [10],
Chaotic Evolution Optimiser (CEO) [11], Ecological
Cycle Optimiser (ECO) [12] and Kangaroo Escape
Optimiser (KEO) [13] to improve the operation of
medium voltage networks by optimally managing
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generation from distributed photovoltaic sources,
energy storage operation and network regulation
parameters. The research object was a modified version
of the IEEE 69-bus test network, adapted in terms of
voltage levels and component parameters to the
conditions typical of Polish distribution networks.

2 Description of the test model

A modified version of the IEEE 69-bus network [25]
was used for the study, with component parameters
adapted to the operating conditions of Polish MV grids.
The network under consideration (Figure 1) is
characterised by:

— rated voltage of 15 kV,

— power supplied from a single 110 kV system node
via a 110/15 kV transformer with tap regulation,

— 69 nodes on the MV side,

— a purely radial structure.

The line and transformer parameters were adapted to
typical values found in Polish MV grids, while
maintaining the original system topology. Calculations
are performed in a three-phase symmetrical model,
assuming uniform phase loading.
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Fig. 1. IEEE 69-bus medium-voltage test grid [14].

The network adopted a single characteristic
operating scenario, corresponding to a sunny day with
high PV generation and relatively low customer load.
The total active load power was assumed to be 1.133
MW, and photovoltaic sources with a total power of 14
MW (installed in nodes 9, 15, 26, 34, 45, 50, 52, 58 and
65). The analysed network assumed the installation of a
single energy storage device on the MV side. It is
modelled as a controllable source/consumption of active
power, connected to one of the network nodes. The
maximum active power of the storage device was
assumed to be 7 MW. The analysis considered the
selected network operating state in terms of its load and
active power generation, and the storage device was
modelled as a source/consumption of active power
without state-of-charge constraints. Therefore, the
decision variables are active power and storage location.
A 110/15 kV power transformer is equipped with on-
load tap control (OLTC). In the first part of the study,
the OLTC is controlled based on voltage measurements
at a single, predetermined reference node, the one on the
downstream side of the transformer (W1). The second
part of the study analyses the impact of the voltage
measurement point location on the efficiency of the
voltage regulation process.

The network model and power flow calculations are
implemented in the DIgSILENT PowerFactory
environment. A Python API is used for integration with
optimisation algorithms, enabling iterative:

— generation of decision variable vectors using
metaheuristic algorithms,

— setting the values of controlled parameters in the
model,

— running load flow calculations and reading the results,
— calculating the values of the objective function and
penalty terms for subsequent population members.

PowerFactory serves as a precise power flow solver,
while a metaheuristic engine implemented in Python
controls the search for the optimal solution.

3 Methodology optimisation

3.1 Scope and division of research

Optimisation was conducted using five metaheuristic
algorithms. The metaheuristic parameters are
standardised: the population size is 100 agents and the
maximum number of iterations is 1000. This allows the
results to be compared to determine the method that
achieves the best results for our problem.

Based on the results from Part I, the PSO algorithm
was selected for further analysis. A series of nine
optimisations were then performed, separately for each
measurement node, analysing the impact of the
transformer tap regulator measurement point location on
the voltage profile, power losses and required energy
storage capacity

3.2 Decision variables

The vector of decision variables takes the form:

X:[QPV,k(kEK); Bis3 Jrss t]T 1

where:

Opy ik — reactive power of the PV source in node £,
Pgs— active power of the energy storage,

Jjes — index of the node where the storage is installed,
t—110/15 kV transformer tap position.

Variable ranges

~0.4-F ;< Opyy<04-Fp 2

B:"Se [_PESmax’ PESmax ]’ PESmax: 7 MW (3)

where:
Ppyx— active power of the PV source in node %,
PEsmax — maximum storage capacity considered
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3.3 Objective function

The goal of optimisation is to simultaneously improve
the voltage profile in MV nodes, reduce active power
losses in the network and minimise the required energy
storage capacity. Therefore, three normalised indicators
and their weighted sum are defined:

Eij (x) = Wl' Udev+ WZ' dP

1[)ss+ W3' dPES+ Fpenalty (x) (4)
where:

Uy., — voltage indicator

d P, — relative active power losses in the network

dPg — storage power indicator,

Fpenaity (X) — penalty for divergent iteration process
and for exceeding the permissible values of node
voltages, line currents or transformer load,

w;i — weights assigned to individual criteria.

