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Abstract: Coordinating various controllable distributed resources to reduce network losses
is crucial to the secure and economical operation of modern power systems. This paper
proposes a bi-level optimization model for power system loss reduction based on “source-
grid-load-storage” coordinated optimization. The upper level aims to minimize the total
annual planning cost of the system, determining the location and capacity of distributed
photovoltaic systems, energy storage devices, and electric vehicle charging stations. The
lower level aims to minimize the load curve smoothness and node voltage deviation of
the distribution network, optimizing intraday operation strategies. For this complex op-
timization problem, this paper designs a particle swarm optimization (PSO) algorithm
with adaptive weights and improved evolutionary strategies. The simulation results of
case studies demonstrate that the proposed method has significant loss reduction effects in
distribution networks of various scales and complexities. The algorithm performance com-
parison results show that the improved particle swarm algorithm outperforms traditional
algorithms in terms of solution quality and computational efficiency, providing an effective
solution for the coordinated optimization of “source-grid-load-storage”.

Keywords: bi-level optimization; power system loss reduction; “source-grid-load-storage”
coordinated optimization; particle swarm optimization

1. Introduction
To achieve “dual carbon” targets, large-scale renewable energy has been integrated

into modern power systems, which has a significant influence on the secure and economical
operation of power systems [1]. Positioned at the end of the power system and facing
the consumers directly, the distribution network facilitates the integration of a massive
amount of distributed renewable energy and the flexible management of user-side loads,
serving as a crucial component of the modern power systems [2]. With the substantial
incorporation of high proportions of renewable energy and new types of loads, cumulative
energy losses within the power system become significant, with network losses in medium-
and low-voltage distribution networks accounting for approximately 80% of the total
system losses [3]. Therefore, in the context of large-scale construction of distribution
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networks, how to coordinate the various controllable distributed resources within these
networks to enhance the consumption capacity of renewable energy in the distribution grid,
reduce network losses, improve voltage quality, and thereby achieve secure and economical
operation of the power system is of significant importance [4].

Addressing this important issue, researchers both domestically and internationally
have conducted extensive studies, covering mixed-integer second-order cone programming,
distributed coordinated optimization, statistical comprehensive evaluation techniques, and
the application of machine learning algorithms in distribution network loss optimization [5].
Reference [6] employs mixed-integer second-order cone programming for multi-objective
optimization of distribution network losses, voltage, and demand response utilization. This
research not only enhances system operational efficiency and reliability but also fully lever-
ages the value of demand-side flexibility resources, providing novel technical approaches
and decision support for economical and efficient distribution network operation. However,
the mixed-integer second-order cone optimization methodology may encounter challenges
of high computational complexity and extended solution times when applied to practical
large-scale distribution networks. Reference [7] addresses the non-convex characteristics
presented by the active and reactive power coordinated optimization model for distribution
networks, proposing a distributed active and reactive power coordinated optimization
method that considers the model’s non-convex nature, effectively reducing network losses.
However, given that the issue of network losses in distribution networks involves multiple
aspects, such as sources, grids, loads, and storage, and factors like changes in theoretical
network loss calculation boundary conditions caused by the introduction of a high propor-
tion of power electronic devices, there remains a need to develop loss reduction strategies
suitable for the new type of distribution networks [8].

With the maturation of “source-grid-load-storage” coordinated optimization and
statistical comprehensive evaluation techniques, experts and scholars domestically and
internationally have considered utilizing these technologies to explore the potential for loss
reduction in distribution networks. Reference [9] establishes a fuzzy evaluation model for
economic operation of distribution networks based on interval number theory, achieving
the multi-dimensional quantitative assessment of grid economic performance, effectively
identifying system weaknesses, and providing a scientific basis for optimization decisions
and precise improvements in distribution networks. Reference [10] innovatively combines
static and dynamic indicators to construct an energy efficiency assessment system for
medium-voltage distribution networks. It proposes an integrated no-loss rate as the core
loss assessment indicator to correct underestimations of loss rates. Although this method
innovatively introduces dynamically changing indicators, it faces real-time data collection
and processing challenges. Reference [11] builds an energy efficiency assessment system
for grid loss reduction under “load-network-source” coordinated control, comprehensively
evaluating the effectiveness of grid loss reduction. Although these studies have made
progress in the construction of evaluation systems, there is still room for improvement in
the comprehensive coordination of source–grid–load–storage.

With the rapid development of machine learning technologies, emerging theories and
techniques have been applied to loss reduction in distribution networks. Reference [12]
utilizes a quantum genetic algorithm to optimize the training parameters of support vector
machines, enhancing the accuracy of distribution network loss calculations. This method
excels in addressing small-sample, nonlinear, and high-dimensional pattern recognition
problems, but it is not suitable for large-scale data. Reference [13] proposes a two-stage
optimization method for the dynamic reconfiguration of distribution networks with dis-
tributed generation (DG), integrating biogeography-based algorithms to effectively address
the complexity and practicality issues of distribution network reconfiguration, achieving a
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significant reduction in active power losses and providing more efficient network topology
optimization strategies for modern distribution networks with distributed energy resources.
However, the biogeography-based algorithm is slow, resulting in high computational costs.
Reference [14] improves the particle swarm optimization algorithm by using dynamic
inertia weights to study and analyze the impact of DG integration on network losses. This
optimization algorithm can reasonably select inertia weights and will likely obtain optimal
solutions. However, it still faces limitations, such as sensitivity in parameter selection,
leading to less-than-ideal problem-solving outcomes.

Therefore, under the premise of “source-grid-load-storage” coordinated planning, this
paper constructs a bi-level optimization model for loss reduction in distribution networks.
The key innovations of this paper can be summarized as follows:

(1) A bi-level optimization model is proposed for addressing distribution network loss
reduction. The upper-level objective minimizes the total annual planning cost, while
the lower-level objectives focus on minimizing both the load curve variance and the
node voltage deviation. By considering economic efficiency and operational charac-
teristics at both global and local levels, this model provides a theoretical foundation
for the collaborative optimization of loss reduction strategies.

(2) In response to the constructed bi-level optimization model, this paper proposes and
applies an improved particle swarm optimization algorithm. The results demonstrate
the algorithm’s superior performance in terms of search speed and convergence
accuracy, thereby confirming the effectiveness and feasibility of the proposed method
for distribution network loss reduction optimization.

