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Abstract: In the dynamic optimization problem of the distribution network, a dynamic reconstruction
method based on a stochastic probability model and optimized beetle antennae search is proposed.
By implementing dynamic reconstruction of distributed energy distribution networks, the dynamic
regulation and optimization capabilities of the distribution network can be improved. In this study,
a random probability model is used to describe the uncertainty in the power grid. The beetle
antennae search is used for dynamic multi-objective optimization. The performance of the beetle
antennae search is improved by combining it with the simulated annealing algorithm. According
to the results, the optimization success rate of the model was 98.7%. Compared with the discrete
binary particle swarm optimization algorithm and bacterial foraging optimization algorithm, it
was 9.3% and 26.1% faster, respectively. For practical applications, this model could effectively
reduce power grid transmission losses, with a reduction range of 16.7–18.6%. Meanwhile, the
charging and discharging loads were effectively reduced, with a reduction range of 16.2–19.7%.
Therefore, this method has significant optimization effects on actual power grid operation. This
research achievement contributes to the further development of dynamic reconstruction technology
for distribution networks, improving the operational efficiency and stability of the power grid. This
has important practical significance for achieving green and intelligent operation of the power system.

Keywords: distribution network optimization; multi-objective optimization; beetle antennae search
algorithm; simulated annealing algorithm

1. Introduction

To address issues such as energy scarcity and environmental degradation, and to
implement the sustainable development resource strategy, China is striving for energy
transformation, building an energy supply and demand system centered on new energy
sources such as solar and wind energy, and transitioning towards a renewable energy power
system [1,2]. The power system can be divided into power generation, transformation,
transmission, distribution, and consumption parts. As an intermediate link between the
transmission system and users, the distribution network needs to ensure the reliability
and quality of power supply. Unlike the transmission network, its voltage level is lower,
resulting in greater network losses. Traditional distribution networks generally adopt
closed-loop design and open-loop operation, with little active control over steady-state
distribution networks [3]. Therefore, traditional distribution networks are also known as
passive distribution networks. With the large-scale integration of distributed generation
into the distribution network, system uncertainty and correlation factors have surged,
posing higher requirements for research on distribution network reconstruction. The
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traditional static reconstruction of distribution networks only takes into account the real-
time changes in system load under a single time section, so it is necessary to study the
dynamic reconstruction problem of the continuous changes in system load throughout the
entire continuous period [4]. Meanwhile, for distribution network systems that incorporate
distributed energy, the dynamic optimization problem is extremely critical [5]. The dynamic
reconstruction of the distribution network can effectively improve the operational efficiency
of the power grid, reduce energy losses, and enhance the robustness of the power grid.
However, it also involves multiple conflicting goals, such as the stability, efficiency, and
reliability of the power grid.

The BAS algorithm, as an emerging optimization algorithm, has received widespread
attention and application due to its excellent search ability and global optimization perfor-
mance [6]. However, the BAS often faces problems such as slow convergence speed, low
search efficiency, and susceptibility to becoming stuck in local optima when dealing with
practical problems. Therefore, this study uses the simulated annealing (SA) algorithm to
improve it to better serve the dynamic reconstruction problem of distribution networks. A
stochastic probability model-based optimized BAS is proposed to solve the multi-objective
dynamic reconstruction problem of distribution networks containing distributed energy.
The random probability model and SA are introduced to improve the search efficiency
and global optimization ability of the BAS. Meanwhile, considering the multi-objective
nature of the distribution network, a suitable objective function is constructed to achieve
comprehensive optimization of multiple objectives such as power grid stability, efficiency,
and reliability.

There are three main aspects of innovation in research. Firstly, a random probabil-
ity model is used to describe the uncertainty in the distribution network. Secondly, by
constructing appropriate objective functions, the comprehensive optimization of multi-
objective dynamic reconstruction problems in distribution networks can be achieved.
Thirdly, the improved BAS is applied to the dynamic reconstruction problem of distribution
networks containing distributed energy, which is an important extension of the applica-
tion field for the BAS. This study provides an effective method and tool for solving the
multi-objective dynamic reconstruction problem of distribution networks and provides
theoretical support and technical support for the rational utilization of distributed energy
and the optimized operation of the power grid. This study is divided into four parts. The
first part summarizes the research on distribution network optimization and MOO. The
second part is the implementation of the method proposed in this study. The third part
validates the proposed method. The fourth part summarizes the research content.

