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Abstract

Distribution networks are facing increasing challenges due to the growing share of renew-
able energy sources (RESs), particularly because of the volatile nature of the available power.
In addition to targeted grid expansion measures, the concept of a dynamic grid topology
offers an additional layer of flexibility in the power system. Furthermore, there are concepts
to use active coupling methods in distribution grids, such as medium-voltage direct current
(MVDC) systems, which enable horizontal power flows between distribution grids and
thus active control. This paper investigates the potential of combining dynamic passive and
active coupling between two distribution grids. Particle swarm optimization (PSO) is used
to determine both an optimized operating point of two MVDC interconnections as well as
the most efficient switch configuration within both networks. The goal of the optimization
is to reduce both network losses and power exchange between the different voltage levels.
To evaluate its potential, various use cases are simulated using a representative feed-in
of photovoltaics while considering grid constraints. Individual and combined impacts of
dynamic AC switching and DC coupling are compared using a modified IEEE-123 test
feeder. The results show a significant optimization potential, especially with an increase in
RES penetration within the grid. In the best scenarios, the power losses can be decreased
by 33.73% and the power transfer can be reduced by 8.75%.

Keywords: active and passive grid coupling; distribution grids; distribution network
reconfiguration; medium-voltage direct current; particle swarm optimization

1. Introduction
1.1. Motivation and Significance

Motivated by the increasing integration of renewable energy sources (RESs), numerous
studies have investigated innovative grid management strategies for distribution system
operators (DSOs), as well as the deployment of new technologies at lower levels of the
electric power system. Modern distribution grids are no longer solely responsible for the
distribution of electricity; they now play a critical role in managing the increasingly decen-
tralized input from RESs. Unlike predictable load patterns, RES generation is inherently
volatile and subject to significant temporal fluctuations. Furthermore, the placement and
connection to a grid often depend on political and economic interactions between stake-
holders, DSOs, and municipalities. Consequently, the uptake and location of the available
power from RESs in a grid region may not be optimized for the demand of the customers,
leading to reverse power flows to higher grid levels, especially during peak generation
periods and dynamic load situations. This variability not only challenges local distribution
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networks, but also impacts grid infrastructure on higher voltage levels. To address these
challenges, DSOs must implement measures that enhance the integration of RESs. One
promising approach is the active coupling of the grid using medium-voltage direct current
(MVDC) systems, which can redistribute surplus local energy. Additionally, strategies
such as distribution network reconfiguration (DNR) and grid meshing offer the ability
to optimize grid performance during specific timeframes and adapt to rapidly changing
conditions, thereby supporting overall grid stability [1].

1.2. Literature Review

DNR has already been the subject of numerous studies, and several algorithms have
been developed to solve DNR problems. In most studies, the main goal of DNR was to
minimize losses, prevent overloads without costly network expansions, and achieve a
stable voltage level. Jo et al. successfully introduced a hybrid genetic algorithm with the
k-nearest neighbors approach to solve the non-linear DNR problem with respect to a radial
topology and tested it on the IEEE-14 and IEEE-123 test feeders [2].

The particle swarm optimization (PSO) algorithm was applied by Olamaei, Niknam,
and Gharehpetian in 2008 for DNR and optimized allocation of distributed generation (DG)
units as a complement to central power systems [3]. While this study assumed centralized
power plants would remain the primary energy source in the future, it demonstrated
that dynamic network reconfiguration and DG dispatch using PSO could enhance overall
network performance. Due to increasing decentralized power generation, Merzoug, Ab-
delkrim, and Larbi successfully applied a PSO algorithm to the IEEE-33 test feeder to find
an optimized network configuration with reduced power losses and increased voltage sta-
bility [4]. Several additional studies have found the PSO algorithm to be highly suitable for
solving the non-linear DNR problem in distribution networks represented by the IEEE-33
or IEEE-69 test feeder [5–8]. Niknam therefore developed a PSO-HBMO algorithm that
combines PSO with honey bee mating optimization (HBMO), a swarm intelligence method
modeled after the behavior of honey bees and their different functionalities in a colony [5].
Recent publications underline the effectiveness of meta-heuristic approaches for power
system optimization [9,10].

In addition, the PSO method has been compared with other DNR-algorithms; for ex-
ample, Kahouli et al. conducted a performance evaluation of the PSO and the genetic
algorithm (GA) implemented in the IEEE-33 test feeder [8]. In this context, the PSO algo-
rithm proved to be better suited for practical applications due to its faster convergence.
Olamaei, Niknam, and Gharehpetian also stated that the PSO is precise and capable of
being used in practical systems after comparing convergence times of solutions based on
PSO, GA, tabu search (TS), and differential evolution (DE) [3]. Consequently, this paper will
focus on adapting the PSO for solving the DNR problem for extended distribution grids.