The remainder of this paper is organized as follows: Section 2 presents the interaction
mechanism of the “source-grid-load-storage” in distribution networks along with models
for distributed photovoltaic power sources, network restructuring, energy storage, and
load models. Section 3 analyzes the factors affecting power losses in distribution networks.
Section 4 introduces an improved particle swarm optimization algorithm. Section 5 estab-
lishes a dual-layer optimization model for power loss reduction in distribution networks
coordinated by “source-grid-load-storage”, and Section 6 provides case study analyses.
Section 7 concludes the paper.

2. Model of the Distribution Network
2.1. The Interaction Mechanism of “Source-Grid-Load-Storage” in the Distribution Network

Figure 1 shows the coordinated interaction of source–grid–load–storage in the dis-
tribution network, which includes four parts: controllable distributed generation, energy
storage devices, controllable resources for distribution network reconfiguration, and de-
mand response loads.

Source: Optimize the output of distributed generation, taking into account the com-
plementary characteristics of output timing and spatial distribution to reduce the impact
of power fluctuations on the power quality of the distribution network. Enhance the con-
sumption of renewable energy, optimize the capacity and siting of DG to balance as much
as possible locally, reduce the flow of grid currents, decrease network losses, and improve
the economic efficiency of grid operations.

Grid: Optimizing power flow distribution through network reconfiguration under
power system steady-state security constraints, balance line loads, conserve energy and
reduce losses, and improve the quality of reactive power and voltage.
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Figure 1. Framework diagram of the interactive mechanism of “source-network-load-storage” in an
active distribution network.

Load: Analyze the potential for load control and the complementary characteristics
between the source and load curves. Guide user consumption habits through electricity
pricing to reduce peak load, alleviate network congestion, and decrease network losses.

Storage: With rapid charging and discharging capabilities to mitigate power fluctua-
tions, swiftly track the output of distributed energy sources, improve power quality, and
enhance the consumption of renewable energy.

2.2. Model of Distributed Photovoltaic Power Source

In this paper, the distributed photovoltaic (PV) power source is represented by a PV
cell circuit model [15]. The output power at a given time t is primarily influenced by the
temperature of the PV cell Tcell(t), the ambient temperature Ten(t), and the solar irradiance
S(t). The relationship among these three factors can be expressed by (1).

Tcell(t) = Ten(t) + S(t) · Tno − 20
0.8

(1)

where Tno is the rated battery operating temperature.
At time t, the active power output PPV(t) of the PV cell, along with the output voltage

UPV(t) and current IPV(t), can be expressed by (2).
PPV(t) = αF · UPV(t) · IPV(t)
αF = UMPP IMPP

Uoc Isc

UPV(t) = Uoc − KV · Tcell(t)
IPV(t) = S(t) · [Isc + KI · (Tcell(t)− 25)]

(2)

where αF is filling factor; UMPP and IMPP are the voltage and current corresponding to the
maximum power PPV0,max emitted by a single PV module, respectively; Uoc and Isc are
open-circuit voltage and short-circuit current; KV and KI are the coefficients of PV voltage
and current by temperature, respectively.
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Currently, control strategies for distributed PV grid integration include constant
voltage and constant power factor modes. This paper employs constant power factor
control to ensure stable inverter output, reduce grid fluctuations, and maintain steady
system operation. Within the power flow analysis, it is treated as a PQ node.

By substituting the daily values of the PV cell temperature Tcell(t), ambient temperature
Ten(t), and solar irradiance S(t) into (1) and (2), the output curve of the PV station can be
calculated, as shown in Figure 2. Figure 2 shows that the PV output reaches the upper limit
at midday in summer.
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Figure 2. Typical daily output curves of PV systems across the four seasons.

2.3. Model of Distribution Network Reconfiguration

Distribution network reconfiguration involves using computer and communication
technologies to operate the line switches and tie switches within the distribution network.
This is performed to either open or close these switches, thereby achieving optimal current
flow distribution. The goal is to minimize network losses or balance the line loads, as
illustrated in Figure 3. In Figure 3, the black dots represent the electrical system network
nodes, while the cyan rectangles symbolize the line switches or tie switches. By altering the
network topology, it is possible to reduce the energy losses during current transmission,
thereby enhancing the overall efficiency of the distribution network.

 

Figure 3. Schematic diagram of distribution network reconfiguration.

In the reconfiguration of distribution networks, the objective function typically focuses
on minimizing network losses. This is achieved by adjusting the status of switches within
set Ωb to alter the network topology of the distribution grid, as described in (3) and (4).

min ∑
(ij)∈Ωb

Rij I2
ij (3)
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I2
ij =

P2
ij + Q2

ij

V2
i

(4)

where Ωb are all branches of the distribution network; Rij is the resistance of the branch ij;
Iij is the magnitude of the current flowing through the branch ij; Pij and Qij are the active
and reactive power at the first node of the branch ij, respectively; Vi is the magnitude of
node i voltage.

In the distribution network reconfiguration model, switches can only exist in two
states: closed or open, which can be represented by 0 and 1, respectively. Therefore, the
switch control variable is a discrete variable, possessing only two states: 0 and 1. If there
are M switches within a distribution network, the entire system can potentially assume 2M

different states of these variables.

2.4. Model of Energy Storage

Currently, the most commonly used energy storage devices are electrochemical batter-
ies. The output model of electrochemical energy storage can be represented by (5), where
SOC stands for the DG. This SOC changes as the battery charges and discharges.

SOCt =

 (1 − d) · SOCt−1 +
Pc,tηc
Ebess

∆t, charging

(1 − d) · SOCt−1 −
Pd,t

ηdEbess
∆t, discharging (5)

where SOCt and SOCt−1 are the charge storage states of the energy storage device battery
at moments t and t − 1, respectively; d is charging and discharging rate; ηc and ηd are the
charging and discharging efficiency of energy storage. Ebess is the rated capacity of the
energy storage. Pc,t and Pd,t are charging and discharging power of the battery at moment t.

To extend the service life of the energy storage device batteries, during the charging
and discharging process, the battery’s SOC, charging and discharging power, and battery
capacity must satisfy the constraints expressed in (6) to (8).