2. Related Works

Distribution network optimization is a key technology for improving the performance
and efficiency of power systems. Its main goal is to enhance the power system efficiency,
reduce operating costs, and enhance system stability, reliability, and environmental pro-
tection by optimizing design and operational control. Yan M et al. proposed a dual-layer
network constrained energy transmission model to optimize energy transmission in mul-
tiple microgrids, providing multiple distributed algorithms to obtain equilibrium. The
effectiveness and practicality of this method was verified [7]. Singh P et al. proposed a two-
layer optimization model for the optimal allocation problem of wind turbines and battery
energy storage systems, aiming to maximize the renewable energy carrying capacity of the
system. They used an improved African BAS. The optimization model and the improved
African BAS could effectively improve the performance of active distribution systems [8].
Zhang Y et al. proposed a model-free optimization method based on multi-agent deep
reinforcement learning for voltage reactive power optimization problems in unbalanced
distribution systems. A carefully designed reward function guided the interaction between
agents and distribution systems to simultaneously enhance voltage regulation and reduce
energy loss. Numerical simulations verified the excellent performance of this method in
voltage regulation and energy loss reduction [9]. Shaheen M A M et al. applied a hybrid



Processes 2024, 12, 395 3 of 18

method of grey wolf optimization and particle swarm optimization (PSO) to the optimal
reactive power scheduling problem in power networks. PSO was integrated with grey wolf
optimization to improve the performance. The reliability of the hybrid model in finding
the global optimal solution was verified [10]. M. S. Javed et al. proposed an optimization
method based on an energy storage strategy for the optimization of the renewable energy
power supply system in remote islands, considering the economy at the same time. The
simulation experiment results proved the effectiveness of the optimization method [11]. M.
Sarwar et al. proposed a method based on a hybrid group optimization strategy to solve
the network congestion problem of the power system. Through the combination of particle
swarm optimization and linear decreasing population technology, simulation experiment
results proved its mitigation ability for grid congestion [12]. Q. Hassan proposed a power
grid evaluation and optimization scheme based on an off-grid grid connection mode to
solve the cost control problem of conventional household photovoltaic systems. The simu-
lation results showed that this method effectively improved the quality of power grids and
reduced energy costs [13].

Multi-objective optimization problem is an important field in the field of optimization,
which involves finding the optimal solution when considering two or more conflicting
objectives. This problem is very common in practical life, such as in engineering design,
economic decision-making, resource allocation, etc. In MOO problems, there are usually
multiple objective functions that are often contradictory or conflicting with each other. For
example, in mechanical design, the performance, cost, and durability of the product may be
considered simultaneously. However, improving product performance may increase costs
or reduce durability, which is a typical feature of MOO. Abdullah Zadeh et al. developed
an MOO solution based on Harris Hawks and Fruitfly optimization for feature selection
problems in data mining. It had a promising performance on the dataset [14]. Ma H
et al. proposed a multi-stage evolutionary algorithm for MOO problems with complex
constraints. The proposed algorithm performed better than several advanced constrained
multi-objective evolutionary algorithms when dealing with MOO problems with complex
constraints [15]. Wei W et al. modeled the challenges of safety, mobility, environment, and
spatial limitations in modern transportation as an MOO problem aimed at maximizing
acceptance rates and minimizing provider cloud costs. The simulation results indicated
that this method outperformed previous methods in terms of performance [16]. Wang
F et al. proposed a new prediction method for dynamic MOO problems. The Gaussian
mixture model was combined with the MOEA/D framework to predict new Pareto sets
when changes occurred. Experimental results showed that this method performed better in
most cases [17]. Zhang D et al. proposed an MOO model that reflected the interests and
preferences of multiple parties for the coordinated implementation of demand response
technology and dynamic energy prices in intelligent integrated energy systems. The case
study validated the effectiveness of this method [18]. Aiming at the problem that the high-
pressure side performance of the pump wheel could be easily affected by environmental
factors, Y. Qin et al. proposed a multi-objective optimization design scheme, and the
simulation experiment results proved that this method effectively improved the operating
efficiency [19]. F. Zou et al. proposed a multi-objective optimization strategy method
based on reinforcement learning, aiming at the challenge of dynamic factors existing in
conventional multi-objective optimization problems, and the experimental results proved
the effectiveness of this method for multi-objective optimization strategy adjustment [20]. R.
V. Rao and H. S. Keesari proposed an improved multi-objective optimization algorithm for
the performance optimization challenge of the solar auxiliary engine system, which did not
require specific parameters, and the experimental results proved the excellent performance
of this method in engineering applications [21].

