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Abstract: To satisfy the large-scale grid-connected demands of distributed energy resources (DERs),
a bi-level optimization model is proposed for private DER dispatch managed by a virtual power
plant (VPP) in a smart grid environment in this paper. The optimization models of the upper and
lower layers serve as the planning layer and the operational layer, respectively, wherein the upper
optimization model is mainly aimed at the optimization allocation of DERs under an unchanged
network topology, and the lower-level optimization model is mainly responsible for the optimization
of the distributed network topology from the optimization results of the upper layer. An improved
harmony searching algorithm (HSA) is then applied to resolve the model through continuous
iterations and communications between the upper and lower levels until an expected aim is achieved,
which can satisfy the aim demand of the upper and the lower levels at the same time. Finally, six
optimization scenarios are planned and selected in order to evaluate the performance of the bi-level
optimization strategy in the IEEE33 bus distribution system and the 69-bus distribution system, and
the optimized results show that the proposed method can effectively improve the grid-connected
capacity of DERs and their system performance, and are more flexible in facing a growing ambient
smart environment.

Keywords: distributed energy resources (DERs); dispatch; distribution network; bi-level optimiza-
tion; harmony search algorithm (HSA); smart environment

1. Introduction

With the gradual shortage of traditional fossil fuels and worsening environmental
issues, the exploration and utilization of renewable energy are becoming increasingly more
significant. Distributed energy resources (DERs), represented by wind energy, photovoltaic
(PV), controllable loads, and electric cars, can effectively alleviate the energy shortage and
provide green power to users in such a way that it has become an important development
direction in which to realize energy saving and emission reduction for electric power
systems [1]. As a clear energy, DERs are thought to possess the advantages of low pollution
emission, flexibility convenience, high reliability, etc., such that they can strengthen the
capabilities of distributed networks to resist natural disasters and other risks [2]. Hence,
DERs are advocated and grid connected in order to speed up the development of various
forms of renewable energies. However, at the same time, due to the stronger characteristics
of DERs, such as randomness, intermittence, smaller capacity, large quantity, and uneven
distribution, the complexities and uncertainties of the system increase, such as the power
flow direction, network loss, line blocking, voltage flicker, harmonic effect, etc., which make
system management difficult and block the large-scale grid connection of DERs. In China, a
micro-grid is often adopted for grid-connected DERs, which can effectively coordinate the
technical contradiction between the large power grid and diverse distributed generations
(DGs), and possesses certain energy management functions. However, a micro-grid often
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requires the local application of DGs and its users as its main control goal, being restricted by
geographical area, which makes the utilization of multi-area large-scale DGs and their scale
benefits in the power market limited. Active distribution networks are another effective
solution by which to achieve large-scale grid-connected operations of DGs, which can
extend the access radius of DERs to a certain extent, but the benefits that DGs offer to a large
power grid and the electricity market are not considered enough. However, the presentation
of a virtual power plant (VPP) provides new ways by which to solve the issue [3]. Just as
virtual utilities make use of emerging technologies to provide consumer-oriented electricity
services, a VPP does not change the grid-connected pattern of each DG, but aggregates all
types of DERs into an integrated entity to realize fully coordinated optimization through
advanced control, measurement, communication, and other technologies. Clearly, this
is more conducive to the rational allocation and utilization of DER resources. A VPP
emphasizes the functions and effects presented, which helps to modernize the concept of
operation and produces social and economic benefits, and the basic application scenario
of which is applicable to the electricity market. Simultaneously, the VPP, together with
DERs visualization, can greatly reduce the impact of grid-connected DG and the scheduling
difficulty brought about by DG growth, which makes the distribution management more
flexible and orderly, and the stability of the system’s operation is also ensured [4]. On the
other hand, with the help of advanced computers, communication, automation control, and
wide-area measurement technologies, a distributed grid can flexibly change its construction
to suit the grid-connected DERs managed by VPPs, such that the largest benefits possible
will be achieved. Thus, we can determine that the distributed grid possesses intelligence,
called a smart grid, and DERs (DGs) managed by VPPs also demonstrate human-like
behaviors. Of course, the key to realizing this technology lies in the dispatch algorithm
between the smart grid and VPPs.

1.1. Literature Review

For a conventional distributed network, to meet the larger-scale access requirements
of DGs, researchers have already conducted a number of studies and accumulated valued
experience. Yu and Zhang proposed an improved immune genetic algorithm (IMA) to
solve the problem of a distributed network structure with minimum grid loss as the aim,
wherein a probability selection method was proposed with a vectorial moment based on
ensuring the diversity of the solution space in [5]. An improved node-stratified forward-
backward sweep flow calculation was proposed to improve the adaptability of the power
flow algorithm pertaining to the change in network topology based on graph theory in [6].
The randomness of wind power output was considered and the randomness of the DGs
was also approximately treated using the scene partitioning method with probability in [7],
which effectively solved the influence of wind power random outputs on the distribution
network topology. However, the above studies only started with a single-aim function to
optimize the distribution network structure with minimum active power loss, and did not
consider multi-objective optimization, which led to serious defects in the comprehensive
indexes of the optimized systems. In [8], a genetic algorithm (GA) with self-adaptively
adjusted crossover and a mutation operator was applied to improve the performance of the
algorithm in the dynamic reconfiguration of the distribution network, but there still existed
some defects with longer iteration times. The outputs of DGs, together with their switching
states, were selected as objective functions, and the leapfrog algorithm was then applied
to optimize the distribution network structure in [9]. To a certain extent, the algorithm
easily solved the problem of trapping the local optimum, but it produced a large number
of infeasible solutions. In [10], Chen and Zhang proposed a self-adaptive multi-objective
particle swarm optimization algorithm based on Pareto. It could effectively expand the
search space and ensure the diversity of the solution vectors, but there were some defects
with larger calculation quantities. The above three investigations only considered the
distribution network configuration in terms of the algorithms and lacked a study of the
optimized issue itself. To avoid the generation of infeasible solutions, some scholars have
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started with the distribution network topology to search for effective simplified methods.
According to the characteristics of a distributed network, an effective coding method was
applied to allow the switches not in the loop to be normally open and not participate in the
process of optimization; thus, the distributed network topology was effectively simplified
in [11]. In [12], the divide-and-conquer method was applied based on the parallel tabu
search algorithm to expand the search space by providing diverse tabu lists for diverse
subspaces in the solution space. In [13], an optimization method combining loop group
searching and dividing ring substitution strategies together was proposed, which could
effectively reduce the search space and improve the efficiency of optimization. In [14], a new
bi-level optimization method was proposed based on the power moment and neighborhood
search, which could reduce the calculation amount and improve the feasibility of the
solutions. However, the above methods are only applicable to a simple network structure,
and cannot be used to solve the problem of infeasible solutions for complex multi-ring
networks. In addition, they do not consider the impact of the acceptable capacities of
DGs on the distribution network topology. To address these issues, Nasiraghdam and
Jadid regarded the distribution network topology and power configuration of DGs as
a nonlinear optimization aim, and applied the artificial bee colony (ABC) algorithm to
optimize the distribution network structure in [15]. In [16], a stepwise heuristic algorithm
and sensitivity index were adopted to realize the joint optimization of the distribution
network structure and DGs allocation. Although the above investigations consider the effect
of DG output on the distribution network structure, the installation sites of the DGs are still
not included in the optimization process, which leads to certain limitations. In other studies,
the optimization configuration of DGs only acted as a simple initial condition in the process
of distribution network configuration [17,18]. However, the impact of the interaction
between the acceptable capacity of DGs and the distribution network topology has not been
better reflected. In [19], the authors modeled Internet data center energy consumers based
on Internet services, but did not consider DG access. In [20], the development of an optimal
scheduling model that takes into account the charging behavior of electric vehicles and
consumer economics was presented; however, it does not take into account the network
topology of the distribution network. Mansouri, S.A. et al. proposed a new framework for
micro-grid scheduling and distribution feeder reconfiguration in [21]; however, there were
no DG locations and capacities included. In [22], the authors investigated the problem of the
distributed cooperative energy management of multiple energies; however, no description
of the distribution network topology was carried out.