SOCmin ≤ SOCt ≤ SOCmax (6)

0 ≤ Pc,t ≤ Pcmax (7)

0 ≤ Pd,t ≤ Pdmax (8)

where Pc,t > 0 indicates that the battery is charging; Pd,t > 0 indicates that the battery
is discharging; SOCt indicates the capacity of the battery at time t; SOCmax and SOCmin

indicates the upper and lower limits of battery capacity; Pcmax and Pdmax indicates the
maximum charging power and maximum discharging power of the battery, respectively.

Since the battery charging and discharging states are mutually exclusive at the same
moment, the battery charging and discharging powers Pc,t and Pd,t satisfy the following
constraints.

Pc,t · Pd,t = 0 (9)

Energy storage devices can dispatch loads or power sources, charge during periods
of low electricity prices, discharge during periods of high prices to achieve arbitrage, and
optimize economic benefits. B1 represents the profit of the energy storage device from “low
storage high release” within a day.

B1 = −
24

∑
t=1

[Pc,t · Ych,t · λc,t − Pd,t · Ydis,t · λdis,t] (10)
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where t is a moment in the day; when the stored energy is charging at moment t,
Ych,t = 1, Ydis,t = 0; when the stored energy is discharging at moment t, Ych,t = 0,
Ydis,t = 1; λc,t is the charging tariff for energy storage at moment t; λdis,t is the discharge
tariff of the energy storage at moment t.

2.5. Model of Loads
2.5.1. Model of Electric Car

Electric vehicle charging load is influenced by battery parameters, travel patterns,
charging modes, and charging pile configuration. Charging station loads need to take into
account the number of vehicles, types, charging modes, time periods, and starting power.
The operation mode and tariff policy also affect the load distribution. In this paper, we
focus on private car load clusters, whose driving routes and times are fixed, and whose
charging moments and mileage are normally distributed [16,17]. The probability density
function of private car start charging moment ts can be expressed as (11).

fT(ts) =


1√

2πσs
exp

(
(ts−µs)

2

2σ2
s

)
, (µs − 12) < ts < 24

1√
2πσs

exp
(

(ts+24−µs)
2

2σ2
s

)
, 0 < ts < (µs − 12)

(11)

where µs is the expected value of the final arrival moment of the electric vehicle; σs is
its standard deviation; the expression for the probability density function obeyed by the
electric vehicle daily mileage s is expressed in (12).

fD(s) =

{
1

sσD
√

2π
exp

(
− (ln s − µD)

2

2σ2
D

)
(12)

where µD is the expected daily driving range of an electric vehicle; σD is its standard
deviation; the computational expression for the electric vehicle charging duration tch is
expressed in (13).

tch =
sW100

100ηcPc
(13)

where W100 indicates the 100-km power consumption of electric vehicles; s indicates the
daily mileage of electric vehicles; ηc, Pc denote charging efficiency and charging power,
respectively.

The probability that the electric car is charging at moment t is expressed in (14).

Fch(t) =
∫ tchmax

0

∫ t−tch

0
ftch fTdtsdtc +

∫ tchmax

0

∫ t+24−tch

t
ftch fTdtsdtc (14)

where ftch is the probability density function of electric vehicle charging duration; tchmax is
the maximum value of the charging duration.

This paper is based on Monte Carlo stochastic sampling to portray the scaled electric
vehicle charging load profile. Monte Carlo sampling is a stochastic simulation sampling
method, which uses probability and statistical theories, establishes probabilistic models,
and performs sampling simulation with the help of computers to calculate the approximate
solution of electric vehicle charging demand.

2.5.2. Model of Load Power

In this paper, only residential and commercial loads are considered in the model for the
actual situation of the distribution network. Based on the analysis of historical electricity
load data from residential and commercial sectors in a specific region, this study developed
a load time-series forecasting model. Through this model, characteristic load curves for
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typical days across four seasons were simulated for both residential and commercial loads,
as shown in Figures 4 and 5.

Figure 4. Time-series modeling of residential loads.

Figure 5. Time-series modeling of commercial loads.

From Figures 4 and 5, it can be seen that because of the differences in the nature of
the loads, there are large differences in the timing characteristics of residential loads and
commercial loads: residential loads reach their highest loads in summer, while commercial
loads have a small difference in the timing characteristics of electricity consumption in
different seasons.

3. Analysis of Factors Affecting Network Losses in Distribution Networks
For an active distribution network incorporating DG, it is assumed that the load

is connected in a Y configuration and maintains three-phase balance with a constant
power factor, absorbing both active and reactive power from the grid. Additionally, the
transmission line lengths are relatively short, allowing for the neglect of line-to-ground
admittance, and the voltage variations along the transmission lines are minimal following
the integration of DG [18,19]. The analysis of network losses in this idealized distribution
system after DG integration is depicted in Figure 6.
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Figure 6. Simplified diagram of distributed photovoltaic access.

After accessing DG (PG + jQG) at node h in the middle of the line, at this time, the
network loss is divided into two parts to be calculated: the first half of the line network
loss between the substation to the DG Ploss1 and the second half of the line network loss
between the DG to the end of the line Ploss2. From Figure 6, it can be seen that, at this time,
the inflow of the load of the single-phase current is expressed in (15).

IL = IS + IG (15)

where IL is the load current; IS is the supply current; IG is the injection current of the DG.
Therefore, the net loss Ploss1 and Ploss2 can be expressed as (16) and (17).

Ploss1 = 3rGIS
2

=
rG(P2

L+Q2
L+P2

G+Q2
G−2PLQL−2PGQG)

3U2

(16)

Ploss2 = 3r(L − G)IL
2 =

r(L − G)(P2
L + Q2

L)

3U2 (17)

where G is the length of the line from node m at the head of the line to node h at the DG
installation.

From (16) and (17), the network loss Ploss1 and Ploss2 are obtained, and the total line
loss after accessing the DG can be obtained by summing the two.

Ploss = Ploss1 + Ploss2

= rL
3U2 [P2

L + Q2
L

+(P2
G + Q2

G − 2PLQL − 2PGQG)(
G
L )]

(18)

Deriving for DG capacity PG and QG, the sensitivity of AC loss Ploss to DG active and
reactive power is deduced.

The effect of change in DG active reactive capacity on AC loss is expressed in (19)
and (20).