Although high-voltage direct current (HVDC) systems are already globally established
in high-voltage networks, there are currently very few implementations of MVDC systems
integrated into distribution networks. MVDC systems offer a broad spectrum of potential
applications, including use in rail transport, shipboard electrical systems, offshore energy
collection, and power distribution networks [11]. Even in usage within a distribution
network, there are a few different reasons why such a technology could be useful, as shown
by Bathurst, Hwang, and Tejwani in their study of the MVDC as a new technology for
distribution networks [12]. This can be summarized as an enhancement of transfer capacity,
along with improved power quality and voltage regulation, achieved through the use of
four-quadrant converters capable of supplying reactive power. An example of increasing
the transfer capacity is the already realized angle-DC project, where existing AC lines were
converted to DC operation, allowing a 23% higher power rating [13]. In Zhuhai (China) the
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implementation of a three-terminal DC distribution system with a voltage of ±10 kV is used
to perform investigations on higher power quality, RES uptake, and integration of energy
storage and electric vehicles [14]. Kangsheng et al. describe the technical advantages of an
MVDC system as an interconnection between two normally separated medium-voltage
networks [15]. According to their mathematical calculations, MVDC has a high potential
for improving networks with unbalanced load distribution, network congestion, and a
substantial amount of RESs.

An important aspect to consider in grid coupling is the influence on the protection
scheme, particularly the potential alteration of short-circuit currents. The combination
of closed-ring structures and DG poses a significant challenge for traditional distance
protections due to the two-sided feed-in to the fault location, and, additionally, relays can
be blinded by a high share of DG [16]. Biller and Jaeger are presenting a variety of possible
solutions such as relocating protection devices, fault current limiters, and also the use
of MVDC [17].

1.3. Contribution

As discussed in Section 1.2, PSO is widely used and modified for the DNR opti-
mization problem. However, a research gap appears when integrating active and passive
couplings in distribution grids simultaneously. In this study, a modified PSO algorithm is
used to compare active and passive grid coupling scenarios in distribution grids. Specif-
ically, potential and possible interactions in combining active and passive grid coupling
concurrently will be examined. Therefore, AC switches and MVDC connections are sim-
ulated in a modified IEEE benchmark medium-voltage network, and network states are
optimized. Both technologies are used individually and in combination within different
scenarios. The optimization problem is characterized by a multi-criteria PSO including
binary and continuous PSO. The optimization goals are reduction in network losses or load
flow exchange between the high-voltage and medium-voltage networks or a combination
of both. Furthermore, the installed photovoltaic (PV) feed-in is increased in the scenarios to
determine possible impacts due to increasing RES uptake.

The following aspects underline this paper’s significant contributions:

• Implementation and application of a multi-objective PSO algorithm for extended
hybrid distribution grids;

• Presenting the potential in combining active and passive grid coupling;
• Detailed analysis of reduction in network losses;
• Detailed analysis of power transfer minimization between medium- and

high-voltage grid;
• Consideration of the increasing RES influence on the aforementioned analyses.

2. Problem Formulation
2.1. Objective Function

A PSO-based DNR algorithm has been developed by the authors in previous studies,
details of which can be found in [18,19]. To compare the results within each iteration of the
PSO, this study also employs an approach considering multiple sub-objectives with fsum,
given in Equation (1). This approach facilitates the incorporation of multiple criteria in
evaluating the identified sub-objective function fi and allows these criteria to be weighted
differently by their weighting factors wi.

min ( fsum =
N

∑
i=1

wi · fi) (1)
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2.2. Sub-Objectives

A detailed description of the sub-objectives implemented can be found in [18]. Two
sub-objectives, which are particularly relevant for the different scenarios, are the power
transfer optimization fLF and the minimization of power losses floss. To achieve better com-
parability and balance of these two parameters, their weighting factors wi are normalized
at the beginning of each time step. The value of the non-optimized simulation result serves
as the normalization parameter so that the final parameter wi is calculated by Equation (2).

wi =
wi,start

fi,no-opt
(2)

where wi,start is the parameter set in the configuration at the beginning of the simulation.
Thus, the evaluation of each individual criterion includes a relative change from the initial
state fi,no-opt, and by selecting the parameter wi,start, a weighting between different sub-
objectives can be chosen.

2.2.1. Sub-Objectives with Fixed Weighting Factors

For all scenarios considered in this paper, some sub-objectives have a constant weight-
ing factor. The first factor is the convergence of the MATPOWER [20] load flow calculation
fconv, following Equation (3).

fconv =

1 , load flow does not converge

0 , load flow converges
(3)

This is necessary to ensure that all topology changes always lead to valid grid
states. Since particle positions without a converging load flow calculation are not allowed,
the weighting factor wconv is assumed to be infinite.