In summary, there is a lack of further application of emerging algorithm models in
distribution network optimization problems. The optimization effects need to be improved.
In current MOO problems, better optimization results can often be achieved through opti-
mizing algorithm models. Therefore, this study first models the uncertainty in distributed
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energy grids by constructing a random probability pair model and uses probabilistic Power
Flow Calculation (PFC) to accurately describe and process the uncertainty in the power
grid. Subsequently, a new strategy is adopted to address the shortcomings of the BAS
algorithm, such as low search efficiency and slow convergence speed, by introducing the
SA algorithm for improvement and combining it with the particle swarm optimization
algorithm to obtain the final improved multi-objective Taurus algorithm. This study not
only provides a new algorithm model for distribution network optimization problems but
also provides effective solutions for dynamic reconstruction of distribution networks. It
has important theoretical significance and practical application value for improving the
intelligence and modernization level of the power system.

3. Construction of a Multi-Objective Reconstruction Model for Distributed Energy
Distribution Networks

In the context of distributed energy, the multi-objective reconstruction of distribution
networks has become an important research topic. The random probability model is used
to describe the uncertainty in the distribution network. Combined with the BAS, a global
search can be performed to further improve the optimization effect. However, the BAS
itself also has some limitations, such as slow convergence speed and low search efficiency.
Therefore, the SA is used to optimize the BAS, which can improve its search efficiency
and global optimization performance. The above model construction is expected to effec-
tively solve the multi-objective reconstruction problem of distributed energy distribution
networks, improve the operational efficiency of power systems, and provide theoretical
support for the rational utilization of distributed energy.

3.1. Random Probability Model Construction for Distribution Networks

To accurately describe and handle the uncertainty in distributed energy distribution
networks, the stochastic probability in distributed energy distribution networks is modeled.
In distributed energy distribution networks, there are a large number of uncertain factors,
such as load fluctuations, changes in distributed energy production capacity, and fluctu-
ations in electricity market prices [22]. These uncertain factors have significant impacts
on the operational performance and economic benefits of the power grid [23]. Therefore,
effective modeling and processing of these uncertain factors have become a key step in
improving the performance of distribution networks. Random probability models provide
an effective tool for describing and handling these uncertain factors [24]. Specifically, these
uncertain factors can be considered random variables. A suitable probability distribution
model is established, which can effectively describe and process it. For example, the nor-
mal distribution model is adopted to describe fluctuations in load and distributed energy
production capacity. The logarithmic normal distribution model can be applied to describe
fluctuations in electricity market prices. In distributed energy distribution networks, ran-
dom probabilities are modeled to more accurately describe and handle uncertainties in the
power grid. Firstly, the stochastic probability of wind power generation in the distribution
network is modeled. Normally, in wind power generation, the wind speed approximately
follows a Weibull distribution, as shown in Formula (1).

f (v) =
(

kw

cw

)
·
(

v
cw

)kw−1
· exp

[
−
(

v
cw

)kw
]

(1)

In Formula (1), v represents the wind speed. kw and cw represent Weibull distribution
parameters [25]. If the output active power of the wind turbine is PWTG, the relationship
between PWTG and v is specifically shown in Formula (2).

PWTG =


0, 0 ≤ v ≤ vci or v ≥ vco
PN

v−vci
vr−vci

, vci < v ≤ vr

PN , vr < v < vco

(2)
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In Formula (2), PN refers to the rated power. vci represents the wind speed at which
the fan cuts in. vr refers to the rated wind speed of the fan. vco refers to the wind speed
at which the fan cuts out. Combining Formulas (1) and (2), the probability distribution of
PWTG can be derived, as shown in Formula (3).

f (PWTG) = f (PWTG) ·
∣∣∣∣ dv
dPWTG

∣∣∣∣ = kw

µ1cw

(
PWTG − µ2

µ1cw

)kw−1
exp

[
−
(

PWTG − µ2

µ1cw

)kw
]

(3)

In Formula (3), µ1 = PN/(vr − vc), and µ2 = −µ1vci. Then, the stochastic probability
of photovoltaic power generation in distributed energy is modeled. In most cases, the
light intensity in photovoltaic power generation follows a Beta distribution, as shown in
Formula (4) [26].

f (e) =
Γ(α + β)

Γ(α) · Γ(β)
·
(

e
emax

)α−1
·
(

1 − e
emax

)β−1
(4)

In Formula (4), e represents the actual illumination intensity. emax is the ideal maximum
light intensity. Γ(·) represents the gamma function. α and β represent beta distribution
parameters. If the output active power in photovoltaic power generation is PPVG, the
relationship between PPVG and e is specifically shown in Formula (5).