LSFPt =
∂Ploss
∂PG

=
2rG
3U2 (2PG − QG) (19)

LSFQt =
∂Ploss
∂QG

=
2rG
3U2 (QG − PG) (20)

where LSFPt and LSFQt denote the sensitivity of DG active and reactive power to affect
network losses, respectively.

From (19) and (20), it can be seen that the active power injected by the DG has a greater
impact on the network loss sensitivity than the reactive power. The siting and capacity of
distributed PV are related to the network loss, while the actual power variation has a large
randomness, and it is difficult to accurately calculate the network loss using deterministic
methods. Therefore, this paper adopts the Latin hypercubic sampling algorithm, which can
effectively assess the network loss.
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4. Improved Particle Swarm Optimization Algorithm
4.1. Conventional Particle Swarm Optimization Algorithm

In this paper, the particle swarm optimization (PSO) algorithm is employed to address
bi-level programming problems [20]. The PSO algorithm is an evolutionary computation
technique that simulates the foraging behavior of bird flocks. It conceptualizes solutions
within the problem space as the distribution of individual positions within a flock during
foraging. Through the transmission of information among individuals, the algorithm
drives the entire population toward areas of potential food sources, thereby progressively
increasing the likelihood of identifying optimal solutions. In this algorithm, the updates of
particle positions and velocities are as follows:

vk+1
i,j = wvk

i,j + c1r1

(
pk

i,j − yk
i,j

)
+ c2r2

(
gk

i,j − yk
i,j

)
(21)

yk+1
i,j = yk

i,j + vk+1
i,j (22)

where i is the number of particles; j is the dimensionality of variables; c1 and c2 are learning
factors; vk

i,j is the velocity of the i-th particle in the j-th dimension during the k-th generation;

yk
i,j is the position of the i-th particle in the j-th dimension at the k-th iteration.

4.2. Improved PSO

With regard to the limitations of the PSO algorithm, such as low convergence precision
and susceptibility to local optima entrapment, numerous scholars have conducted research
and proposed various improvement methods [21,22]. Through adjustments to popula-
tion initialization, inertia weight, learning factor optimization, and boundary constraint
handling, an improved PSO algorithm has been developed [23].

In view of the excellent convergence performance of the improved PSO algorithm, this
paper mainly adjusts the inertia weights and evolution strategy based on it.

4.2.1. Population Initialization

This paper employs chaotic mapping for initialization. Compared to random initial-
ization, chaotic mapping can generate sequences that are neither periodic nor convergent.
When these sequences are mapped back to the solution space, they can enhance popula-
tion diversity, thereby improving search capability and preventing premature convergence.
Equations (23) and (24), which use a sine function to generate chaotic variables, demonstrate
superior chaotic characteristics.

xn+1
j = 1.18 · sin 2

xn
j
, −1 ≤ xn

j ≤ 1, xn
j ̸= 0

yn+1
j = 1.18 · sin 2

yn
j
, −1 ≤ yn

j ≤ 1, yn
j ̸= 0

(23)

 xij =
(xn

j +1)·(xmax(j)−xmin(j))
2 + xmin(j)

yij =
(yn

j +1)·(vmax(j)−vmin(j))
2 + vmin(j)

(24)

where xn
j and yn

j represent chaotic variables with different initial values; xmax(j) and xmin(j)
represent the maximum and minimum values of the particle’s position in the jth dimension;
vmax(j) and vmin(j) represent the maximum and minimum values of the particle’s velocity in
the jth dimension.

4.2.2. Adaptive Inertia Weight

The adjustment of inertia weight has traditionally evolved from fixed values to a linear
decrease and even a nonlinear decrease, which, to some extent, simulates the need for
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complexity and dynamic changes in the optimization process. This paper introduces an
adjustable directional component, allowing the inertia weight not only to decrease with
increasing iterations but also to adjust more flexibly according to the actual performance
and requirements during the search process, as shown in (25) and (26).

w(i) = wmax − (wmax − wmin) · (
t
T
)ˆq(i) (25)

q(i) = 1.8 + 2 · (
ac tan(log f it−pbest(i)

f it−mean )

π
) (26)

where wmax and wmin represent the maximum and minimum values of inertia weights,
respectively; T represents the total number of iterations; q(i) represents the index factor,
which is used to describe the trend of the inertia weight magnitude of the ith particle as
it updates its position in the same generation; fit-pbest(i) represents the fitness value of
the ith particle; fit-mean represents the average fitness value of all individual particles in
the population.

When the fitness value of the particles is high, this strategy makes the inertia weights
adjusted in the direction of wmax to enhance the global search ability; on the contrary, when
the fitness value is low, the inertia weights will be adjusted in the direction of wmin to
improve the local search accuracy [24]. This strategy not only enhances the algorithm’s
ability to search in regions of high fitness but also promotes more efficient and accurate
solution discovery.

4.2.3. Update the Velocity and Position of the Particles

In this paper, a heron hunting strategy is introduced into the particle swarm algorithm.
In order to improve the optimization accuracy of the algorithm in the final stage of hunting,
when the number of iterations t exceeds the preset threshold, the weighted Levy flight
strategy is used for optimization, and its equations are shown in (27) and (28).{

vj
i(t + 1) = w(I) · vj

i(t) + C1 · µ · (pj
i(t)− xj

i(t)) + C2 · µ · (gj(t)− xj
i(t))

xj
i+1(t + 1) = xj

i(t) + ϕ · vj
i(t + 1)

(27)

ϕ = 1, t ≤ 2
3 T

ϕ = 0.5 · Levy(D), t > 2
3 T

(28)

where Levy(D) is the Levy flight distribution function; the other parameters are as previously
defined.

4.2.4. Treatment of Border Crossings

In this paper, the stochastic reset method is used to generate new values for variables
randomly within the allowed range. This method effectively increases the diversity of the
population and helps to prevent the algorithm from prematurely converging to a local
optimal solution, which is handled as shown in (29).{

xj
i = xmax(j)− µ(xmax(j)− xmin(j))

vj
i = vmax(j)− µ(vmax(j)− vmin(j))

(29)
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5. Loss Reduction in Distribution Networks with
“Source-Network-Hoist-Storage” Coordination
5.1. Analysis of Loss Reduction Strategies for Distribution Network Losses

This paper discusses the impacts of DG, energy storage, and electric vehicle charging
loads on renewable energy consumption and network losses in distribution networks and
proposes a coordinated optimization strategy for the four links of “source-network-storage-
load”. The coordinated optimization strategy diagram is shown in Figure 7.