1.2. Methodology and Organization of the Article

In view of the aforementioned shortcomings in existing DG access methods in dis-
tributed networks, which are static less than ideal, especially under VPP and smart grid
scenarios, this paper proposes a dual-layer optimization model for both distributed net-
work topology and DER configuration. In this model, the upper optimization model is
mainly aimed at improving the grid-connected capacities of the DGs, while the lower-level
optimization model mainly counters the optimization of distribution network topology.
During the iteration process, the upper and lower level optimization models communicate
and influence each other, such that the optimization process possesses stronger relevance,
i.e., this means that the optimization results of the upper and lower layer are transmitted
and transferred to each other in each iteration, until the desired result is ultimately achieved.
Thus, it can determine the optimal network structure and the best acceptable capacities
of the DGs, and better balance the optimizing aims of the upper and lower, such that the
established system possesses certain stability and safety. To solve the bi-level operation
model, we propose an improved harmony searching algorithm (HSA) to accelerate conver-
gence. The proposed optimized model takes into reliability and economy, ensuring the safe
and cost-effective operation of the distribution network; additionally, the grid-connected
capacities of the DGs are significantly improved, and the compatibility between the DGs
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and distributed network is greatly enhanced and especially suitable under a smart grid
environment.

2. Bi-Level Optimization Model
2.1. Upper-Level Aim Function

The fixed position and capacity of DERs or DGs can lead to problems such as the
DGs being unable to match the loads and excessive construction of DGs, which will affect
the acceptable capacities of DGs. Therefore, the upper optimization model is used as the
planning layer of the bi-level optimization model, primarily responsible for determining
the location and capacity of each DG. Its main purpose is to eliminate the disadvantage of
the optimization model for distribution network topology, which is used to improve the
acceptable capacities of the DGs but cannot ensure that DGs can access the distribution
network with maximum permitted capacity.

2.1.1. Determination of DG Position

DGs accessed distribution network will generate a non-negligible impact on the node
voltage of the system, such that each node-voltage level will change with the difference
of DG location accessed. In order to optimize the configuration of DGs and improve the
system voltage level, the locations and capacities of the grid-connected DGs should be
rationally balanced. The voltage stability index (VSI) is an indicator that reflects the voltage
stability of electric power systems, its magnitude can indicate whether the bus voltages are
good or bad. Therefore, VSI is used to determine the installation locations of the DGs in the
distribution network in this paper. Assume that there is a branch k as shown in Figure 1,
the VSI of which can be described by [23]

VSI(i+1) =
∣∣∣Vi

∣∣∣4 − 4(PLi+1Xk −QLi+1Rk)
2 − 4(PLi+1Rk + QLi+1Xk)

∣∣∣Vi

∣∣∣2, (1)

where PLi+1 and QLi+1 are active power and reactive power flowing into the (i + 1)th node,
respectively, Rk and Xk are the resistance and reactance of the branch k, and Vi expresses
the voltage of the node i.
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Figure 1. Typical branch of simple distribution network.

Based on the relevant knowledge of VSI, the locations of the DGs accessing the
distribution network can be determined by using the maximum variation of VSI as the
objective function by

f1 = ∆VSI = max
(

1−VSIi
1

)
i = 2, 3, . . . , Nbus (2)

The VSIi in (2) can be obtained through power flow calculations arranged in ascending
order, which can be used to rank the order of the nodes for DG configuration. If a node has
a higher VSI, the stability of the related node is better, so there is no necessary access DGs.
On the contrary, the stability of the node is worse, such that it is necessary to improve the
bus voltage stability by accessing DG.
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Each node voltage should satisfy the following constraints.

Vmin
i ≤ Vi ≤ Vmax

i i = 1, 2, · · · , Nbus, (3)

where Vmax
i and Vmin

i , respectively, are the upper and lower limits of the node i.

2.1.2. Determination of DG Capacity

As DGs access distribution network, the power flow direction in the system may
change. The branch loss of the system can be reduced by reasonably DGs accessed, however,
excessive DG capacities can have adverse effects, such as the reverse power flow, which
will lead to an increase in branch network loss. Hence, the sizes of the DGs accessed to
the distribution network possess larger impacts on system grid loss so as not to be able
to be ignored [24]. Therefore, in this paper, the grid-loss reduction amount is used as the
objective function to determine the capacity of each DG connected to the distribution grid.
As shown in Figure 2, let us assume that there is a branch k with its first node i and the last
one i + 1: if a DG is connected to any location in the distribution network, the power loss
after DG is connected can be expressed as [25].

PLoss =
Rk

V2
i

(
P2

k + Q2
k

)
(4)

PDG
Loss =

Rk

V2
i

(
P2

k + Q2
k

)
+

Rk

V2
i

(
P2

DG + Q2
DG − 2PkPDG − 2QkQDG

)(G
L

)
(5)
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Hence, the grid-loss reduction amount before and after the DG accessed can be ex-
pressed by

∆PDG
Loss =

Rk

V2
i

(
P2

DG + Q2
DG − 2PkPDG − 2QkQDG

)(G
L

)
, (6)

where ∆PDG
Loss is the power loss when DG is accessed to the distribution network, Pk and Qk

are the real power and reactive power flowing from node i, PDG and QDG are the real power
and reactive power supplied by DGs, Rk is the resistance of branch k, Vi is the voltage of
the node i, G is the distance from source to DG location, L is the distance from source to the
load node.

According to the above analysis, if ∆PDG
Loss is positive, the system grid loss will lessen

after DGs accessed, and will increase otherwise. Therefore, the maximum reduction amount
of grid loss before and after the DG accessed is used as the objective function to determine
the capacity of the DG connected to the distribution grid, which can be described by

f2 = max
(

∆PDG
Loss

)
(7)

In summary, the objective function of the upper optimization model consists of For-
mulas (2) and (7), which determine the acceptable capacity of the DG. The upper layer
optimization model considers the impact of the acceptable capacity of the DG on the distri-
bution network, effectively avoiding the disadvantage that the active power loss caused
by the maximum consumption of DG as the goal is not the optimal one. Additionally, it
provides a reasonable basis for the optimization of the lower-layer model.
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The constraint conditions of the DGs accessed to the network are{
0 ≤ PDG,n ≤ Pmax

DG,n n = 1, 2, · · · , NDG;

0 ≤ QDG,n ≤ Qmax
DG,n n = 1, 2, · · · , NDG;

, (8)

where Pmax
DG and Qmax

DG are the maximum active and reactive power of the DG accessed to
the distribution network.