PPVG = e
N

∑
n=1

Sn · λn = e · S · λ (5)

In Formula (5), S represents the total area of photovoltaic power generation. λ rep-
resents the photoelectric conversion efficiency. N represents the number of photovoltaic
power generation modules. According to Formula (4) and Formula (5), the random prob-
ability distribution of PPVG can be derived based on normal distribution, as shown in
formula (6).

f (PPVG) = f (s) ·
∣∣∣∣ dv
dPPVG

∣∣∣∣ = Γ(α + β)

S · λ · Γ(α) · Γ(β)
·
(

PPVG
Pmax

)α−1
·
(

1 − PPVG
Pmax

)β−1
(6)

In Formula (6), Pmax represents the maximum output power. For the random prob-
ability of system load, a normal distribution is usually used to describe it, as shown in
Formula (7).

f (PL) =
1√

2πσP
exp

(
− (PL − µP)

2

2σ2
P

)
(7)

In Formula (7), PL represents the active power of the system load. µP represents the
expected active power. σP refers to the active power standard deviation of the load. The
reactive power of the load is shown in Formula (8).

QL = PL tan φ (8)

In Formula (8), φ represents the load power factor angle. Facing the uncertainty
problem in the power distribution network, the research adopts the method of PFC, the
transmission of the power distribution network, and the system running situation of precise
calculation, to effectively cope with the uncertainty problem of the institute of obstacles.
PFC is an important method in power system analysis, which is particularly suitable for
dealing with various uncertainties in power systems, such as load fluctuations, electricity
market prices, and the output of distributed energy [27]. Compared with traditional
deterministic PFC, PPFC can provide more comprehensive and in-depth system operation
information [28]. Based on the established probability model of uncertain factors, the
Monte Carlo method is applied for PPFC [29]. The Latin hypercube sampling in the Monte
Carlo method is shown in Figure 1 [30].
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Figure 1. Latin hypercube sampling diagram.

Figure 1 shows the Latin hypercube sampling with input random variables. In this
process, the input random variable is Xi. If X = [X1, X2, · · · , Xm]

T is the m-th random
variable, each input variable is sampled to obtain n samples, Yi = F(Xi) is the probability
distribution function of Xi. Yi is further divided into n intervals on average. For example,
[0, 1/n], [1/n, 2/n], · · · , [(n − 1)/n, 1]. For Xi, its corresponding k-th sampling value is Xik,
as shown in Formula (9).

Xik = F−1
i

(
k − 0.5

n

)
(9)

In Formula (9), F−1
i represents the inverse function of Fi, i ∈ [1, m], and k ∈ [1, n]. The

significance of the inverse function here is to transform the probability density function
and convert the original data into data with a specific distribution through the equal-rank
method for further calculation. After sampling all m input variables n times, an m× n-order
sample matrix SLHS_m×n can be obtained. Figure 2 is a flow calculation process for random
variables in distributed energy distribution networks.
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PPFC for distribution networks can more accurately describe and handle uncertainties
in the power grid. It also provides more comprehensive and in-depth information for the
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operation control and optimization decision-making of the power grid, thereby improving
the operational efficiency and economy of the power system.

3.2. Construction of BAS Algorithm for Distribution Network Optimization

The MOO of distribution networks involves multiple conflicting objectives and re-
quires searching on a global scale. Traditional optimization algorithms often find it difficult
to obtain satisfactory solutions. Therefore, the BAS is selected. The BAS is a heuristic
global optimization method originating from the biological heuristic algorithms, inspired
by the predation behavior of antenna beetles [25]. It has good global search ability and
stability. It has obvious advantages in dealing with complex MOO problems [26]. The BAS
searches for the solution space by simulating the predation behavior of antenna beetles.
The BAS generates a new set of solutions. The advantages and disadvantages of the newly
generated solution and the current optimal solution are compared. The current optimal
solution is updated [27]. Based on this approach, the BAS can continuously search for
better solutions, thereby finding the optimal solution on a global scale. The BAS is used
for MOO of distribution networks, which can fully utilize its excellent search ability and
global optimization performance. It helps to find satisfactory solutions and improve the
operational efficiency and reliability of the distribution network. To be applied to practical
problems, the BAS extends the motion characteristics of longhorn beetles in their foraging
behavior from three dimensions to multiple dimensions. It is simplified and abstracted to
obtain a mathematical model [28]. In the BAS, each solution is considered as an antenna
of a beetle. The quality of the solution corresponds to the position of the antennae of the
beetle in space. By simulating the movement and exploration process of the antennae of
the beetle in multidimensional space, the BAS can search globally and find satisfactory
solutions [29]. Specifically, the BAS first randomly generates a set of solutions. Then, the
advantages and disadvantages of these solutions are evaluated. The optimal solution is
selected as the current optimal solution [30]. Then, the algorithm generates a new set of
solutions around the current optimal solution. The advantages and disadvantages of the
newly generated solution and the current optimal solution are compared. Then the current
optimal solution is updated. Through this approach, the BAS can continuously search for
better solutions, thereby finding the optimal solution on a global scale [31–36]. The search
principle and abstract model of the longhorn beetle are shown in Figure 3.
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Firstly, the centroid of the beetle is a fixed point, with its antennae located on either
side of that point. Then the search step of the beetle is δ, and the distance between the two
antennae is d0. The ratio between the two is fixed, as shown in Formula (10).