Grid separation or islanding of any grid section must also be prevented at all times
(wisl = inf). The sub-objective function fisl is given by Equation (4).

fisl = dim(extract_islands())− 1 (4)

Thus, if the MATPOWER function extract_islands() returns an array with a dimen-
sion higher than one, an invalid topology is given ( fisl > 0).

Finally, a weighting of wcong = 1000 is used to prevent congestion, which could occur
due to violated nodal voltage limits or by exceeding the maximum transmission capacity
of lines or transformers. The sub-objective fcong is calculated according to Equation (5),
including the percentage voltage violation at node i h(Ui) and the percentage exceeding of
apparent power across line l h(Sl) and generator g h(Sg), respectively.

fcong =
Ni

∑
i=1

h(Ui) +
Nl

∑
l=1

h(Sl) +
Ng

∑
g=1

h(Sg) (5)

These three sub-objectives are included in all scenarios with the fixed weighting factors
described in Section 2.3.

2.2.2. Open-Ring Operation

Open-ring operation is a crucial criterion for many DSOs in the operation of their
networks due to the current protection scheme and the ease of limiting short-circuit currents.
On the other hand, it limits the amount of valid network states which can be found by
DNR. To compare both operation modes and examine the potential in DNR without the
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traditional mitigation of closed-ring structures, the simulation is carried out twice, first
with the setting wring = 1000 to prevent a closed-ring structure and second with wring = 0,
which allows closed-ring structures. Both MVDC connections are implemented by a virtual
generator on each side, enabling the power output on one side to be determined by the
input on the other side and accounting for losses. Due to this, the MVDC connections are
not considered as a line while verifying the ring structure. In the case that the two networks
are connected via two AC switches, they are considered as a line.

The sub-objective function for the open-ring operation fring is calculated by Equation (6).
Nmv,l is the number of medium-voltage lines connecting two nodes, including the high-
voltage/medium-voltage transformers, Nmv,pl represents the number of parallel lines
connecting the same nodes, and Nmv,n is the number of medium-voltage nodes. When
fring = 0 and fisl = 0, there are no closed rings in the grid.

fring = Nmv,l + Nmv,pl − Nmv,n (6)

2.2.3. Power Transfer Optimization

Minimizing power transfer between medium-voltage and high-voltage grids ensures
that the power generated from RESs is distributed mainly within the MV network, reducing
the need for double transfer. For evaluation, the sub-objective function fLF, calculated by
Equation (7), is the sum of the apparent power of each transformer t.

fLF =
Nt

∑
t=1

|St| =
Nt

∑
t=1

√
P2

t + Q2
t (7)

Depending on the scenario, the power transfer optimization can be activated (wLF ̸= 0)
or deactivated (wLF = 0).

2.2.4. Minimization of Power Losses

With weighting wloss, the minimization of power losses can be taken into account.
Therefore, the losses of all lines l and transformers t are summed and complemented by the
losses of the MVDC system. Thus, the power losses floss can be calculated by Equation (8).

floss =
Nt

∑
t=1

Pt,loss +
Nl

∑
l=1

Pl,loss + Ploss,DC (8)

2.3. Parameter Configuration of Weighting Factors

The configuration for all sub-objectives can be found in Table 1. For the parameter
configuration of the sub-objectives, the gradation with wconv = inf and wisl = inf ensures
that only valid network states in a non-islanded network are considered. The sub-objective
fcong is weighted 1000 times higher than the corresponding main objective functions fLF

and floss to ensure, by simple comparison, that for the selected network in this paper, if the
absolute value of the objective function is below the value 1000, no congestion occurs in the
network at any timestep.

Table 1. Parameter configuration of the weighting factors for the sub-objectives.

wi wconv wisl wcong wring wLF wloss

value inf inf 1000 0 or 1000 0 or 1 0 or 1
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3. Methodology
3.1. Particle Swarm Optimization

Particle swarm optimization (PSO) is based on social interactions such as the behavior
of a flock of birds searching for food [21]. Each individual, represented by a particle, is
striving for the best location while its own movement and the movement of the others
are considered for the next movement. As a result, the whole swarm is moving towards
the best location. PSO is a meta-heuristic optimization method that is particularly well
suited for solving nonlinear and multidimensional optimization problems [22]. Since its
initial introduction by Eberhart and Kennedy in 1995 [23], PSO has undergone continuous
development and has been implemented in numerous variations [21]. The equations in
Sections 3.2–3.4 are based on the methodology of [23] and on further developments given
in the references. In general, a distinction can be made between continuous PSO, in which
particles move within a defined solution space, and binary PSO, in which particles can
assume values of either 0 or 1.