2.2. Lower-Level Aim Function

The lower-level optimization model serves as the operational layer of the bi-level
optimization model. It optimizes distribution network topology based on the acceptable
capacities of the DGs provided by the planning layer. It then determines the optimal
topology of the distribution network and returns it to the planning layer as part of the
optimization objective function. Based on the relevant knowledge of distribution network
reconfiguration modeling, the establishment of the objective function is primarily the
aspects of economy and reliability. This includes reducing network loss, balancing load,
and improving voltage distribution. Therefore, the network loss together with the load
balance degree is considered to select as the optimized aim of the lower level for distribution
network reconfiguration. Assume that there is a branch k with the starting node i and the
end node i + 1 as shown in Figure 3, and the grid loss of the branch can be expressed by

PLoss(i, i + 1) = Rk
(P2

k + Q2
k)

|Vi|2
(9)
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Hence, the total grid loss before reconfiguration can be written by

PT,Loss =
n

∑
i=1

PLoss(i, i + 1), (10)

where PLoss is network loss of the branch k, and PT,Loss is total network loss before recon-
figuration, Pk and Qk are real power and reactive power flowing out of the node i, Rk is
resistance of the branch k, and Vi is the voltage of the node i.

Likewise, the network loss of the branch k after reconfiguration can be given by

P′Loss(i, i + 1) = Rk
(P′k

2 + Q′k
2)∣∣V′i ∣∣2 (11)

Thus, the loss after reconfiguration is written by

P′T,Loss =
n

∑
i=1

P′Loss(i, i + 1), (12)

where P′Loss is power loss of the branch k after reconfiguration, P′T,Loss is gross power loss
after reconfiguration, P′k and Q′k are real power and reactive power flowing out of the node
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i after reconfiguration, Rk is resistance of the branch k, and V′ is the voltage of the node i
after reconstruction.

The gross loss reduction amount before and after reconfiguration can be expressed by

∆PR
Loss =

n

∑
i=1

PT,Loss(i, i + 1)−
n

∑
i=1

P′T,Loss(i, i + 1), (13)

where ∆PR
Loss is the gross loss reduction amount before and after reconfiguration.

In terms of economy, the objective function is formulated to make the amount of
network loss reduction maximum. After standardization, the aim function can be written
by

f3 = max

(
∆PR

Loss
PT,Loss

)
(14)

On the other hand, for reliability, the objective function can be formulated to let the
variation of load balance maximum, which can be described by [26].

f4 = max

∣∣∣∣∣∣1−
Nb

∑
k=1

(
Sk

Smax
k

)2
∣∣∣∣∣∣
 = max

[∣∣∣∣∣1− Nb

∑
k=1

P2
k + Q2

k(
Smax

k
)2

∣∣∣∣∣
]

, (15)

where Sk and Smax
k , respectively, express complex power and maximum complex power

injecting into branches k, Pk, and Qk are active power and reactive power of sending end,
and Nb is the branches number of the systems.

The load balance does not have a simple positive correlation with network loss. This
means that network loss is not optimal when load balance is optimal, and vice versa.
Hence, the lower-level objective function selects both grid loss and load balance degree as
optimizing aims, which can be given by

F = w1 f3 + w2 f4 (16)

In addition, the following constraints must be satisfied during reconfiguration.

2.2.1. Power Flow Constraint
Pi −Vi

Nbus
∑

j=1
YijVj cos

(
δi − δj − θij

)
= 0 i = 1, 2, · · ·, Nbus

Qi −Vi

Nbus
∑

j=1
YijVj sin

(
δi − δj − θij

)
= 0 i = 1, 2, · · ·, Nbus

, (17)

where Pi and Qi are active and reactive power injecting into the node i, Vi and Vj are the
voltages of node i and node j, Yij is admittance between the node i and the node j, δi and
δj are voltage phase angle of the node i and j, and θij is admittance angle between the node
i and j.

2.2.2. Node Voltage Constraint

Vmin
i ≤ Vi ≤ Vmax

i i = 1, 2, · · ·, Nbus, (18)

where Vmin
i is the lower voltage limit of the node i, and Vi is the voltage of the node i, and

Vmax
i is the upper voltage limit of the node i.

2.2.3. Branch Current Constrain

0 ≤ Ik ≤ Imax
k k = 1, 2, · · ·, Nb, (19)
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where Ik is the current flowing through the branch k, and Imax
k is maximum permissible

current of the branch k.

2.2.4. Network Topology Constraint

The network topology remains unchanged before and after distribution network
reconfiguration; that is, gk ∈ G, wherein gk represents the network topology reconfigured,
and G is a set of all feasible radiant shape networks.

3. Coding Principle of Reconfiguration Ring

The distribution network consists of two types of switches: a large number of section
switches and a small number of tie switches. The operation mode of these switches is
described as a closed-loop design and open-loop operation. Based on the operation mode,
it is known that the distribution network can form a basic loop by closing a tie switch.
Additionally, the network can be maintained by disconnecting any section switches within
the loop. Hence, it is necessary to select reasonable coding methods in order to effectively
reduce the search space and improve the efficiency of problem-solving optimization.

3.1. Basic Ring Matrix

The basic ring in a distribution network is defined as a loop formed by one tie switch
and several section switches. The number of tie switches in the basic ring corresponds to
the number of basic rings in a distributed network. Taking the IEEE33 bus distribution
system as an example in Figure 4, the system consists of 32 section switches and 5 tie
switches, so it contains 5 basic rings.
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The basic ring matrix can be described by M = (Mij), i = 1,2, . . ., n, and j = 1,2, . . ., m,
wherein i stands for the number of the basic ring, and j represents the position of the section
switches in the branch of the basic ring. If the number of section switches in a basic ring is
less than the maximum value, the remaining elements are filled with 0. It is worth noting
that in most studies, the switches in a distribution network are not represented in the form
of a basic ring matrix. In this paper, the basic ring matrix is generated according to [27].
The basic ring matrix of the IEEE 33 bus distribution system is described by

M =


7 6 5 4 3 2 20 19 18 0 0 0 0 0 0 0 0 0 0 0 0
14 13 12 11 10 9 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
11 10 9 8 7 6 5 4 3 2 21 20 19 18 0 0 0 0 0 0 0
17 16 15 14 13 12 11 10 9 8 7 6 32 31 30 29 28 27 26 25 0
24 23 22 28 27 26 25 5 4 3 0 0 0 0 0 0 0 0 0 0 0


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3.2. Topology Simplification of Distribution Network

As the distribution network is reconfigured, the number of tie switches is equal to the
number of solutions, and the dimension of each solution vector is the same as the total
number of basic ring switches [25]. The traditional encoding method uses a binary encoding
rule, where a value of 1 represents a closed switch and a value of 0 represents an open
switch. With the increasing complexity of the distribution network topology, the number of
solution vectors will also increase, such that the search space will increase sharply with
geometric progression. Taking the IEEE 33 bus distribution system as an example, there
are a total of 37 switches, 32 section switches, and 5 tie switches, so there are 237 states that
exist in the search space. However, despite the multitude of switch states, many of them
are infeasible solutions involved in these switch states, which will seriously affect the speed
and quality of search optimization. Hence, it is crucial to simplify the distribution network
topology in order to address this issue.