δ = c · d0 (10)
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In Formula (10), c is a fixed proportion. If a longhorn beetle engages in foraging
behavior in the w dimension, its direction of travel is disordered. For each step forward, it
will face a random vector, as shown in Formula (11).

→
b =

rnd(w, 1)
∥rnd(w, 1)∥2

(11)

In Formula (11),
→
b represents the vector towards which the beetle faces. rnd(w, 1)

represents generating w-dimensional random vectors. After obtaining the random direction
vector, the coordinates of the left and right antennae of the beetle are further defined, as
shown in Formula (12). xt

l = xt − dt
→
b

xt
r = xt + dt

→
b

(12)

In Formula (12), xt
l represents the position coordinate of the left tentacle at t. xt

r
represents the position coordinate of the right tentacle at t. xt represents the centroid
position of the beetle at t. dt represents the distance between two tentacles after t iterations.
The beetle perceives the odor concentration of its prey through its left and right antennae
and further confirms the direction and position of the next generation of beetles. The
updated position is shown in Formula (13).

xt = xt−1 + δt
→
b sign

(
f
(
xt

r
)
− f

(
xt

l
))

(13)

In Formula (13), f (·) represents the odor concentration, which can also be referred to
as the fitness function. The optimal position of this function is where the odor is located.
sign(·) represents a symbolic function. δt represents the search step size of the beetle in the
t-th iteration. For the BAS, the step size has a significant impact on the optimization ability.
When the step size is large, it is more suitable for global search. Therefore, it is necessary to
set the step size update strategy to improve its local optimization ability, as displayed in
Formula (14). {

δt = kδt−1

dt = kdt−1 (14)

In Formula (14), k represents the attenuation coefficient. By combining the above
constructed formula, the optimized motion of the BAS can be obtained, as displayed in
Figure 4.
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Figure 4 shows the optimized motion of the longhorn beetle. However, although the
BAS has shown certain advantages in dealing with MOO problems, it often faces problems
such as poor convergence speed, low search efficiency, and ease of falling into local optima
when dealing with some complex problems. Therefore, the BAS is further optimized.

3.3. Construction of Multi-Objective Optimization MTTA

To address these issues, a new strategy is adopted in this study, which is to introduce
the SA to improve the BAS. The SA is a probabilistic search algorithm inspired by the solid-
state annealing process, which simulates the temperature drop and energy minimization
during the solid-state annealing process to find the global optimal solution. During the
search process, the SA accepts solutions that are better than the current solution. It also
has a certain probability of accepting worse solutions, thereby avoiding falling into local
optima. Therefore, the SA is introduced into the BAS, which can effectively avoid becoming
stuck in local optima, improve search efficiency, and accelerate convergence speed, finding
better solutions on a global scale. This improvement strategy provides new possibilities for
dealing with complex MOO problems. It is expected to achieve better application results in
practical problems. According to the Metropolis criterion, if the energy in state i is Ei, then
the energy in the next state j is Ej. The probability p is specifically shown in Formula (15).

p =

{
1, Ej < Ei

exp
( Ei−Ej

T

)
, Ej ≥ Ei

(15)

When this criterion is introduced into the BAS algorithm, Ei corresponds to the fitness
value of f

(
xt−1) in the previous iteration, and Ej corresponds to the fitness value of f

(
xt) in

the current iteration. The probability of accepting poorer solutions in the BAS optimization
is shown in Formula (16).

p =

1, f
(
xt) < f

(
xt−1)

exp
(

f (xt−1)− f (xt)
T

)
, f
(
xt) ≥ f

(
xt−1) (16)

In Formula (16), T represents the annealing temperature. Finally, the improved SA-
BAS flow is shown in Figure 5.