3.2. Properties of Particles

Each particle, used for the optimization and indexed by i, has a total of four properties.
Firstly, the position vector x⃗i in Equation (9) describes the current position within the
d-dimensional solution space.

x⃗i = (xi1, xi2, ..., xid) (9)

The initial position of each particle is generated randomly within the solution space.
This solution space is defined in Equation (10) by a lower bound xj,min and an upper bound
xj,max for each decision variable.

xj,min ≤ xij ≤ xj,max (10)

The change in position x⃗i of a particle is governed by its velocity vector v⃗i shown in
Equation (11).

v⃗i = (vi1, vi2, ..., vid) (11)

Finally, each particle contains information on its best position p⃗i so far defined in
Equation (12).

p⃗i = (pi1, pi2, ..., pid) (12)

To evaluate social influence, the best position of all particles is needed, which is called
the global best position p⃗g defined in Equation (13).

p⃗g = (pg1, pg2, ..., pgd) (13)

3.3. Workflow of the PSO Algorithm

During the optimization process of the PSO for all particles, several iterations are
conducted to find the best position. Each iteration always follows the same workflow:

1. Initialization of starting positions;
2. Iterations:

(a) Evaluation of the objective function;
(b) If x⃗i better than p⃗i: p⃗i = x⃗i;
(c) If x⃗i better than p⃗g: p⃗g = x⃗i;
(d) Updating the velocities v⃗i(t + 1);
(e) Updating the positions x⃗i(t + 1);
(f) If termination criterion is fulfilled: abort the iteration;
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3. Return p⃗g as the solution of the optimization.

In this study, the termination criterion is either a maximum number of 50 iterations or
the absence of any improvement in the global best position over the last 20 iterations.

3.4. Updating the Decision Variables
3.4.1. Continuous-PSO

The PSO update scheme for continuous parameters is implemented according to
Equation (14).

x⃗i(t + 1) = x⃗i(t) + v⃗i(t + 1) (14)

The new position is thus determined on the basis of the previous position and the
newly computed velocity of the particle. Therefore, the new velocity v⃗i(t + 1) is calculated
in each step using Equation (15).

v⃗i(t + 1) = ωcon · v⃗i(t) + c1,con · r1 · ( p⃗i − x⃗i(t)) + c2,con · r2( p⃗g − x⃗i(t)). (15)

Firstly, the velocity of the previous step is continued (v⃗i(t)). With the inertia weight
ωcon, the influence of the current velocity is determined. This first term is called the
component of the inertial force. The second term, the cognitive component, points in the
direction of the best local solution of the corresponding particle. Finally, the third term
considers the direction of the best global solution. It is responsible for the interaction
between all particles and is thus named the social component. The second and third terms
are multiplied by acceleration coefficients c1,con and c2,con, allowing a weighting between the
cognitive and social components. The random variables r1 and r2 are uniformly distributed
in the interval (0, 1) and introduce a stochastic influence on the search behavior.

If one or more bounds of individual decision variables according to Equation (10) are
exceeded, the corresponding values xij are set to their violated boundary value xi,bound.

3.4.2. Binary PSO

The binary PSO update scheme is implemented analogously to [24]. With this kind
of binary PSO, the velocity can be seen as the change rate of the particles, similar to
the continuous PSO. For implementation, two additional velocity vectors v0

i and v1
i are

introduced. v0
i contains the probability for a change from 1 to 0 for the bits of a particle

i, and so v1
i does the opposite. Consequently, the velocity of the decision variable j for

particle i is a function of its current position as given in Equation (16).

vij =

v1
ij , xij = 0

v0
ij , xij = 1

(16)

The velocity vectors v0
i and v1

i are updated according to Equations (17) and (18) de-
pending on the current velocity, the best position pi of the particle, and the best global
position pg.

v1
ij = ωbin · v1

ij + h1
ij,1 + h1

ij,2 (17)

v0
ij = ωbin · v0

ij + h0
ij,1 + h0

ij,2 (18)

The auxiliary vectors hi in Equations (19) and (20) are needed to increase or decrease
the values of the velocity vectors v0

i and v1
i . This occurs as a function of the positions of pi

and pg.

h1
ij,1 =

c1 · r1 , pi = 1

−c1 · r1 , pi = 0
(19)
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h1
ij,2 =

c2 · r2 , pg = 1

−c2 · r2 , pg = 0
(20)