This paper aims to simplify the distribution network topology by utilizing the relevant
knowledge of graph theory. Let us use G = (V, E) to express a graph, wherein V expresses
nodes and E represents edges, x is an arbitrary node in G, and the number of edges
associated with node x is denoted as the degree of x and expressed by d(x). Among them,
the number of edges injected into the node x is called indegree of x, and is represented by
d+(x). The number of edges flowing out the node x is called outdegree of x, and expressed
by d−(x).

Based on the related knowledge of graph theory and the structural characteristics of
the distribution network, the principle of topological simplification can be summarized as
follows.

• The branches directly connected to the power source node cannot be coded;
• For an independent branch that does not form a loop, if the switch related to it is

disconnected, an isolated island will be formed, and so it cannot be coded;
• Based on the knowledge related to node degree, close all the switches in the network.

Merge the branches between nodes where the sum of their indegrees and outdegrees
is less than or equal to 2 into one branch, which is denoted as a branch group.

3.3. Modification of Infeasible Solution

For infeasible solutions, there are two main ways applied to modify them. The first
approach is to reduce the probability of generating solution vectors that do not satisfy
the constraints by implementing effective coding rules. The second approach is to apply
relevant strategies to enhance the efficiency of generating feasible solutions that meet the
constraint conditions. In this paper, the first strategy is adopted to modify the infeasible
solutions, and the specific schemes are as follows.

• Only one branch can be disconnected for each basic ring, otherwise, an isolated island
will be formed;

• If multiple basic rings have included relationships, the basic ring with more section
switches will be disconnected first. Then, the rings will be broken up in order of their
size, with only one branch being disconnected in the public branch group, at most;

• If there are pairwise intersecting relationships between multiple basic rings, with each
ring having at least their basic rings, then there will be at least one closed branch in
the public branch group;

• If multiple basic rings simultaneously meet the above two conditions, and there is a
public branch disconnected between one basic ring and the remaining N-1 basic rings,
without including public branch sets of N basic rings, then it may be acceptable for
the disconnected branches to exist in the public branches of N basic rings.

4. Discussion
4.1. Improved Harmony Search Algorithm

Inspired by the process of musicians repeatedly adjusting the pitch of their instruments
and ultimately achieving a wonderful harmony, Geem et al. [28] proposed a new heuristic



Electronics 2023, 12, 4515 10 of 24

searching algorithm denoted as the harmony search algorithm (HSA). This algorithm pos-
sesses characteristics such as a simple structure, few parameters, and easy implementation,
making it widely applicable to various scenarios of global optimization [29,30]. The process
of the algorithm is described as follows.

1. Firstly, the HSA includes five parameters: harmony memory (HM), harmony memory
size (HMS), harmony memory considering rate (HMCR), pitch adjusting rate (PAR),
and bandwidth (bw);

2. To initialize the harmony memory, the matrix from HM can be expressed as shown in
(20), wherein x represents the randomly generated solution vector;

HM =


x1

1 x1
2 · · · x1

N−1 x1
N

x2
1 x2

2 · · · x2
N−1 x2

N
...

...
...

...
...

xHMS
1 xHMS

2 · · · xHMS
N−1 xHMS

N

 (20)

3. Improvise a new harmony: There are three main parameters involved in a new
generation of harmony vectors, i.e., HMCR, PAR, and bw. Assuming that the new
harmony is x′ =

[
x′1 x′2 · · · x′N

]
, and it is then generated below:

• Firstly, to generate a random number rand1 in the range of 0 to 1 following
uniformly distributed. If rand1 < HMCR, then the new solution is selected
from HM with the rate of HMCR, and denoted by x′i ← x′i ∈

{
x1

i , x2
i , · · · , xHMS

i
}

.
Otherwise, it is randomly selected from the outside of HM with the rate of
(1-HMCR), and denoted by x′i ← x′i ∈ Xi ;

• If the new solution x′i is selected from HM, that is, x′i ← x′i ∈
{

x1
i , x2

i , · · · , xHMS
i

}
,

then it randomly generates a number rand2 in the range of 0 to 1 following a
uniform. If rand 2 < PAR, the new solution will be generated according to
x′i = x′i ± rand2× bw. Otherwise, it will keep unchanged, that is, x′i = x′i .

4. Repeat the above steps until a completely new harmony vector is generated;
5. Update the harmony memory by comparing the fitness value of the new harmony

vector with the worst harmony vector in the HM, and if the fitness value of the new
harmony vector is better, it replaces the worst harmony vector; otherwise, the newly
generated harmony vector is removed from the HM;

6. Check the termination conditions. If the maximum number of iterations has not been
reached, repeat steps 3 and 4; otherwise, terminate the process.

In most of the literature, the parameters of HSA are fixed in advance, which can lead
to the algorithm getting stuck in local optimization [31]. Therefore, it is recommended
to dynamically adjust the relevant parameters during the iteration process to expedite
convergence. The proposed method for improvement is as follows.

1. Improvement of parameters: Based on the search mechanism of HSA, during the
early stage of optimization, it is recommended to select solution vectors in HM with a
larger HMCR and a small PAR, considering the larger search space, whereas in the
later period, with the solution vectors updated and the optimized space condensed,
the new solution vector in HM need to be selected with smaller HMCR and larger
PAR to prevent falling into local optimization. The parameters improvement can be
written by {

HMCRi = HMCRmax − α(HMCRmax − HMCRmin)
PARi = PARmin + α(PARmax − PARmin)

, (21)

α =
Fmax − Favg

Fmax − Fmin
, (22)

where Fmax is maximum fitness in HM, Fmin is minimum fitness in HM, Favg is the
average fitness in the whole HM.
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2. Judgment of local optimization. To enhance the accuracy of the optimization process,
more accurate, a local optimal judgment mechanism is added by

σ2 =
1

HMS

HMS

∑
i=1

(Fi − Favg)
2, (23)

where σ2 is the fitness variance of the solution vectors, Fi is the fitness of ith harmony,
and Favg is the average of fitness in the whole HM.

σ2 can reflect the degree of deviation between the fitness value of a specific harmony
and the expected fitness value. The larger it is, the more the deviation degree is, which
means it is easier to fall into the local optimization. On the contrary, it is more reasonable
for the optimization process.

4.2. Model Optimization Based on Improving HSA

To address the issues of improving the acceptable capacity of DG that is not included
in most existing distribution network reconfigurations involving DG, this paper proposes a
double-layer nested loop solution to optimize the distribution network reconfiguration. The
upper optimization model focuses on enhancing the acceptable capacity of DG and serves
as the planning layer responsible for making optimal decisions regarding the acceptable
capacity of DG. The lower layer optimization model primarily focuses on optimizing
the distribution network reconfiguration and serves as the operational layer responsible
for making optimal decisions regarding network topology. The dual-layer optimization
model is interactive, with the running layer utilizing the decision results transmitted by the
planning layer to optimize the topology. Simultaneously, the optimization of the acceptable
capacity of DG in the planning layer is based on the upward feedback from the decision
making in the running layer.