Figure 7. Optimizing loss reduction strategies by coordinating “source, network, load and storage”.

Source side: Planning distributed PV siting and capacity and taking into account the
uncertainty of light intensity to improve the accuracy of planning.

Network side: Reconfigure the distribution network to achieve a local balance of DG
output and even distribution of loads and reduce network losses.

Storage side: Planning the capacity and location of energy storage devices, participat-
ing in the coordinated operation of the grid, enhancing renewable energy consumption,
and reducing losses.

Load side: Guiding the orderly use of electricity through time-sharing tariffs, shaving
peaks and filling valleys, reducing equipment losses, and improving economy.

5.2. The Coordinated Bi-Level Optimization Model of Source–Grid–Load–Storage

This section aims to enhance the consumption of renewable energy, reduce network
losses, stabilize voltage, and decrease costs through optimizing the operational output of
PV systems and energy storage and by guiding electric vehicle charging. The loss in the
distribution network is closely related to the siting and sizing of distributed source–storage,
which pertains to a planning issue. The stochastic nature of PVs and electric vehicles affects
power flow and, consequently, leads to losses, which is an operational issue. Therefore,
this paper employs a bi-level planning model that integrates planning and operational
optimization to improve the consumption of renewable energy and reduce grid losses.

The bi-level optimization problem comprises two hierarchical optimization models.
The lower-level optimization is conducted under the parameters and constraints set by the
upper-level decision-maker. The upper-level optimization, in turn, modifies the decision
variables based on the results from the lower level, thereby completing the optimization
process. This model is represented as (30).

minF = F(x, w)

s.t. G(x) ≤ 0
minw = f (x, y)
s.t. g(x, y) ≤ 0

(30)
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where F(·) is the objective function of the upper level; w(·) is the objective function of
the lower level; G(·) is the constraints associated with the upper-level objective function;
g(·) is the constraints of the lower-level objective function; the decision variable x is the
upper-level objective; y is the decision variable for the lower-level objective.

This paper establishes a bi-level optimization model to reduce losses in the distribution
network. The upper-level model aims to minimize the total cost by determining the location
and capacity of energy storage stations. The lower-level model focuses on minimizing load
fluctuations, optimizing node voltages, and maximizing the consumption of PV energy. It
considers the output from energy storage and PV systems and the charging strategies for
electric vehicles. The schematic diagram of the bi-level optimization model is shown in
Figure 8.

Figure 8. Bi-level optimization model.

5.2.1. Upper-Level Planning Mathematical Model

The objective function for the upper-level planning model is set to minimize the
annual total planning cost of the system [25]. The planning costs of the system typically
comprise three main components: the investment costs; operation and maintenance costs
of distributed PV systems, energy storage systems, and electric vehicle charging stations;
and the cost of electricity purchased from the main grid [26]. The decision variables for the
upper-level planning include the locations and capacities of two PV power sources, two
energy storage systems, and two electric vehicle charging stations. The objective function
is represented as (31).

f1 = αCinv + Cope + Cen (31)

where Cinv is the total investment cost; Cope is the system’s operation and maintenance costs;
Cen is the cost of purchasing electricity for the system; α is the annual equivalent coefficient.
the expression for which is as follows.

α =
r(1 + r)LT

(1 + r)LT − 1
(32)

where r is the discount rate; LT is the lifetime of the equipment.
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The constraints of the upper-level planning mathematical model are mainly a series of
constraints and inequality constraints as follows.

(1) Capacity constraints for distributed PV power.

The main constraints include that the capacity of the distributed PV sources at each
node should be less than their maximum capacity. Additionally, the total capacity of all DG
units must be less than the capacity of the load nodes.

∑
s∈Ω1

PPV
s,j ≤ η ∑

s∈Ω1

n

∑
i=1

PL
s,i (33)

where η is PV power factor; PPV
s,j is the access capacity for distributed PV power; PL

s,i is the
node i load power; n represents all load nodes.

(2) The constraints on the installed capacity, charging and discharging efficiency, and state
of charge of the energy storage system are given in (5) to (9).

(3) Power balance constraints in the distribution system.

PPV
t + Pbess

t + Pl
t = Pload

t + Ploss
t (34)

Ploss
t =

NL

∑
k=1

Ploss
t.k (35)

where Pt
PV is the active power of the PV at time t; Pt

bess is the active power of the stored
energy at time t; Pt

l is the contact line conveying power at time t; Pt
load is the load power at

time t; Pt
loss is the active losses in the system at time t; Pt.kloss is the active loss of branch k

at time t.

(4) Contact line power constraint.

0 ≤ Pk ≤ Pmax
k (36)

That is, the power allowed to pass through any kth branch does not exceed the
maximum power allowed to pass through that branch.

5.2.2. Lower-Level Planning Mathematical Model

The lower level of the model is designated as the operational dispatch layer, with its
objective functions aiming to minimize the variance of the load curve in the distribution
system and the voltage deviation at the nodes.

min f1 =
1
T

T

∑
t=1

(
PL,t −

1
T

T

∑
t=1

PL,t

)
(37)

min f2 =
Nbus

∑
i=1

(ui − uN)
2 (38)

where PL,t is the net load power of the load distribution network; T is the operating period
of a day; ui is the actual voltage at node i; uN is the rated voltage of the distribution network.

For ease of solution, it is assumed that the lower bi-objective function is reduced to a
single objective function.

F = λ f1 + θ f2 (39)

where λ and θ are the objective function coefficients, respectively, indicating the weights
occupied by f 1 and f 2 to the comprehensive objective function F. The sum of the two is 1.
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By adjusting the changes in λ and θ, the objective function under different weights can be
optimized. At this time, the lower objective function can be written as (40).

minF = λ f1 + θ f2 (40)

Constraints are included:

(1) Electric power flow constraints.

Pi = Ui ∑
j∈i

Uj(Gij cos θij + Bij sin θij)

Qi = Ui ∑
j∈i

Uj(Gij sin θij − Bij cos θij)
(41)

(2) Distributed PV power supply, energy storage system output constraints, node voltage
constraints, and line power constraints.