After analysing the ranges of values of individual
indicators, the following weights were adopted:
wi=0,817, w,=0,0871, w3=0,096, ensuring a similar
impact of each component on the formation of the
objective function.

Voltage component:

1 &(U, -1.05Y
U, ==Y 2—= 4
dev \/N kz]( 105 j ()

where:

U, — voltage value at node k expressed in relative
units,

N — number of nodes in the grid,

k — node number,

Power loss component:

v

dP — loss (5)

loss
Pobc

where:

Py,ss — total active power losses in the network,
P, — total network load,

Storage power component:

dp,, =—1% (6)

The calculation procedure for a single vector x is as
follows:

1. The designated parameters of the system
components are set in the PowerFactory model.

2. Power flow calculations are initiated.

3. Voltages, currents and power losses are read.

4. The objective function value is calculated along
with the penalty function.

5. The objective function value is compared with
the results of previous iterations.

4 Optimisation results

41 Part | - comparison of metaheuristic
methods

In the first stage of the analysis, the results of five
metaheuristic algorithms were compared against a
reference state without optimisation. The transformer
tap controller set the voltage value based on the
measurement at node W1. The summary of the three
components of the objective function, the penalty term,
the objective function value, and the parameters of the
selected energy storage device are presented in Table 1.

Table 1. Optimisation results for part I

Initial

PSO CEO PO ECO KEO
state

Time,

1. . 1. 2 1.
h 6 0.8 8 7

Udev 0.1776 0.0242 0.0242 0.0242 0.0242 0.033

dPjoss 1.2447 0.6171 0.6171 0.6171 0.6171 0.5816

dPgs 0 0.964 0.964 0.964 0.964 0.93

Foenatty | 7107 0 0 0 0 0

Fopi(x) 7-107 0.1661 0.1661 0.1661 0.1661 0.1668

ESioc, 12 12 12 12 15
node
ESP
’ -6.747 | -6.748 -6.747 -6.748 | -6.511
MW

The "initial state" row represents the grid's operating
state without reactive power regulation of the
photovoltaic sources and energy storage. The total value
of the objective function in this case is dominated by a
very high penalty term (value of the order of 7 -107),
which indicates numerous and significant violations of
technical constraints.

The value of the first component of the objective
function (voltage profile quality) after applying the
algorithms decreases to values corresponding to a
reduction in the average voltage deviation of 86% for
the first four methods and a slightly smaller
improvement for KEO. The graph of the voltage profile
at the nodes (Figure 2) shows a clear approximation of
the network voltages to the assumed value (1.05 pu).
The second component of the objective function related
to active power losses decreases from 1.24 in the initial
state to 0.61 for the PSO, CEO, PO and ECO methods,
which corresponds to a loss reduction of approximately
50%. The KEO algorithm achieves slightly lower losses,
but this comes at the cost of a worse voltage profile
shape.
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Fig. 2. Voltage profile for the initial state and after
optimisation with the algorithms.

The storage power component increases to
approximately 0.9640 for PSO, CEO, PO and ECO, and
0.9302 for KEO. This indicates that optimal solutions
require significant storage engagement, with power
close to the limit. A negative power value indicates
storage operation in grid consumption mode, which
helps limit local excess generation and even out the
voltage profile.

The results of the objective function values Fobj(x)
for PSO, CEO, PO and ECO confirm that all these
methods find very similar solutions. The KEO
algorithm, however, achieved a higher value than the
other methods, which may indicate that it encountered a
local minimum and failed to find a global solution.
Comparative graphs of the objective function values as
a function of iteration number (Figure 3) and
optimisation time (Figure 4) clearly illustrate this small
difference.
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Fig. 3. Comparison chart of the objective function values for
individual algorithms.
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Fig. 4. Comparison graph of the objective function values for
individual algorithms as a function of time.