The bi-level optimization model proposed in this paper is a multi-constrained and
multi-objective optimization problem. It is optimized using the improved HSA, which
includes the optimization of both the network topology and the acceptable capacity of DG.
As explained in Section 3.2, the essence of distribution network reconfiguration lies in the
exchange of switching states between the normally opened tie switches and the normally
closed section switches. Hence, the optimized solution vectors consist of two parts. The
first part includes the switching states, while the second part comprises the locations and
capacities of the DGs. In a study by Mistry and Roy [32], the relationship between the
number of DGs connected to the distribution network and network loss was analyzed. It
was found that the rate of network loss reduction does not show a significant improvement
or may even decrease when the number of DGs connected to the system exceeds three.
Therefore, in this paper, a total of three DGs are selected to be connected to the distributed
network. Known from the above analysis, a solution vector can be constructed by

HMi =
[
Ti

1 Ti
2 Ti

3 · · · Ti
m Si

n1 Si
n2 Si

n3
]
; (24)

where Ti
m represents the position of the disconnected switch in the basic loop group with

the i-th solution vector and the m-th is basic loop group, and Si
n is the capacity of the DG

with the i-th DG in the n-th node.
All the solution vectors of the bi-level optimization model can be generated in accor-

dance with HMi, and must satisfy the constraint conditions of the upper and lower-layer
optimization models. Additionally, they should also satisfy the radial operating conditions of
the distributed network. The solution vectors of the entire optimization model are given by

HM =


T1

1 T1
2 · · · T1

m S1
n1 S1

n2 S1
n3

T2
1 T2

2 · · · T2
m S2

n1 S2
n2 S2

n3
...

...
...

...
...

...
...

TN
1 TN

2 · · · TN
m SN

n1 SN
n2 SN

n3

 (25)
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The concrete solving steps can be described in detail as follows.

1. Input the original data, preprocess them, and set up the parameters of the improved
HAS;

2. Determine the installation position and capacity of DGs according to the VSI and
∆PDG

Loss in the upper optimization model. These values are used as the solution vector
of the upper-level optimization model, save them and the topology of the distribution
network in HM;

3. Use the solution vector generated in step 2 as the initial value in the lower optimization
model. Then, apply the improved HSA to perform the lower-level optimization, which
will determine the new distribution network structure. Finally, update the HM with
the new information;

4. To determine the termination conditions, check if they are satisfied. If the conditions
are met, the iteration stops and proceeds to step 5. Otherwise, return to step 2;

5. Output the optimized solution vectors.

5. Examples

To verify the effectiveness of the bi-level optimal model proposed, we select the
IEEE 33-bus system and 69-bus system for application in this paper. The optimization
procedure utilized the improved HSA mentioned in Section 4, with specific parameters
set by HMS = 50, HMCRmax = 0.95, HMCRmin = 0.65, PARmax = 0.7, PARmin = 0.1,
w1 = 0.5, w2 = 0.5, and Itrmax = 300, wherein Itrmax is the maximum iteration times.

A dual-layer optimization model is presented in this paper from the mutual con-
nections between distributed grid reconfiguration and the DG allocation so as to win an
economic and reliable operation for the distributed grid. To validate this approach, the
optimization model is divided into six scenarios, as shown in Table 1. Among these sce-
narios, scenario 6 is particularly suitable for VPP and smart grid. In addition, in order to
comprehensively represent the load situations, the load levels are categorized into three
types using load level coefficients, that is, light, nominal, and heavy, respectively, 0.5, 1.0,
and 1.6. According to Section 4.2, three DGs are designed to be integrated into the system.

Table 1. Scenario division of the system.

Scenario Specific Division

Scenario 1 Original state without DGs and reconfiguration
Scenario 2 Only reconfiguration
Scenario 3 Only DG allocation
Scenario 4 DG allocation after reconfiguration
Scenario 5 Reconfiguration after DG allocation
Scenario 6 Dual-layer optimization

5.1. 33-Bus Test System

The 33-node system consists of 37 branches, with a system voltage of 12.66 kV and a
total load of 3715 kW + j2300kvar, and the system parameters and load data refer to [33].

The system is optimized under six scenarios and three different load levels using the
proposed improved optimization model. The optimized results are presented in Table A2 of
Appendix A. Taking the scenarios with a load level coefficient of 1.0 as examples, we observe
that in the original state, where no optimization measures are taken, the system experiences
a grid loss of 202.6471 kW and a minimum voltage magnitude of Vmin = 0.9133 p.u at
node 18. These results are consistent with those reported in [21,30], as shown in Table A2
of Appendix A. This confirms the correctness and effectiveness of the proposed method.

To further verify the dual-layer optimization model proposed possesses better effects
and performance, a detailed analysis is conducted from three aspects such as grid loss,
voltage level, and DG allocation below. Based on the active power loss and node voltage
level in the system, the results from Table A1 in Appendix A show that under nominal load
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with five different scenarios ranging from 2 to 6, the active power grid loss in the system
decreases sequentially as follows: 139.7431 kW, 92.2000 kW, 85.4004 kW, 67.9401 kW, and
65.4468 kW. The grid loss reduction rate gradually increases from 31.04% in scenario 2 to
67.70% in scenario 6. Additionally, the lowest node voltage magnitudes are recorded as
0.9378 p.u, 0.9738 p.u, 0.9599 p.u, 0.9747 p.u, and 0.9776 p.u. Clearly, the improvement
effects are more pronounced in scenario 6, which demonstrates that the method proposed
in this paper is more effective and practical compared with another four schemes.

From the perspective of the installed locations and capacities of the DGs, as shown
in Table 1, under nominal load, scenarios 1 and 2 do not consider the DGs accessing the
distributed grid. Therefore, our analysis primarily focuses on the optimization results
from scenario 3 to scenario 6. Accordance to Table A1 in Appendix A, in scenario 3, the
reactive node locations of the accessed DGs are 16, 18, and 31, with a total capacity of
2.0601 MW. In scenario 4, the aforementioned assess locations change into 18, 30, and 32,
with a total capacity of 1.2120 MW. Scenario 5 yields the same results as scenario 3, while in
scenario 6, the node positions of the accessed DGs change to 17, 30, and 31, with a total
capacity of 2.1672 MW. From this perspective, scenario 6 has the highest accessed capacity
for DGs, with a permeability rate of 58.34%. This high permeability rate indicates that DGs
are effectively accessing the distribution network. Obviously, the proposed optimization
method can effectively enhance the installed capacity of DGs accessing the distribution
network. As a result, the locations where the DGs are installed become more reasonable
and feasible compared to other scenarios.

In addition, from Table A1 in Appendix A, we can clearly see that the results obtained
in scenario 3 are significantly better than those in scenario 2. The reason for this is that
the assessed DGs directly contribute to offsetting a portion of the system loads, while
distribution network reconfiguration only indirectly reduces the flow of system loads.
When comparing scenario 3 with scenario 4, we observe that in scene 4, although the size
of the accessed DGs is slightly higher than half of that in scenario 3, there are still lower
grid loss and satisfactory voltage levels. This indicates that the role of distribution network
reconfiguration should not be ignored. However, in scenario 5, the comprehensive indexes
obtained are significantly better than those in scenario 4, even though both scenarios
consider DG allocation and reconfiguration strategies. The reason for this difference lies
in the implementation of different optimizing orders, leading to different desired aims.
In practice, under the arrangement, the aim of the latter to be evolved is to expect to
obtain one excellent topology to lessen the size of the DGs as soon as possible, and the
one of the former is to obtain the optimal size of the DGs accessed under the current
network topology. Clearly, at the moment, if we do not consider distribution network
reconfiguration in scenario 5, the results should be the same as those in scenario 3. However,
we also observe a significant drawback in scenario 5, which is that the optimized allocation
of the DGs is only suitable for the current topology. Therefore, if the network topology
changes, it may not always be suitable for the current network topology. However, this
drawback is better addressed in scenario 6, resulting in more ideal results.