Pmax
PV (t) = PPV(t)× PPV

Cap (42)

0 ≤ PPV(t) ≤ Pmax
PV (t) (43)

0 ≤ Pc,t, Pd,t ≤ PESS
Cap (44)

Ui
min ≤ Ui ≤ Ui

max (45)

SLi ≤ SLmax (46)

where Pmax
PV (t) is the maximum PV output at moment t; PPV(t) is the actual output of PVs at

moment t; PESS
Cap is the maximum power limit for energy storage charging and discharging;

SLi is the apparent power of line i.

5.3. Model Solving Method

The flowchart of the model solving step is shown in Figure 9.
Step 1: Input PSO algorithm parameters, system parameters, and corresponding

constraints.
Step 2: Optimize the site selection of the distributed power supply.
Step 3: Set the location and corresponding initial capacity of distributed PV and energy

storage installation, initialize the upper particle swarm, and take the installed capacity of
the energy storage device and distributed PV as particles.

Step 4: Based on the capacity of distributed PV obtained by solving, the output of PV
in each seasonal scenario can be obtained; begin the particle swarm algorithm population
initialization process.

Step 5: Solve the lower-level model to optimize the capacity of the charging station of
the energy storage system, and then obtain the value of the lower-level objective function
and the optimal output of the storage system and the charging station at each moment.

Step 6: Return the values from step 5 and solve the upper-layer model subject to the
constraints.

Step 7: Update the upper-layer PSO model to produce a new particle swarm.
Step 8: Determine whether the set number of iterations is reached; if so, the program

run ends; otherwise, execute step 4 and go to the next iteration.
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Site selection for distributed power sources 
Excluding energy storage and charging stations

Upper-level particle initialization.
 Using the capacity of distributed power sources, 
energy storage, and charging stations as particles

Upper-level particle initialization. 
Using the capacity of distributed power sources, energy 
storage, and charging stations as known conditions, the 
lower-level particle swarm is initialized with the output 

of energy storage and charging stations as particles.

Calculating the lower-level particle fitness, 
with objectives of minimizing network 

losses, minimizing load curve fluctuations, 
and minimizing node voltage deviations.

Has the iteration count 
been reached?

Comparing the upper-level particle fitness.

Has the iteration result 
been reached?

Output the results.

Start

End

Update particle positions.

Update particle velocities.
Update particle positions.

Update particle velocities.

No

No

Yes

Yes

Figure 9. Improved PSO model solving flowchart.

6. Case Study
6.1. Parameters of Case

In this paper, IEEE 33-node arithmetic is used to simulate the distribution network,
as shown in Figure 10. The topology of the distribution network is radial, with power
flowing unidirectionally from the substation to end users. The maximum total load of the
distribution network is 3.41 MW + 1.02 Mvar, the rated voltage is 12.66 kV, the permissible
range of the node voltage is 0.95~1.05 p.u., and the maximum penetration rate of PV does
not exceed 30%. The model contains two PV power sources, two energy storage systems,
and two electric vehicle charging stations, taking into account the correlation of light
intensity between PV power stations and timing characteristics. The charging loads are
guided according to the previous method and the introduction of time-of-day tariff curves.
Figure 11 shows the time-of-use electricity price curve, with electricity prices reaching
daily peaks during the period from 14:00 to 16:00 in the afternoon, assuming that the
tariffs are the same in all seasons. The load model is based on commercial and residential
electricity consumption, with weights of 55.8% and 44.2%, respectively, and the typical
days of the four seasons are used to represent the annual load curve, with the number of
days in spring, summer, autumn, and winter being 91, 90, 91, and 93, respectively. The
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MATPOWER 7.1 extension package is used to perform the power flow calculations and
determine network losses.

Figure 10. Distribution network 33-node system.

Figure 11. Time-of-use tariff curve.

6.2. The Role of “Source-Grid-Load-Storage” Coordination on Distribution Network
Loss Reduction

The maximum number of iterations set for the model is 400; the number of particle
swarms is 100; the dimensions of the decision variables are 108, including the 24 h outputs of
two PV power sources, two energy storage power stations, and the locations and capacities
of them and the EV charging stations, with the upper and lower weights of 0.9 and 0.4,
respectively; and the upper speed limit of maximum is 10. Figure 12 shows the iterative
convergence diagram of this two-layer optimization model, and the curves in the diagram
indicate that the model has good convergence and the optimization results tend to be stable
after 300 iterations.

Figure 12. Convergence plot for target iteration.
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Table 1 demonstrates the optimal configuration of capacity for PV, storage, and electric
vehicles, rounded to the actual installed capacity. This configuration results in a renewable
energy penetration of 17.6 percent, with electric vehicles accounting for 14.7 percent and
energy storage accounting for 29.3 percent. Figures 13–17 show the results of the model
solution under situation 6 at the moment of 12:00, comparing the voltage distribution
at the IEEE 33-node of the distribution network before and after the optimization. After
optimization, the voltage of all nodes is increased, especially the nodes far away from the
main node, e.g., the voltage of node 18 is increased from 0.946 to 0.984, which is an increase
of 4.6%, and the voltage of all nodes is more than 0.95, which meets the requirements of the
distribution network.

Table 1. Optimal configuration of photovoltaic systems, energy storage, and electric vehicles for
situation 6.

Photovoltaic (kW) Energy Storage (kWh) Electric Vehicle (kW)

Node 18: 381.1 (400) Node 6: 517.5 (500) Node 1: 259.1 (250)
Node 24: 200.1 (200) Node 13: 537.9 (500) Node 20: 247.5 (250)
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Figure 13. Voltage distribution at 33 nodes of the grid.

Figure 14. Variation curve of grid losses.
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Figure 15. Energy storage operational output.

Figure 16. System load power curve before and after optimization.

Figure 17. Distributed PV power curve.

Figure 14 shows the change in network losses of the distribution network before and
after the co-optimization of PV, storage, and electric vehicles. The original distribution
network nearly doubles at 20 o’clock due to the surge in network losses caused by electric
vehicle charging. After the optimization, the network loss is generally reduced, especially
the peak loss at the 20 o’clock moment, which decreases by 53.6%, and only the loss at
the 4, 5, and 6 moments is slightly higher or close to the original load loss. Based on
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the analysis of network loss data across 24 hourly time sections, the overall network loss
after optimization showed a significant reduction of approximately 37.2% compared to
pre-optimization levels, thoroughly demonstrating the efficiency and practical value of this
optimization strategy in reducing power grid energy consumption.