PSO, CEO, PO and ECO all indicate the same
location for the energy storage installation (node 12).
This clearly indicates a critical area of the network
where adding the storage provides the best compromise
between improving the voltage profile and reducing
power losses. The KEO algorithm selects node 15,

located adjacent to node 12, confirming that the optimal
storage location falls in the same area of the network.
The energy storage power in the optimal solutions for
the first four algorithms is very similar and utilises
almost the full allowable range. The KEO algorithm
selects a slightly lower storage power, which translates
into a slightly poorer voltage profile quality but lower
power losses in the network. The differences between
the algorithms are therefore a compromise between the
individual components of the objective function.

Considering the combination of quality and
computation time, it can be concluded that the four
methods: PSO, CEO, PO and ECO, differ practically in
terms of the obtained result quality, and their selection
is primarily determined by computation time and
implementation complexity. The KEO algorithm
provides comparable results, but a slightly worse
objective function value with similar runtime. Based on
these results, the PSO algorithm, which provided high
solution quality and reasonable computation time in the
tests, was selected for further analysis of the impact of
voltage measurement point location for the transformer
regulator.

42Part I - Influence of the voltage
measurement node location

In the second stage of the analysis, a series of eleven
optimisations were performed using the PSO algorithm,
separately for each node where the voltage measurement
used by the transformer tap regulator is performed. A
summary of the results is presented in Table 2.

Table 2. Optimisation results for part 11

ESioc, ESp,
node MW

W1 0.0242 | 0.622 | 0.964 0 0.167 12 -6.749

Node Udev dPioss | dPes | Fpenay | Fob;

w2 0.0242 | 0.622 | 0.964 0 0.167 12 -6.749

W3 0.0242 | 0.622 | 0.964 0 0.167 12 -6.749

W4 0.0242 | 0.622 | 0.964 0 0.167 12 -6.749

W5 0.0242 | 0.622 | 0.964 0 0.167 12 -6.749

Wwe 0.0242 | 0.622 | 0.964 0 0.167 12 -6.749

W9 0.0242 | 0.622 | 0.964 0 0.167 12 -6.749

W10 | 0.0242 | 0.622 | 0.964 0 0.167 12 -6.749

W11 | 0.0242 | 0.622 | 0.964 0 0.167 12 -6.749

W12 | 0.0406 | 0.900 | 0.471 0 0.157 15 -3.298

W13 | 0.0406 | 0.900 | 0.471 0 0.157 15 -3.298

In all optimisation variants, the penalty term is zero,
indicating that the voltage and current constraints are
satisfied. Differences between individual measurement
nodes primarily concern the quality of the voltage
profile, power losses and energy storage capacity. For
measurement nodes 1 to 11, the results are identical. In
each case, the algorithm indicates the same energy
storage location — node 12 — and the same storage
capacity. When controlling the OLTC based on voltages
measured at nodes located closer to the beginning of the
line, the optimal solution, based on the adopted criteria,
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requires intensive use of an energy storage capacity
close to its maximum capacity. In return, a very
favourable voltage profile and moderate power losses
are achieved.

The results for measurement nodes 12 and 13 are
different. For these tests, both the voltage profile quality
and power losses deteriorated. At the same time, the
storage power required for optimisation decreased. In
this case, the storage is located at node 15, located
further along the line, closer to the area with a high share
of photovoltaic generation. As a result, the resulting
value of the objective function Fobj(x) in the variants
with measurement nodes 12 and 13 is lower than for the
other nodes. This means that with the adopted selection
of objective function weights, the algorithm considers
the solution that allows for slightly larger voltage
deviations and higher power losses, but the required
energy storage power is significantly smaller, to be more
favourable. This is a clear example of the trade-off
between technical criteria and the economic aspect
related to storage size.

Figure 5, which shows the voltage profile at the
nodes before optimisation, shows that the selection of
the measurement node for the OLTC, in the absence of
reactive power control of photovoltaic sources and
energy storage, leads to different voltage waveforms.
For the measurement at node 1, the voltages at the final
nodes of the network reach wvalues significantly
exceeding the permissible level, while for the
measurement at further nodes, the voltage profile is
lower, but still unsatisfactory.
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Fig. 5. Voltage profile in nodes before optimisation for

selected measuring nodes of the controller.
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Fig. 6. Voltage profile in nodes after optimisation for
selected measuring nodes of the controller.