The analysis conducted on the optimization results, aiming at a load coefficient of 1.0
as mentioned above, reveals that this can be achieved by considering load coefficients of 0.5
and 1.6, respectively, as shown in Table A1 of Appendix A. From the analysis results, it is
evident that the proposed dual-layer optimization model, namely scenario 6, exhibits better
performance and provides a more effective scheme for distribution network reconfiguration,
thereby improving the acceptable capacities of the DGs.

Figures 5–7 show the distribution of node voltage magnitude in the system under
three different load levels. Each figure includes six scenarios for each load level.
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Figure 5. Voltage profile of 33-bus distribution at light load (0.5).
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Figure 7. Voltage profile of 33-bus distribution at heavy load (1.6).

From Figures 5–7, it is evident that the node voltage deviation is larger in scenario
1 or 2. The main reason for this is that scenario 1 does not implement any optimization
measures, while scenario 2 only considers reconfiguration. On the other hand, the node
voltage deviation is relatively small in scenario 3, as it utilizes DG configuration to optimize
the distribution network. However, in this situation, the system’s permeability rate reaches
55.45%, indicating that the capacity of the accessed DGs is larger.

In scenarios 4 and 5, both distribution grid reconfiguration and DG configuration are
considered in the optimization strategy. However, only in simple order, and the mutually
dynamic connections are not fully balanced. In scenario 4, the permeability rate of the DGs
is only 32.62%, which is a reduction of 22.83% compared to scenario 3. As a result, node-
voltage deviation in scenario 4 is larger than in scenario 3. In scenario 5, the optimization
allocation of DGs is considered first, without involving distribution grid reconfiguration.
Then, more attention is given to distribution grid reconfiguration. This approach results in
a permeability rate of 55.45%. Hence, the voltage enhancement effect in scenario 5 is better
than in scenarios 3 and 4.
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In scenario 6, the dual-layer optimization model proposed in this paper is applied,
such that the voltage distribution of the system is more ideal and stable than the other five
scenarios, the reasons lie in that it considers a mutually restrictive relationship between
distribution grid reconfiguration and DGs optimization configuration. This demonstrates
the effectiveness of the proposed optimization model in addressing the issue of larger node
voltage deviation in the system.

In order to further illustrate the superiority of the dual-layer optimization model, a
comparison of results is conducted with a load level coefficient of 1.0. This comparison is
between the method proposed in this paper and two other methods achieved in [25,34].
The relevant results can be found in Table A2 of Appendix A. The studies conducted by
Srinivasa [25] and Rajaram [30], respectively, applied the modified plant growth simulation
algorithm (MPGSA) and the harmony search algorithm (HSA) to optimize the distribution
networks. Five types of scenarios were selected for the optimization. It is important to note
that in these investigations, scenario 5 only considers the locations and capacities of the
DGs and the distribution grid reconfiguration. It does not reflect the mutually restrictive
relationship between them.

From Table A2 in Appendix A, it can be observed that, except for scenario 1, the system
demonstrates better performance in terms of grid loss, node voltage, and DG allocation
under the remaining five scenarios when the method proposed in this paper is adopted.
This indicates that the proposed model is a more scientific, reasonable, and effective method
for distributed gird reconstruction that includes DGs.

Furthermore, in order to validate the effectiveness of the IHSA compared to the
traditional HSA, both algorithms were applied to the IEEE 33 bus distribution system for
comparative analysis. The parameter values for the IHSA remain the same as mentioned
above, while the parameter values for the HSA are as follows: HMS = 50, HMCR = 0.90,
PAR = 0.4, and Itrmax = 300. Finally, both algorithms were applied to scenario 6 with a load
level coefficient of 1.0 to compare and analyze their optimization performance, as shown in
Table 2 and Figure 8.

Table 2. Comparison of the results of 33 bus distribution network with different algorithms.

Algorithm Reconfiguration
Results

Active Power
Loss (kW)

The Minimum
Voltage

(p.u)
Iteration Times

HSA [7 13 10 32 28] 65.8501 0.9721 79
IHSA [7 13 10 32 27] 65.4468 0.9776 63
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Figure 8. Convergence comparison of two algorithms in 33-bus distribution network.

As observed from Table 2 and Figure 8, it is evident that the IHSA exhibits signifi-
cantly better convergence effects compared to the HSA, which can converge to the optimal
solution with a smaller number of iterations at 63 times, whereas the HSA requires 79 times
iteration before convergence, and the optimization result is not the optimal solution. Addi-
tionally, the HAS results in relatively high active power loss due to getting trapped in the
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local optimum, preventing it from converging to the optimal solution. Hence, the IHSA
demonstrates higher optimization efficiency and superior optimization performance.

5.2. 69-Bus Test System

To further showcase the versatility of the proposed bi-level optimization model, it
is implemented on a larger scale radial distribution system (69-bus system). This system
comprises 69 nodes and 73 branches. Similar to the 33-bus system, the system consists of
68 section switches (1–68) and 5 tie switches (69–73), as depicted in Figure 9. The system
operates at a voltage of 12.66 kV and has a total load of 3802.19 + j2694.60kVA. The system
parameters and load data can be found in ref. [35].
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Figure 9. PG&E 69-bus distribution system.

Similar to the 33-bus system, the test system in question is also optimized under six
different scenarios and three distinct load levels. The optimization results can be found in
Table A3 of Appendix A. Through an analysis of the three key aspects of grid loss, voltage
level, and acceptable capacities of the DGs, it is evident that scenario 6 possesses better
performance in reducing power loss and increasing the size of DGs compared to the other
five scenarios. Additionally, the node-voltage distribution in scenario 6 is more ideal and
stable compared to the other five scenarios, as illustrated in Figures 10–12.
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Figure 10. Voltage profile of 69-bus distribution at light load (0.5).
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Figure 11. Voltage profile of 69-bus distribution at nominal load (1.0).
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In addition, to further demonstrate the superiority of the proposed bi-level optimiza-
tion model for distribution network reconfiguration in enhancing the acceptable capacities
of the DGs, the results are compared with the [25] as shown in Table A4 of Appendix A. It
is evident from the table that the proposed bi-level optimization model is better than the
ones of GA and RGA in terms of solution quality across all scenarios. Meanwhile, it can
be seen from Table 3 and Figure 13 that the convergence effect of IHSA that applied to the
69-bus system also can be obviously better than that of HAS.

Table 3. Comparison of the results of 69-node reconstruction with different algorithms.

Algorithm Reconfiguration
Results

Active Power
Loss (kW)

The Minimum
Voltage

(p.u)
Iteration Times

HSA [69 70 12 50 47] 39.4354 0.9747 131
IHSA [69 70 12 50 44] 39.2642 0.9768 117
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Based on the two aforementioned examples, it is evident that the bi-level optimization
model proposed in this paper is applicable to both small-scale distribution networks and
large-scale distribution networks. In particular, it is more dramatic for the numerous
large-size heavy-load distributed networks in China to realize energy saving and emission
reduction. At the same time, it can show better performance and achieve better results in
all aspects. This shows that the proposed dual-layer optimization model is feasible and
scientific, and could be used to solve the complicated DG allocation issue in distributed
networks, especially under smart environments.