Figure 15 shows the 24 h operation plan of the two energy storage systems, with
maximum charging and discharging power of 302.3 kW and 309.5 kW for storage 1 and
374.5 kW and 393.7 kW for storage 2. The energy storage system discharges during peak
loads and charges during troughs, thus smoothing the load power curve and realizing the
“peak shaving” and “valley filling” principle. The energy storage system discharges at peak
loads and charges at troughs to flatten the load power curve and achieve “peak shaving
and valley filling”. As shown in Figure 16, the energy storage system is charged at a time
of low electricity prices and discharged at a time of peak electricity prices, making full use
of the “low storage and high generation” characteristics of the energy storage device and
following the order of charging first and then discharging.

After connecting to the electric vehicle, the community load increases and fluctuates,
especially at 20 o’clock. The charging and discharging of the energy storage system flattens
the load peaks and valleys and boosts the valleys so that the maximum load is close to the
original load. Figure 17 shows the distributed PV power curve, which has a shortfall and
abandonment in the PV power plan due to the contradiction between the PV O&M cost
in the objective function and the voltage quality and abandonment penalty function. PV
power supply 1 is at full power, PV power supply 2 does not have enough power, and the
rate of abandoned light reaches 26.9%, which does not achieve the maximum consumption
of renewable energy.

6.3. Rationality and Effectiveness Analysis

In order to understand and verify the reasonableness and validity of the model, the
following six scenarios are selected to compare the economic benefits and network losses.

Situation 1: The scenario without considering distributed PV, energy storage, and
EV access.

Situation 2: Considering only the role of energy storage devices.
Situation 3: Only distributed PV access is considered.
Situation 4: Considering only electric vehicle access.
Situation 5: Consider both distributed PV and electric vehicle access.
Situation 6: Distributed PV, energy storage device, and electric vehicle are all connected

to the case.
Situation 1 is the original load with no DG, storage, and electric vehicle access, and the

network loss cost is CNY 1,175,000. In situation 2, with the addition of storage, the network
loss cost is reduced to CNY 995,900, which is a reduction of 18%, the cost of purchased
power is reduced by CNY 864,000, the arbitrage of energy storage is realized at CNY 836,000,
and the total consumption is increased by CNY 401,000. After situation 3 connects to PV,
the cost of purchased power decreases from CNY 20,597,000 to CNY 19,904,000, and
the network loss decreases by CNY 197,400. After connecting to EVs in situation 4, the
network loss increases by CNY 42,800, and the cost of purchased electricity increases
by CNY 1,316,000. Situation 5 connects to both PV and electric vehicles, with a net loss
cost of CNY 981,700 and a purchased power cost of CNY 21,254,000. In situation 6, co-
optimization reduces network losses to CNY 844,000, a reduction of 39.2%, and purchased
power costs of CNY 20,141,000, for a total cost of CNY 22,947,000, which is an increase of
CNY 1,175,000 compared to situation 1 but saves more compared to situations 4 and 5. After
co-optimization, PV output is maximized, and storage shifts load and reduces imbalance,
with no significant increase in the total cost, providing a strategy for distribution network
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planning. The introduction of distributed power, storage, and EVs increases costs, but
the total costs after co-optimization only increase by 5.4% compared to situation 1, before
government subsidies.

Figure 18 shows the configured capacity of distributed PV, energy storage, and electric
vehicles for the six situations. The storage system alone has the largest configured capacity,
604.12 kW and 662.46 kW, respectively, which is higher than the 517.5 kW and 537.9 kW
of situation 6. The configured capacity of the PV and electric vehicle without storage is
only 200 kW; the configured capacity of the PV and electric vehicle is increased by the
coordinated configuration of storage, which indicates that the energy storage system is
essential to increase the capacity of the PV and electric vehicle and is an indispensable part
of the distributed power allocation, verifying the necessity of the “source-storage-load-
grid” coordinated optimization. This shows that the energy storage system is essential for
improving the consumption capacity of PV and electric vehicles and is an indispensable
part of the distributed power supply configuration, which verifies the necessity of the
collaborative optimization of “source-storage-load-network”.

Figure 18. Allocated capacity of photovoltaic, energy storage, and electric vehicle charging stations
in six situations.

After the access of the energy storage system, the load curve fluctuation variance
of the distribution network is reduced from 446.99 to 148.9, which significantly reduces
the load volatility. Figure 19 demonstrates the load profile before and after situation 2
is added to the energy storage system. Figure 20 demonstrates the power output of the
energy storage system in situation 2, and the comparison with the power curve in Figure 19
shows that the energy storage system presents obvious low-absorption and high-discharge
characteristics; compared with the four synergistic optimizations, the energy storage power
output characteristics are more prominent.
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Figure 19. Situation 2: Load profile before and after adding energy storage system.

Figure 20. Situation 2: Bar chart of charging and discharging power for the energy storage system.

Figure 21 summarizes the load curve fluctuation variance, 24 h voltage deviation of all
nodes, and annual network loss data across six scenarios. In situation 1, the original load
curve fluctuation variance is 446.99, which decreases to 148.89 in situation 2 after the inte-
gration of the energy storage system, indicating that energy storage can effectively smooth
load fluctuations. After the integration of PV power sources, the voltage at distribution
network nodes improves, surpassing that of the standalone energy storage system. Fol-
lowing the coordinated optimization of PVs and energy storage, the load curve fluctuation
variance and voltage deviation drop to 351.09 and 21.98, respectively, achieving the best
results among the six situations.
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Figure 21. Fluctuation variance of load curves, voltage deviation, and network losses in six situations.

After the coordinated optimization of PV and energy storage output, the network
line losses were reduced to 1406.67 MWh, saving a cost of CNY 311,000 in network loss.
The load curve fluctuation and voltage quality improved by 21.45% and 27.8%, respec-
tively. The system consumed 1347.6 MWh of distributed PV energy per year and supplied
2002.1 MWh to electric vehicle loads. The results demonstrate that the “source-storage-load”
coordinated optimization strategy effectively reduces the losses in active distribution net-
works, providing an important modeling tool for the construction and planning of modern
distribution networks, with significant practical implications and application value.