Similar to continuous PSO, ωbin is the inertia weight, r1 and r2 are random variables
in the interval of (0; 1), and c1,bin and c2,bin are acceleration coefficients for weighting. To
describe it in words, this means that the probability that a bit changes its value to 1 increases
if pi = 1 due to h1

ij,1 = c1,bin · r1 > 0 and vice versa. As a logical consequence, it must be

set as h0
ij,1 = −h1

ij,1 and h0
ij,2 = −h1

ij,2 to change the probability of a bit turning into 0 in
the other direction. To update the position of a particle, the normalized velocity v′ij(t) is
calculated with the help of the sigmoid function Equation (21).

v′ij(t) =
1

1 + e−vij(t)
(21)

With the help of a random variable rij in the interval of [0; 1], the position xij(t + 1) of
each bit j of the particle i can be determined following Equation (22).

xij(t + 1) =

xij(t) , rij < v′ij(t)

xij(t) , rij > v′ij(t)
(22)

3.5. Parameterization of the PSO

The search behavior of the PSO can be influenced primarily by the parameter swarm
size, number of iterations, inertia, and acceleration coefficients. In terms of the convergence
performance of the particle swarm optimization, the optimal values of the parameters
depend highly on the specific optimization problem itself and cannot generally be calculated
according to [21]. Table 2 shows the parameters chosen for this study. The selection is
made based on the ranges of values proposed in [21] and manually adjusted based on
empirical experience [18].

Table 2. Parameter configuration of the PSO settings.

Number of particles 30

Number of iterations 50

Inertia weight continuous PSO wcon = 0.7

Inertia weight binary PSO wbin = 0.7

Acceleration coefficients continuous PSO c1,con = c2,con = 1.4

Acceleration coefficients binary PSO c1,bin = c2,bin = 1.7

4. Case Study
4.1. Modified IEEE-123 Test Feeder

Figure 1 shows the modified and doubled IEEE-123 test feeder used in this paper.
The double test feeder contains two single IEEE-123 test feeders [25] with an equivalent
topology, which is suitable for testing optimal configuration procedures [26]. Following
a similar approach to [2], the original single-phase branches of the IEEE-123 test feeder
were converted to fully three-phase lines for the entire grid. In addition to the existing
switches in the original IEEE-123 test feeder, two additional switches connecting buses 39
to 66 and 17 to 96 are added. The additional switches are divided into initially closed and
initially open switches. The configuration is shown in Table 3. To allow for comparison
of different load profiles, the test feeder was duplicated, resulting in two parallel grids
with identical topology but different load profiles. The load profiles are represented by
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the load profiles “G0” and “H0”, published by the German Association of Energy and
Water Industries (BDEW [27]). This data source includes data for a time-dependent load
scaling within a whole year with a time interval of 15 min. The “H0” provides load data
for households, so it is used in this paper to represent a grid of a typical residential area.
For the other grid, the “G0” data are used, which include various commercial customers.
Consequently, the two parts of the expanded test feeder are referred to as the G0-subgrid
and the H0-subgrid, as shown in Figure 1. The installed capacity on each node is given
by the IEEE-123 test feeder. Since the load on weekdays differs from that on weekends,
Friday and Saturday were chosen for the simulation, matching the PV feed-in presented in
Section 4.3.

97

197

160

60

152

13

18

135

151 300

94

54

39

66

17

96

97

197

160

60

152

13

18

135

151 300

94

54

39

66

17

96

AC

DC

DC

AC

AC

DC

DC

AC

H0G0

Figure 1. Modified and doubled IEEE-123 test feeder connected with two back-to-back
MVDC systems (green), initially closed switches (blue) and initially opened switches (pink).

Table 3. Switch configuration for the test grid visualized in Figure 1.

Initially Closed Initially Opened

13–152 17–96

18–135 39–66

60–160 54–94

97–197 151–300

4.2. Grid Connections

The two subgrids are interconnected via two links: one connecting G114 to H33 and
the other connecting G84 to H149. These connections are realized as either MVDC systems
with back-to-back converters or simple initially open AC switches.

The lines between the coupling points are assumed to be short. So, in case of AC
switches, there are no power losses to be considered. For the MVDC back-to-back con-
nections, hereafter referred to as DC connections, the power losses are calculated for each
converter individually. Analogously to [19], a constant loss factor of l = 1% per converter
is assumed. If a power P is injected into the DC connection, the DC losses are calculated by
Equation (23).

Ploss = Ploss,DC1 + Ploss,DC2 (23)

A random particle, containing the active power P1 and reactive power Q1 within the
feasible operation region (FOR) of Figure 2, is generated on the G-grid-side of the DC
connection by the PSO algorithm. Due to energy conservation, the active power P2 on the
other side of the DC connections is coupled to the power P1 according to Equation (24).