However, in the SA-BAS, there is only one beetle, which limits its search ability. The
search space for solutions may not be fully explored, especially when dealing with high-
dimensional and complex optimization problems. The search ability of a single beetle may
be more limited. Therefore, this study combines the PSO model to further construct the
beetle antennae swarm algorithm. PSO is a swarm intelligence optimization algorithm that
simulates the foraging behavior of bird flocks to achieve a global search of the solution
space. The PSO can utilize collective collaborative search to effectively explore the solution
space and find the global optimal solution. When constructing the beetle antennae swarm
algorithm, the multiple beetle antennae swarm is first considered as a group. Then, the
speed and position update rules in the particle swarm model are introduced to adjust the
search behavior of the beetle antennae swarm. Specifically, each beetle adjusts its search
direction and stride based on its own search experience and the optimal experience of the
entire population. Based on this approach, the beetle antennae swarm can collaborate in
a vast solution space, thereby improving search efficiency and finding better solutions.
Figure 6 shows the flowchart of the improved Multi-target Tenox algorithm (MTTA).
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The introduced chaotic disturbances play a very important role in the MTTA process.
Its main purpose is to make the initial beetle antennae population distribution more
uniform and enhance the global search ability. The initial population of MTTA is randomly
generated in the solution space. If the initial population distribution is uneven, it may
cause the algorithm to fall into local optima in early iterations, thereby affecting the search
for global optimal solutions. Chaos perturbation is an optimization strategy based on
chaos theory, which can make the initial population distribution more uniform in the
solution space. Chaos theory is a theory used to study the behavior of complex nonlinear
systems, characterized by its extreme sensitivity to initial conditions. Chaotic perturbation
is introduced into optimization problems, which utilizes the characteristics of chaotic
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mapping to make the changes in the solution chaotic through small perturbations, thereby
enhancing the randomness and globality of the search. Specifically, chaotic disturbance can
be achieved through the following steps. Firstly, after the initial population is generated,
a chaotic value is generated for each beetle through chaotic mapping. Then, this chaotic
value is added as a disturbance to the beetle position. In this way, the beetle position has
a certain degree of randomness and uncertainty. The chaotic disturbance is introduced,
which can effectively prevent the algorithm from falling into local optima too early, enhance
the global search ability, and improve the quality of solutions and algorithm performance.
In this study, logistic mapping is used for chaotic perturbation, as shown in Formula (17).

Zn+1 = µZn(1 − Zn) (17)

In Formula (17), Zn and Zn+1 are the current value and the next value, respectively. n
refers to iterations. µ refers to the control parameter. Based on this algorithm, the IEEE-33
node is used for reconstruction simulation experiments to test and verify its effectiveness
and practicality in actual power grid systems. Node 15 is selected to connect to the wind
turbine, and its rated power is set to 500 kW, the inset wind speed is set to 3 m/s, the rated
wind speed is set to 13 m/s, and the cut wind speed is set to 20 m/s. Node 30 is selected to
access the optical power generation equipment, the rated power is set to 500 kW, the total
power generation area to 4320 m2, and the photoelectric conversion efficiency to 15%. The
specific IEEE-33 node system is shown in Figure 7.
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Finally, the improved MTTA is applied to effectively solve the multi-objective dy-
namic reconstruction problem of distribution networks containing distributed energy. This
algorithm utilizes the SA strategy to enhance the global search ability, avoid becoming
stuck in local optimal solutions, and further improve the efficiency and quality of search.
Meanwhile, the MTTA is based on a stochastic probability model. It fully considers the un-
certainty of loads, distributed energy production capacity, etc., in the distribution network,
making the solution more practical and adaptable. In addition, the algorithm takes into
account the MOO needs of the power grid during the processing, such as stability, efficiency,
and reliability, providing an effective tool for achieving comprehensive optimization of the
power grid.

4. Testing and Validation of Multi-Objective Reconstruction MTTA for
Distribution Networks

To test the effectiveness and practicality of the proposed MTTA, considering the
economy and convenience, the cloud server platform provided by Amazon was used for
experiments to avoid the performance of the testing platform affecting the model. Based
on this cloud server platform, the IEEE-33 node was used for simulating the performance
of power grid optimization and reconstruction. The Discrete Binary Particle Swarm Opti-
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mization Algorithm (BPSO) and Bacterial Foraging Optimization Algorithm (BFOA) were
compared with the proposed MTTA algorithm to test the performance. The parameters of
the MTTA algorithm were configured. The population size was set to 50. The maximum
epoch number was set to 150. The field size was set to 20% of the population size. The
selection probability was set to 0.9. The mating probability was set to 0.8. The mutation
probability was set to 0.1. The archive set size was set to 50. For the BPSO algorithm, the
parameters were set as follows: the population size was set to 50, and the maximum epoch
number was set to 150. The inertia weight was set to 0.9, the individual cognitive parameter
was set to 2, social cognitive parameters were set to 2, the speed limit ranged from −4 to
4, and the location update threshold was set to 0.5. Regarding the BFOA algorithm, the
parameters were set as follows: the population size was set to 50, the swing step was set to 7,
the life cycle was set to 15 generations, and the replication step was set to 0.5 lifecycle. The
diffusion extinction probability was set to 0.5 and the chemical attraction was set to 0.8. In
these configurations, the objective function of the MTTA algorithm aimed to minimize loss,
reduce investment and operation costs, and maximize network reliability. The objective
function of the BPSO algorithm was focused on minimizing loss, while the BFOA algorithm
aimed to minimize operating costs and losses.