6. Conclusions

This paper proposes a bi-level optimization model that simultaneously addresses the
distributed network topology and grid-connected capacity of DG under the VPP and smart
grid. The model fully considers the interactive correlation between them, allowing for
cyclic iterative optimization to obtain the optimal solution that includes both the network
topology and the maximum grid-connected capacities of DGs. It should be pointed out that
the optimized results obtained from this model are indeed superior to those of traditional
methods. This is because the model considers a larger solution space, which possibly
leads to inadaptability in applications. However, with the advancements in VPP and
smart grid technologies, these concerns will gradually be dispelled. In addition, the two-
level optimization model presented in this paper is highly inclusive, which can also be
applied as a traditional model, i.e., a single-layer optimization model, by keeping one of the
upper or lower models unchanged during optimization, whereas the results obtained by
bi-layer optimization can be used as the desired values to evaluate them, and so it possesses
significant theoretical reference value. From an algorithmic perspective, this paper divides
the entire problem-solving space into two stages based on different desired goals. This
approach is similar to the back/forward sweep method used in the power flow algorithm
for radial power networks under the known initial end voltage and terminal power. By
doing so, the convergence and effectiveness of the algorithm can be significantly enhanced.
Moreover, the presented bi-level optimization model may be much easier to apply by
implementing some limitations on upper and lower-layer aim functions or changing them
since it tightens solution space by releasing some free variables, this is quite important
to facilitate large-scale applications of DERs from reality technique basis and application
preference. The proposed bi-level optimization model fully harnesses the potential of a
distributed network to achieve maximum energy conservation and emission reduction. It
also serves as a valuable theoretical and technical reference for other similar optimization
problems. In this paper, we have conducted extensive research on the optimal scheduling
of DGs and have obtained significant research outcomes. Nevertheless, there exist certain
constraints. The bi-level optimization model proposed for scheduling is a result of research
conducted under ideal conditions. When simultaneous scheduling of both upper and
lower layers is performed, this model enhances the optimization of distribution network
topology, alongside the determination of DGs’ location and capacity. This, however, results
in significant computational demands, posing challenges for practical implementation.
Moreover, the algorithm produces refined optimization results, serving as a valuable
benchmark for assessing the performance of alternative algorithms. In the upcoming phase
of our research, we will explore the feasibility of implementing this algorithm in real-world
engineering applications.
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Appendix A

Table A1. Simulation results of 33-bus system.

Scenario Item
Load Level

Light (0.5) Nominal (1.0) Heavy (1.6)

Base Case
(Scenario 1)

Switches
Opened 33, 34, 35, 36, 37 33, 34, 35, 36, 37 33, 34, 35, 36, 37

Power Loss (kW) 47.0644 202.6471 575.2623
Minimum

Voltage (p.u) 0.9584 0.9133 0.8532

Only
Reconfiguration

(Scenario 2)

Switches
Opened 7, 14, 9, 32, 37 7, 14, 9, 32, 37 7, 14, 9, 32, 37

Power Loss (kW) 33.2513 139.7431 380.2175
Minimum

Voltage (p.u) 0.9698 0.9378 0.8967

Loss Reduction
(%) 29.35 31.04 33.91

Only DG
Installation
(Scenario 3)

Switches
Opened 33, 34, 35, 36, 37 33, 34, 35, 36, 37 33, 34, 35, 36, 37

Size of DG (MW)
(Candidate Bus)

0.3375 [bus 16]
0.1079 [bus 18]
0.5826 [bus 31]

0.6781 [bus 16]
0.2170 [bus 18]
1.1650 [bus 31]

1.0850 [bus 16]
0.3440 [bus 18]
1.9286 [bus 31]

Power Loss (kW) 22.2786 92.2000 247.5140
Minimum

Voltage (p.u) 0.9873 0.9738 0.9580

Loss Reduction
(%) 52.66 54.50 56.97

DG Installation
after

Reconfiguration
(Scenario 4)

Switches
Opened 7, 14, 9, 32, 37 7, 14, 9, 32, 37 7, 14, 9, 32, 37

Size of DG (MW)
(Candidate Bus)

0.0936 [bus 18]
0.3380 [bus 30]
0.1756 [bus 32]

0.1798 [bus 18]
0.6786 [bus 30]
0.3536 [bus 32]

0.2725 [bus 18]
1.0837 [bus 30]
0.5526 [bus 32]

Power Loss (kW) 20.6288 85.4004 228.6926
Minimum

Voltage (p.u) 0.9805 0.9599 0.9333

Loss Reduction
(%) 56.17 57.86 60.25

Reconfiguration
after DG

Installation
(Scenario 5)

Switches
Opened 7, 12, 10, 32, 28 7, 12, 10, 32, 28 7, 12, 10, 32, 28

Size of DG (MW)
(Candidate Bus)

0.3375 [bus 16]
0.1079 [bus 18]
0.5826 [bus 31]

0.6781 [bus 16]
0.2170 [bus 18]
1.1650 [bus 31]

1.0850 [bus 16]
0.3440 [bus 18]
1.9286 [bus 31]

Power Loss (kW) 16.5002 67.9401 180.4301
Minimum

Voltage (p.u) 0.9876 0.9747 0.9597

Loss Reduction
(%) 64.94 66.47 68.64
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Table A1. Cont.

Scenario Item
Load Level

Light (0.5) Nominal (1.0) Heavy (1.6)

Bi-level
Optimization

Model
(Scenario 6)

Switches
Opened 7, 12, 10, 32, 27 7, 13, 10, 32, 27 7, 13, 10, 32, 26

Size of DG (MW)
(Candidate Bus)

0.3619 [bus 17]
0.4125 [bus 30]
0.3314 [bus 31]

0.6825 [bus 17]
0.7927 [bus 30]
0.6920 [bus 31]

1.1112 [bus 17]
1.4301 [bus 30]
1.2312 [bus 31]

Power Loss (kW) 15.9349 65.4468 177.6714
Minimum

Voltage (p.u) 0.9881 0.9776 0.9642

Loss Reduction
(%) 66.14 67.70 69.11

Table A2. Comparison of simulation results of 33-bus system.

Scenario Item

Method Comparison

The Proposed
Method MPGSA (30) HAS (21)

Base Case
(Scenario 1)

Switches
Opened 33, 34, 35, 36, 37 33, 34, 35, 36, 37 33, 34, 35, 36, 37

Power Loss (kW) 202.6471 202.67 202.67
Minimum

Voltage (p.u) 0.9133 0.9052 0.9131

Only
Reconfiguration

(Scenario 2)

Switches
Opened 7, 14, 9, 32, 37 7, 14, 9, 32, 37 7, 14, 9, 32, 37

Power Loss (kW) 139.7431 139.5 138.06
Minimum

Voltage (p.u) 0.9378 0.9343 0.9342

Loss Reduction
(%) 31.04 31.17 31.88

Only DG
Installation
(Scenario 3)

Switches
Opened 33, 34, 35, 36, 37 33, 34, 35, 36, 37 33, 34, 35, 36, 37

Size of DG (MW)
(Candidate Bus)

0.6781 [bus 16]
0.2170 [bus 18]
1.1650 [bus 31]

0.1058 [bus 17]
0.5900 [bus 18]
1.0812 [bus 31]

0.5724 [bus 17]
0.1070 [bus 18]
1.0462 [bus 33]

Power Loss (kW) 92.2000 95.42 96.76
Minimum

Voltage (p.u) 0.9738 0.9585 0.9670

Loss Reduction
(%) 54.50 52.92 52.26

DG Installation
after

Reconfiguration
(Scenario 4)

Switches
Opened 7, 14, 9, 32, 37 7, 9, 13, 32, 37 7, 14, 9, 32, 37

Size of DG (MW)
(Candidate Bus)

0.1798 [bus 18]
0.6786 [bus 30]
0.3536 [bus 32]

0.2469 [bus 30]
0.1795 [bus 31]
0.6645 [bus 32]

0.6612 [bus 30]
0.1611 [bus 31]
0.2686 [bus 32]

Power Loss (kW) 85.4004 92.87 97.13
Minimum

Voltage (p.u) 0.9599 0.9482 0.9479

Loss Reduction
(%) 57.86 54.18 52.07
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Table A2. Cont.