P2 =

−P1 − Ploss , P1 ̸= 0

0 , P1 = 0
(24)
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A negative value of P1 represents an active power transmission from the G-grid into
the H-grid. Accordingly, a positive value for P1 means active power transmission in
the opposite direction. This also has to be considered for the loss calculation, such that
Equation (23) must be distinguished into Equation (25).

Ploss =


|P1| · l + (|P1| − |P1| · l) · l , P1 < 0

0 , P1 = 0

P1 · l
1−l + (P1 + P1 · l

1−l ) ·
l

1−l , P1 > 0

(25)

The FOR shown in Figure 2 is chosen based on the peak load in one part of the grid,
which is 3.22 MW for the G-grid-side at timestep 48 (see Figure 3). The maximum active
power is set to 2 MW to enable a power transfer higher than half of the maximum load by a
single MVDC system. For most consumers in the IEEE-123 test feeder, the absolute value
of reactive power is approximately half of the amount of active power. However, since
this paper focuses on the transmission of active power, the maximum reactive power of an
MVDC converter has been limited to one quarter of the active power, which is 0.5 MVAr.
Analogous to the approach presented in [19], the FOR has a polygonal shape, which is a
common specification for MVDC converters.

Figure 2. Working area and particle positions of an MVDC power station for a exemplary particle
and iteration.

Figure 3. Profiles of loads, PV feed-in, and total HV-feed-in for the considered time period in the
initial grid configuration without any optimization.
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Referring to Section 3.4.1, the update process of the DC working area is implemented
as a continuous PSO where, in general, the position of a particle is determined by the active
and reactive power given in Equation (26).

x⃗i = (xi,1, xi,2) = (pi, qi) (26)

For the G-grid-side, the update of the decision variables is implemented according
to Equation (14), while on the H-grid-side, the position x⃗i,H depends on the value of pi,G

following Equation (24) with P1 = pi,G and P2 = pi,H, so that it is given by Equation (27).

x⃗i,H = (pi,H(pi,G), qi,H) (27)

In Figure 2, the positions of all particles for an exemplary time step and iteration
are shown. The red circle visualizes the best position evaluated by the objective function
shown in Equation (1). This position will be considered as the best global position p⃗g for
the next iteration.

4.3. Variable PV Feed-In

Recent research papers show particular interest in PV penetration levels and the
influence of PV feed-in, especially on distribution grids [28–30]. To add PV profiles to
the test feeder buses in this study, a procedure similar to [31] is chosen. The PV feed-in
is distributed randomly across the grid among individual customers. In the H0-subgrid,
a single customer is modeled with a peak load of 10 kW and 5 kVAr, while in the G0-
subgrid, a single customer has a peak load of 20 kW and 10 kVAr. So, the number of
customers connected to each bus results from the spot load given in the original IEEE-123
test feeder. In total, there are 347 customers in the H0-grid and 172 in the G0-subgrid.
If the spot load divided by the load of one customer is not an integer, then the number
of customers is rounded off. Each customer can have a PV feed-in depending on their
maximum load. For the lower boundary, the peak load of the customer is used, and
the upper boundary is twice the peak load. The PV size per customer is therefore between
10 kWp and 20 kWp in the H0-subgrid, and between 20 kWp and 40 kWp in the G0-subgrid.
These boundaries were chosen so that each customer can have a PV feed-in which is higher
than his own consumption, and the grid is thus dominated by PV feed-in at specific time
steps. The exact PV size of each customer is generated randomly. For different scenarios,
the PV penetration can be varied from 0%, which means that there are no customers with
PV, to 100%, which means every customer has PV. For values between 0% and 100%, the
customers with PV are randomly selected all over the grid. Additionally, a penetration
higher than 100% can be set, which simply scales the size of each PV feed-in. For example,
a 200% PV penetration provides twice the power of 100% without affecting the distribution
over the grid. To generate a realistic feed-in curve, the measured data of a network operator
in south-west Germany from the year 2022 were used for scaling the PV feed-in. A period
of two days (Friday and Saturday) in early May was chosen due to the high PV utilization.

4.4. Scenario Overview

To compare active and passive grid coupling and to find interactions and benefits
in a simultaneous operation, a few different scenarios were conducted. Both technolo-
gies were initially applied independently (Scenario 1: MVDC, Scenario 2: AC switches),
and subsequently in combination (Scenario 3). Each of these three scenarios contains three
sub-scenarios ((a), (b), and (c)) with different sub-objectives, as shown in Table 4. All these
scenarios were simulated with PV penetrations of 0%, 50%, 100%, and 200%. The investiga-
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tions were conducted twice, first with the prohibition of closed-ring structures and then
with ring branches allowed, which does not affect scenario 1, as written above.

Table 4. Power transfer reduction for different scenarios; ring branches not allowed.