After applying the PSO optimisation method, the
voltage profiles for measurement nodes 1-11 practically
overlap and maintain a narrow range around the
reference voltage. The variants with measurement nodes
12 and 13 lead to slightly lower voltage levels across the

network, which translates into a higher deviation rate,
but all voltages remain within the acceptable range. Fig.
6, showing the voltage profiles "after optimisation,"
clearly illustrates that regardless of the choice of
measurement node, it was possible to completely
eliminate exceedances of the acceptable voltage levels.

From the grid operator's perspective, this means that
the choice of measurement node for the transformer
regulator can be used as an additional degree of freedom
in the design of the voltage regulation system. Nodes
located closer to the end of the line allow for a reduction
in the required energy storage capacity, while nodes
located closer to the supply station provide a stiffer
voltage profile and lower losses at the expense of higher
storage requirements.

5 Summary and conclusion

This article presents a methodology for optimising the
operation of a medium-voltage network with a high
share of photovoltaic generation. The optimisation
problem simultaneously considered voltage deviations
at network nodes, active power losses, and the power of
the energy storage. All analysed metaheuristic
algorithms successfully eliminated voltage and current
constraint violations and reduced the objective function
value compared to the baseline. PSO, PO, CEO, and
ECO produced nearly identical solutions in terms of
objective function value and energy storage parameters,
while the KEO algorithm achieved a slightly lower
objective function value. In terms of computational
time, the CEO algorithm performed best. Overall, all
tested methods proved suitable for solving the
considered problem. Due to its simplicity, widespread
use, and high solution quality, the PSO algorithm was
selected for further analysis.

Based on the conclusions from the analysis of the
measurement node location for the transformer tap
regulator, it was noted that for measurement nodes
located closer to transformer, the optimisation yielded
almost the same result: very good voltage profile,
moderate power losses and the need to use an energy
storage device with a power close to its maximum value.
Moving the measurement point further into the network
led to a change in the trade-off between the criteria.
Voltage deviations and power losses increased slightly,
while the required energy storage capacity was reduced
by approximately half. With the adopted selection of
objective function weights, the variant with voltage
measurement near the end of the line proved more
advantageous, as the reduction in the required storage
capacity compensated for the deterioration of the other
indicators. Regardless of the voltage measurement node
selected, all optimisation variants ensure that
permissible voltage levels are maintained throughout the
network. This means that the measurement point
location can be treated as an additional design
parameter, allowing for a conscious compromise
between voltage quality, power losses, and storage
capacity. The presented methodology assumes a single
steady-state analysis and a simplified energy storage
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model without state-of-charge constraints. A natural
development path will be to extend the model to include
multi-period  analysis, encompassing load and
generation variability over time, as well as a full model
of storage operation with energy balance and state-of-
charge constraints. The next step could be to incorporate
explicit economic criteria into the objective function,
such as the investment costs of the energy storage,
power loss costs, and potential penalties for failure to
meet power quality parameters. This will allow for a
transition from technical indicators to a comprehensive
assessment of the cost-effectiveness of the proposed
solutions. Expanding the model to include more than
one energy storage, other types of distributed sources,
and the ability to control the active power of renewable
generation is also being considered. This will enable the
analysis of more complex grid operation scenarios and
assess the method's scalability. From the perspective of
optimisation algorithms, future work could include
adaptive parameter selection of metaheuristics, the use
of hybrid methods combining metaheuristics with
deterministic techniques, and exploring the potential use
of the developed methodology in calculations close to
the actual system operating time. Such opportunities are
offered, among others, in the area of grid investment
planning.

The research area covers many variables, diverse
methodological assumptions, and a limited number of
existing studies, which makes direct comparisons
impossible. However, the proposed methodology proves
its value as a flexible tool supporting decision-making
by medium-voltage network operators with a high share
of distributed generation, enabling coordinated
optimization of regulatory parameters, the operation of
energy storage and reactive power from photovoltaic
sources, while remaining open to further extensions of
both the network model and optimization techniques.
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