Firstly, the corresponding computing resources were configured on the cloud server,
and the IEEE-36 node power grid model was set up. For transmission loss data, the
calculation of line loss and transformer loss was evaluated: the loss and load during each
operation were recorded by the grid simulation software. For the average convergence
performance, the minimum improvement value of the algorithm was obtained by setting
the stopping condition of the algorithm. The value of the objective function was calculated
after each iteration of the model, and its mean and standard deviation were calculated. The
success rate of optimization was calculated by setting the threshold of finding the global
optimal solution. The ratio of the number of times the algorithm satisfied the condition to
the total number of runs was analyzed and recorded. For grid reconstruction time, the time
interval between the request being issued and the grid completing the reconstruction was
recorded. Table 1 describes the hardware and software configuration details.

Table 1. Hardware and software configuration details.

Hardware Software

Name Supplier Details Type Name Version number

Amazon Web
Services Amazon Operating system Ubuntu Server 20.04 LTS

Instance type c5.4xlarge Programming
environment Python 3.8

vCPU Intel 3.0 GHz Intel Xeon
Platinum 8000

Distributed
computing
framework

Apache Spark 3.1.2

RAM 32GB - Code version
management Git 2.25.1

MEM Elastic Block Store Throughput
optimized HDD Container

technology

Docker 20.10.7

Network
performance - 10 Gbps Kubernetes 1.21.1

The iterative performance of the three models was tested, and the test index was
the transmission loss and the load of the grid output by the three models in the iterative
process. The Transmission loss/Kw refers to the power loss of the grid during transmission,
and the Load/Kw refers to the load of the power grid. The epoch indicates the number
of iterations. The test results are shown in Figure 8. From Figure 8a, the proposed MTTA
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model had the best iterative performance. Its convergence speed was better. It achieved
optimal current loss at a faster speed. From Figure 8b, the proposed MTTA model had the
best convergence performance, with a lower peak load and the ability to reach the optimal
load value at a faster speed.
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The convergence performance of the three models was tested. To ensure that the errors
in the test did not affect the experimental conclusions, each model was tested five times.
The test results are shown in Table 2. Mean indicates the mean of convergence performance,
and Standard indicates the standard deviation of convergence performance. From Table 2,
the MTTA had the best convergence performance. Its average convergence performance
was 0.000581. Compared with the BPSO model and BFOA model, it was 0.00004508 and
0.00040939 faster, respectively. The standard deviation of the MTTA model’s convergence
performance was 0.000006012. Compared with the BPSO model and BFOA model, it was
0.0004771 and 0.00028803 faster, respectively.

Table 2. Convergence performance test of three models.

Number of Experiments
MTTA BPSO BFOA

Mean Standard Mean Standard Mean Standard

1 0.00000541 0.00000348 0.00006157 0.00001564 0.00061485 0.00012484

2 0.00000627 0.00000671 0.00005451 0.00009951 0.00091481 0.00001615

3 0.00000154 0.00000682 0.00000362 0.00002994 0.00003649 0.00051665

4 0.00000954 0.00000921 0.00009521 0.00006041 0.00031845 0.00064783

5 0.00000629 0.00000384 0.00003954 0.00006310 0.00016541 0.00016474

Average 0.00000581 0.00000601 0.00005089 0.00005372 0.00041522 0.00029404

The three-dimensional spatial solution sets of three models were tested and compared.
The dimensions specifically included transmission loss, voltage deviation, and load bal-
ancing. Load balancing indicates the balance of the overall load of the power grid, Voltage
deviation indicates the deviation of the output voltage of the power grid, and Transmission
losses indicate the losses of the power grid during transmission. The test results are shown
in Figure 9. From Figure 9, the proposed MTTA model obtained a larger set of solutions for
the three objective optimization problems. It covered a wider solution space, with better
diversity of types.
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The optimization success rates of the three models were tested. The test results are
shown in Table 3. Min represents the minimum number of iterations, Max represents the
maximum number of iterations, and Ave represents the average number of iterations. From
Table 3, the proposed MTTA model had the best optimization success rate of 98.7%, which
was 9.3% and 26.1% higher than the BPSO model and BFOA model, respectively.