Scen. 1: MVDC Scen. 2: Switches Scen. 3: MVDC + Switches
Sub-Scenario wloss wLF wloss wLF wloss wLF

(a) 1 1 1 1 1 1
(b) 1 0 1 0 1 0
(c) 0 1 0 1 0 1

5. Results
Figure 3 shows the load profile with a PV penetration of 100% over two days in 15 min

time steps. It can be seen that on both days, the PV feed-in exceeds the total power of the
loads, resulting in reverse power flow.

The operating point of the MVDC connections for Scenario 1 (a) with a 100% PV
penetration is presented in Figure 4. While aiming for a loss reduction and power transfer
minimization, it is clearly evident that the MVDC connections are transferring active power
during PV feed-in. According to Table 5, the transmitted power has been reduced by 4.53%
compared to the initial value, while the power losses have been reduced by 21.42% as shown
in Table 6. Both results indicate a significant improvement in the power system efficiency.

Figure 4. Exemplary profiles of the active and reactive power of the MVDC connections for 100% PV,
no AC switches, ring branches not allowed, and optimization with wLF + wloss.

For the case of optimizing AC switches in Scenario 2 (a) with PV-penetration of 100%
and forbidden ring branches, the results of the switch states can be seen in Figure 5. A green
block for a timestep in this figure means that the corresponding switch listed on the y-axis
is closed. It can be observed that during periods with PV feed-in, switching operations
occur more frequently, resulting in several different topologies within a short time span,
compared to periods without PV feed-in. However, because of the optimization process,
the original topology can be altered at all times.
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Figure 5. Visualization of closed switches for the scenario of 100% PV, no MVDC, and optimization
with both wLF and wloss; ring branches not allowed.

Table 5. Power transfer compared to non-optimized original topology in % for different scenarios;
ring branches not allowed.

Scenario PV Penetration
0% 50% 100% 200%

MVDC
(a) wLF + wloss 99.73 98.76 95.47 98.22
(b) wloss 99.70 99.31 99.06 100.13
(c) wLF 99.48 98.34 92.79 95.87

switches
(a) wLF + wloss 99.81 99.04 97.13 99.34
(b) wloss 99.76 99.38 98.12 100.02
(c) wLF 99.94 99.39 97.81 99.69

MVDC + switches
(a) wLF + wloss 99.82 98.91 95.65 98.07
(b) wloss 99.80 99.37 99.24 99.93
(c) wLF 99.72 98.36 93.10 95.60

Table 6. Power losses compared to non-optimized original topology in % for different scenarios; ring
branches not allowed.

Scenario PV Penetration
0% 50% 100% 200%

MVDC
(a) wLF + wloss 92.50 76.98 78.58 77.87
(b) wloss 91.67 77.66 76.44 76.72
(c) wLF 128.53 121.07 215.32 144.23

switches
(a) wLF + wloss 93.37 78.80 79.55 75.87
(b) wloss 91.73 80.39 78.86 75.41
(c) wLF 97.97 85.35 86.74 83.02

MVDC + switches
(a) wLF + wloss 95.50 81.29 82.74 84.94
(b) wloss 94.00 79.26 78.63 84.95
(c) wLF 122.84 150.66 201.60 168.43
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An interesting finding is that the original switching states can still be observed, since
initial closed switches stay closed in the majority of time steps and vice versa. Apart
from that, switch G39–G66 proves to be a more favorable choice than G18–G135 to supply
the subnet of nodes G35 to G51 over multiple time steps. Furthermore, the switching
behavior confirms the effectiveness of ring network prevention: with switch G13–G152
remaining nearly permanently closed, switches G18–G135 and G39–G66 operate in a
mutually exclusive manner to avoid forming a closed loop among those three switches.

In contrast to the usage of MVDC connections, the switches connecting both networks,
G114–H33 and G86–H149, are not permanently closed at times with PV feed-in, since the
AC switches cannot enable continuous power flow between the MV networks, unlike the
MVDC connections. As a consequence, the transferred power is reduced to 97.13%.

The results shown in Tables 5–8 differ depending on whether an open ring structure
is allowed or not. As mentioned in Section 2.2.2, the MVDC couplings do not play a role
in the consideration of the ring structure, which can consequently be seen in the results.
When using MVDC couplings alone, without simultaneous AC switching, there are no
differences in the results between the open- and closed-ring structures.

Table 7. Power transfer compared to non-optimized original topology in % for different scenarios;
ring branches allowed.