To further validate the effectiveness and superiority of the proposed method, this
paper compares the improved PSO with the traditional PSO, the genetic algorithm (GA),
and the seagull optimization algorithm (SOA), as shown in Table 2. The data in the table
demonstrates that the improved particle swarm algorithm has significant advantages in
both solution quality and computational efficiency: the minimum fitness value is 0.603,
notably lower than the other three algorithms; the iteration count is 289, considerably
fewer than the 472 iterations required by traditional the PSO; and the computation time is
only 19.65 s, significantly less than the 29.08 s for the traditional PSO, 28.66 s for the GA,
and 34.75 s for the SOA. These results thoroughly demonstrate that the improved particle
swarm optimization algorithm proposed in this paper provides higher solution accuracy
and computational efficiency when solving the source–grid–load–storage coordinated
optimization problem in distribution networks, offering a more efficient optimization tool
for practical engineering applications.

Table 2. Comparison of optimization algorithms.

Algorithm Minimum Fitness Value Number of Iterations Computation Time(s)

Improved PSO 0.603 289 19.65
PSO 0.712 472 29.08
GA 0.725 392 28.66

SOA 0.734 413 34.75

In order to further validate the applicability and effectiveness of the proposed method
in different sizes and types of power grids, the IEEE 118-node active distribution system
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and the DTU 7K 47-node real active distribution system are selected for testing and analysis
in this paper, as shown in Figures 22 and 23.

Figure 22. Diagram of the IEEE 118-node active distribution system.
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Figure 23. DTU 7K 47-node actual active distribution system.

The IEEE 118-node active distribution network is a standard test system widely used to
verify the accuracy and robustness of the algorithm. The network has a reference voltage of
12.6 kV and a reference power of 10 MVA, where node 52 is connected to a fourth-generation
controllable wind turbine with a rated capacity of 1 MW. The actual load data from the
Global Energy Forecasting Competition (GEFC) 2012 is used in this paper. The DTU 7K 47-
node real active distribution network is a test system closer to the real application scenario.
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The system consists of three wind farms, all consisting of fourth-generation controllable
turbines with an installed capacity of 12 MW, 15 MW, and 15 MW, respectively. The base
voltage of the system is 10 kV, and the base capacity is 10 MVA.

Further optimization simulations (situation 6) were conducted on three test cases: the
IEEE 33-node distribution system, the IEEE 118-node active distribution network, and the
DTU 7K 47-node real active distribution network, each with coordinated integration of
distributed photovoltaics, energy storage devices, and electric vehicles.

As shown in Table 3, all test cases achieved significant reductions in network losses
and improvements in economic benefits, verifying that the source–grid–load–storage co-
ordinated optimization method proposed in this paper demonstrates good applicability
across distribution networks of different scales and complexities.

Table 3. Comparison of different distribution network examples.

Distribution Network Optimized Total Line Losses (MWh) Savings in Network Loss Costs (CNY)

IEEE-33 1406.7 311,000
IEEE-118 4185.2 902,000

DTU 1828.7 429,000

7. Conclusions
Coordinating source–grid–load–storage resources to reduce network losses is crucial

to the secure and economical operation of modern power systems. This paper constructs
a bi-level optimization model for reducing power system losses. At the upper level, the
model selects sites and sizes for distributed PV sources and energy storage systems. At the
lower level, it controls the intraday operational output of the storage and PV stations to
maximize PV integration, minimize network losses, improve system security levels, and
smooth fluctuations in the load curve. By comparing the annual costs and network losses
across six situations, the conclusions are as follows:

(1) Integrating distributed PV power generation systems into the distribution network
reduces network losses and annual power purchase costs; integrating energy storage
systems into the distribution network decouples simultaneous load demands, reduces
peak-to-valley differences in the load curve, and thus reduces network losses; coordi-
nated optimization of source–storage–load maximizes the consumption of PV power
generation, reduces network losses, improves the system security levels, and reduces
the fluctuation of the load curve.

(2) The improved particle swarm algorithm proposed in this paper outperforms the
traditional algorithm in terms of minimum fitness value, number of iterations, and
computation time, and it provides higher solution accuracy and computational effi-
ciency for the distribution network coordination optimization problem.

(3) Through the IEEE 33-node distribution network and the IEEE 118-node and DTU 7K
47-node systems, the proposed method shows good applicability in different sizes
and types of distribution networks, which can significantly reduce network losses
and improve economic efficiency.

Future research could consider exploring integrated optimization of various renewable
energies, such as wind and biomass.
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Nomenclature

Parameters and variables Meaning
Tcell(t) the temperature of the PV cell
Ten(t) the ambient temperature
S(t) the solar irradiance
Tno the rated battery operating temperature

UMPP
the voltage and current corresponding to the maximum power emitted
by a single PV module

IMPP
the current and current corresponding to the maximum power emitted
by a single PV module

Uoc the open-circuit voltage
Isc the short-circuit current
Ωb all branches of the distribution network
SOCt the charge storage states of the energy storage device battery at moment t
d charging and discharging rate
ηc the charging efficiency of energy storage
ηd the discharging efficiency of energy storage
Ebess the rated capacity of the energy storage
µs the expected value of the final arrival moment of the electric vehicle
µD the expected daily driving range of an electric vehicle
ftch the probability density function of electric vehicle charging duration
IL the load current
IS the supply current
IG the injection current of the DG
Ploss1 the first half of the line network loss between the substation to the DG

Ploss2
the second half of the line network loss between the DG to the end of
the line

LSFPt the sensitivity of DG active power to affect network losses
LSFQt the sensitivity of DG reactive power to affect network losses
F(·) the objective function of the upper level
w(·) the objective function of the lower level
G(·) the constraints associated with the upper-level objective function
g(·) the constraints of the lower-level objective function
Cinv the total investment cost
Cope the system’s operation and maintenance costs
Cen the cost of purchasing electricity for the system
PL,t the net load power of the load distribution network
PPV(t) the actual output of PVs at moment t
PESS

Cap the maximum power limit for energy storage charging and discharging

SLi the apparent power of line i.
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