Scenario Item

Method Comparison

The Proposed
Method MPGSA (30) HAS (21)

Reconfiguration
after DG

Installation
(Scenario 5)

Switches
Opened 7, 12, 10, 32, 28 - -

Size of DG (MW)
(Candidate Bus)

0.6781 [bus 16]
0.2170 [bus 18]
1.1650 [bus 31]

-
-
-

-
-
-

Power Loss (kW) 67.9401 - -
Minimum

Voltage (p.u) 0.9747 - -

Loss Reduction
(%) 66.47 - -

Scenario 6

Switches
Opened 7, 13, 10, 32, 27 7, 14, 10, 28, 31 7, 14, 10, 28, 32

Size of DG (MW)
(Candidate Bus)

0.6825 [bus 17]
0.7927 [bus 30]
0.6920 [bus 31]

0.6311 [bus 18]
0.5568 [bus 32]
0.5986 [bus 33]

0.5586 [bus 31]
0.5258 [bus 32]
0.5840 [bus 33]

Power Loss (kW) 65.4468 72.23 73.05
Minimum

Voltage (p.u) 0.9776 0.9724 0.9700

Loss Reduction
(%) 67.70 64.36 63.59

Table A3. Simulation results of 69-bus system.

Scenario Item
Load Level

Light (0.5) Nominal (1.0) Heavy (1.6)

Base Case
(Scenario 1)

Switches
Opened 69, 70, 71, 72, 73 69, 70, 71, 72, 73 69, 70, 71, 72, 73

Power Loss (kW) 51.9403 226.4735 656.9548
Minimum

Voltage (p.u) 0.9566 0.9089 0.8440

Only
Reconfiguration

(Scenario 2)

Switches
Opened 69, 70, 14, 50, 45 69, 70, 14, 50, 44 69, 70, 14, 50, 45

Power Loss (kW) 24.0431 100.9662 275.8305
Minimum

Voltage (p.u) 0.9721 0.9425 0.9044

Loss Reduction
(%) 53.71 55.42 58.01

Only DG
Installation
(Scenario 3)

Switches
Opened 69, 70, 71, 72, 73 69, 70, 71, 72, 73 69, 70, 71, 72, 73

Size of DG (MW)
(Candidate Bus)

0.1156 [bus 27]
0.6398 [bus 50]
0.2180 [bus 55]

0.2606 [bus 27]
1.3796 [bus 50]
0.4686 [bus 55]

0.4155 [bus 27]
1.9835 [bus 50]
0.6520 [bus 55]

Power Loss (kW) 19.4053 76.4004 218.4006
Minimum

Voltage (p.u) 0.9815 0.9659 0.9346

Loss Reduction
(%) 62.64 66.27 66.76
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Table A3. Cont.

Scenario Item
Load Level

Light (0.5) Nominal (1.0) Heavy (1.6)

DG Installation
after

Reconfiguration
(Scenario 4)

Switches
Opened 69, 70, 14, 50, 45 69, 70, 14, 50, 44 69, 70, 14, 50, 45

Size of DG (MW)
(Candidate Bus)

0.2560 [bus 48]
0.5260 [bus 50]
0.1809 [bus 51]

1.1316 [bus 48]
0.5424 [bus 50]
0.3610 [bus 51]

1.5148 [bus 48]
0.9589 [bus 50]
0.6570 [bus 51]

Power Loss (kW) 10.0542 44.1955 113.2081
Minimum

Voltage (p.u) 0.9876 0.9736 0.9540

Loss Reduction
(%) 80.64 80.49 82.77

Reconfiguration
after DG

Installation
(Scenario 5)

Switches
Opened 69, 70, 14, 51, 45 69, 70, 14, 52, 45 69, 70, 14, 51, 45

Size of DG (MW)
(Candidate Bus)

0.1156 [bus 27]
0.6398 [bus 50]
0.2180 [bus 55]

0.2606 [bus 27]
1.3796 [bus 50]
0.4686 [bus 55]

0.4155 [bus 27]
1.9835 [bus 50]
0.6520 [bus 55]

Power Loss (kW) 9.9789 39.6613 107.9193
Minimum

Voltage (p.u) 0.9854 0.9726 0.9502

Loss Reduction
(%) 80.79 82.49 83.57

Bi-level
Optimization

Model
(Scenario 6)

Switches
Opened 69, 70, 12, 50, 46 69, 70, 12, 50, 46 69, 70, 12, 50, 44

Size of DG (MW)
(Candidate Bus)

0.7650 [bus 50]
0.1296 [bus 53]
0.1236 [bus 54]

1.5193 [bus 50]
0.2536 [bus 53]
0.2680 [bus 54]

2.3369 [bus 50]
0.3551 [bus 53]
0.5054 [bus 54]

Power Loss (kW) 9.6358 39.2642 102.8482
Minimum

Voltage (p.u) 0.9887 0.9768 0.9600

Loss Reduction
(%) 81.45 82.66 84.34

Table A4. Comparison of simulation results of 69-bus system.

Scenario Item

Method Comparison

Proposed
Method GA RGA

Scenario 2

Switches Opened 69, 70, 14, 50, 44 69, 18, 13, 56, 61 69, 17, 13, 55, 61
Power Loss (kW) 100.9662 99.35 100.28

Minimum Voltage (p.u) 0.9425 0.9428 0.9428
Loss Reduction (%) 55.42 55.85 55.42

Scenario 3

Switches Opened 69, 70, 71, 72, 73 69, 70, 71, 72, 73 69, 70, 71, 72, 73
Size of DG (MW) 2.1088 1.7732 1.7868
Power Loss (kW) 76.4004 86.77 87.65

Minimum Voltage (p.u) 0.9659 0.9677 0.9678
Loss Reduction (%) 66.27 61.43 61.04

Scenario 4

Switches Opened 69, 70, 14, 50, 44 69, 18, 13, 56, 61 69, 17, 13, 55, 61
Size of DG (MW) 2.0350 1.8448 1.6396
Power Loss (kW) 44.1955 51.30 52.34

Minimum Voltage (p.u) 0.9736 0.9619 0.9611
Loss Reduction (%) 80.49 77.20 76.73

Scenario 6

Switches Opened 69, 70, 12, 50, 46 69, 17, 13, 58, 61 10, 16, 14, 55, 62
Size of DG (MW) 2.0409 1.8718 2.0654
Power Loss (kW) 39.2642 40.30 44.23

Minimum Voltage (p.u) 0.9768 0.9736 0.9742
Loss Reduction (%) 82.66 82.08 80.32
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