Scenario PV Penetration
0% 50% 100% 200%

MVDC
(a) wLF + wloss 99.73 98.76 95.47 98.22
(b) wloss 99.70 99.31 99.06 100.13
(c) wLF 99.48 98.34 92.79 95.87

switches
(a) wLF + wloss 99.47 98.56 95.31 98.27
(b) wloss 99.47 99.10 99.20 100.28
(c) wLF 97.89 97.86 91.25 94.38

MVDC + switches
(a) wLF + wloss 99.45 98.55 95.18 98.29
(b) wloss 99.44 98.55 95.18 98.33
(c) wLF 99.51 98.66 94.77 97.75

Table 8. Power losses compared to non-optimized original topology in % for different scenarios; ring
branches allowed.

Scenario PV Penetration
0% 50% 100% 200%

MVDC
(a) wLF + wloss 92.50 76.98 78.58 77.87
(b) wloss 91.67 77.66 76.44 76.72
(c) wLF 128.53 121.07 215.32 144.23

switches
(a) wLF + wloss 83.33 69.45 69.84 70.87
(b) wloss 82.35 69.03 67.19 69.70
(c) wLF 280.45 136.61 271.67 169.06

MVDC + switches
(a) wLF + wloss 81.41 67.58 66.50 68.57
(b) wloss 81.05 67.66 66.27 68.49
(c) wLF 83.31 71.92 91.76 83.39

5.1. Power Transfer Optimization

The results for power transfer optimization are shown in Table 5 (ring branches not
allowed) and Table 7 (ring branches allowed). For all scenarios, the losses have been
reduced if the value of sub-objective wloss was set to 1. Scenario 2 (c), with closed-ring
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structures and a PV penetration of 100%, achieved the best performance by reducing the
power transfer by 8.75%.

In general, it can be said that operating in Scenario 2, the closed-ring structure en-
ables a more effective minimization of the transferred power. Scenario 1 (c) performs
approximately 1 to 1.5 percentage points worse than Scenario 2 (c) across all levels of PV
penetration in the case of closed-ring configurations.

But when it comes to Scenario (a), both technologies are on a comparable level.
Thus, the two optimization criteria pose a greater challenge for the AC switches than
for the MVDC.

The combination of both technologies in Scenario 3 (a) leads to nearly the same result
as the best result from Scenario 1 (a) and 2 (a): with an open-ring structure, it is comparable
to the MVDC and with no enforcement of the open-ring structure, it is close to the result
of the AC switches. For sub-scenario (b), where the aim was only to reduce the losses,
the power transfer could be slightly reduced, but mostly less than 1%. Only for Scenario 1
and 2 (b) and a PV penetration of 200%, the transferred power increased.

5.2. Minimization of Power Losses

In Tables 6 and 8, the results for the minimization of power losses are shown. Scenario
3 (b) containing MVDC and AC switching, and closed-ring structures achieved the best loss
reduction. For example, for a PV penetration of 100% the losses were reduced by 33.73%,
which is a massive improvement in terms of transmission efficiency.

In general, allowing closed-ring branches leads to a higher loss reduction when AC
switching is included (Scenario 2 and 3). While Scenario 1 with the MVDC is comparable
to Scenario 2 and 3 in open-ring structures, the optimization potential of Scenario 2 and 3
with the allowance of closed rings is for all PV penetrations more than 10 percentage points
higher than in Scenario 1.

While most Scenarios have their highest optimization potential at 100% PV penetration,
Scenarios 1 and 2, in combination with forbidden closed rings, perform best at 200%
PV penetration.

For Scenarios 1 (c) and 2 (c) in closed-ring structures, the reduction in the transferred
power leads to significantly higher losses as shown in Table 8.

6. Conclusions
In this paper, the PSO algorithm was applied to a multi-objective optimization prob-

lem for the distribution network reconfiguration of a modified IEEE-123 test feeder to
investigate the potential application of active and passive grid coupling and their combi-
nation. Therefore, two MV networks next to each other were connected by two MVDC
connections or AC switches. In addition, several AC switches were used to optimize the
grid topology. The results of different scenarios are promising. With a high PV penetration
of 100%, where every customer has a PV feed-in, the algorithms and technologies are able to
optimize the grid topology with respect to the sub-objectives. The results differ depending
on the scenario and the given sub-objectives. In general, allowing closed-ring structures
enables a more effective optimization potential than the constraint of a radial grid topology.
When aiming for a minimization of power transfer and a minimization of power losses,
the combination of MVDC and AC switching performs best in a closed-ring structure.

The direct continuation of this work is the scheduling of selected passive or active
coupling elements. The switching state optimization concept was based on ideal switching
operations and did not consider dynamic effects within the grid. The method can be
applied by incorporating real-time measurements of generation units, as well as load data
received, for example, from smart meter measurements, into the operating strategy of real
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distribution grids. However, before practical implementation, the resulting switching se-
quences must be examined and compared with operational limitations, such as permissible
circulating currents, or assumptions in the protection scheme.
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