Table 3. The optimization success rate test of three models.

Algorithms Times
Iterations Number of

Population
Success Rate of
OptimizationMin Max Ave

MTTA

1 3 18 7.2 1

98.7%2 4 18 6.9 1

3 4 17 7.3 1

BPSO

1 6 25 8.2 15

89.4%2 7 26 9.1 15

3 6 24 8.9 15

BFOA

1 11 47 28.4 300

72.6%2 9 45 29.2 300

3 10 46 28.3 300

The reconstruction time of three models was tested, including model response time and
reconstruction time. The test results are shown in Figure 10. Corresponding time indicates
the response time of the model, and Reconstruction time indicates the reconstruction time
of the model. From Figure 10a, the proposed MTTA model had the best response time of
0.41 s. Compared with the BPSO model and BFOA model, it was 0.72 s and 0.93 s faster,
respectively. From Figure 10b, the proposed MTTA model had the best reconstruction
time of 0.83 s. Compared with the BPSO model and BFOA model, it was 0.24 s and 0.62 s
faster, respectively.
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The reconstruction performance of three models was tested. The test content is the 
transmission loss of the power grid before and after reconstruction. The test results are 
shown in Figure 11. From Figure 11, the proposed MTTA algorithm could effectively re-
duce power grid transmission losses, with a reduction range of 16.7–18.6%, far higher than 
the BPSO model and BFOA model. 

Figure 10. Reconfiguration time test of three models.

The reconstruction performance of three models was tested. The test content is the
transmission loss of the power grid before and after reconstruction. The test results are
shown in Figure 11. From Figure 11, the proposed MTTA algorithm could effectively reduce
power grid transmission losses, with a reduction range of 16.7–18.6%, far higher than the
BPSO model and BFOA model.
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In summary, these results demonstrated that the MTTA model had good optimiza-
tion performance. This method performed well in solution diversity, quality, and optimi-
zation success rate. Moreover, significant results could also be achieved in practical power 
grid optimization problems. Therefore, the MTTA model had a high application value. It 
is worth further exploration and application in future research and practical problems. 
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Figure 11. Test of the influence of the reconstruction of three models on transmission loss.

The charging and discharging loads before and after the reconstruction of the three
models were tested. The test results are shown in Figure 12. The charging load indicates
the charging load of the power grid, and the discharge load indicates the discharge load of
the power grid. From Figure 12, after reconstructing the MTTA model, the charging and
discharging loads were effectively reduced. The reduction rate reached 16.2–19.7%.

In summary, these results demonstrated that the MTTA model had good optimization
performance. This method performed well in solution diversity, quality, and optimization
success rate. Moreover, significant results could also be achieved in practical power grid
optimization problems. Therefore, the MTTA model had a high application value. It is
worth further exploration and application in future research and practical problems.
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5. Conclusions

In the context of energy scarcity, to further achieve the intelligence and greening of the
power grid, the dynamic reconstruction of the distribution network is of great significance.
Therefore, a multi-objective dynamic reconstruction method based on a random probability
model and an optimized BAS is proposed in this paper. In MOO problems, the MTTA
model exhibited good convergence performance and diversity of types. The number and
quality of solution sets obtained were superior to other comparative models. Specifically,
the quota MTTA algorithm proposed by the research institute had the best convergence
performance, with an average convergence performance of 0.000581, which was 0.00004508
and 0.00040939 ahead of the BPSO model and BFOA model, respectively. The success rate
of optimization reached 98.7%. In terms of response time, the MTTA model also showed
advantages, with a response time of 0.41s. In terms of results, the MTTA model showed
significant advantages in practical applications. It could effectively reduce the transmission
loss of the power grid, with a reduction range of 16.7–18.6%. Meanwhile, the charging
and discharging loads were effectively reduced, with a reduction range of 16.2–19.7%.
The proposed MTTA model provided an effective optimization method for the dynamic
reconstruction of distribution networks. The proposed method is more suitable for solving
reconstruction problems, and the dynamic reconstruction period division method is more
accurate and simpler. These works have certain positive significance for promoting the
practical application of distribution network reconstruction. However, the model testing in
this study lacks testing in more complex environments, and in the future, efforts should be
made to improve the robustness of the model.
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